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Abstract

This research develops a drone testbed that enables the rapid development,

validation, and quali�cation of novel spacecraft and drone control algorithms,

control hardware, and remote sensing technologies. The drone testbed facil-

itates advanced navigation and control research by emulating a multitude

of dynamic environments, which provides an easily accessible framework for

using new technologies in industrial applications. This research introduces

an intelligent system identi�cation method to determine the dynamics and

aerodynamic parameters of the drone using Particle Swarm Optimization

(PSO), a metaheuristic algorithm. This method provides the knowledge of

the system's dynamics that is needed for the environment emulation.
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Chapter 1

Introduction

This thesis introduces and develops a drone testbed that allows us to eas-

ily develop and validate new spacecraft and drone hardware and software

algorithms. By emulating di�erent virtual dynamics or environments, this

testbed provides a method for testing and qualifying new technologies and

makes the research in control and navigation �elds accessible, which eventu-

ally allows the use of these novel technologies in industrial applications.

To achieve this goal, knowledge of the dynamics of the system is needed.

This research develops an intelligent system identi�cation method that can

model the dynamics and aerodynamics of the drone using metaheuristic al-

gorithms such as Particle Swarm Optimization (PSO).

The drone testbed consists of a copter-style drone �ying in an indoor

environment with Vicon motion capture cameras and computer interfaces,

which allow measuring, testing, and data analysis capabilities. The �ight

and ground software is implemented using automatic code generation, which

allows hardware and processor in the loop software development.
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1.1 Motivations

1.1.1 The need for the development of new technologies

Applying new technologies has always been challenging and expensive in the

space industry because of the number of quali�cation tests needed [1, 2].

As a result, there has always been some resistance to implementing novel

methods and technologies even though they could dramatically improve the

space industry, reduce costs, and develop development times. The technol-

ogy readiness level is a measure that demonstrates the amount of the tests

and veri�cation that new technology has passed, which indicates the readi-

ness of the technology for practical usage (Figure 1.1). The rigidity of this

measure has resulted in a considerable time lag between the latest science

and technology advancements and what is used in the industry, and therefore

this has caused several challenges to remain unaddressed [3]. One of these

challenges caused by using dated control algorithms is the potential insta-

bility of the control algorithms in emergency situations when inputs to the

system or system variables are out of range, potentially resulting in irrecover-

able disasters such as a crash landing and mission failure. Another challenge

arises when the traditional control and estimation algorithms are used with

�xed parameters resulting in non-optimized operations, particularly when

the system's dynamics change over time, either due to normal ageing or the

system's failures. The inability of the traditional control algorithms to adapt

to and predict the dynamic changes requires the designers to verify that a

single or a collection of �xed-parameter controllers can be suitable for the

entire mission. This forces the engineers to spend excessive amounts of time

12
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and money to predict and simulate all the possible combinations of failures

and changes to the system over its entire lifetime.

Through this testbed, new technologies can be tested and quali�ed in the

virtual dynamic environments created by a drone. This hardware-in-the-loop

testbed allows these technologies to reach a technology readiness level of 6-7

(as shown with arrows in Figure 1.1). Therefore, the quali�cation activities

would be faster and less expensive.

Figure 1.1: Technology Readiness Level
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1.1.2 The need for precision system identi�cation of drones

For simulating virtual dynamic environments using drones, a feed-forward

controller that compensates for the dynamics of the drone should be imple-

mented. That means that a very accurate model of the drone's dynamics and

aerodynamics is needed so that I can reverse and compensate for it. In con-

trast to a closed-loop controller that uses real-time data from the sensors to

measure the states and adjust the motor speeds to achieve the desired goal,

feed-forward controllers should only rely on using the available information

about the drone's dynamics and environment.

In practice, the actual UAV dynamics are very complicated, and as dis-

cussed in Section �1.3, di�erent parameters and e�ects such as the misalign-

ment of the thrust vectors, propeller pitches, deviation from the hover pose,

the location of the center of mass, motor torque constants, minor variations

in voltage, etc. will have signi�cant e�ects on the system. Because many fac-

tors a�ect the drone's dynamics, classical system identi�cation methods will

either fail to �nd a dynamics model or only give a sub-optimal answer [4]. For

this reason, using an intelligent data-driven approach is necessary to model

the drone.

1.1.3 Challenges with custom drone software

Fast code prototyping and actual hardware implementation are considered

contrary to each other. This makes taking the idea from the prototype to

the implementation in the embedded software a complex challenge. Following

the traditional embedded programming practices makes experimenting with

14
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algorithms and reusing the code for di�erent hardware or missions very time-

consuming and out of reach of researchers.

1.2 Hypotheses

The hypotheses are broken down into the following:

1. Testbed for the development of new technologies: Drones can be

used as a testbed to develop new technologies. To achieve this, virtual

dynamics can be emulated using feed-forward control. In this research,

the emulation of a reduced gravity environment is chosen.

2. System Identi�cation of drones: It is possible to identify the drone

dynamics parameters based on the �ight data with minimal direct mea-

suring 1. The PSO algorithm can be used to estimate the system pa-

rameters based on data.

3. Custom drone software using automatic code generation: Per-

formant custom �ight and ground software can be automatically gen-

erated from a high-level language.

1.3 Literature Review

1.3.1 Testbed for the development of new technologies

Because of the need for the ground recreation of the space environment and

a spacecraft's motion, several testbeds have been made. These testbeds are

1only for the mass and airframe dimensions
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mainly in the form of small air-bearing tables usually used for small or mi-

crosatellites or in huge sizes aimed at large satellites at NASA [5].

In [6], Ferguson used a 1-G air-bearing �oor at MIT as a microgravity

simulator to provide contrasting dynamic and gravitational environments.

Air-bearing simulators create a �lm of pressurized gas between the table

and the air-bearing vehicle. They can be used to simulate motions usually

with 1 DOF2 (Flat air-bearings), 3 DOF (hemispherical air-bearings) [7], 4

DOF (a combination of a hemispherical air-bearing with an air-bearing rail

system) [8], and 5 DOF (a combination of a hemispherical air-bearing with

a planar air-bearing) [9].

The NASA Rendezvous Docking Simulator [10,11,12,13] at Langley Re-

search Center in Hampton, Virginia, was a proximity maneuver simulator.

This huge-size simulator was �rst designed for the simulation of docking be-

tween the Gemini spacecraft and the Agena target vehicle. This facility also

simulates docking between the Apollo Command and Service Module and a

Lunar Module.

The Formation Control Testbed at the Jet Propulsion Laboratory was

used for the Terrestrial Planet Finder mission to verify and test the control

algorithms in formation �ight [14].

The Space Systems Laboratory (SSL) Synchronized Position Hold En-

gage and Reorient Experimental Satellites (SPHERES) testbed [15] provides

a testing facility for the Distributed Satellite Systems (DSS) and control

algorithms for formation �ight and docking.

As discussed in 1.1.1, these facilities are very costly, making them inac-

2Degree Of Freedom
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cessible and out of reach. The testbed developed as part of this research

project provides a hardware-in-the-loop environment for testing and veri�ca-

tion with a fraction of the cost and maintenance e�ort needed for the existing

technologies. Using this testbed, the development, test, and veri�cation of

new technologies become accessible to a broader range of researchers and

engineers, making it possible to address the challenges that exist in the older

technologies.

1.3.2 System-identi�cation of drones

Di�erent research has been done to study the system identi�cation methods

for modelling dynamics and aerodynamics. In the following, some of the

di�erent approaches are discussed:

Direct measurement and manual tweaking

Bresciani [16] studied the calculation and measurement of di�erent parame-

ters of a quadrotor model. They considered the model of a DC-motor, the

gearbox, and the propeller to reach better accuracy. Nonami [17] developed a

helicopter model and measured some of its parameters, and for the rest of the

parameters, they did manual tweaking until the model and actual experiment

results matched each other. Elsamanty in [18] described a methodology to

identify all of the parameters of a quadrotor system, including the structure

parameters and rotor assembly parameters. They built three simple test rigs

to determine the relationship between the motor input Pulse Width Modu-

lation (PWM) signal and the angular velocity, the thrust force, and the drag

moment of the rotors.
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While direct measurements could be helpful in particular cases, the cost,

e�ort, and facilities needed for this make it out of reach for most researchers

[4], which brings us to the next section.

System identi�cation methods

In [19], Derafa developed a drone model and considered di�erent e�ects such

as aerodynamic friction and gyroscopic e�ects, and then used system iden-

ti�cation to estimate parameters. Stanculeanu [20] used a new approach to

identify the quadrotor dynamic model using a black box and tried to address

problems that arise in determining the closed-loop behaviour. Stanculeanu

also o�ered a technical solution for overcoming the correlation between the

input noise present in the output.

Abas, in [21,22], identi�ed an unknown parameter of the quadrotor using

a state estimation method with the implementation of an Unscented Kalman

Filter (UKF). Beard in [23] discussed di�erent sensor measurement equations

and state estimation using a Kalman �lter for a quadrotor drone. In [24],

Lyu estimated the parameters of the thrust, drag force, torque, rolling mo-

ment, and pitching moment via the Kalman �lter. Global Positioning System

(GPS) and inertial sensors were used as measurements.

In [25], Sa described the system identi�cation, estimation, and control of

translational motion and the heading angle for a cost-e�ective open-source

quadcopter. In [26], Rich presented a comprehensive model considering dif-

ferent aerodynamic e�ects and found di�erent parameters using system iden-

ti�cation.

In [27], Chovancová presented three drone models, including the nonlinear
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model, a model described in quaternions, and a near-hover model. He inves-

tigated the parameters that can be calculated or experimentally identi�ed

such as arm length, the total mass of the quadrotor, inertia matrix, friction

coe�cients, thrust coe�cient, and drag coe�cient. He also described that

the experimental identi�cation of an actuator is usually required.

Zhang in [28] gave a tutorial of the platform con�guration, methodol-

ogy of modelling, comprehensive nonlinear model, the aerodynamic e�ects,

and model identi�cation for a quadrotor. Bisheban in [29] presented a com-

putational framework to identify the impcat of wind on the dynamics of a

quadrotor. In [30], Filatov was concerned with the thrust generation subsys-

tem for small quadrotors and identifying its parameters using a black box.

In [31], Angarita presented an initial analysis of methods used to generate

and evaluate a range of model structures that best de�ne a generic quadro-

tor. Sung [32] made the system identi�cation of a 3DR X8+ aircraft via

frequency-domain system identi�cation techniques.

In [33], the aerial manipulator model was �rst derived analytically using

the Newton-Euler formulation for the quadrotor and the Recursive Newton-

Euler formulation for the manipulator. The simulation data was then used

for system identi�cation of the aerial manipulator. AutoRegressive with ex-

ogenous inputs (ARX) models were obtained from the system identi�cation

for linear accelerations and yaw angular acceleration. For linear accelera-

tion and pitch-angular and roll-angular accelerations, Auto-Regressive Mov-

ing Average with exogenous inputs (ARMAX) models were identi�ed. Yang

in [34] developed an aerodynamic parameter estimation method and an adap-

tive attitude control method based on a Linear Active Disturbance Rejection
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Controller (LADRC).

In [35], Lui used a closed-loop multi-variable extremum seeking algorithm

for a nonlinear quadrotor helicopter parameter identi�cation with two groups

of input data. As step response experiments obtained the gradients of the

performance parameters, the whole system searches along the negative gra-

dient of the cost function until the reference trajectory or point is derived.

Cunningham in [36] stated that past research involving the system identi-

�cation of a multirotor vehicle generally produced only a closed-loop model.

This was because identifying the open-loop unstable dynamics of a multi-

rotor is considered impractical. They used time-domain equation-error and

frequency domain output-error techniques to estimate an open-loop model

of a multirotor vehicle.

Wang in [37] presented a Lyapunov-MARI (Model Reference Adaptive

Identi�cation) algorithm, which only needs the UAV and some standard sen-

sors to realize the parameter identi�cation. Firstly, they determined speci�c

parameters that are not easy to be measured in the quadrotor UAV model.

These parameters mainly include the three-axis moments of inertia, the ro-

tors lift coe�cient, and drag coe�cient. Then, they improved the traditional

period measurement method of the Rope Suspension Approach for the mo-

ments of inertia. For the lift and the drag coe�cients, the Lyapunov-MARI

algorithm was proposed for parameter identi�cation. The results showed that

the �ight state calculated by the identi�ed parameters was compatible with

the actual �ight data.

Mohajerin in [4] proposed a hybrid model with two con�gurations pre-

dicting the system state over many future steps using only the input by
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combining deep recurrent neural networks with a quadrotor motion model.

In [38], Jiang found the parameters of a mathematical model developed for

the longitudinal motion of a small UAV using Particle Swarm Optimization

(PSO). Brain in [39] introduced a process that automatically updated aircraft

simulation models using �ight data. They achieved this by constructing a

model of a transport aircraft and used it to collect �ight data. Then the data

was used to estimate the parameters of the mathematically developed model

for the body-axis normal force coe�cient. [40] o�ered a method for system

identi�cation of a Small Unmanned Helicopter (SUH) system using Improved

Particle Swarm Optimization (IPSO). The collected data was used to �nd the

aerodynamic parameters of the state-space model developed. They veri�ed

the accuracy of the resulting model by comparing the time-domain response

of the simulation model and the actual �ight.

While it is clear that an accurate math model is needed to enhance the

performance of virtual dynamics emulation, which eventually results in higher

accuracy of the candidate controller, no one to date has developed a cohesive

model for utilization in a testbed that enables the development of controllers

and hardware. Given the recent attempts for identifying an accurate ro-

torcraft model by considering the aerodynamic e�ects, it stands to reason

that considering these e�ects in design and control will enhance the perfor-

mance, particularly when paired with modern arti�cial intelligence methods.

As a result, a gray box model of the drone is developed in this research that

uses the particle swarm optimization algorithm to fully identify the actual

parameters of the drone's dynamics and aerodynamics.
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1.3.3 Custom drone software using automatic code gen-

eration

Di�erent works have been done to incorporate auto code generation into

embedded programming work�ow using various tools and for di�erent sit-

uations, even for critical applications [41, 42, 43, 44, 45, 46]. Many NASA

projects have used Mathworks Simulink, RealTime Workshop, and Embed-

ded Coder to model code development and generate actual C �ight code

from Simulink models, particularly in the Guidance Navigation and Con-

trol domain. NASA's Orion spacecraft has extensively used code generators

to develop �ight software [47]. For the PROBA-2 spacecraft, model-based

(MatrixX/SystemBuild) technologies were used for code generation of the

onboard software [48]. In the "prototyping as C/C++ code" chapter of [49],

Zarrinkoub talked about generating C/C++ code for algorithms of the latest

mobile communications.

