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Abstract

Rotorcraft Unmanned Aerial Vehicles (UAV) with take-off and vertical landing capabilities or multi-
rotors have proved to be an efficient and low-cost solution for civil flight applications due to significant
advances in the development of robust and more efficient altitude and attitude control strategies, plan-
ning and re-planning algorithms capable of detecting and evading obstacles and Fault Diagnosis & Fault
Tolerant Control methods.

In most applications where multirotors are used, they develop different task as exploration, photogram-
metry, filming, mapping and more recently all those dedicated to precision agriculture such as irrigation
and crop monitoring. During the development task, the multirotor executes a mission which consists to
fly through a set of paths connected by n reference points or way-points inside a known or unknown
area. However, during the mission development, different negative factors decrease the multirotor flight
performance such as environmental conditions, occurrence of faults or failures in actuators/sensors and
energetic limitations due to the power source constraints. The energetic limitation problem in a multirotor
are due to power capabilities that on-board battery can supply.

Due to power and energy requirements, the multirotors are powered by Lithium Polymer batteries which
are rechargeable batteries of Lithium-Ion technology. They possess a polymer electrolyte instead of a
liquid electrolyte and provide high power and energy densities. However, according to the use due to
the number of charge/discharge cycles and other factors like damage provoked by over-discharges, the
battery performances tend to decrease. Such decrease or aging causes a reduction in the efficiency of the
UAV multirotor flight by decrease the total mission time or flight endurance, and leads to maneuverability
problem, which increases the risk of crash and collision.

This thesis topic addresses the issues concerning to battery performances and its influence into the mission
and path planning tasks. By considering model-based prognosis techniques and path planning methods, a
hierarchy mission planning strategy based on energy consumption is proposed and validated at simulation
level considering different flight situations. The UAV performances, as well as its capability to execute and
fulfill a mission is weighted by determine the battery State of Health (SoH) which is an index to measure
the degradation level of the battery. The SoH helps to estimate the battery Remaining Useful Life (RUL)
and establishes the energy limitation by the computation of the Maximum Flight Endurance (MFE). Such
information is necessary to path planning generation which not only consider the constraints related to
the power source but also the scopes and limitations of the mission to be executed. In addition, the main
concern of this thesis are long time-distance missions e.g. exploration or inspection of remote areas where
it is fundamental to have a proper use of energy aboard the multirotor.






Résumé étendu en francais

Actuellement, les véhicules aériens télépilotés (UAV) avec capacité de décollage et d’atterrissage verti-
cal ou multirotors se sont avérés étre une solution efficace et peu cotiteuse dans les applications de vol civil
grace aux progres significatifs dans le développement de méthodes plus efficaces de controle, planification
et prise de décision. Pour de telles applications, les multirotors développent différentes taches comme
I’exploration, la photogrammeétrie, le tournage, la cartographie et plus récemment toutes celles dédiées a
I’agriculture de précision comme lirrigation et le suivi des cultures.

Durant la mission de développement, le multirotor exécute une mission qui consiste a parcourir un en-
semble de trajectoires reliées par n points de référence ou way-points dans une zone connue ou inconnue.
Cependant, pendant 'accomplissement de la mission, différents facteurs négatifs affectent la performance
du véhicule comme les conditions environnementales, I’apparition de fautes ou de pannes et les limitations
énergétiques dues aux contraintes de l'alimentation en énergie. Le probléme de limitation énergétique dans
un multirotor est di aux capacités de puissance que la batterie embarquée peut fournir.

Les drones multirotors sont propulsés par des batteries Lithium Polymére qui sont des batteries recharge-
ables de technologie Lithium-Ion. Ils possédent un électrolyte polymeére au lieu d’un électrolyte liquide
et fournissent une puissance et une densité d’énergie élevées. Cependant, en fonction de 'utilisation due
au nombre de cycles de charge/décharge et d’autres facteurs tels que les dommages provoqués par des
décharges excessives, les performances de la batterie ont tendance & diminuer. Une telle diminution ou un
tel vieillissement entraine une réduction de efficacité du vol multirotor de 'UAV en diminuant le temps
de mission total ou I’endurance du vol, et conduit & un probléme de manoeuvrabilité, ce qui augmente le
risque d’accident et de collision.

Habituellement, une mission pour tout drone multirotor alimenté par une batterie Li-Po consiste & dé-
coller, en volant & travers un ensemble de chemins reliés par des points de cheminement n & l'intérieur
d’un espace de travail sous contrainte qui peut aussi étre complétement connu ou inconnu et finalement
atterrir. Au début de la mission, la batterie de bord est considérée comme complétement chargée et, au
fur et & mesure que le temps de vol s’écoule, la batterie est déchargée jusqu’a atteindre la tension minimale
ou Fin de Décharge (EoD). Avant l'atteinte de 'EoD, la mission devrait étre terminée et le multirotor a
atterri. Le temps qui s’écoule entre le début de la mission et le début de la manifestation d’intérét est
habituellement appelé 'endurance en vol (EF). La figure 1.1-(a) présente un exemple de ’élaboration et
de la réalisation attendues d’une mission, ot Ey représente ’énergie totale au début de la mission, E. est
la consommation d’énergie mesurée pendant I’élaboration et Ey représente le reste a la fin.

En outre, au cours du développement de la mission, différents facteurs négatifs affectant les performances
de vol sont rencontrés, tels que les conditions environnementales, "apparition de pannes ou de défaillances
dans les composants du véhicule et les limitations énergétiques dues aux capacités de la source d’énergie,
comme le montre la figure 1-(b). Problémes liés a I’atténuation des effets des défaillances et des défaillances
des composants du véhicule tels que les actionneurs et les capteurs, ainsi que des perturbations dues aux
conditions environnementales, les rafales de vent étant traitées au moyen de contrbleurs de position et
d’orientation robustes. Cependant, ces problémes liés & la consommation d’énergie et & la maximisation
du temps de vol sont devenus plus populaires en raison de l'intérét d’augmenter 'endurance de vol (FE)
du véhicule afin d’effectuer des missions de longue durée.

Différentes solutions dédiées a ’augmentation de la consommation d’énergie ont été présentées dans le
contexte de la planification des trajets, par exemple les auteurs dans ([113, 114, 196]) ont présenté une
méthodologie de génération de trajet énergétique minimum basée sur la minimisation de la consommation
énergétique considérant le déplacement du véhicule du point initial & un dernier. Les auteurs dans (|161])
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Figure 1: a) Perspectives d’achévement d’une mission et b) facteurs négatifs ayant une incidence sur les
performances du vol pendant la mission.

t ([164]) rouvrent le probléme de génération de chemins d’énergie minimum en ajoutant la dynamique
de la décharge de la batterie et sa dépendance de la source d’énergie State of Health. D’autre part, dans
(|1, 2, 44, 59, 86]) des modeéles mathématiques empiriques pour calculer et maximiser I’endurance de vol en
tenant compte de la géométrie du véhicule et des exigences énergétiques pour garder la portance pendant
le vol ont été proposés et validés.

Les batteries Li-Po utilisées pour fournir I’énergie nécessaire a 1’alimentation du systéme de propulsion
du multirotor (I’ensemble hélice - moteurs brushless DC (BLDCM) - Electronic Control Speed ou ESC)
ainsi que d’autres éléments (tels que controleur de vol et différents capteurs comme GPS, gyroscope, ac-
célérometres et REF & Wireless Communication system) est composé pour plusieurs cellules a haute capacité
en ampeéres-heures (Ah Ah) en connexion série. Ils possédent généralement une plage de tension opéra-
tionnelle de 2,5 V (Vinin)a 4,2 V (Vinaz) (|[173]) et une tension nominale de 3,7 V. En général, le BLDCM
et ’ESC nécessitent une tension de service comprise entre 10 Vet 17 V ([45]). En ce sens, il est possible de
trouver des batteries avec trois, quatre ou méme six cellules en série pour générer des tensions nominales
entre 11,1 V et 22,2 V. Afin de générer une force de poussée suffisante pour le décollage du véhicule et
de maintenir le véhicule en position stationnaire, les BLDCMs produisent une quantité significative de
courant dont I’amplitude augmente le taux de décharge des batteries. Dans la figure 1.2, le courant (ligne
bleue) généré par quatre BLDCM d’un quadrotor et la réponse en tension de la batterie (ligne rouge) sont
indiqués. Pendant le décollage (entre 0-25 sec), 'augmentation du courant pour atteindre une valeur de 14
A et 'augmentation du taux de décharge de la batterie provoquent une chute de tension de 11,6 V & 11,2
V. Deux changements d’altitude font passer le courant de 14 A a 18 entre 25 - 50 sec et 75 - 100 sec et leurs
effets provoquent une chute instantanée de la tension batterie suivie d’une récupération. Enfin, lorsque le
quadrotor atterrit, le courant chute & zéro et la tension est rétablie & un niveau proche de la tension initiale.

La batterie utilisée dans la figure 2 a une capacité maximale de 2,2 Ah, ce qui signifie que si la batterie
est complétement chargée et qu'un courant de 2,2 A est appliqué pendant une heure, elle se décharge
complétement. Si le courant est doublé ou triplé, le temps de décharge diminue. Cet effet est représenté
par le taux de décharge de la batterie et il est appelé C-rate [119]. Habituellement, il est possible de calculer
IEF et ’énergie maximales en fonction du courant demandé en évaluant la relation entre le débit C et le
temps de décharge comme on peut le voir dans la Figure 3. Cependant, une telle relation n’est valable qu’au
début de la vie de la batterie (BoL), et selon le vieillissement de la batterie, la capacité maximale diminue.
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Figure 2: Exemple de décharge de batterie d’'un quadrotor en position de vol stationnaire.