In my research, the feed-forward controller, Vicon Camera integration,

the closed-loop controller, command handling, take-o� logic, the landing con-

troller, and the crash detector were developed in Matlab with the custom-

written code. Then, automatic code generation was used to implement and

deploy the algorithms on the hardware. As discussed in 1.4.3, this custom

open software gives a high level of �exibility and access, making it possi-

ble to implement the custom algorithms needed for this research. Using the

best practices discussed in Section �6.2, appropriate C/C++ code can be

generated from Matlab code.
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1.4 Contributions

1.4.1 Testbed for the development of new technologies

This thesis presents and develops a drone testing platform for easier devel-

opment of new hardware and software algorithms. Using this testbed, it is

possible to test and qualify new technologies in a hardware-in-the-loop envi-

ronment, and so it reaches a technology readiness level of 6-7 (which needs

testing in a relevant or space environment). This will eliminate the need for

costly launches or �ights, microgravity emulators, and most kinds of unique

test environments. As a result, this would drastically decrease the cost and

time spent on the quali�cation activities.

The practical use of new technologies in this testbed and their resultant

higher readiness makes it possible to use them in industrial applications,

which allows them to resolve the challenges mentioned above.

Figure 1.2 shows a conceptual diagram of the testbed.

The �rst part is called �Drone Dynamic Compensator,� which eliminates

on-earth drone dynamics and provides su�cient abstraction for independent

drone control. This includes removing gravity (so the drone does not fall)

and eliminating friction (so after an initial imposed impact force, the drone

will continue to move with a constant velocity).

�Virtual Dynamic Engine� emulates di�erent types of virtual environ-

ments, including di�erent gravity levels, di�erent air viscosities, Mars envi-

ronment, etc. These virtual dynamics can be represented by special environ-

ment forces as feed-forward control augmentations (e.g., custom gravity or

friction).
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Figure 1.2: Drone testbed block diagram

Finally built on top of the created virtual environment, the �Candidate

Controller� allows us to test any spacecraft or drone control algorithms.

These candidate controllers can be the state of art control algorithms that

have never been tested on a drone or in space.

1.4.2 System-identi�cation of drones

To �nd an accurate model of the drone, this research develops a smart system

identi�cation procedure. This method utilizes �ight data to achieve a high

�delity model using the PSO metaheuristic algorithm on a gray box model.

Using this method, it is possible to easily construct the model of any drone

without wind tunnel tests. The resultant mathematical model of the plant

is programmable, which makes it practical to implement it on the embedded
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processors.

In addition to virtual environment simulation, an accurate drone model

helps in other applications. The increasing number of drones and their broad

applications makes it crucial to design high-performance drone hardware.

Additionally, performing sophisticated �ights and operations such as high-

speed maneuvers is impossible unless using high-�delity �ight controllers (e.g.

model predictive control). Using a model acquired from this research makes

it possible to improve the design of the drone hardware and the performance

of the controllers.

1.4.3 Custom drone software using automatic code gen-

eration

In this research, the implementation of this testbed's �ight and ground soft-

ware is done by automatically generating the C/C++ code. This allows

hardware and processor in-the-loop software development while performing

simulations and debugging at the same time. Using the same code for hard-

ware implementation and software simulation gives �exibility in terms of the

algorithm used in this research. This is because I am no longer limited to

o�-the-shelf hardware with built-in software. Any algorithm can be quickly

developed and tested in a simulation environment, and it can be conveniently

deployed to real hardware. In this research, the software for the feed-forward

controller, Vicon Camera integration, the closed-loop controller, command

handling, take-o� logic, the landing controller, and the crash detector were

developed with custom-written code and then deployed to the hardware using

auto code generation.
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In addition to the onboard software, all of the operations of the system

identi�cation are programmed for a model that is developed inside Matlab.

This Matlab model is also used to explore the implementation of new control

algorithms (open and closed loop) for the drone.

1.5 Outline

In this research, by using the �ight data, a system identi�cation method is

used. First, a mathematical model of drone dynamics and aerodynamics is

developed in Chapter 2. Later in Chapter 5, this model is used in the gray

box system identi�cation. Particle swarm optimization is utilized for �nd-

ing the parameters that make the mathematical model act like the collected

data. A closed-loop controller is implemented for preparing the �ight data

(Chapter 3), which is also used for drone �ight simulations and �ight software

evaluation. Finally, this research program evaluates the utility of these mod-

els to develop a feed-forward control method (Chapter 4) which is directly

used for the emulation of virtual environments. In Chapter 6, the details of

the software used in the implementation of the testbed are discussed. In this

chapter, the methods used for auto-code generation are discussed. Finally,

in Chapter 7, the results of the feed-forward controller are presented.

26



Chapter 2

Equations of the Motion

2.1 Kinematics

It is considered that an inertial frame (x, y, z) is attached to ground that

describes the location of the drone (ri) as1:

ri =


x

y

z

 (2.1)

A body-�xed frame (xb, yb, zb) is attached to the drone, in which the zb

axis is perpendicular to the drone plane, and xb for both + and × con�gu-

rations is as shown in Figure 2.1. The center of the frame is located in the

drone's center of mass.

The angles between arms and xb-axis for Ö and + con�guration of motors

1In this thesis, the superscript of a vector (e.g. such as i in ri) shows the frame in
which that vector is described in.
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Figure 2.1: Drone frame set and motor con�guration

are found from Equation (2.2)

an =

 − 2π
Nmotor

(n− 1) + con�guration

2π
Nmotor

(n− 1) + π
Nmotor

× con�guration
(2.2)

where an is the angle of each arm with respect to x axis, n is the arm

number, and Nmotor is the total number of motors. If a quadrotor with 4

arms is used, Nmotor = 4.

In the × con�guration, an becomes

an =
2π

4
(n− 1) +

π

4
, n = 1, 2, 3, 4

The above is simpli�ed to
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a1 =
π

4
, a2 =

3π

4
, a3 =

5π

4
, a4 =

7π

4
(2.3)

In the + con�guration, an becomes

an = −2π

4
(n− 1) , n = 1, 2, 3, 4

The above is calculated as:

a1 = 0, a2 =
π

2
, a3 =

3π

2
, a4 =

5π

2
(2.4)

The orientation of the drone is described in terms of Euler angles. The or-

der of the rotation is considered to be a sequential rotation about x, y′, and z′′

(intermediate body-�xed axes). So yaw θ3, pitch θ2, and roll θ1 describe the

attitude of the drone as shown:

Euler angles: θ =


θ1

θ2

θ3

 (2.5)

(i frame) xyz
θ1 about x−−−−−−−→ x′y′z′

θ2 about y
′

−−−−−−−−→ x′′y′′z′′
θ3 about z′′−−−−−−−−→ xbybzb (b frame)

(2.6)

If a vector is described in the body-�xed frame (vb), to describe it back in

the inertial frame, the rotations about x, y′, and z′′ should be reversed until
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the inertial description (vi) is found.

vi = Ri←bv
b

Ri←b = Ri←′(θ1)R′←′′(θ2)R′′←b(θ3) (2.7)

The rotation matrices in Equation (2.7) that reverse the rotations about

z′′, y′, and x are respectively given as2:

R′′←b(θ3) =


c3 s3 0

−s3 c3 0

0 0 1

 (2.8)

R′←′′(θ2) =


c2 0 −s2

0 1 0

s2 0 c2

 (2.9)

Ri←′(θ1) =


1 0 0

0 c1 s1

0 −s1 c1

 (2.10)

By multiplying these matrices as Equation (2.7), the rotation matrix for

this sequence becomes:

2For simplicity, trigonometric functions (such as cos(θ1) and sin(θ1)) are notated in
their short form (e.g. c1 and s1)
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Ri←b = R =


c2c3 c2s3 −s2

s1s2c3 − c1s3 s1s2s3 + c1c3 s1c2

c1s2c3 + s1s3 c1s2s3 − s1c3 c1c2

 (2.11)

For brevity, Ri←b will be notated just as R.

By taking the time derivative of the rotation matrix, the following matrix

is calculated.

Ṙ =


−c3s2θ̇2 − c2s3θ̇3

(s1s3 + c1s2c3)θ̇1 + s1c2c3θ̇2 + (−c1c3 − s1s2s3)θ̇3

(c1s3 − s1s2c3)θ̇1 + c1c2c3θ̇2 + (s1c3 − c1s2s3)θ̇3

−s2s3θ̇2 + c2c3θ̇3

(−s1c3 + c1s2s3)θ̇1 + s1c2s3θ̇2 + (−c1s3 + s1s2c3)θ̇3

(−c1c3 − s1s2s3)θ̇1 + c1c2s3θ̇2 + (s1s3 + c1s2c3)θ̇3

(2.12)

−c2θ̇2

c1c2θ̇1 − s1s2θ̇2

−s1c2θ̇1 − c1s2θ̇2


The angular velocity of the drone with respect to the inertial frame and

expressed in the body-�xed frame (ωb×) is [50]:

ωb× = RT Ṙ (2.13)

Substituting equation (2.11) and Equations (2.12) gives:
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ωb× = RT Ṙ =


0 −s2θ̇1 + θ̇3 −c2s3θ̇1 − c3θ̇2

s2θ̇1 − θ̇3 0 c2c3θ̇1 − s3θ̇2

c2s3θ̇1 + c3θ̇2 −c2c3θ̇1 + s3θ̇2 0


(2.14)

The angular velocity vector (ωb =


ω1

ω2

ω3

) is then found by un-skew-

symmetric of the ωb× matrix:

ωb× = RT Ṙ
un−skew−symmetric(ωb×)−−−−−−−−−−−−−−−→ ωb =


ω1

ω2

ω3

 =


−c2c3θ̇1 + s3θ̇2

−c2s3θ̇1 − c3θ̇2

s2θ̇1 − θ̇3


(2.15)

From Equations (2.15), by separating the rate of the Euler angles from the

angular velocity vector, equation (2.16) is achieved, in which the matrix Υ

relates the time derivative of the Euler angles to the angular velocity vector.
ω1

ω2

ω3


︸ ︷︷ ︸

ωb

=


−c2c3 s3 0

−c2s3 −c3 0

s2 0 −1


︸ ︷︷ ︸

Υ


θ̇1

θ̇2

θ̇3

 (2.16)

If Υ is invertible in the angle space that drone can �y, the derivative of

Euler angles is found by pre-multiplying both sides of Equations (2.16) by

Υ−1:

32



©2021 - Amin Yahyaabadi University of Manitoba


θ̇3

θ̇2

θ̇1

 =


− c3

c2
− s3

c2
0

s3 −c3 0

−c3 tan θ2 −s3 tan θ2 −1


︸ ︷︷ ︸

Υ−1


ω1

ω2

ω3


︸ ︷︷ ︸

ωb

(2.17)

2.2 Dynamics

The states that describe the motion of a drone are x, y, z, the position,

θ1, θ2, θ3, the attitude, ẋ, ẏ, ż, the velocity, and the angular velocity ω1, ω2, ω3.

The state vector and the derivative of the state vector are shown in Equa-

tion (2.18).

s =
[
x y z θ1 θ2 θ3 ẋ ẏ ż ω1 ω2 ω3

]T
ṡ =

[
ẋ ẏ ż θ̇1 θ̇2 θ̇3 ẍ ÿ z̈ ω̇1 ω̇2 ω̇3

]T
(2.18)

To form the state space equations, I need to rewrite the derivative of

states (ṡ) in terms of states (s) and external forces/moments.

The �rst three elements of ṡ are already the states:


ṡ1

ṡ2

ṡ3

 =


ẋ

ẏ

ż

 =


s7

s8

s9

 (2.19)

The next three elements of ṡ can be calculated from Equation (2.17):
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
ṡ4

ṡ5

ṡ6

 =


θ̇3

θ̇2

θ̇1

 =


− c3

c2
− s3

c2
0

s3 −c3 0

−c3 tan θ2 −s3 tan θ2 −1




ω1

ω2

ω3

 (2.20)

To complete the state space equations, Newton-Euler equations of the

motion are used as follows:

mr̈i = F i
tot in inertial frame (2.21)

Iω̇b + ωb × Iωb = M b
tot in body-�xed frame (2.22)

In Equation (2.21), ri is the position vector,m is the mass, F i
tot is the total

external forces on the drone in the inertial frame, and in Equation (2.22), I

is the moment inertia matrix in the body-�xed frame, and M b
tot is the total

external moments on the drone in the body-�xed frame about the drone's

center of mass.

By rearranging Equation (2.21) and equation (2.22), the following is ob-

tained:

r̈i =
1

m
F i
tot (2.23)

ω̇b = I−1
(
M b

tot − ωb × Iωb
)

(2.24)

So, the the last six elements of ṡ are calculated from Equation (2.23) and

Equation (2.24).
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
ṡ7

ṡ8

ṡ9

 =


ẍ

ÿ

z̈

 = r̈i =
1

m
F i
tot (2.25)


˙s10

˙s11

ṡ12

 =


ω̇1

ω̇2

ω̇3

 = ω̇b = I−1
(
M b

tot − ωb × Iωb
)

(2.26)

Putting Equation (2.19), Equation (2.20), Equation (2.25), and Equa-

tion (2.26) all together, the full state space equation is calculated as:

ṙi =


ẋ

ẏ

ż

 =


ẋ

ẏ

ż



θ̇ =


θ̇3

θ̇2

θ̇1

 =


− c3

c2
− s3

c2
0

s3 −c3 0

−c3tanθ2 −s3tanθ2 −1




ω1

ω2

ω3



r̈i =


ẍ

ÿ

z̈

 =
1

m
F i
tot

ω̇b =


ω̇1

ω̇2

ω̇3

 = I−1
(
M b

tot − ωb × Iωb
)

(2.27)
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Later in 5.2.2, Equation (2.27) is numerically integrated to calculate the

states of the drone over time.

2.3 Aerodynamics

2.3.1 Aerodynamics model

The gravity force on the drone is

F i
gravity = −mgk̂ = −mg


0

0

−1

 (2.28)

Where m is the drone mass, g is the acceleration due to gravity on Earth,

and k̂ is the direction vector in the z direction.

The total force F i
tot applied to the drone consists of the aerodynamic

force F b
aero and the gravity force F i

gravity. The aerodynamic forces (F b
aero) are

described in the body �xed-frame. So the total force applied to the drone

in the inertial frame (F i
tot) is found by pre-multiplying rotation matrix R at

F b
aero and substituting Equation (2.28):

F i
tot = RF b

aero −mgk̂ (2.29)

The total moment M b
tot to the drone is only caused by the aerodynamic

moments around the drone's center of mass. Since the total moment and

aerodynamics moment are described in the body-�xed frame, the following

is obtained.
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M b
tot = M b

aero (2.30)

To model the aerodynamic forces F b
aero and moments M b

aero, a model in-

cluding the thrust force and the drag moment is considered [51].

The thrust force (F b
T ) is the vertical force acting on a propeller. Thrust

force is a square function of the motor's rotation speed (ωmotor). For one

propeller, this force is calculated from Equation (2.31), in which CFT
constant

is the thrust force coe�cient.

F b
T = ρApropR

2
prop CFT

ω2
motor for each propeller (2.31)

Where ρ is the air density, Aprop is the area that propellers take when

they rotate, and Rprop is the propeller radius.

The drag moment (MD) is the moment about the rotor shaft caused by

the aerodynamic drag on a propeller. The drag moment is a square function

of the motor's rotation speed. For one propeller, this moment is calculated

from 2.32, in which CMD
is the drag moment coe�cient.

M b
D = sign(ωmotor) ρApropR

3
prop CMD

ω2
motor for each propeller

(2.32)

The direction of the motor rotation speci�es sign(ωmotor).

In Equation (2.31) and Equation (2.32), the area that the propellers make

when they rotate (Aprop) can be calculated as:
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Aprop = πR2
prop (2.33)

The thrust forces also cause moments about the roll (x) and pitch (y)

axes (MFT ,x,MFT ,y). These moments for the nth arm are calculated from

Equation (2.34).

M b
FT ,x = F b

T l sin (an)

M b
FT ,y = −F b

T l cos (an)
for each propeller (2.34)

Where l is the arm length.

By summing Equation (2.31), Equation (2.32), and Equation (2.34), the

aerodynamic forces and moments for all of the motors are found as in Equa-

tion (2.35).

F b
aero,x = 0

F b
aero,y = 0

F b
aero,z =

Nmotor∑
n=1

F b
Tn

M b
aero,x =

Nmotor∑
n=1

F b
Tn
l sin (an)

M b
aero,y =

Nmotor∑
n=1

−F b
Tn
l cos (an)

M b
aero,z =

Nmotor∑
n=1

M b
Dn

n = 1, 2, ..., Nmotor (2.35)

where Nmotor is the total number of motors.

Putting Equation (2.35) in the vector format gives:
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F b
aero =


0

0
Nmotor∑
n=1

F b
Tn

 (2.36)

M b
aero =



Nmotor∑
n=1

F b
Tn
lsin (an)

Nmotor∑
n=1

−F b
Tn
lcos (an)

Nmotor∑
n=1

M b
Dn

 (2.37)

The substitution of Equation (2.31) and Equation (2.32) into the above

equations will give Equation (2.38) and Equation (2.39):

F b
aero =


0

0
Nmotor∑
n=1

ρApropR
2
propCFTn

ω2
motorn

 (2.38)

M b
aero =



Nmotor∑
n=1

ρApropR
2
propCFTn

ω2
motornlsin (an)

Nmotor∑
n=1

−ρApropR
2
propCFTn

ω2
motornlcos (an)

Nmotor∑
n=1

sign(ωmotor) ρApropR
3
prop CMDn

ω2
motorn

 (2.39)

By assuming that ρ, Aprop, R and l are the same for all rotors, Equa-

tion (2.38) and Equation (2.39) are simpli�ed to:
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F b
aero = ρApropR

2
prop


0

0
Nmotor∑
n=1

CFTn
ω2
motorn

 (2.40)

M b
aero =ρApropR

2
prop


l
Nmotor∑
n=1

CFTn
ω2
motornsin (an)

−l
Nmotor∑
n=1

CFTn
ω2
motorncos (an)

Rprop

Nmotor∑
n=1

sign(ωmotor)CMDn
ω2
motorn

 (2.41)

2.4 State-space equations

By substitution of Equation (2.40) into Equation (2.29) (F i
tot = RF b

aero−mgk̂)

and Equation (2.30) (M b
tot = M b

aero), the total forces and moments applied

to the drone are obtained as:

F i
tot = R ρApropR

2
prop


0

0
Nmotor∑
n=1

CFTn
ω2
motorn

−


0

0

mg

 (2.42)

M b
tot = ρApropR

2
prop


l
Nmotor∑
n=1

CFTn
ω2
motornsin (an)

−l
Nmotor∑
n=1

CFTn
ω2
motorncos (an)

Rprop

Nmotor∑
n=1

sign(ωmotor)CMDn
ω2
motorn

 (2.43)
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By plugging these into Equation (2.23) (r̈i = 1
m
F i
tot) and Equation (2.24)

(ω̇b = I−1
(
M b

tot − ωb × Iωb
)
), r̈i and ω̇b are expanded to:

r̈i = R
ρApropR

2
prop

m


0

0
Nmotor∑
n=1

CFTn
ω2
motorn

−


0

0

g

 (2.44)

ω̇b = I−1

ρApropR
2
prop


l
Nmotor∑
n=1

CFTn
ω2
motornsin (an)

−l
Nmotor∑
n=1

CFTn
ω2
motorncos (an)

Rprop

Nmotor∑
n=1

sign(ωmotor)CMDn
ω2
motorn

− ωb × Iωb


(2.45)

r̈i and ω̇b are used on the right-hand side of the last six rows of the state

space equations (2.27), which is numerically integrated to calculate the states

of the drone over time in Section 5.2.2.

2.5 Quadrotor aerodynamics

If the dynamics of a quadrotor is considered, the number of motors is four

(Nmotor = 4), and so the vector of motor speeds (ωmotor) is de�ned as

ωmotor =


ωmotor,1

ωmotor,2

ωmotor,3

ωmotor,4

 (2.46)
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By factoring out the square of motor speeds (Equation (2.46)) from Equa-

tion (2.40) and only considering the third non-zero row (F b
aero,z), the following

can be written:

F b
aero,z = ρApropR

2
prop

[
CFT1

CFT2
CFT3

CFT4

]


ω2
motor,1

ω2
motor,2

ω2
motor,3

ω2
motor,4

 (2.47)

By expanding Equation (2.41) for 4 motors and factoring out the square

of motor speeds (Equation (2.46)), the following can be written:

M b
aero = ρApropR

2
prop


lCFT1

sin(a1) lCFT2
sin(a2) lCFT3

sin(a3) lCFT4
sin(a4)

−lCFT1
cos(a1) −lCFT2

cos(a2) −lCFT3
cos(a3) −lCFT4

cos(a4)

RpropCMD1
−RpropCMD2

RpropCMD3
−RpropCMD4




ω2
motor,1

ω2
motor,2

ω2
motor,3

ω2
motor,4


(2.48)

Putting Equation (2.47) and Equation (2.48) together gives the following

equation:

 F b
aero,z

Mb
aero

 = ρApropR
2
prop


CFT1

CFT2
CFT3

CFT4

lCFT1
sin(a1) lCFT2

sin(a2) lCFT3
sin(a3) lCFT4

sin(a4)

−lCFT1
cos(a1) −lCFT2

cos(a2) −lCFT3
cos(a3) −lCFT4

cos(a4)

RpropCMD1
−RpropCMD2

RpropCMD3
−RpropCMD4




ω2
motor,1

ω2
motor,2

ω2
motor,3

ω2
motor,4


(2.49)

Later in Section �3.2, Equation (2.49) is used for the closed-loop control

of the quadrotor.
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Chapter 3

Closed-loop Control

To collect proper data for the identi�cation of the drone model, it is needed

to implement software that autonomously performs the �ights. For doing so,

a closed-loop controller is necessary. In this chapter, the methods and the

mathematics behind the closed-loop controller are discussed.

As seen in Equation (2.44) and Equation (2.45), the control signals to

this system are motor speeds, and the outputs of the system are its position

and attitude. This is shown in Figure 3.1.

Figure 3.1: Drone plant

In Section �3.1, the control problem is de�ned, and in Section �3.2, the
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controller commands are discussed. In Section �3.3, the detailed implemen-

tation of the controllers are discussed.

3.1 Control problem de�nition

The problem of the drone's closed-loop control is formulated as a path follow-

ing problem. Consider that the drone needs to follow the known trajectory

rdes(t) with the desired yaw angle θ3,des(t).

The desired trajectory: rdes(t), θ3,des(t)

where rdes(t) is in the inertial frame, and θ3,des(t) is the �rst Euler angle

rotation (as discussed in Section �2.1). The block diagram of the whole

system is shown in Figure 3.2.

Figure 3.2: System block diagram. In this �gure, the drone plant includes
the sensors and the onboard estimator, and θ(t) and r(t) are the output of
the onboard estimator.

To form the control problem, the control error is de�ned as the di�erence
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between the current position/angle and the desired position/angle

 er(t) = rdes(t)− r(t)

eθ3(t) = θ3,des(t)− θ3(t)
(3.1)

Because the desired position and yaw angles are known at all times, and

their curves are smooth, their time derivatives can be calculated. Taking the

time derivative, the control error in Equation (3.1) is expanded into:

 er(t) = rdes(t)− r(t)

eθ3(t) = θ3,des(t)− θ3(t)

→
ėr(t) = ṙdes(t)− ṙ(t)

ėθ3(t) = θ̇3,des(t)− θ̇3(t)

→
ër(t) = r̈des(t)− r̈(t)

ëθ3(t) = θ̈3,des(t)− θ̈3(t)

(3.2)

In practice, the sensors measure the accelerations, angular velocities, and

the position, which with the help of the onboard estimator, make r, ṙ, r̈,θ3,θ̇3,

and θ̈3 known. This means that the position and yaw errors can be calculated

from Equation (3.2) by the controller.

In the next section, the control commands of the drone are explained.

3.2 Control Commands

A general rigid body has 6 degrees of freedom of general motion as discussed

in equation (2.18):

� x: translation in the x direction

� y: translation in the y direction

� z: translation in the z direction
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� θ3: yaw rotation

� θ2: pitch rotation

� θ1: roll rotation

However, the drone used in this research has a particular con�guration of

motors that does not give us fully decoupled degrees of control. So the system

is considered an underactuated system. If it is assumed that the thrust force

is always perpendicular to the drone surface, the control commands for this

con�guration and their relation to motor speeds is found as follows:

� Up and down translation (cased by F i
T ): by creating the equal thrusts in

all the motors, I can translate the drone in the z direction (Figure 3.3).

Figure 3.3: Translation of the drone in the z direction. The arrows in the left
picture show the rotation of the propellers. In the right image, the arrows
on the sides of the drone indicate the thrust forces of the propellers. The
arrow in the middle of the drone shows the overall thrust force applied to
the drone.

� Yaw rotation (caused byM b
yaw): by rotating motors with the same speed

in the diagonal motors, but with di�erent rates for each diagonal, the
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overall drag moment results in the yaw moment (M b
yaw), which rotates

the drone about the zb axis (Figure 3.4).

Figure 3.4: Yaw rotation of the drone. In the left picture, the arrows on
the sides of the drone show the rotation of the propellers. The arrow in the
middle shows the overall yaw moment. In the right image, the arrows on the
sides of the drone indicate the thrust forces of the propellers. The arrow in
the middle of the drone shows the overall thrust force applied to the drone.

� Roll rotation (caused byM b
roll): by creating equal thrust on the sides of

the drone, but with di�erent values for each side, the di�erential thrusts

on the sides result in an overall roll moment (M b
roll), which rotates the

drone about the xb axis (Figure 3.5).
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Figure 3.5: Roll rotation of the drone.In the left picture, the arrows on the
sides of the drone show the rotation of the propellers. In the right image, the
arrows on the sides of the drone indicate the thrust forces of the propellers,
the vertical arrow in the middle of the drone shows the overall thrust force
applied to the drone, and the last arrow shows the roll moment.

� Pitch rotation (caused byM b
pitch): by creating equal thrust on the front

and rear of the drone, but with di�erent values for the front and back,

the di�erential thrusts in the rear and front result in an overall pitch

moment (M b
pitch), which rotates the drone about the y

b axis (Figure 3.6).

Figure 3.6: Pitch rotation of the drone. In the left picture, the arrows on the
sides of the drone show the rotation of the propellers. In the right image, the
arrows on the sides of the drone indicate the thrust forces of the propellers,
the vertical arrow in the middle of the drone shows the overall thrust force
applied to the drone, and the last arrow shows the pitch moment.
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To formulate the above intuitive explanation, Equation (2.49) is expanded.

This results in

 F b
aero,z

M b
aero

 =


F i
T

M b
yaw

M b
pitch

M b
roll

 →


F i
T

Myaw

Mpitch

M b
roll

 =ρApropR
2
prop


CFT1

CFT2
CFT3

CFT4

lCFT1
sin(a1) lCFT2

sin(a2) lCFT3
sin(a3) lCFT4

sin(a4)

−lCFT1
cos(a1) −lCFT2

cos(a2) −lCFT3
cos(a3) −lCFT4

cos(a4)

RpropCMD1
−RpropCMD2

RpropCMD3
−RpropCMD4




ω2
motor,1

ω2
motor,2

ω2
motor,3

ω2
motor,4


︸ ︷︷ ︸

ω2
motor

(3.3)

Equation (3.3) shows that the drone's controllers can adjust the thrust

force and moments applied on the drone by changing the motor speeds (in a

coupled way). So, the motor speeds are considered the control signals.

By inverting Equation (3.3)1, a relation for calculating the motor speeds

in terms of the aerodynamic forces and moments can be found, which is

parametrically shown using mij in Equation (3.5).

1The design of the drone constants ensures that the right-hand side matrix is always
invertible, and its determinant never becomes zero.
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
ω2
motor,1

ω2
motor,2

ω2
motor,3

ω2
motor,4


︸ ︷︷ ︸

ω2
motor

=
1

ρApropR2
prop


CFT1

CFT2
CFT3

CFT4

lCFT1
sin(a1) lCFT2

sin(a2) lCFT3
sin(a3) lCFT4

sin(a4)

−lCFT1
cos(a1) −lCFT2

cos(a2) −lCFT3
cos(a3) −lCFT4

cos(a4)

RpropCMD1
−RpropCMD2

RpropCMD3
−RpropCMD4



−1 
F i
T

Myaw

Mpitch

M b
roll


(3.4)


ω2
motor,1

ω2
motor,2

ω2
motor,3

ω2
motor,4


︸ ︷︷ ︸

ω2
motor

=


ω2
motor,front−right

ω2
motor,front−left

ω2
motor,back−right

ω2
motor,back−left

 =


m11 m12 m13 m14

m21 −m22 m23 −m24

m31 −m32 −m33 m34

m41 m42 −m43 −m44




F i
T

M b
yaw

M b
pitch

M b
roll


(3.5)

The following relation between the motor speeds and forces is found by

expanding the above equation. This is in line with what was discussed in

this section qualitatively.

ω2
motor,front−right = m11F

i
T +m12M

b
yaw +m13M

b
roll +m14M

b
pitch

ω2
motor,front−left = m21F

i
T −m22M

b
yaw +m23M

b
roll −m24M

b
pitch

ω2
motor,back−right = m31F

i
T −m32M

b
yaw −m33M

b
roll +m34M

b
pitch

ω2
motor,back−left = m41F

i
T +m42M

b
yaw −m43M

b
roll −m44M

b
pitch (3.6)
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By considering that the actual controller commands (de�ned as


fTcontroller

τyawcontroller

τpitchcontroller

τrollcontroller

)
are proportional to the thrust forces and moments applied on the drone with

a constant gain of Kforce2cmd
2, the controller commands will be:


fTcontroller

τyawcontroller

τpitchcontroller

τrollcontroller

 = Kforce2cmdsign(ωmotor)


F i
T

M b
yaw

M b
pitch

M b
roll

 (3.7)

Where sign(ωmotor) =
[
1 −1 1 −1

]
shows the rotation angle direc-

tions based on the right hand rule. As a result, above equation becomes:


fTcontroller

τyawcontroller

τpitchcontroller

τrollcontroller

 = Kforce2cmd

[
1 −1 1 −1

]


F i
T

M b
yaw

M b
pitch

M b
roll

 (3.8)

The substitution of Equation (3.3) into Equation (3.7) gives:

2This constant gain maps the controller commands to the accepted commands accepted
by the speed controller of the motor. This normalization is done to prevent overly large
gains for the controllers.
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
fTcontroller

τyawcontroller

τpitchcontroller

τrollcontroller

 = Kforce2cmd ρApropR
2
prop

[
1 −1 1 −1

]


CFT1
CFT2

CFT3
CFT4

lCFT1
sin(a1) lCFT2

sin(a2) lCFT3
sin(a3) lCFT4

sin(a4)

−lCFT1
cos(a1) −lCFT2

cos(a2) −lCFT3
cos(a3) −lCFT4

cos(a4)

RpropCMD1
−RpropCMD2

RpropCMD3
−RpropCMD4




ω2
motor,1

ω2
motor,2

ω2
motor,3

ω2
motor,4


︸ ︷︷ ︸

ω2
motor

(3.9)

It is also important to remember that the values calculated from Equa-

tion (3.9) must always be between the minimum and maximum controller

commands that are possible (which are related to the maximum and min-

imum possible motor speed). This means if the commands go out of the

bounds, they are saturated to the bounds.