De plus, le vieillissement de la batterie est évalué en calculant I’état de santé (SoH) et en fonction des
niveaux de SoH, il est possible de déterminer la dégradation réelle de la batterie. L’utilisation continue
de la batterie (interprétée comme des cycles de charge/décharge) et des conditions de fonctionnement
extrémes comme un taux de C et une température de décharge élevés, et des décharges profondes, un
dommage est provoqué dans la batterie provoquant une dégradation accélérée en réduisant la capacité
a stocker 1’énergie et a fournir une puissance requise. Une telle dégradation tend également & diminuer
la durée de vie utile de la batterie et rend impossible la détermination de I'endurance de vol ou méme
si une mission peut étre lancée et accomplie. De méme, une batterie dégradée entraine des problémes
de manceuvrabilité et un risque élevé d’accident et de collision pendant la mission de développement.
L’augmentation des performances de la batterie signifie ’augmentation des capacités de vol multirotor.
Dans ce sens, il est nécessaire de prendre en compte les différents aspects négatifs affectant le SoH de la
batterie et de I'intégrer dans un cadre de planification de mission.
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Figure 3: Relation entre le C-rate et le temps de chargement/déchargement.

Ce théme de thése aborde les questions concernant les performances des batteries et leur influence sur les
taches de planification de la mission et de la trajectoire. En considérant les techniques de pronostic basées
sur des modéles et les méthodes de planification de trajectoire, une stratégie de planification de mission
hiérarchique basée sur la consommation d’énergie est proposée et validée au niveau de la simulation en
considérant différentes situations de vol. Les performances du drone, ainsi que sa capacité & effectuer et a



remplir une mission, sont pondérées en déterminant 1’état de santé de la batterie (SoH) qui est un indice
permettant de mesurer le niveau de dégradation de la batterie. Le SoH aide a estimer la durée de vie
utile restante de la batterie (RUL) et établit la limitation d’énergie par le calcul de I’endurance maximale
de vol (MFE). De telles informations sont nécessaires a la génération de la planification des trajectoires
qui ne prennent pas seulement en compte les contraintes liées a 'utilisation du mais aussi la portée et les
limites de la mission & exécuter.

Le document de thése est organisé comme suit :

Chapitre 1: Ce chapitre présente le contexte général de la thése en établissant les principaux prob-
lémes des drones multirotors, notamment ceux liés & la consommation d’énergie lors du développe-
ment de la mission. De plus, les objectifs atteints ainsi que les contributions (conférences et articles
de journaux) de cette recherche ont été sollicités.

Chapitre 2: Ce chapitre présente I'état actuel d’Arte autour de la planification de la mission et
de la planification du cheminement basée sur la consommation d’énergie, la méthodologie PHM en
particulier le modeéle basé sur le pronostic.

Chapitre 3: Ce chapitre présente le modéle mathématique du drone multirotor et présente égale-
ment le modéle mathématique du systéme de propulsion : batterie et moteurs. Une boucle de
régulation en cascade est congue pour contrdler la position et l'orientation du véhicule en tenant
compte de la relation entre la vitesse angulaire du moteur et le taux de décharge de la batterie.

Chapitre 4: Ce chapitre présente 1’élaboration du module Pronostic et gestion de la santé pour
estimer le SoC et le SoH et déterminer I'EF pour les objectifs de planification de mission.

Chapitre 5: Ce chapitre présente la planification de la mission proposée et décrit tous les éléments
qui 'ont intégrée. De plus, la génération de trajets d’énergie minimum est établie en tenant compte
de I'état de santé de la batterie et de ses limites. Enfin, ce chapitre se termine par les résultats de
la simulation dans différentes conditions de vol.

Chapitre 6: Ce chapitre présente les perspectives et les travaux futurs de la thése et met en lumiére
les contributions.
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Chapter 1

(eneralities of topic thesis

1.1 Introduction

Nowadays, Unmanned Aerial Vehicles (UAV) with take-off and vertical landing capabilities or multiro-
tors have proved to be an efficient and low-cost solution in civil flight applications due to significant
advances in the development of more effective control, planning and make decision methodologies. For
such applications, multirotors develop different task as exploration, photogrammetry, filming, mapping
and more recently all those dedicated to precision agriculture such as irrigation and crop monitoring
[40, 57, 65, 108, 130, 141, 199].

During the development task, the multirotor executes a mission which consists to fly through a set of
paths connected by n reference points or way-points inside a known or unknown area. However, during
the mission fulfillment, different negative factors affect the vehicle performance as environmental condi-
tions, occurrence of faults or failures and energetic limitations due to the power source constraints. The
energetic limitation problem in a multirotor are due to power capabilities that on-board battery can supply.

The UAV multirotors are powered by Lithium Polymer batteries which are rechargeable batteries of
Lithium-Ion technology. They possess a polymer electrolyte instead of a liquid electrolyte and provide
high power and energy densities. However, according to the use due to the number of charge/discharge
cycles and other factors like damage provoked by over-discharges, the battery performances tend to de-
crease. Such decrease or aging causes a reduction in the efficiency of the UAV multirotor flight by decrease
the total mission time or flight endurance, and leads to maneuverability problem, which increases the risk
of crash and collision.