Inverting equation Equation (3.9) gives motor speeds in terms of the

controller commands3:

3This equation is always invertible unless the motor speeds go to in�nity, which is
impossible due to the physical limitations set for motors.
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
ω2
motor,1

ω2
motor,2

ω2
motor,3

ω2
motor,4

 =
1

Kforce2cmd ρApropR2
prop


[

1 −1 1 −1
]


CFT1
CFT2

CFT3
CFT4

lCFT1
sin(a1) lCFT2

sin(a2) lCFT3
sin(a3) lCFT4

sin(a4)

−lCFT1
cos(a1) −lCFT2

cos(a2) −lCFT3
cos(a3) −lCFT4

cos(a4)

RpropCMD1
−RpropCMD2

RpropCMD3
−RpropCMD4





−1 
fTcontroller

τyawcontroller

τpitchcontroller

τrollcontroller


(3.10)

3.3 Controllers

In this research, a cascade controlling approach is used [17,51,52,53,54].

The solution to an ordinary di�erential equation (ODE) of order two

converges to zero if the coe�cients are positive. By using this concept, if

it is considered that the position errors and yaw error follow a second-order

ordinary di�erential equation with positive coe�cients, then the errors can

converge to zero when the proper gains are selected [52, 55]. This is formu-

lated as:

ër(t) +KD,rėr(t) +KP,rer(t) = 0

ëθ3(t) +KD,θ3 ėθ3(t) +KP,θ3eθ3(t) = 0

KD,r, KP,r > 0

KD,θ3 , KP,θ3 > 0
(3.11)

Substitution of Equation (3.2) into Equation (3.11) gives Equation (3.12).
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(r̈des(t)− r̈(t)) +KD,r (ṙdes(t)− ṙ(t)) +KP,r (rdes(t)− r(t)) = 0(
θ̈3,des(t)− θ̈3(t)

)
+KD,θ3

(
θ̇3,des(t)− θ̇3(t)

)
+KP,θ3 (θ3,des(t)− θ3(t)) = 0

(3.12)

Expanding the �rst vector equation into its elements gives:

(ẍdes − ẍ) +KD,x (ẋdes − ẋ) +KP,x (xdes − x) = 0

(ÿdes − ÿ) +KD,y (ẏdes − ẏ) +KP,y (ydes − y) = 0

(z̈des − z̈) +KD,z (żdes − ż) +KP,z (zdes − z) = 0(
θ̈3,des − θ̈3

)
+KD,θ3

(
θ̇3,des − θ̇3

)
+KP,θ3 (θ3,des − θ3) = 0 (3.13)

To satisfy Equation (3.12), four di�erent controllers are considered [52,

55]. The closed-loop controller is shown in Figure 3.7. As shown, it consists

of two independent controllers that are the height controller and the yaw

controller. x and y are controlled by using two chained rows of controllers

(cascade controllers). In the following subsections, the details of these con-

trollers are discussed.

3.3.1 Height Controller

The thrust command (Faero,z) can be used to control the height of the drone,

as shown in Figure 3.8.

Inside the height controller, a PD controller is implemented that follows
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Figure 3.8: Height Controller

Equation (3.14) [52].

fTcontroller
= g + z̈des +Kd,z(żdes − ż) +Kp,z(zdes − z) (3.14)

where fTcontroller
is the thrust control command.

3.3.2 Yaw Controller

The yaw command (Myaw) can be used to control the yaw of the drone, as

shown in Figure 3.9.

Figure 3.9: Yaw Controller

Inside the yaw controller, a PD controller with the following equation is
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implemented [52]:

τyawcontroller
= θ̈3,des +Kd,θ3(θ̇3,des − θ̇3) +Kp,θ3(θ3,des − θ3) (3.15)

where τyawcontroller
is the yaw control command.

3.3.3 x and y Control

A combination of roll and pitch commands is used to control its x, y position.

To achieve this, a cascade control con�guration is used Figure 3.10. The �rst

controller generates the desired roll θ1,des and pitch θ2,des that gives us the

desired position xdes, ydes. Then the second controller tries to control roll θ1

and pitch θ2 such that these desired roll θ1,des and pitch θ2,des are achieved,

which ultimately results in the desired positions xdes, ydes.

Figure 3.10: Cascade controllers

The control rules for the desired roll and pitch controller are as follows

[52]:
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θ1,des =
1

g
([Kd,x(ẋdes − ẋ) +Kp,x(xdes − x)] sin(θ3,des)− [Kd,y(ẏdes − ẏ) +Kp,y(ydes − y)] cos(θ3,des))

(3.16)

θ2,des =
1

g
([Kd,x(ẋdes − ẋ) +Kp,x(xdes − x)] cos(θ3,des) + [Kd,y(ẏdes − ẏ) +Kp,y(ydes − y)] sin(θ3,des))

(3.17)

In the above equations, the desired yaw angle (θ3,des) is used to map the

body �xed xb, yb axes to inertial x, y axes. The block diagrams for the desired

roll and pitch controllers are shown in Figure 3.11.

Figure 3.11: Desired roll and pitch controllers

Two PD controllers are implemented to control the roll and pitch based

on the calculated desired roll and desired pitch:
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τrollcontroller
= θ̈1,des +Kd,θ1(θ̇1,des − θ̇1) +Kp,θ1(θ1,des − θ1) (3.18)

τpitchcontroller
= θ̈2,des +Kd,θ2(θ̇2,des − θ2) +Kp,θ2(θ2,des − θ2) (3.19)

where τrollcontroller
and τpitchcontroller

are the roll and pitch control commands.

The block diagrams for these roll and pitch controllers are shown in Fig-

ure 3.12.

Figure 3.12: Roll and pitch controllers

In conclusion, as shown in Figure 3.7, each of these controllers is put
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together to make a complex system of closed-loop controllers that control

the drone.

3.3.4 Landing logic

The onboard landing logic is responsible for reducing the altitude at the end

of the �ight, and it is triggered once the landing time is reached. The logic

decreases zdes linearly over time, and the closed-loop controllers adjust the

motor commands based on this changing zdes. Once the drone reaches near

the ground, the motors are turned o�.

zdes = zdes−initial −Klanding(t− tlanding) (3.20)

where Klanding speci�es the speed of reducing the altitude, and it was

considered to be the same as Tsampling in this research.

3.4 Closed-loop control results

Di�erent con�gurations were tested to verify the closed-loop controller func-

tionality, two of which are presented in the following.4

The controller gains are shown in Table 3.1.

4The results that are presented in this chapter are related to the Parrot Mambo drone,
which its physical properties are given in Section �A. These results can be extended to
other types of drones and con�gurations.
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Table 3.1: Controller gains

Gain value Gain value

Kp,x -0.24 Kp,θ1 0.014

Kd,x 0.1 Kd,θ1 0.002

Ki,x 0 Ki,θ1 0.01

Kp,y -0.24 Kp,θ2 0.01

Kd,y -0.1 Kd,θ2 0.0028

Ki,y 0 Ki,θ2 0.01

Kp,z 1.5 Kp,θ3 0.005

Kd,z 0.3 Kd,θ3 0.0012

Ki,z 0.05 Ki,θ3 0

The �rst �ight results are related to an autonomous hover �ight with the

desired height of 1 m and automatic take-o� and landing. Figure 3.13 shows

the altitude of the drone during this �ight over time. As shown, the drone

successfully takes o� and hovers around the desired height and �nally lands

on the ground according to the landing logic discussed in 3.3.4.

The error in the z direction is plotted in Figure 3.14, which is converged

to 0 after the initial overshoot.
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Figure 3.13: Parrot Mambo altitude (z) in a hover �ight with the desired
height of 1 m

The velocity of the drone in the z direction is shown in Figure 3.15. As

seen, the velocity of the drone increases to reach the altitude of 1 m. Then

the velocity goes to 0 for the duration of the �rst hover. In the end, the

velocity becomes negative to support decreasing the height.
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Figure 3.14: Parrot Mambo error in the z direction in a hover �ight with the
desired height of 1 m

Figure 3.15: Parrot Mambo velocity in the z direction in a hover �ight with
the desired height of 1 m
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The closed-loop command sent to motor 3 of the drone is shown in Fig-

ure 3.16. The command for motor 1 is similar to motor 3. For motor 2 and

motor 4, the commands are like a mirror of the command for the other two

motors, as shown in Figure 3.17.

Figure 3.16: The closed-loop command sent to motor 3 in a hover �ight with
the desired height of 1 m.

In conclusion, this �ight shows that the controller successfully tracks the

take-o� logic, the hovering �ight at the altitude of 1 m, and the landing logic.

The next �ight shows a hover �ight in which the desired altitude changes

in the middle of hovering from 1 m to 2 m. The drone's position in the z di-

rection is shown in Figure 3.18, which demonstrates proper position tracking
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Figure 3.17: The closed-loop command sent to motor 4 in a hover �ight with
the desired height of 1 m.

with an error of less than 5 cm after the drone reaches the stable altitude.

The minor hiccups in the chart are due to disturbances of the real environ-

ment, the inaccuracy of the motors and sensors, and the noise of the �ight

data.

The velocity of the drone in the z direction is plotted in Figure 3.19. As

seen, the velocity of the drone increases to reach the altitude of 1 m. Then

the velocity goes to 0 for the duration of the �rst hover. Then the velocity

again increases to get the drone to the altitude of 2 m and then decreases

to 0 for the period of the second hover. In the end, the velocity becomes

negative to support reducing the height and �nally goes to 0 for a proper
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Figure 3.18: Parrot Mambo altitude (z) in a hover �ight with the variable
desired height of 1 m to 2 m.

landing.
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Figure 3.19: Parrot Mambo velocity in the z direction in a hover �ight with
the variable desired height of 1 m to 2 m.

The closed-loop command sent to motor 3 and motor 4 of the drone are

shown in Figure 3.16 and Figure 3.21 respectively. As expected, the command

for motor 1 is similar to motor 3. For motor 2 and motor 4, the commands

are like a mirror of the command for the other two motors.

In conclusion, this �ight shows that the controller successfully tracks the

take-o� logic, hover �ight at the altitude of 1 m, changing the height from 1

m to 2m, the hovering �ight at the altitude of 2 m, and the landing logic as

it was set in the onboard software.
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Figure 3.20: The closed-loop command sent to motor 3 in a hover �ight with
the variable desired height of 1 m to 2 m.
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Figure 3.21: The closed-loop command sent to motor 4 in a hover �ight with
the variable desired height of 1 m to 2 m.

69



Chapter 4

Feed-forward Drone Control

As discussed in 1.1.1, the simulation of virtual environments requires a feed-

forward controller that compensates for the dynamics of the drone. This

compensation needs the dynamics of the drone to be reversed, which means

that these controllers need to be preplanned using the dynamic model that is

known for the drone, and they cannot use the real-time data of the sensors.

Figure 4.1 shows the feed-forward controller and the closed-loop controller

in relation to the drone plant. As seen, the feed-forward controller output is

directly fed to the drone plant, and this output is calculated without getting

any feedback from the sensors.
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Figure 4.1: The feed-forward controller and the closed-loop controller. In
this �gure, the drone plant includes the sensors and the onboard estimator.

To understand this, consider a simple case of the motion for z translation

of a simple point mass under the in�uence of a vertical force. Using Newton's

equation gives:

Ffeed−forward −mg = ma (4.1)

To emulate di�erent gravity, a goal for the right-hand side of the equation

should be set. For example, to simulate a zero-gravity environment, it is con-

sidered that the mass �oats, and so its acceleration in the vertical direction

should be 0. This will make Equation (4.1) like the following:

Ffeed−forward −mg = 0 (4.2)

So the preplanned feed-forward forward force will be:

Ffeed−forward = mg (4.3)
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As it is apparent in Equation (4.3), the proper feed-forward controller is

directly dependent on mg, which de�nes the native dynamics of the system.

So it is clear that to do precise feed-forward dynamic emulation, knowledge

of the system dynamics is necessary. The dynamics here depend on the

accurate understanding of mg. Reversing these native dynamics gives the

desired feed-forward force.

In practice, the feed-forward forces are a function of the drone's param-

eters, such as motor constants. This requires calculating the control signals

in reverse based on the desired feed-forward force and the parameters. The

control signals are the motor speeds, and since the motor speeds generate

the thrust forces, to achieve a desired feed-forward control goal, the motor

speeds should be calculated based on the plan. Here, it is considered that

the goal is to reduce the external environment's e�ect (such as gravity). In

this research, the equations are discussed in a general form, and later in Sec-

tion �7.1, two speci�c cases (50% reduced gravity, and 80% reduced gravity)

are discussed.

4.1 Aerodynamic force (Faero)

To remove the e�ect of the external environment, the total external force that

is applied on the drone (Ftot ) needs to be zero. So, from Equation (2.29),

the following can be written:

Ftot = 0 → RFaero −mgk̂ = 0 (4.4)

This means that the desired aerodynamic force (generated by the feed-
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forward controller) should be1:

Faero = R−1mgk̂ (4.5)

The above equation can be expanded to its elements as:

Faero =


Faero,x

Faero,y

Faero,z

 = mgR−1


0

0

1

 (4.6)

which is then simpli�ed to:

Faero =


Faero,x

Faero,y

Faero,z

 = mg


s1s3 + c1c3s2

c1s2s3 − c3s1

c1c2

 (4.7)

To design a feed-forward controller, the controller commands should be

extracted from Equation (4.7). This means that the left-hand side of the

equation should be modelled as a function of the controller signals (motor

speeds) and then solved in terms of these control signals.

In a case where the drone �ies near the hover con�guration, θ1 and θ2 will

be small, which means s1 ≈ 0 and s2 ≈ 0. In this case, the above equation

can be simpli�ed to:


Faero,x

Faero,y

Faero,z

 = mg


0

0

1

 (4.8)

1Since R is orthonormal, this inversion step is always possible, and the inverse is equal
to its transpose.
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That means near hover con�guration, the required aerodynamic force for

the feed-forward controller is equal to the drone's weight.

Faero,z = mg (4.9)

To design a feed-forward controller for the �ights that are not near to

hover state, the aerodynamic forces in the drone's plane (Faero,x and Faero,y)

should be modelled and solved in terms of the controller signals.

4.2 Thrust force (FT )

To �nd aerodynamic forces that meet the needs of the feed-forward controller,

it is needed to calculate the respective thrust forces. From Equation (2.35),

the following can be written:

Faero =


Faero,x

Faero,y

Faero,z

 =


0

0
Nmotor∑
n=1

FTn

 (4.10)

or by only considering the forces in the z direction:

Faero,z =
Nmotor∑
n=1

FTn (4.11)

By assuming that the thrust forces generated by each motor are equal to

each other, each thrust force will be

FTn =
Faero,z

N
(4.12)
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Near the hovering �ight, according to Equation (4.9), the thrust forces

for each motor that reduce the e�ect of gravity should be:

FTn =
mg

N
(4.13)

According to the aerodynamic equation of the thrust force (Equation (2.31)),

the thrust force could be written for all the motors in the following matrix

format:

FT = ρApropR
2
propCFT

ω2
motor (4.14)

Separating motor speeds from this equation gives:

ωmotor = sign(ωmotor)
√
(ρApropR2

propCFT
)−1FT (4.15)

Where sign(ωmotor) =
[
1 −1 1 −1

]
. So, the vector form of this

equation becomes:

ωmotor =



√
(ρAprop1R

2
1CFT1

)−1FT1

−
√

(ρAprop2R
2
2CFT2

)−1FT2√
(ρAprop3R

2
3CFT2

)−1FT3

−
√

(ρAprop4R
2
4CFT3

)−1FT4


(4.16)

As you see, in the general case, the thrust coe�cients and radius for each

di�erent motor can be di�erent. By considering that ρAprop1R
2
prop is equal

for all the motors, Equation (4.16) is simpli�ed to:
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ωmotor =
1√

ρAprop1R
2
prop



√
FT1

CFT1

−
√

FT2

CFT2√
FT3

CFT3

−
√

FT4

CFT4


(4.17)

In case it is considered that the coe�cients of the thrust are the same for

all propellers (which holds if the di�erent motors and propellers are the same

model), CFT
can be factored out from the above equation, and the following

is achieved, in which the two vectors are multiplied element-wise using a dot

product.

ωmotor =
1√

ρAprop1R
2
prop

1√
CFT




1

−1

1

−1

 �

√√√√√√√√√√√


FT1

FT2

FT3

FT4




(4.18)

By adding the condition from Equation (4.12), the above equation is

simpli�ed to

ωmotor =

√
Faero,z

N√
ρAprop1R

2
propCFT


1

−1

1

−1

 (4.19)
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This gives the motor speed required for each rotor as:

ωmotori = sign(ωmotori)

√
Faero,z

N√
ρAprop1R

2
propCFT

i = 1, 2, 3, 4 (4.20)

Based on Equation (4.9), �ying near the hover con�guration simpli�es

Equation (4.19):

ωmotor =

√
mg
N√

ρAprop1R
2
propCFT


1

−1

1

−1

 (4.21)

4.3 Feed-forward controller commands

If it is needed to compare the feed-forward commands to the closed-loop

commands directly, the controller commands related to these motor speeds

should be calculated. Equation (4.19) can be substituted to Equation (3.9):


fTcontroller

τyawcontroller

τpitchcontroller

τrollcontroller

 = Kforce2cmd ρApropR
2
prop

[
1 −1 1 −1

]


CFT1
CFT2

CFT3
CFT4

lCFT1
sin(a1) lCFT2

sin(a2) lCFT3
sin(a3) lCFT4

sin(a4)

−lCFT1
cos(a1) −lCFT2

cos(a2) −lCFT3
cos(a3) −lCFT4

cos(a4)

RpropCMD1
−RpropCMD1

RpropCMD1
−RpropCMD1


√

Faero,z

N√
ρApropR2

propCFT


1

−1

1

−1


(4.22)
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By substituting Equation (4.12) and by assuming equal drag moment

coe�cients for all the motor, the above equation is further simpli�ed to


fTcontroller

τyawcontroller

τpitchcontroller

τrollcontroller

 = Kforce2cmd

√
ρAprop1

Rprop

√
CFT

√
Faero,z

N

[
1 −1 1 −1

]


1 1 1 1

lsin(a1) lsin(a2) lsin(a3) lsin(a4)

−lcos(a1) −lcos(a2) −lcos(a3) −lcos(a4)

Rprop
CMD√
CFT

−Rprop
CMD√
CFT

Rprop
CMD√
CFT

−Rprop
CMD√
CFT




1

−1

1

−1


(4.23)

By calculating the matrix multiplications and some simpli�cations, the

above equation is simpli�ed to


fTcontroller

τyawcontroller

τpitchcontroller

τrollcontroller

 = Kforce2cmd

√
ρAprop1Rprop

√
CFT

√
Faero,z

N


0

−lsin(a1) + lsin(a2)− lsin(a3) + lsin(a4)

−lcos(a1) + lcos(a2)− lcos(a3) + lcos(a4)

−4Rprop
CMD√
CFT


(4.24)

If the drone �ies near hover, Equation (4.9) (Faero,z = mg) can be substi-

tuted into the above equation as
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
fTcontroller

τyawcontroller

τpitchcontroller

τrollcontroller

 = Kforce2cmd

√
ρAprop1

Rprop

√
CFT

√
mg

N


0

−lsin(a1) + lsin(a2)− lsin(a3) + lsin(a4)

−lcos(a1) + lcos(a2)− lcos(a3) + lcos(a4)

−4Rprop
CMD√
CFT


(4.25)

As discussed throughout this chapter, the motor speeds commanded by

the feed-forward controller, which is not a function of the sensor outputs,

are calculated from Equation (4.19). This equation is implemented onboard

the drone and generates the feed-forward commands fed to the drone plant

as shown in Figure 4.1. These commands compensate for the dynamics of

the drone, which reduces the work that needs to be done by the closed-loop

controller, thus reducing the motor speeds commanded by the closed-loop

controller. Later in Section �7.1, the results are discussed.
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Chapter 5

System Identi�cation

This chapter aims to determine the drone dynamics with minimal measuring

using intelligent system identi�cation techniques. As discussed in 1.1.2, the

simulation of virtual environments using drones requires an implementation

of a feed-forward controller that compensates for the dynamics of the drone.

Feed-forward controllers should be programmed in advance based on a drone

model. To do so, the dynamics of the drone should be reversed and then

compensated for. This is di�erent from using a closed-loop controller that

uses the sensor information in real-time to send proper motor commands to

the motors for achieving the control goal. As a result, a high-�delity model

of drone dynamics and aerodynamics is required.

As discussed in Section �1.3 and shown in Equation (4.24), the dynam-

ics of the drone are very complex and depend on many factors such as the

motors' thrust force coe�cients, the motors' drag moment coe�cients, etc.

The system of 12 non-linear di�erential equations prevents us from deriving

an analytical solution. Due to all these factors, no direct answer can be
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analytically derived, which prevents us from using the usual system identi�-

cation methods that work based on the analytical answers. As a result, an

intelligent method based on data is used to model the drone in this research.

The intelligent system identi�cation method is depicted in Figure 5.1. A

gray box model of is system is developed, and in parallel, the actual �ight

data are collected. Then, the system identi�er uses these data to �nd the

parameters of the gray box model that make the errors between the real

states and the simulated states go to zero.

Speci�c data collection tests are designed to measure the inputs and out-

puts of the actual drone system. By collecting the data from the onboard

state estimator, all the states that describe drone dynamics are known. These

include position, Euler angles, translational velocities, and angular velocities,

which are considered the system's outputs. The model inputs are the com-

mands that are sent to the motors. Then, a drone model is programmed

that gets matched to the actual drone by utilizing the collected inputs and

outputs in the system identi�cation methods. As shown in Figure 5.1, the

system identi�er estimates the drone model parameters to minimize the error

between the model outputs and drone outputs.

The model obtained from the system identi�er is the model that is achieved

from the metaheuristic algorithm, which estimates the parameters of the de-

veloped gray box drone model.
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Figure 5.1: System Identi�cation

5.1 Graybox model - Metaheuristic algorithm

This section discusses the gray box model and how a metaheuristic algorithm

can be used. In the next section, particle swarm optimization is discussed

and implemented as an example of a metaheuristic algorithm.

Rewriting the system identi�cation problem as an optimization method

makes it possible to use a metaheuristic algorithm as the system identi�er.

This algorithm estimates the system's parameters, such as thrust coe�cients

of the motors, by �nding the optimal parameters that make the error between

the real experiment's measurements and the model's output minimized.

The metaheuristic algorithms make few or no assumptions about the

problem being optimized, and it is able to search a vast answer space. These

algorithms do not use the gradient of the problem being optimized, which
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means they do not require that the optimization problem be di�erentiable

as is required by classic optimization methods such as gradient descent [56]

and quasi-newton [57] methods.

5.1.1 Model parameters

As seen in Equation (4.25), the feed-forward controller needs the following

parameters to be known:

� thrust force coe�cients of the motors (CFTn
)

� drag moment coe�cients of the motors (CMDn
)

� Propeller radios (Rprop)

� Area of the propellers (Aprop)

� Arm length (l)

� drone mass (m)

� air density (ρ)

Among these, the propeller radius (R), area of the propellers (Aprop), arm

length (l), and drone mass (m) can be measured easily, and the air density

(ρ) of the environment is known.1

In this research, the model parameters of the algorithm are considered to

be the coe�cients of thrust (CFTi
). In a general case, the coe�cient of thrust

for each motor is di�erent. The drag moment coe�cient is calculated from

the following relation that holds for Parrot Mambo:

1The values of these parameters for Parrot Mambo are given in Section �A.
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CMDi
= CFTi

√
CFTi

2
=

√
2C3

FTi

2
, i = 1, .., n (5.1)

For a quadrotor with 4 motors, the number of model parameters is equal

to 4. As a result, the thrust force coe�cients of the motors (CFTi
) need to

be estimated by the metaheuristic algorithm. To estimate these parameters

from the real �ight data, the gray box model of the system (Equation (2.27))

is used by the system identi�cation algorithm.

5.2 Particle Swarm Optimization

Particle swarm optimization (PSO) is the metaheuristic algorithm used in

this research to �nd the optimal parameters based on the de�ned cost func-

tion. The algorithm consists of multiple steps that are repeated until the

stopping criteria (e.g. reaching a desired cost function value) are triggered.

PSO considers the set of candidate answers in the answer space like a pop-

ulation of the particles that move in the answer space. These particles are

randomly distributed in the answer space and then move around to search

for the location that minimizes the cost function. The movement of each

particle is based on a mathematical formula that depends on the particle's

current location (answer), its velocity (variation in the answer), the best lo-

cation it has seen, and the best location that the whole population has seen

so far. This formula has some degree of randomness that prevents it from

converging to a local minimum. Because of the communication between the

whole population, the movement of each particle is not only around the best

answer it has seen itself, but it is also towards the best answer that the whole
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population has seen. This swarm-based movement will speed up the process

of searching and will result in a better solution compared to an exhaustive

search [58].

In the following, each step of the PSO algorithm is discussed in more de-

tail. In this discussion, the drone model parameters (candidate CFT
vectors)

are referred to as the locations or parameters of the candidate answers. The

answer space is all the possible values of the model parameters, which are

considered between 0.001 and 10. The velocity of the candidate answer is

the rate at which model parameters change in each step of the algorithm.

5.2.1 Population initialization

The �rst step of the algorithm is to initialize a population of answers (can-

didate CFT
) in the answer space. In this research, the candidate answers are

generated such that the population follows a random uniform distribution

between 0.001 and 10.

5.2.2 Cost function calculation

In this step, the cost function is calculated for each of the particles. The cost

function2 is a function that indicates how close the mathematical model is to

the actual system. The cost function can be calculated from the di�erence

between the real drone outputs (target) and the computer model outputs.

The process of calculating this error for each candidate answer consists

of multiple steps:

2Also called error function, performance index, objective function, competence func-
tion, and �t goodness.
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1. Getting the current model parameters of the candidate answer: the

cost function parameters in the drone model are the CFT
. This step

gets the current parameters of the candidate answer. If the algorithm

is running for the �rst time, the parameters are generated randomly in

the step discussed in 5.2.1. If the algorithm has been already running,

the parameters are calculated based on the rule of PSO (discussed in

5.2.6).

2. Simulation: the computer model outputs must be calculated to �nd the

di�erence between the actual system outputs (target) and the computer

model outputs. Based on Equation (2.27), this model is solved numer-

ically with the collected motor speeds as inputs and the current cost

function parameters (model parameters).

ṙi =


ẋ

ẏ

ż

 =


ẋ

ẏ

ż



θ̇ =


θ̇3

θ̇2

θ̇1

 =


− c3

c2
− s3

c2
0

s3 −c3 0

−c3 tan θ2 −s3 tan θ2 −1




ω1

ω2

ω3



r̈i =


ẍ

ÿ

z̈

 =
1

m
F i
tot

ω̇b =


ω̇1

ω̇2

ω̇3

 = I−1
(
M b

tot − ωb × Iωb
)

(5.2)
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3. Detecting the outliers: after simulation, if the output of the model has

an output that is out of the expected range (the altitude should be

between 0 m and 10 m), or the output is not mathematically accepted

(the output is in�nity or it is not a number), the candidate answer will

be assigned an enormous error, and the algorithm will be stopped here

for this candidate answer.

4. Data scaling (normalization): because each of the outputs will have a

di�erent scale or unit (e.g. position vs angles), the outputs of real sys-

tem and model should be normalized such that they a�ect the resulting

error equally. This normalization is done for each of the output vectors

throughout the time. In this research, max-mean scaling is used, which

scales the range of an output vector to the range in [0, 1] based on the

maximum and minimum of an output vector.

sscaled =
s−min(s)

max(s)−min(s)
(5.3)

5. Calculating the output error: the error between the scaled outputs of

the model (smodelscaled) and the real system (srealscaled) is calculated.

Eoutput = smodelscaled − srealscaled (5.4)

Since this error is a vector, a single number needs to be assigned to it, so

it is possible to compare di�erent candidate answers. In this research,
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the mean of the absolute of the error is used, which is calculated from

Joutput = average(abs(Eoutput)) (5.5)

Which can be expanded for its elements as

Joutput =
1

12

12∑
i=1

|si,modelscaled − si,realscaled| (5.6)

6. Calculating the �nished time error: the error between the time that the

model took to �nish (tf,model) and the time that the real experiment

took (tf,real) is calculated in this step. If the simulation model crashes

to the ground, the crash time is considered the �nal simulation time.

Jtime = |tf,model − tf,real| (5.7)

7. Calculating the cost value: Finally, the cost value is calculated as the

weighted sum of the Joutput and Jtime with Woutput and Wtime being

constant weights that show the e�ect of each value in the �nal perfor-

mance index. These weights normalize the range of each of the cost

values such that the �nal cost value represents all the e�ects similarly

or based on their importance.

J = WoutputJoutput +WtimeJtime (5.8)

The weights in the above example are chosen by qualitatively compar-

ing Joutput and Jtime and deciding on the importance of each e�ect. In
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this research, Woutput is selected as 1, and Wtime is selected as 3.

5.2.3 Outliers removal

After calculating the cost function for each particle, the particles whose cost

value is out of the accepted range are removed. This step has a close relation-

ship with Step 3 o� 5.2.2 because the outliers are speci�ed in that step. Since

the drone model is sensitive to the model parameters, this step is necessary

for its convergence.