This thesis topic addresses the issues concerning to battery performances and its influence into the mission
and path planning tasks. By considering model-based prognosis techniques and path planning methods, a
hierarchy mission planning strategy based on energy consumption is proposed and validated at simulation
level considering different flight situations. The UAV performances, as well as its capability to carry out
and fulfill a mission, is weighted by determine the battery State of Health (SoH) which is an index to
measure the degradation level of the battery. The SoH helps to estimate the battery Remaining Useful
Life (RUL) and establishes the energy limitation by the computation of the Maximum Flight Endurance
(MFE). Such information is necessary to path planning generation which not only consider the constraints
related to the power source but also the scopes and limitations of the mission to be executed.
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1.2 Motivation

Usually, a mission for any multirotor UAV powered by a Li-Po battery consists of take-off, flying through
a set of paths connected by n way-points inside a constraint workspace which can be also completely
known or unknown and finally landing. At the beginning of the mission the on-board battery is consid-
ered fully charged and as the flight time elapses the battery is discharged until reach the minimum voltage
or End of Discharge (EoD). Before the EoD is reached, the mission is expected to be completed and the
multirotor has landed. The time between the beginning of mission and the EoD is usually referred as
Flight Endurance (FE). An example of the expected development and fulfillment of a mission can be seen
in Figure 1.1-(a) where Fy represents the total energy at the beginning of the mission, E. is the energy
consumption measured during the mission development and E; represents the remainder energy at the
end of the mission.

In addition, during the mission development different negative factors affecting the flight performances are
encountered as environmental conditions, the occurrence of faults or failures in vehicle components and
energetic limitations due to the power source capabilities as it is shown in Figure 1.1-(b). Problems related
to the mitigation of the fault and failure effects in vehicle components such as actuators and sensors, as
well as disturbances due to environmental conditions as wind gusts are addressed by means of robust
position and orientation controllers ([53, 187, 209]) and Fault Tolerant Control (|77, 127, 151]). However,
those problems related to energy consumption and maximization of flight time have become more popular
due to the interest to increase the vehicle Flight Endurance (FE) in order to perform long time missions.

—80% o8 “

Emw : [E, = 50%)
_D: 0 “
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E = 'll]%

(a) (b)

Figure 1.1: (a) Expectation of the fulfillment of a mission and (b) negative factors affecting the flight
performance during mission.

Different solutions dedicated to increase the FE have been presented in the context of path planing, e.g.
the authors in [113, 114, 196] presented a minimum energy path generation methodology based on the
minimization of energy consumption considering the vehicle displacement from an initial to a final point.
The authors in [161] and [164] reopen the generation of minimum energy paths problem by adding the
dynamics of the battery discharge and its dependency of power source State of Health. On the other hand
in 1, 2, 44, 59, 86| empirical mathematical models to compute and maximize the flight endurance taking
into account the vehicle geometry and energetic requirements to keep the lift during the flight have been
proposed and validated.

The Li-Po batteries used to supply the energy to powered the propulsion system of multirotor (the ensemble
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propeller - BrushLess DC motors (BLDCM) - Electronic Control Speed or ESC) as well as other elements
(such as flight controller and different sensors like GPS, gyroscope, accelerometers and RF & Wireless
Communication system) is composed for several cells with high capacity in Amperes-hours (Ah) in series
connection. Usually they possess a voltage operational range of 2.5 V (Viin)to 4.2 V (Vi4z) [173] and a
nominal voltage of 3.7 V. Generally, the BLDCM and ESC require an operating voltage level between 10
V and 17 V [45]. In that sense it is possible to find batteries with three, four or even six cells in series
connection to generate nominal voltages levels between 11.1 V to 22.2 V. In order to generate sufficient
thrust force for the vehicle take-off and to keep the vehicle in hover position, the BLDCMs generates
a significant amount of current whose magnitude increase the battery discharge rate. In Figure 1.2 the
current (blue line) generated by four BLDCM of a quadrotor and battery voltage response (red line) are
shown. During the take-off (between 0-25 sec) the current increase to reach a value of 14 A and the battery
discharge rate increase causing a voltage drop from initial voltage 11.6 V to 11.2 V. Two altitude changes
increase the current from 14 A to 18 between 25- 50 sec and 75 - 100 sec and their effects cause an instant
drop in the battery voltage followed by a recovery effect. Finally, when the quadrotor lands, the current
drops to zero and the voltage is recovered close to initial voltage.

18 T T 11.6

Current (A)
Voltage (V)

Battery Current Battery Vo]tagel
T T

() Il 1 1 |
0] 25 50 75 100 125 150

Time (s)

Figure 1.2: Example of battery discharge of a quadrotor in hover position.

The battery used in Figure 1.2 has a maximum capacity of 2.2 Ah which means that if the battery is fully
charged and a current of 2.2 A is applied during one hour the battery will be completely discharged. If
the current is increased to double or triple, the discharge time decreases. Such effect is represented by
battery discharge rate and it is called as C-rate [119]. Usually, it is possible to compute the maximum FE
and energy according to demanded current by evaluate the relationship between the C-rate and discharge
time as it can be seen in Figure 1.3. However, such relationship is just valid at the battery Begin of Life
(BoL), and according to battery aging the maximum capacity decreases. In addition the battery aging is
evaluated by computing the State of Health (SoH) and according to SoH levels, it is possible to determines
the actual battery degradation. The ongoing use of the battery (interpreted as charge/discharge cycles)
and extreme operating conditions like high discharge C-rate and temperature, and deep discharges, a
damage is provoked in the battery causing an accelerated degradation by reducing the ability to store
energy and supply a required power. A such degradation also tends to decrease the battery useful life and
make it impossible to determinate the flight endurance or even if a mission can be launched and fulfilled.
Likewise, a degraded battery leads to generation of maneuverability problems and a high risk of crash
and collision during the development mission. The increase of battery performance means the increase
of multirotor flight capabilities. In that sense it is necessary to take into account the different negative
aspects affecting the battery SoH and integrate it in a mission planning framework.



4 CHAPTER 1. GENERALITIES OF TOPIC THESIS

)
o)
<
T

£ P
Eso X data |
‘JEJ S el Curve fitting
=40 r ‘e R
D S
20 *
§ 30 %, i
35
A 20k hCN i
= -
5] LETT
E 10 ke bl CEE TS
[} 0 I I I I I I

1 2 3 4 5 6 7 8

C-rate

Figure 1.3: Relationship of C-rate and charge/discharge time.

1.3 Objectives and aims of topic thesis

With the aim to establish an appropriate energy consumption during the mission development for multi-
rotor vehicle with vertical take off and landing capabilities and at the same time to maximize the useful
life time of the battery, the present investigation has as a general objective:

To develop a mission planning and re-planning methodology based on energy consumption
and battery State of Health (SoH).

The mission planning and re-planning encompasses from the definition of the requirements of the mission
(maximum flight height, speed of displacement, stop and follow), the path planning task for trajectory
generation and way-points definition. Within of mission planning routines, the main target is the path
planning task which addresses the generation of minimum energy paths. Such paths are considered in
order to execute efficient low energy consumption flights. In addition, the mission planning methodology

ensure:

e Identify the energy limitations of multirotor UAV during mission development
e Improve the multirotor flight capabilities by taking into account the energy consumption.

e Maximize the Flight Endurance (FE) in order to have long-time mission for general applications
(surveillance, exploring, mapping and photogrammetry).

On the other hand, the battery State of Health (SoH) is evaluated by developing empirical degradation
models which are will be able to:

e Establish the basics of battery health in UAV applications.
e Model the two main degradation phenomena affecting battery life: capacity loss and power fade.

e Determine the Remaining Useful Life (RUL) of battery associated to number of flights.

Considering that the mission planning has the objective to maximize the FE while the analysis of battery
SoH is to determine the RUL, it is necessary to establish the link between both objectives. In that sense,
a PHM is proposed and developed considering model-based Prognosis techniques. The PHM scheme (also
called Prognosis Module or PM) execute the following tasks:
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e Estimation of battery State of Charge (SoC).
e Computation of battery SoH by using degradation models.

e Prediction of FE during mission development and computation of Remaining Mission Time (RMT).

1.4 Scope

The main scope of this thesis is to evaluate at mission and path planning level the effect of the energy
consumption by considering the modeling of the power source and the evaluation of its State of Health
and use such information to create a hierarchy control structure able to re-planning the mission or path
according to energy constraints. Likewise, the proposed methodology is validated at simulation level con-
sidering realistic flight situations.

1.5 Contributions and publications
The main contributions of this topic thesis are:

1. Generation of empirical degradation models able to predict the RUL and EoL of Lithium Polymer
battery.

2. Development of a mission planning and re-planning strategy able to consider the energy minimization
and battery SoH.

Along of thesis developments, several publications were made both international congress and journals.
Such works describe the main elements of general contribution that this research presents:

Journals

e Schacht-Rodriguez, R., Ponsart, J. C., Garcia-Beltran, C. D., Astorga-Zaragoza, C. M., Theilliol,
D., & Zhang, Y. (2018). Path planning generation algorithm for a class of uav multirotor based on
state of health of lithium polymer battery. Journal of Intelligent & Robotic Systems, 91(1), 115-131.

e Schacht-Rodriguez, R., Ortiz-Torres, G., Garcia-Beltran, C. D., Astorga-Zaragoza, C. M., Pon-
sart, J. C., & Perez-Estrada, A. J. (2018). Design and development of an UAV Experimental
Platform. IEEE Latin America Transactions, 16(5), 1320-1327.

e Torres-Ortiz, G., Schacht-Rodriguez, R., Reyes-Reyes, J., Garcia-Beltran, C. D., Sanchez-Guerrero,
M. E., & Astorga-Zaragoza, C. M. (2018). Development of Experimental Platform for Control Sys-
tem of a Planar Vertical Take-off and Landing Unmanned Aerial Vehicle. IEEE Latin America
Transactions, 16(2), 342-349.

Conferences

e Schacht-Rodriguez, R., Ortiz-Torres, G., Garcia-Beltran, C. D., Astorga-Zaragoza, C. M., Pon-
sart, J. C., & Theilliol, D. (2017, June). SoC estimation using an Extended Kalman filter for UAV
applications. In 2017 International Conference on Unmanned Aircraft Systems (ICUAS) (pp. 179-
187). IEEE.
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Schacht-Rodriguez, R., Ponsart, J. C., Theilliol, D., Garcia-Beltran, C. D.,& Astorga-Zaragoza,
C. M. (2018, September). Path Planning Based on State-of-Health of the Power Source for a Class
of Multirotor UAVs. In 2018 UKACC 12th International Conference on Control (CONTROL) (pp.
309-314). IEEE.