5.2.4 Finding the best answers

Then when the outliers are removed, the best location that each particle has

seen so far (xlocal besti) is updated. Then, among these bests, the best location

of the whole population is chosen as the global best (xglobal best).

5.2.5 Updating the velocities

In this step, the velocity (the variation in the location) of each particle is

updated based on a de�ned rule. The rule that is used in this research is as

follows:

v′i = Winertiavi + C1(xlocal besti − xi) + C2(xglobal best − xi) (5.9)

where xi is the location of the particle, v′i is the new velocity of the

particle i, vi is the previous velocity of particle i, Winertia is the current

inertia weight, and C1 and C2 are uniformly distributed random numbers in

the interval [0, 1].

89



©2021 - Amin Yahyaabadi University of Manitoba

The inertia weight is calculated as a fraction of the Winertia from the

previous step. In the �rst step, Winertia is considered 1.

W ′
inertia = 0.98 ∗Winertia (5.10)

5.2.6 Updating the locations

After calculating the velocity of each particle, the movement of the popula-

tion occurs, and so the new positions should be calculated from the following

formula:

x′i = xi +∆x′i (5.11)

where ∆x′i is the velocity of the candidate and shown by v′i. So, the above

can be written as:

x′i = xi + v′i (5.12)

5.2.7 Stopping criteria

The algorithm is repeated until stopping criteria are triggered. In this re-

search, the number of iterations is used as the stopping criteria. The number

of iterations is the number of iterations after which the algorithm should be

stopped. In this research, 40 is the number of iterations. After 40 iterations,

the global best answer is chosen as the answer to the problem.
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5.3 Algorithm performance

The estimated model parameters are compared to the parameters given in

the datasheets to verify that they are accurate values. Because the valid

values of the parameters are unknown, the values from the PSO algorithm

are considered to be more accurate since they are derived from the real-�ight

data. For further proof, one can measure the accurate parameters manually

and compare them with the estimated parameters from PSO.

In this thesis, the algorithm ran on a dataset that was collected from a

hover �ight.

For this case, the population size (swarm size) is considered to be 100.

The stopping criteria of this run were the maximum number of iterations,

and it was set to 40 iterations.

It is considered that the coe�cients of the thrusts (the model parameters)

are in this range.

0.001 < CFTi
< 0.1 (5.13)

A run of the PSO algorithm shows that it can predict the values of coef-

�cients of thrusts near the datasheet coe�cients. The predicted coe�cients

of the thrust are ∼ 4.9% smaller than what the datasheet gives (Table A.1)

CFTPSO
=


0.0102

0.0102

0.0102

0.0102

 (5.14)
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The calculated CFTi
are estimated by PSO to be equal for this case, which

is the expected result due to the same model of motors and propellers used

on the drone. Because the values are within the range of 10%, they are

considered to be correct and more accurate than the datasheet values.

As shown in Figure 5.2, the population's best cost is converged to zero

over time after the algorithm runs for 35 iterations. This convergence shows

that the algorithm works as expected.

Figure 5.2: Convergence of PSO cost function to zero

Figure 5.3 shows the altitude of the drone in the simulation �ights versus

the real �ight. As seen, the model behaviour when the PSO algorithm is

used to achieve the more accurate thrust coe�cients is closer to the actual

�ight. This shows that this mathematical model has a better performance

compared to the model that uses the datasheet coe�cients. This also shows
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that the system identi�cation method proposed in this section can accurately

identify the dynamics of the system by only using the �ight data.

Figure 5.3: The performance of the mathematical model when PSO is used
to estimate the thrust coe�cients.
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Chapter 6

Software

Experimental prototyping of embedded software for real hardware is chal-

lenging, and it requires multidisciplinary low-level programming. In other

words, researchers are unable to reuse the same code for di�erent hardware

since traditional embedded programming practices make it time-consuming

and complicated, which inevitably prevents creative investigations in di�er-

ent algorithms.

Since the rapid implementation of new technologies is one of the main

goals of this testbed, a novel method is required to reduce the time it takes

to implement these technologies on real hardware. This research proposes

an embedded programming method that uses Matlab Coder and Embedded

Coder. This makes it possible to develop software and perform simulations

while simultaneously incorporating it into hardware. The algorithms used in

the onboard �ight software followed speci�c guidelines that tailor the high-

level Matlab code for automatic C/C++ code generation.

This method was applied in the custom software written for performing
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this research. This includes the software for the feed-forward controllers,

Vicon Camera integration, the closed-loop controller, command handling,

take-o� logic, landing controllers, and crash detector. Additionally, the on-

board software was integrated with a Matlab model to analyze the system

identi�cation and attempt to implement new control algorithms for the drone.

With the ability to implement and simulate the same algorithm on hard-

ware and software, it was possible to conduct this research �exibly. By

contrast, using o�-the-shelf hardware with built-in software usually implies

several restrictions on the �exibility of the hardware and software modi�ca-

tions.

By applying the proposed auto-code-generation method, the algorithms

can be developed and tested in a simulation environment. After that, the

algorithms are deployed to real hardware without rewriting the code. This

method is not limited to the case study of this research, and it has a promising

potential to be used for other software applications.

[tab:Traditional-embedded-programming] summarizes the di�erences be-

tween the traditional way of embedded programming versus the proposed

method.
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Proposed Embedded Programming

Program in a high-level language like Matlab and generate
C/C++ code automatically

Fast code prototyping (using Matlab syntax, functions, and
toolboxes)

Experimental investigations in algorithms (using Matlab
simulation, post-run analysis, and plotting features)
Reusable the code for di�erent hardware or missions

Run and debug the program on a personal computer or the
target processor

Independent of hardware
Automatic code replacement to get multithreading and

parallelized optimized code

Traditional Embedded Programming

Program in a low-level language like C/C++
Time-consuming, high cost of labour
Hard to do experiments in algorithms

Hard to reuse the code
Run and debug the program only on the target processor

Dependent on hardware
Hard to write parallelized and multithreading optimized

code

Table 6.1: Traditional embedded programming vs auto-code generation

Figure 6.1 shows the procedure of the proposed embedded programming.

The code prototype employs high-level syntax, functions, and toolboxes avail-

able in Matlab. Then the code is tested using Matlab simulation, post-run

analysis, and plotting features. Finally, using Matlab coder and Embedded

coder, low-level C/C++ code is generated, which is optimized for the speci�c

hardware used in the drone.
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Figure 6.1: Auto code generation procedure

6.1 Onboard software architecture

The architecture of the onboard software is shown in Figure 6.2. Each of the

components is described in the following subsections.
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The drone processor is the onboard computer responsible for real-time

�ight control, receiving and processing the ground commands, receiving and

processing the Vicon data, and sending the �ight log data to the ground

station.

6.1.1 Graphical User Interface (GUI)

The graphical user interface, which is shown in Figure 6.3, is an interface

that allows the user to:

� specify the �ight mode. The �ight mode is selectable between feed-

forward/closed-loop autonomous control, autonomous closed-loop con-

trol, and manual closed-loop control. The feed-forward/closed-loop,

autonomous control mode, is the primary mode used in this research.

The autonomous closed-loop control mode is used to collect the �ight

data that is needed for system identi�cation. The manual mode allows

manually commanding the drone to take o�, land, etc.

� specify the trajectory. If the �ight is autonomous, the desired trajectory

(the desired set points and their timing) can be speci�ed in the GUI.

� view the �ight log. This component receives the �ight log and uses var-

ious plotting features to process and view the logged data in a human-

readable format. This component generates the plots used throughout

this research.
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Figure 6.3: The �ight control graphical user interface

6.1.2 Computer command and data transceiver

This component is responsible for:

� transferring the commands given by the user to the onboard processor.
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These commands include the �ight mode, the desired trajectory, etc.

� transferring the Vicon data to the onboard processor.

� receiving the �ight log from the onboard processor at the ground sta-

tion. This log is processed and viewed in the GUI.

These transformations happen over a high-speed wireless network. The real-

time data, such as Vicon data, are transferred using the UDP protocol.

6.1.3 Onboard sensors

The onboard sensors, such as an accelerometer, gyroscope, ultrasound altime-

ter, and camera, measure the drone's accelerations, angular velocities, and

position. The measured data is then sent to the onboard signal processor.

6.1.4 Signal processor

The onboard signal processor applies various processes to prepare the mea-

sured data received from the onboard sensors and Vicon. The resulting data

is then sent to the onboard estimator. These processes include calibration,

scaling, etc.

6.1.5 Estimator

The onboard estimator takes the measured data from the sensors and pro-

duces the state vector needed for the controller. The onboard estimator has:

� internal logic that decides between the various sources of data such as

Vicon and altimeter. It is also responsible for discarding outliers if one
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of the sensors measures inaccurate data out of the acceptable range for

that sensor.

� noise suppression and Kalman �lters remove the noise from the data

and then produce a single state vector used in the controllers.

6.1.6 Computer command receiver

This component receives the desired trajectory from the ground station. De-

pending on the �ight mode, this can be a �xed trajectory received at the

beginning of the �ight or a changing trajectory sent to the drone in real-

time.

6.1.7 Reference generator

The reference generator has various parts to produce appropriate desired

states that are called reference states for the controllers:

� Control modes and trajectory generator: as discussed in 6.1.1, the user

can select various �ight modes. This section of the reference generator

produces the desired states based on the selected �ight mode and the

given trajectory.

� Take-o� logic: this section decides when the drone should take o�

� Landing logic: at the end of the �ight, the onboard landing logic de-

scribed in 3.3.4 reduces the altitude linearly. Accordingly, the closed-

loop controllers adjust motor commands based on the changing altitude
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generated by the landing logic. Once the drone is near the ground, the

motors stop rotating.

� Crash predictor: this part processes the states of the drone to predict

and detect crashes. Based on various criteria, when the states are out

of the acceptable range prede�ned in the crash predictor, the crash

predictor commands the motors to stop rotating.

6.1.8 Data logger

This part of the onboard processor is responsible for collecting and log the

data that must be sent to the ground station. The logged data can be any

desired signal. By default, the data logger logs the states vector, the reference

states, the motor commands coming from the closed-loop controller, and the

motor commands generated by the feed-forward controller.

6.1.9 Data sender

This component sends the data that the data logger logs to the ground so

it can be viewed on the graphical user interface that was discussed in sec-

tion 6.1.1.

6.1.10 Drone dynamics commentator and virtual dy-

namics engine

The drone dynamics compensator provides su�cient abstraction to enable

independent drone control and eliminates in-�ight drone dynamics. This

involves removing the e�ects of gravity. Using the virtual dynamics engine,
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virtual environments can be emulated, including a di�erent gravity level than

the host environment. This section is implemented based on the feed-forward

controller that was discussed in Chapter 4.

6.1.11 Candidate controller

This part enables testing any new control algorithms for spacecraft or drones

by controlling the drone's motion. These new control algorithms can be state-

of-the-art control algorithms that have never been used on-orbit or on the

drone. This implementation of this part is based on the closed-loop controller

discussed in Chapter 3.

6.2 Programming for code generation

Using the correct data type is crucial for generating e�cient code, which is

an essential factor for the real-time software of the drone, which runs on an

onboard processor with limited available resources.

One of the notable di�erences between Matlab language and statically

compiled languages such as C/C++ is that in Matlab, the type and size

of the variables are not declared statically. As a result, the type and size

assigned to a variable can change during the program's execution. It is

the responsibility of the interpreter and the Just In Time (JIT) compiler to

detect the types and sizes during run-time. To avoid these downsides and

write Matlab code to be suitable for code generation, the following guidelines

were considered. These made it it was possible to implement the algorithms

described in this research e�ciently.
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� Numbers: in Matlab, the numbers have double types by default. If

double numbers are combined with integer number types in the oper-

ation, Matlab implicitly demotes the double types to the lower type.

These implicit conversions can result in a loss of precision in the cal-

culations. To prevent such errors, double numbers should be preferred

over integer numbers. If there is a guarantee that the integrity of the

integer types is preserved, their usage can result in higher performance.

n1=5*2.3 % n1 w i l l be 11 .5

n2=uint64 (5 ) *2 .3 % n2 w i l l be u int64 (11)

n3=uint64 (5 ) * uint64 (2 ) % n3 w i l l be u int64 (10)

� Static Arrays: static arrays are �xed-size arrays that have a known

type at compile-time. To declare such arrays, the following syntax can

be used:

a=0; % 0=dimens iona l double

b=ze ro s (2 , 1 ) ; % 1=dimens iona l array double

c=ze ro s (2 , 4 ) ; % 2=dimens iona l array double

d=ze ro s ( 2 , 4 , 3 ) ; % 3=dimens iona l array double

h= [ 5 , 4 , 3 ; 2 , 6 , 7 ] ; % 2=dimens iona l double with known

i n i t i a l va lue

e=int32 (0 ) ; % 0=dimens iona l in t32

f=ze ro s (2 , 1 , ' uint32 ' ) ; % 1=dimens iona l u int32

g=5*ones (5 , 3 , ' i n t8 ' ) ; % 2=dimens iona l i n t8 i n i t i a l i z e d to

5
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� Static Structures: statically-allocated structures should be de�ned

using the following syntax. This ensures that the type and size of all

the �elds are known at compile-time.

% 0 dimens iona l s t r u c tu r e

s t r u c t 1=s t r u c t ( ' f i e l d 1 ' , 0 , ' f i e l d 2 ' , [ 0 , 0 ] , ' f i e l d 3 ' , z e r o s

(3 , 3 ) , ' f i e l d 4 ' , ' s t r i n g ' ) ;

% 1 dimens iona l s t r u c tu r e

dim1=5;

s t r u c t 2=repmat ( s t ruct1 , dim1 )

% 2 dimens iona l s t r u c tu r e

dim2=3;

s t r u c t 3=repmat ( s t ruct1 , dim1 , dim2 ) ;

After initialization, the �elds of the structure can be accessed, and their value

can change.

% changing the f i e l d va lue

s t ru c t 1 . f i e l d 1 =54;

% ac c e s s i n g f i e l d s o f the 1=dimens iona l s t r u c t

s t r u c t 2 (3 ) . f i e l d 1 =31;

% ac c e s s i n g f i e l d s o f the 2=dimens iona l s t r u c t

s t r u c t 3 (2 , 2 ) . f i e l d 4= ' h e l l o ! '

% po s s i b l e due to the s t r u c t i n i t i a l i z a t i o n

s t ru c t 1 . f i e l d 2 =[5* s t r u c t 1 . f i e l d 1 , 3 ] ;

A limitation in using multidimensional structures is that the size of values
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in the same �elds in di�erent structure elements should be the same. For

example, the following code raises a compile-time error.

% d i f f e r e n t s i z e s o f va l1 in d i f f e r e n t s t r u c t e lements

s t r u c t 2 (1 ) . f i e l d 1 =0;

s t r u c t 2 (2 ) . f i e l d 1 = [ 0 ; 0 ] ;

To �x this issue, one can make the size of all values the same by using dummy

values if the excess overhead is not a concern. Another alternative is to use

static cells instead of multidimensional structures.

� Static Cells: all the cell array elements on all execution paths should

be assigned for statically allocated cells before using or passing to a

function. Because there is no native equivalent type for cells in C/C++,

static structures are preferred over cells.

% c e l l d e f i n i t i o n

k=c e l l ( 2 , 1 ) ;

% i n i t i a l i z e the s t r u c t

s t r u c t 2=s t r u c t ( ' f i e l d 1 ' , 0 , ' f i e l d 2 ' , z e r o s (3 , 3 ) ) ;

k{1 ,1}= s t ru c t 2 ;

k{2 ,1}= s t ru c t 2 ;

% ac c e s s i n g the inner s t r u c tu r e f i e l d s

k {1 ,1} . f i e l d 1 =0;

� Dynamic Arrays: if the size of an array changes dynamically, the

range of the size variation should be declared at compile-time to make

the generated code e�cient.
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% 1=dimens iona l array with the 1 s t dimension being var i ab l e

=s i z e with 5 as the upper bound o f the s i z e

coder . v a r s i z e ( ' a ' , [ 5 ] , [ 1 ] )

% 2=dimens iona l array with the 1 s t dimension having a f i x ed

s i z e o f 5 and the 2nd dimension being var i ab l e=s i z e

with 10 as upper bound

coder . v a r s i z e ( 'b ' , [ 5 , 1 0 ] , [ 0 , 1 ] )

% 2=dimens iona l array with both dimensions being var i ab l e=

s i z e with 5 and 10 as upper bounds

coder . v a r s i z e ( ' c ' , [ 5 , 1 0 ] , [ 1 , 1 ] )

% 2=dimens iona l array with both dimensions being f i x ed to 5

and 10

% th i s i s the same as a s t a t i c array

coder . v a r s i z e ( 'd ' , [ 5 , 1 0 ] , [ 0 , 0 ] )

� Dynamic Structures: to declare that a �eld of a structure is dynam-

ically allocated, the following syntax should be used.

myStruct=s t r u c t ( ' f i e l d 1 ' , 0 , ' f i e l d 2 ' , z e r o s (3 , 3 ) ) ;

% the 2nd dimension o f the f i e l d 2 can vary up to 5 , and the

s i z e o f the 1 s t dimension i s f i x ed at 3 .

coder . v a r s i z e ( 'myStruct . f i e l d 2 ' , [ 3 , 5 ] , [ 0 , 1 ] ) ;
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6.3 Benchmarking auto-code generation

To evaluate the integrity and readability of the generated code, a sample

code generated from the attitude controller shown in Figure 6.4 is as follows.

As seen, the generated code is human-readable and preserves the logic of the

original code correctly.

i f ( loca lB=>ReferenceValueCmd . t ak eo f f_ f l a g ) {

localB=>time = loca lP=>takeoff_gain_Gain * loca lP=>

weight_Value ;

} e l s e {

localB=>time = ( loca lP=>P_z_Gain * loca lB=>err_z +

localDW=>DiscreteTimeIntegrator_DSTATE_p )

= loca lP=>D_z_Gain * loca lB=>s t a t e s . dz ;

}

localB=>Sum = localP=>weight_Value + localB=>time ;
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Figure 6.4: A sample Simulink �le used to demonstrate code-generation

To further evaluate the performance of the generated code, a set of algo-

rithms were developed in two separate groups. The �rst group was developed

by manually writing low-level C code. The second group was written in Mat-

lab, and the Embedded Coder was used to generate low-level C code. Then

the performance of these two groups was collected and compared for bench-

marking.

As the primary benchmark test for this case study, the generated C code

performance is tested on a Zybo Z7-20 [59], which is a development board

based on the Xilinx Zynq Z-7020 system on the chip (SoC) architecture [60].

It has a dual-core ARM Cortex-A9 processor and an FPGA equivalent to

an Artix-7 FPGA. For the real-time operating system of the ARM cortex

processor, Linux Linaro was used.

The algorithm selected for this benchmark is solving a linear system of

equations and then calculating the inverse of a matrix. The matrices are
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randomly generated double numbers between 0 and 1.

The structure of the Matlab code is as follows:

f unc t i on [ x , invA ] = mainF ( )

[A, B, C] = dataLoader ( ) ;

[ x , invA ] = algor i thm (A, B, C) ;

end

The dataLoader function is

f unc t i on [A, B, C] = dataLoader ( )

coder . i n l i n e ( ' never ' ) ;

A = rand (200 , 200) ;

B = rand (200 , 1) ;

C = rand (100 , 100) ;

end

The algorithm function is

f unc t i on [ x , invA , mulAb ] = algor i thm (A, b , C)

coder . i n l i n e ( ' never ' ) ;

x = A \ b ;

invA = inv (C) ;

end

The handwritten C code is given in Appendix C, in which the Gaussian

elimination algorithm was used to solve the linear system, and the LU de-

composition algorithm was used to calculate the inverse of the given matrix.

The average performance for the auto-generated code is
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CPU time ( s e c s ) : use r =0.2645; system=0.0000; r e a l =0.2644

The average performance for the hand-written code is

CPU time ( s e c s ) : use r =0.0704; system=0.0000; r e a l =0.0703

The above benchmarks show that the meticulously hand-optimized code has

better performance than the auto-generated code. However, when the error-

prone and time-consuming development of low-level C code is taken into

account, the high-level Matlab code written in 10 lines of code becomes a

very compelling choice in this research.

The auto-generated C code is readable, making it possible to review or

edit the resulting code if desirable optionally. For example, a part of the

algorithm generated for the above linear system solving the problem, with

the preserving dimension option disabled, is as follows:

#inc lude <s t r i n g . h>

#inc lude "mainF . h"

#inc lude "mldiv ide . h"

#inc lude "xtrsm . h"

#inc lude " xg e t r f . h"

void mldiv ide ( const double A[ 4 0000 ] , double B[ 2 0 0 ] )

{

s t a t i c double b_A[ 4 0 0 0 0 ] ;

i n t i p i v [ 2 0 0 ] ;

i n t i n f o ;

double temp ;

memcpy(&b_A[ 0 ] , &A[ 0 ] , 40000U * s i z e o f ( double ) ) ;
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xg e t r f (b_A, ip iv , &i n f o ) ;

f o r ( i n f o = 0 ; i n f o < 199 ; i n f o++) {

i f ( i p i v [ i n f o ] != i n f o + 1) {

temp = B[ i n f o ] ;

B[ i n f o ] = B[ i p i v [ i n f o ] = 1 ] ;

B[ i p i v [ i n f o ] = 1 ] = temp ;

}

}

xtrsm (b_A, B) ;

b_xtrsm(b_A, B) ;

}

6.4 Conclusion

In this chapter, an embedded programming method was introduced that uses

the Matlab Coder and Embedded Coder in a structured and organized man-

ner to generate e�cient C/C++ code automatically. The method is ideal for

implementing new algorithms due to the reduced development e�ort. This

signi�cantly contributes to the practicality and accessibility of new technolo-

gies by making it possible to test and implement them.
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Chapter 7

Results and Conclusion

In this chapter, the results for the system identi�cation method and feed-

forward control are presented. This chapter presents the results related to the

Parrot Mambo drone, in which its physical properties are given in Section �A.

These results can be extended to other types of drones and con�gurations.

7.1 Feed-forward control results

Based on the experiments conducted in the testbed environment, the tran-

sition from the closed-loop control to feed-forward control plays a vital role

in the system's stability. The feed-forward command injection gain can have

any of the shapes depicted in Figure 7.1.

Due to the complex system dynamics, environmental disturbances, and

the system's imperfections, if the feed-forward terms are applied from the

beginning of the �ight, the drone will fail to take o�. Even if they are

enabled at one point after that, the drone has reached a stable hover state,
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the sudden change in the commands results in instability of the system.

As a result, the feed-forward control commands should be injected into

the system incrementally instead of using a constant gain. In the following

subsections, the results for a linear feed-forward injection gain and a sigmoid

feed-forward injection gains are presented.

Figure 7.1: The feed-forward injection gain curves

7.1.1 Linear feed-forward injection gain

In this section, the feed-forward controller command is injected into the

system using a linear gain, which means when the drone has reached a stable
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hover state, the feed-forward control commands are increased with a linear

gain until they reach the planned value.

A speci�c time at which the feed-forward controller starts to work is

called Tfeed−forward. This time needs to be chosen so that it is after the

drone reaches a stable hover state. For the con�guration of this experiment,

Tfeed−forward is chosen to be 10s.

This gain is a function of time that is passed from Tfeed−forward. This

linear gain is formulated as:

gainfeed−forward = Kslope
t− Tfeed−forward

Tfeed−forward

(7.1)

Kslope is a constant that speci�es the rate at which the feed-forward con-

troller command is increased. Based on the experiments, it is found that a

Kslope around 0.2 is a proper value for the con�guration of our drone. This

rate allows the closed-loop controllers to adapt their outputs smoothly.

After the gainfeed−forward reaches gainfeed−forwardmax , the value of the

gain will saturate. This prevents the gain from increasing without bounds.

This maximum value is used to emulate an environment with reduced gravity.

For example, if gainfeed−forwardmax is set to 0.4, an environment with 36%

reduced gravity is emulated1.

To get zero-gravity, gainfeed−forwardmax should be set to 1. This allows

the feed-forward controllers to reach their highest values. For the closed-

loop controllers chosen for this research, reaching pure zero-gravity is not

practical in a real-world situation. The reason is that the controllers used in

this research are designed for 1g environments, and they are not robust in

1(1− 0.4)2 = 0.36 = 36%
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a reduced gravity environment. As a result, the slightest disturbance in the

angles will cause the drone to tilt, and the drone becomes unstable.

If a virtual environment with 25% reduced gravity is desired, then gainfeed−forward

is considered to be 0.5 to achieve such a virtual environment.

(1− 0.5)2 = 0.25 = 25% reduced gravity

The altitude of the drone in this con�guration is shown in Figure 7.2. The

feed-forward command reaches the planned value at t = 80 s. The average

altitude converges to 1m after the feed-forward control is reaches the planned

value.

Figure 7.2: The altitude of the drone in a virtual environment with 25%
reduced gravity
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As seen in Figure 7.3, the average of the total command sent to motor 3

is constant over time. This is because the feed-forward controller and closed-

loop controllers are working together to hold the average altitude of the drone

constant.

Figure 7.3: The total command sent to motor 3 in a virtual environment
with 25% reduced gravity

The Figure 7.4 and Figure 7.5, which are showing the closed-loop com-

mands sent to motors 3 and 4, indicate that the feed-forward controller has

caused a reduction in the closed-loop commands. The average closed-loop

commands for t > 80 s are 1305.5 rad
s

and −1373.98 rad
s

respectively.

The performance of the feed-forward controller is proportional to the

inverse of the average of the closed-loop commands once they reach a stable

value. This measure can be formulated as the following error:
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Feed-forward command error =

∣∣∣∣The planned command - The average command

The planned command

∣∣∣∣ (7.2)

The planned motor command can be calculated from:

The planned command = gainfeed−forwardmax ∗The maximum motor speed (7.3)

The planned motor command for this case is

0.5 ∗ 2630.7 rad

s
= 1315.35

rad

s
(7.4)

The feed-forward command error for the 3rd controller when t > 80 s can

be calculated as

1315− 1305.5

1315
= 0.007 (7.5)

For the 4th controller, this error is

∣∣∣∣−1315− (−1373.98)

−1315

∣∣∣∣ = 0.0448 (7.6)
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Figure 7.4: The closed-loop command sent to motor 3 in a virtual environ-
ment with 25% reduced gravity
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Figure 7.5: The closed-loop command sent to motor 4 in a virtual environ-
ment with 25% reduced gravity

When a virtual environment with 64% of reduced gravity is desired,

gainfeed−forward should be set to 0.8. The altitude of the drone for this

environment is shown in Figure 7.6. In this particular case, the disturbance

caused when the feed-forward controller reaches the planned value causes an

initial increase in the drone's altitude during the reduced gravity period. If

the drone continued the �ight for an extended amount of time, it had settled

back at 1m.
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Figure 7.6: The altitude of the drone in a virtual environment with 64%
reduced gravity

The closed-loop commands in this environment are plotted in Figure 7.7.

As seen, the closed-loop controller is only working at its ∼ 36% capacity,

which means the feed-forward controller has reduced the gravity by 64%.

The average closed-loop commands for t > 60 s are 596.57 rad
s
and−596.48 rad

s

respectively.

The planned motor command for this case is

0.2 ∗ 2630.7 rad

s
= 526.14

rad

s
(7.7)

The feed-forward command error for the 3rd controller when t > 60 s can

be calculated as
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∣∣∣∣596.57− 526.14

526.14

∣∣∣∣ = 0.1338 (7.8)

For the 4th controller, this error is

∣∣∣∣−526.14− (−596.48)

−526.14

∣∣∣∣ = 0.1337 (7.9)

According to Figure 7.8, the averages of total closed-loop commands are

kept constant after the initial take-o� period.

Figure 7.7: The closed-loop command sent to motor 3 in a virtual environ-
ment with 64% reduced gravity
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Figure 7.8: The total command sent to motor 3 in a virtual environment
with 64% reduced gravity

The importance of accurate dynamics is visible in Figure 7.9. This plot

shows the commands coming from the closed-loop controllers over samples.

As seen, the more accurate the coe�cients of the thrust are, the lower the

closed-loop controller commands go. This means the feed-forward controller

is doing more work, and thus the environment is nearer to zero gravity. As

seen, di�erent values of thrust coe�cients with di�erent accuracies are used

to show the importance of knowing the correct value. The lowest line is

for the case where thrusts' coe�cients are identi�ed by PSO, which is the

closest to the ideal line. The thin and the dash lines are respectively related

to the thrust coe�cients with 20% and 50% errors. These two cases are also

less stable due to the inaccurate feed-forward control planning caused by the

incorrect coe�cients, and so a slight disturbance can result in a drone crash.
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Figure 7.9: The e�ect of correct coe�cients of thrust on a lower closed-loop
command in the feed-forward mode

Calculating the feed-forward command error for the three cases in Fig-

ure 7.10 gives:

Feed-forward command error =


605−570

570
≈ 0.06

995−570
570

≈ 0.75

605−570
570

≈ 1.35

PSO

20% Error

50% Error

(7.10)

It is clear that the accurate coe�cients result in precise feed-forward

control, and so the error for the experiment that used PSO is lower than in

the other cases.
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Figure 7.10: The feed-forward control performance measure (zoomed-in)

7.1.2 Sigmoid feed-forward injection gain

To improve the performance of the feed-forward controller, in this section,

a sigmoid function is chosen for the injection gain. This sigmoid gain is

formulated as:

gainfeedforward =

(
K

(1 + c(at+b))

)
(7.11)

Where K, a, b, c are constant gains that shape the sigmoid function. K

speci�es the �nal value that the function will reach by shifting the function

vertically. a speci�es the slope of the increasing sigmoid curve. If a is nega-

tive, the sigmoid function will increase over time and vice versa. b speci�es

the time when the gain reaches its �nal value by shifting the function hori-

zontally. Finally, c speci�es the exponent by which the function increases.
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Similar to the linear gain discussed in the previous subsection, gainfeed−forwardmax

is also used for saturation.