Schacht-Rodriguez, R., Ponsart, J. C., Garcia-Beltran, C. D., Astorga-Zaragoza, C. M., (2018,
August). Prognosis & health management for the prediction of UAV flight endurance. In 10th IFAC
Symposium on Fault Detection, Supervision and Safety for Technical Processes, SAFEPROCESS
2018.

Schacht-Rodriguez, R., Ponsart, J. C., Garcia-Beltran, C. D., Astorga-Zaragoza, C. M., & Theil-
liol, D. (2019, June). Mission Planning Strategy for Multirotor UAV Based on Flight Endurance
Estimation. In 2019 International Conference on Unmanned Aircraft Systems, ICUAS 2019. IEEE

Schacht-Rodriguez, R., Ponsart, J. C., Garcia-Beltran, C. D. & Astorga-Zaragoza, C. M (2019
September). Analysis of energy consumption in multirotor UAV under actuator fault effects. In 4th
International Conference on Control and Fault-Tolerant Systems (SysToL 2019). IEEE

Awards

1.6

BEST STUDENT PAPER AWARD - 12th UKACC International Conference on Control (Control
2018), Sheffield, UK

Thesis organization

The thesis document is organized as follows:

Chapter 2: This chapter presents the actual State of the Art around the mission planning and path
planning based on energy consumption, PHM methodology particularly model based Prognosis.

Chapter 3: This chapter presents the mathematical model of multirotor UAV and also introduce
the mathematical model of propulsion system: battery and motors. A cascade control loop is de-
signed to control the vehicle position and orientation taking into account the relationship between
the angular speed of motor and the battery discharge rate.

Chapter 4: This chapter introduces the development of Prognosis and Health Management module
to estimate the SoC and SoH and determines the FE for mission planning objectives.

Chapter 5: This chapter describes the proposed mission planning and describes all elements inte-
grated it. In addition the generation of minimum energy paths is established considering the battery
health and its limitations considering also the effect of fault in actuators and the introduction of an
ideal FTC strategy based on control allocation method. Finally, this chapters concludes with the
simulation results at different flight conditions.

Chapter 6: This chapter enlists the perspectives and future works of topic thesis and highlighting
the contributions.
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1.7 Conclusion

In this chapter the general context of topic thesis is presented by establishing the issues in mission plan-
ning and path planning for multirotors UAV, specifically those related to energy consumption during the
mission development. In addition, the reached objectives as well as the contributions (conference and
journals papers) of this research were enlisted. In the next Chapter the State of the Art around topic
research will be presented.
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Chapter 2

State of the Art

In this chapter the more recent works about Prognosis and Health Management (PHM) and Mission
Planning in multirotors UAV are described. Such works constitute the core of the thesis State of Art,
and they allow to locate the problem as well as the explored solutions that thesis topic is addressing. In
Figure. 2.1 the main such topics and their relationship between them are shown. As it can be observed,
the link between the mission planning and PHM techniques allows to increase the mission reliability in
multirotor UAV and to improve the flight capabilities. The more recent developments around the Progno-
sis and Health Management as Model-based Prognosis techniques, State of Health (SoH) computation and
Remaining Useful Life (RUL) prediction dedicate to power source of multirotor UAVs will be described
in Section 2.1. On the other hand, in Section 2.2 the different elements comprising of Mission planning
problem as mission requirements, motion and path planning as well as the different proposed algorithms

around the context of multirotor UAV are presented.

/
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Mission Planning
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\ paths
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Figure 2.1: State of Art organization.
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2.1 Prognosis and Health Management

The Prognosis and Health Management ([62, 74, 84]) or PHM has recently emerged as a key technology
which uses data analysis or model based techniques to assess the actual health conditions of an engineered
system (health reasoning) and predict how and when the system is likely to fail (health prognosis) by
evaluate the lifetime of the system. In addition, the necessity of PHM is being considered by the growing
demand of Condition based Maintenance (CBM) and extension of operational life in high-value engineered
systems like nuclear power plants, wind turbines, pipelines, satellites and aircraft. One of the main
objectives of the PHM is to predict how the system will behave in the future in order to know if more
stress or changes in the nominal operations on the system will likely cause an acceleration towards a certain
undesirable event or failure condition, and the time when such event will occurs. The obtained prediction
is used to compute the Remaining Useful Life (RUL) of the component and/or system. According to [73]
the PHM is developed by executing four basic functions:

e Health Sensing: acquire sensor signals for an engineered system by in-situ monitoring techniques
and to ensure a high likelihood of damage detection.

e Health Reasoning: extract health-relevant system information from the acquire sensor signals us-
ing feature extraction techniques and to classify system health states by using health classification
techniques.

e Health Prognosis: define a threshold for each unusual or abnormal state and predict the RUL, i.e.,
the amount of time remaining before the system can not longer performance its required functions.

e Health Management: enable optimal decision making on maintenance of the system based on the
RUL prediction to minimize the Life Cycle Cost (LCC).

In addition, other works like [84] define that the necessary steps to develop the PHM includes:

e Data acquisition: collect measurements data from sensors and process them to extract useful features
for diagnosis.

e Diagnostics: a fault is detected for any abnormal state, isolated to determine which component is
failing and identified in order to know how severe it is with respect to the failure threshold.

e Prognostics: predict how long it will take until failure under the current operating conditions.

e Health Management: manage in optimal manner the maintenance scheduling and logistics support.

Among previous steps, prognostics is the key enabler that permits the reliability of a system to be evaluated
in its actual life cycle conditions. In other works, it predicts the time at which a system or a component
will no longer perform its intended function, thus giving users the opportunity to mitigate system level
risks while extending its useful life.

Nowadays, most maintenance systems applied to engineered systems are either corrective (repairing or
replacing a system after it fails) or preventive (inspecting a system on a routine schedule regardless of
whether inspection is actually needed). The former strategy is called corrective maintenance (CM) and
the latter is called preventive maintenance (PM). Both approaches are expensive and incur high LCCs.
PHM meanwhile, uses sensor signals from a system in operation to assess the actual health of the system
and predict when and how the system is likely to fail. The health and life information provide by PHM
enables field engineers to take a maintenance action only when needed. This is referred to as a condition
based maintenance (CBM) strategy. CBM often results in a lower LCC than CM and/or PM strategies
as it can be seen in Figure 2.2.
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Figure 2.2: Cost associated with different maintenance strategies [74].

2.1.1 Prognosis methods

Generally, PHM methods can be classified into [172]: physics model-based, data-driven, reliability-based
and probability-based methods. The applicability of each of these methods depends mainly on the knowl-
edge of the system. However the main methods emerging today and offering a high prediction level of
future health state are physics based and data driven approaches 9] as it can be seen in Figure. 2.3.
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Figure 2.3: Classification of different prognosis methods [84].

Model-based Prognosis methods

Model-based Prognosis or Physics-based approaches ([41, 78, 94, 133]|) combine a mathematical model
(also called physics model in PHM literature) describing the behavior of the system degradation and mea-
sured data containing information about usage conditions. The data allows to identify model parameters
to predict the future behavior. The final result is a degradation model describing the main aging phe-
nomena and failure modes. Once a degradation model is developed, it can be reused for different systems
or different designs by tuning model parameters. The method is generally considered as computationally
efficient that data-driven method. however, model development requires a thorough understanding of the
system. If any important physical phenomenon is missed, then it can lead to failure of predicting degra-
dation behavior. Also, high fidelity models, especially for numerical models can be computational intensive.
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Since the behavior of damage depends on model parameters in Model-based Prognosis approaches, identi-
fying them is the most important issue in predicting future damage behaviors. Due to uncertainty in usage
conditions and noise in data, most algorithms identify model parameters as probability distributions rather
than deterministic values based on Bayesian inference ([21]) that is a statistical method in which obser-
vations are used to estimate and update unknown model parameters in the form of a probability density
function. The most typical technique is the particle filter ([124, 125, 190]) that expresses the distribution
of parameters with a number of particles and their weights based on sequential Bayesian updating. The
Kalman filter is also a filtering method based on the sequential Bayesian updating, which gives the exact
posterior distribution in the case of a linear system with Gaussian noise. Other Kalman filter family
techniques, such as extended/unscented Kalman filter have been developed to improve the performance
for nonlinear systems ([27, 97, 207]). Finally, the nonlinear least squares ([54]) that is a nonlinear version
of the least squares is often used, but in which the parameters are estimated with deterministic values and
their variances.

Data-driven methods

Data-driven approaches use informations from collected data at current and previous usage conditions
(usually called training data) to identify the characteristics of the currently measured degradation state
and to predict the future trend ([13, 63, 72, 116, 166]). The conceptual understanding for data-driven
approaches is an extrapolation with mathematical functions based on identified coefficients. Since this
approach simply fits the trend of data, there is no guarantee that the extrapolation will be meaningful
since failure progression from current state forward may be unrelated to prior failure progression. The
success of data-driven methods depends on collecting statistics of failure as a function of current state,
which requires large volume of data. Without having a comprehensive understanding of the system, it is
difficult to know how much data are sufficient for the purpose of prognosis.

The most common techniques in data-driven approaches, is the artificial neural network (so-called neural
network) as an artificial intelligence method, in which a network model learns a way to produce a desired
output, such as the level of degradation or lifespan, by reacting to given inputs, such as time and usage
conditions ([150, 167, 170]). Also, the Gaussian process (GP) regression (|89, 156]) is a commonly used
method among regression-based data-driven approaches, which is a linear regression like the least squares
method with the assumption that errors between a regression function and data are correlated. Including
the least squares regression, there are a wide variety of algorithms such as the fuzzy logic ([159, 169]),
relevance/support vector machine (RVM/SVM) (|23, 43|), gamma process (|64, 201]), Wiener processes
([192, 202]), hidden Markov model ([47, 206]) and deep-learning ([82, 204]).

In the viewpoint of practicality, data-driven approaches are easy and fast to implement. In fact, several
off-the-shelf packages are available for data mining and machine learning. By collecting enough data, it is
possible to identify relationships that were not previously considered. Also, since the method works with
objective data, it can consider all relationships without any prejudice. However, this method requires a
lot of data that include all possible modes of failure for the same or similar systems. Since no physical
knowledge is involved, the results may be counter-intuitive and it is dangerous to accept a result without
understanding the cause of the problem. The method can be computationally intensive, in both analysis
and implementation. In addition, the application domains of both model-based and data-driven methods
can be illustrated in terms of reliability of physics model and availability of data, as shown in Figure 2.4.
When a highly reliable physics model is available, physics-based approaches will work well even with a
small number of data. When much data are available, both methods can be applied. The issue is when a
reliable physics model is not available. In this case, if much data are available, then data-driven approach
can be applied without requiring physics model. However, if a small number of data are available, there
is no reliable prognostics approaches and thus health assessment will be unreliable.
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Figure 2.4: Application domains of physics-based and data-driven prognostics algorithms [84].