After trial and error to get a sigmoid function that gives the best feed-

forward control performance for a 49% reduced gravity environment, these

gains were selected as in Equation (7.12). The resulting sigmoid function is

depicted in Figure 7.11. The smooth increasing of this function does not have

the rough edges of the linear injection gain that could result in less stable

�ight and thus lower feed-forward control performance. Similar to before,

Tfeed−forward is chosen to be 10s, and so the gain starts from t = 10s.



a = 30

b = −0.6

c = 1.04

K = 1

gainfeed−forwardmax = 0.7

(7.12)
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Figure 7.11: The sigmoid feed-forward injection gain over time

The altitude of the drone in this environment is shown in Figure 7.12. As

seen after the initial altitude increase that is caused by the initial value of

the feed-forward gain, the drone maintains a constant altitude.
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Figure 7.12: The altitude of the drone in a virtual environment with 49%
reduced gravity and a sigmoid injection gain

The velocity of the drone in this con�guration is shown in Figure 7.13.

After the initial take-o� state, the velocity is at zero during the �ight.
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Figure 7.13: The velocity of the drone in a virtual environment with 49%
reduced gravity and a sigmoid injection gain

The commands sent to the motors 3 and 4 are shown in Figure 7.14 and

Figure 7.15. The average motor command is reduced to 762.903 rad
s
.

Since the ideal command is 0.3 ∗ 2630.7 = 798.21 rad
s
, the feed-forward

error is calculated as

∣∣∣∣798.21− 762.903

798.21

∣∣∣∣ = 0.0329 (7.13)

This means that the 49% reduced gravity environment is achieved in this

con�guration with 3.29% of error.
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Figure 7.14: The closed-loop command sent to motor 3 in a virtual environ-
ment with 49% reduced gravity and a sigmoid injection gain
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Figure 7.15: The closed-loop command sent to motor 4 in a virtual environ-
ment with 49% reduced gravity and a sigmoid injection gain
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7.2 Conclusion

In this thesis, a drone testbed was developed as a platform for rapid de-

velopment, validation, and quali�cation of novel spacecraft, drone control

algorithms, and remote sensing technologies.

By simulating various dynamic environments, the drone testbed facilitates

advanced navigation and control research, thereby enabling new technologies

in industrial applications. This addresses the �rst hypothesis, which intended

to use drones as a testbed for developing new technologies by emulating

virtual dynamics using feed-forward control.

In this study, an approach for determining the dynamics and aerody-

namic parameters of the drone using particle swarm optimization (PSO) was

introduced.

Utilizing this system identi�cation method, the system's dynamics were

identi�ed, which allowed for the emulation of virtual environments such as

reduced gravity via a feed-forward controller. This feed-forward controller

worked in parallel to the candidate closed-loop controller.

Based on the conducted experiments, it was determined that the perfor-

mance of the feed-forward controller depended on the injection gain by which

the feed-forward controller becomes active.

As discussed, using a sigmoid function achieved better results compared

to using a constant gain or a linear gain. In a sigmoid function, there are

no sudden changes in the feed-forward control behaviour, and the smooth

curvature of the function makes the �ight stable even though the commands

sent by closed-loop controllers were reduced. This was tested for di�erent

con�gurations, including a 49% reduced gravity.
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A mathematical model was developed to simulate drone dynamics and

aerodynamics. This model was used later as part of gray box system identi-

�cation and the onboard �ight software of the drone. PSO was used to make

the mathematical model match the collected �ight data. So, as stated in the

second hypothesis, the drone dynamics parameters can be identi�ed with

minimal direct measurement using �ight data. PSO enabled the estimation

of system parameters from the collected data.

As discussed throughout this thesis, accurate knowledge of the drone's

dynamics is crucial to get higher performance from the feed-forward con-

troller.

The particle swarm optimization algorithm was needed to �nd the param-

eters that describe the drone's dynamics to achieve such accurate knowledge.

These parameters made the mathematical model act like the real-world col-

lected data.

The software needed for the onboard computer and the ground station was

implemented using auto-code generation. This method reduced the develop-

ment e�ort and allowed for more �exibility in the algorithms. "Performant

custom �ight and ground software can be automatically generated from a

high-level language," as stated in the third hypothesis.

7.3 Future work

Given the versatility and the generality of the methods discussed in this work,

various future applications and extensions can be considered. In this section,

some of them are summarized:
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� Because in the system identi�cation proposed in this research, the

mathematical model is solved numerically, the dynamics and aerody-

namics are not required to be derivable. So, the mathematical model

used to identify the dynamics of the model can be extended by more

advanced aerodynamics. These models can consider �ight situations

that are di�erent from those used in this research. For example, in an

outdoor �ight, the e�ect of the external wind can change the dynamics

of the model.

� The feed-forward control that was designed in this research can be

implemented as a companion to di�erent closed-loop. The addition of

the feed-forward controller can improve the e�ciency and performance

of the controlling.

� When fully decoupled feed-forward control is desired, a drone system

can be designed that gives six independent degrees of freedom. Such

design lifts the limitation of the current drone designs that are under-

actuated. Having separate motors on the sides of the drone allows for

implementing feed-forward controllers that can emulate various hori-

zontal dynamics.

� In parallel to using particle swarm optimization in the system identi�-

cation method, a black-box model such as an arti�cial neural network

can improve the areas that the gray-box method has not considered.
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Appendix A

Parrot Mambo physical properties

In table A.1, all the physical properties of Parrot Mambo is presented. Parrot

Mambo was the main drone that was used to collect the �nal result.

Table A.1: Parrot Mambo physical properties

property value

mass (m) 0.07 kg

inertia matrix in body �xed frame (I)


0.0000582857 0 0

0 0.0000716914 0

0 0 0.0001

 kg.m2

arm length (l) 0.0624m

motor number 4

propeller radius (R) 0.033m

propeller disc area (Aprop) 0.0034m2 Equation (2.33)
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air density (ρ) 1.184 kg
m3

datasheet thrust force coe�cient (CFT
)


0.0107

0.0107

0.0107

0.0107



datasheet drag moment coe�cient (CMD
)


0.7826

0.7826

0.7826

0.7826

 10−3

command to motor speed square gain 13840.8

maximum motor speed 2630.7 rad
s

1

minimum motor speed 0 rad
s

1This is equal to the square root of the multiplication of the maximum possible com-
mand (500) and the command to motor speed square gain.

√
13840.8 ∗ 500 = 2630.7
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Appendix B

The experimental setup

Figure B.1 shows the drone testbed. This testbed includes a copter-style

drone �ying in an enclosed space that is equipped with Vicon motion capture

cameras. The computer interface allows for measuring, testing, and analyzing

data.

Figure B.1: The drone testbed
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This following list gives the equipment and resources that were used in

this testbed.

� The Parrot Mambo quadcopter that is shown in Figure B.2:

� The processor: ARM Cortex A9

� The onboard sensors: accelerometer, gyroscope, ultrasound al-

timeter, and camera

� The communication network: the ground station commands and

Vicon data are sent over Bluetooth using the UDP protocol

Figure B.2: Parrot Mambo

� The Vicon cameras, which are shown in Figure B.1 and Figure B.3.

� The DJI F550 hexacopter that is shown in Figure B.4.

� Pixhawk autopilot
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Figure B.3: Vicon Cameras

� Onboard compass, accelerometer, and gyroscope

� The Custom module to receive Vicon data

� The ARM cortex microcontroller

� The wireless radio

� The Vicon SDK code to send fake GPS data to the drone

� The ground station computer that is shown in Figure B.1.
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Figure B.4: DJI F550 hexacopter
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Appendix C

Handwritten C code used for

benchmarking

The following is the handwritten C code that implements the Gaussian elim-

ination algorithm for solving a linear system, and LU decomposition to cal-

culate the inverse. This algorithm was compared to the auto-generated code

in Section �6.3.

#inc lude <s td i o . h>

#inc lude <s t d l i b . h>

/** Generate random double numbers between 0 and 1 */

double double_random ( )

{

re turn ( double ) rand ( ) / RAND_MAX;

}
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/** Generate a random array with l ength o f ` len ` */

void random_array ( i n t len , double a r r [ l en ] )

{

f o r ( i n t ie lm = 0 ; ie lm < len ; ++ie lm )

{

ar r [ i e lm ] = double_random ( ) ;

}

}

/** Generate a random matrix with row length o f `row_len `

and column length o f

* `column_len ` */

void random_matrix ( i n t row_len , i n t column_len , double mat [

row_len ] [ column_len ] )

{

f o r ( i n t irow = 0 ; irow < row_len ; ++irow )

{

f o r ( i n t icolumn = 0 ; icolumn < column_len ; ++

icolumn )

{

mat [ irow ] [ icolumn ] = double_random ( ) ;

}

}

}

/** pr in t the content o f an array */

void pr int_array ( i n t len , double a r r [ l en ] )
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{

p r i n t f ( "\n [ " ) ;

f o r ( i n t ie lm = 0 ; ie lm < len ; ++ie lm )

{

p r i n t f ( "%f , " , a r r [ i e lm ] ) ;

}

p r i n t f ( " ] \ n" ) ;

}

/** pr in t the content o f a matrix */

void print_matrix ( i n t row_len , i n t column_len , double mat [

row_len ] [ column_len ] )

{

p r i n t f ( "\n [ " ) ;

f o r ( i n t irow = 0 ; irow < row_len ; ++irow )

{

f o r ( i n t icolumn = 0 ; icolumn < column_len ; ++

icolumn )

{

p r i n t f ( "%f , " , mat [ irow ] [ icolumn ] ) ;

}

i f ( irow != row_len = 1)

{

p r i n t f ( "\n" ) ;

}

}

p r i n t f ( " ] \ n" ) ;
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}

/** Solve the g iven l i n e a r system */

void so lve_l inear_system ( i n t num, double a r r [num] , double

mat [num ] [ num] )

{

// Applying Gauss Jordan El iminat ion

f o r ( i n t i = 0 ; i < num = 1 ; i++)

{

f o r ( i n t j = i + 1 ; j < num; j++)

{

f l o a t r a t i o = mat [ j ] [ i ] / mat [ i ] [ i ] ;

f o r ( i n t k = 0 ; k < num; k++)

{

i f ( k == i )

{

mat [ j ] [ k ] = 0 ;

}

e l s e

{

mat [ j ] [ k ] = mat [ j ] [ k ] = (mat [ i ] [ k ] *

r a t i o ) ;

}

}

a r r [ j ] = ar r [ j ] = ( a r r [ i ] * r a t i o ) ;

}

}
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// Solve the r e s u l t

f o r ( i n t i = num = 1 ; i >= 0 ; i==)

{

f o r ( i n t j = num = 1 ; j >= i ; j==)

{

i f ( j == i )

{

ar r [ i ] = ar r [ i ] / mat [ i ] [ j ] ;

}

e l s e

{

a r r [ i ] = ar r [ i ] = (mat [ i ] [ j ] * ar r [ j ] ) ;

}

}

}

}

/** Calcu la te the lu decomposit ion o f the g iven matrix */

void ludecompos i t ion ( i n t num, double mat [num ] [ num] , double

lower [num ] [ num] , double upper [num ] [ num] )

{

f o r ( i n t i = 0 ; i < num; i++)

{

f o r ( i n t j = 0 ; j < num; j++)

{

i f ( j < i )

{
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lower [ j ] [ i ] = 0 ;

}

e l s e

{

lower [ j ] [ i ] = mat [ j ] [ i ] ;

f o r ( i n t k = 0 ; k < i ; k++)

{

lower [ j ] [ i ] = lower [ j ] [ i ] = lower [ j ] [ k ]

* upper [ k ] [ i ] ;

}

}

}

f o r ( i n t j = 0 ; j < num; j++)

{

i f ( j < i )

{

upper [ i ] [ j ] = 0 ;

}

e l s e i f ( j == i )

{

upper [ i ] [ j ] = 1 ;

}

e l s e

{

upper [ i ] [ j ] = mat [ i ] [ j ] / lower [ i ] [ i ] ;

f o r ( i n t k = 0 ; k < i ; k++)

{
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upper [ i ] [ j ] = upper [ i ] [ j ] = ( ( lower [ i ] [

k ] * upper [ k ] [ j ] ) / lower [ i ] [ i ] ) ;

}

}

}

}

}

void _inverse ( i n t co l , i n t num, double invmat [num ] [ num] ,

double lower [num ] [ num] , double upper [num ] [ num] )

{

double x [num ] ;

double y [num ] ;

double b [num ] ;

b [ c o l ] = 1 ;

f o r ( i n t i = 0 ; i < num; i++)

{

y [ i ] = b [ i ] / lower [ i ] [ i ] ;

f o r ( i n t k = 0 ; k < num; k++)

{

b [ k ] == lower [ k ] [ i ] * y [ i ] ;

}

}

f o r ( i n t i = num = 1 ; i >= 0 ; i==)
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{

x [ i ] = y [ i ] / upper [ i ] [ i ] ;

f o r ( i n t k = i = 1 ; k >= 0 ; k==)

{

y [ k ] == upper [ k ] [ i ] * x [ i ] ;

}

}

// f i l l i n g invmat

f o r ( i n t k = 0 ; k < num; k++)

{

invmat [ k ] [ c o l ] = x [ k ] ;

}

}

/** Calcu la te the i nv e r s e o f the g iven matrix . */

void i nv e r s e ( i n t num, double mat [num ] [ num] , double invmat [

num ] [ num] )

{

double lower [num ] [ num ] ;

double upper [num ] [ num ] ;

ludecompos i t ion (num, mat , lower , upper ) ;

f o r ( i n t c o l = 0 ; c o l < num; co l++)

{

_inverse ( co l , num, invmat , lower , upper ) ;

}
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}

i n t main ( )

{

// So lv ing a l i n e a r system

in t num_eq = 200 ;

i n t arr_len = num_eq ;

i n t mat1_rownum = num_eq ;

i n t mat1_colnum = num_eq ;

double mat1 [mat1_rownum ] [ mat1_colnum ] ;

random_matrix (mat1_rownum , mat1_colnum , mat1 ) ;

#i f n d e f __OPTIMIZE__

p r i n t f ( "A matrix " ) ;

print_matrix (mat1_rownum , mat1_colnum , mat1 ) ;

#end i f

double a r r [ arr_len ] ;

random_array ( arr_len , a r r ) ;

#i f n d e f __OPTIMIZE__

p r i n t f ( "b array " ) ;

pr int_array ( arr_len , a r r ) ;

#end i f

so lve_l inear_system (num_eq , arr , mat1 ) ;
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#i f n d e f __OPTIMIZE__

p r i n t f ( " the anwser ( x ) " ) ;

pr int_array ( arr_len , a r r ) ;

#end i f

// Ca l cu l a t ing the i nv e r s e o f a matrix

i n t mat2_num = 100 ;

double mat2 [mat2_num ] [ mat2_num ] ;

random_matrix (mat2_num, mat2_num, mat2 ) ;

double invmat [mat2_num ] [ mat2_num ] ;

#i f n d e f __OPTIMIZE__

p r i n t f ( " the o r i g i n a l matrix " ) ;

print_matrix (mat2_num, mat2_num, mat2 ) ;

#end i f

i n v e r s e (mat2_num, mat2 , invmat ) ;

#i f n d e f __OPTIMIZE__

p r i n t f ( " the i nv e r s e matrix " ) ;

print_matrix (mat2_num, mat2_num, invmat ) ;

#end i f

}
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