On the other hand, hybrid approaches ([55, 56, 134]) integrate advantages of both physics-based and
data-driven methods to improve the prediction capability. For practical complex systems, it might not
be efficient to use physics-based or data-driven approaches alone. Instead, both approaches are used
together to maximize the prediction capability. For example, the knowledge on physical behavior can
be used to determine the mathematical model (e.g., determining the order of polynomial or exponential
functions) in data-driven method. It is also possible to use data-driven system model in conjunction with
a physics-based fault model, or vice versa.

2.1.2 Short and Long term predictions

As it was mentioned in previous paragraph, the main objective of PHM is to increase the system perfor-
mances by improving the system maintenance time. Such task is carried out by monitoring the actual
health state of the system and to determine possible future deviations of its nominal operation. Usually,
two fundamental situations make that the system is out of its nominal operations, the fault occurrence
and degradation caused by fatigue due to constant usage or operation. The effect of fault occurrence can
be addressed by firstly using fault diagnosis methods to detect, isolate and identify the fault. Then the
fault effect can be mitigated by generate fault tolerant control system in order to guarantee the system
operation. On the other hand, the degradation caused by continuous use is determined by computing the
actual health state of the system and compare it with the Begin of Life (BoL) value. With this, it is pos-
sible to define what is the degradation level and its evolution. Once the actual degradation trend and its
causes are known, it is possible to make progression and to predict its future evolution for both short and
long term predictions. The use of short or long term predictions depends on the system dynamics, lifetime
of the system or component and accuracy of the prediction ([131, 175]). Figure 2.5 shows the prediction
of the possible trend that the performance of a system could have. The solid dark blue line represents the
past evolution of the system behavior until present time t,, and the brown area is the Safety Zone (SZ)
or the nominal operational limit. According to different factors such as the inputs of the system, aging,
or even external disturbances, the system behavior could be progressed until reach values outside of its
nominal operation. In that sense, if such factors are known, the future trajectory of the system behavior
can be predicted until reaching the SZ (segmented blue lines).

When the system behavior reaches or exceed the upper limit of the SZ at some time ty,, it is stated that
the system has reached its End of Life (EoL;). Then, the Remaining Useful Time (RUL;) until reach the
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EoL; is computed as

RUL; = t;,(EoL;) — ta. (2.1)

2.1.3 PHM in multirotor UAV

In addition, the PHM is useful to determine the actual and future evolutions of system performances con-
sidering short and long term predictions. However the predictions executed around the PHM approaches
are not limited to evaluate only the system health. In UAV applications, the PHM have been used to
improve the flight performance by developing health management systems which allows designers to ex-
amine optimal fault accommodation techniques that can increase availability, improve safety, and optimize
maintenance resource planning for complex vehicle systems (|48, 60, 107, 208]). On the other hand, one
emerging application for UAV PHM electrically powered is the prognosis of battery performance and pre-
diction of flight endurance.

PHM of UAV power source

The application of PHM techniques to monitor the health and to evaluate the performances of power
source in UAVs has enabled a better use of energy on-board. Usually Lithium batteries have been used for
UAV electrically powered because they are able to provide high power and energy densities. The prediction
of battery performance has been addressed considering model-based and data driven techniques. However,
some efforts have been dedicated to evaluate the battery health without considering the final application
as:

e Model-based:

— Particle filter [3, 104, 110, 154, 177, 194, 195, 200]
— Empirical aging model [12, 38, 71, 98, 99, 101]

— Kalman filter [10, 70, 197]

— Bayes model [30, 111, 121, 205]

— Observers |61]

e Data-driven
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— Neural networks [39, 103, 160, 203]

— Gaussian Process [100, 198]

— Wiener process [179]

— Support vector regression [102, 188, 191|
— Deep learning [82].

On the other hand, other works have made efforts to integrate PHM strategies into the UAV operations
focused in the prediction of battery End of Discharge and flight endurance.

Flight endurance prediction

Nowadays, the use of Lithium Polymer (Li-Po) battery as powertrain for UAV multirotor with capabilities
of vertical take-off and landing (VTOL) has become in a power source capable and economical, due to its
high energy and power densities, discharge rate (C-rate), and zero emission of pollutants ([46]). By con-
sidering a new and fully charged battery, the flight endurance is between 10 to 30 minutes ([26, 114, 148]),
where 85% of the energy is consumed by the propulsion system. The remaining consumption is caused by
the sensors, (such as GPS, accelerometers, compass, gyroscope ([6])), the flight control computer, and for
some payload (gimbals system, cameras, and other kind of sensors).

However, the flight endurance is gradually reduced over timer due to aging of the battery. The effect
of aging is characterized by a capacity loss and immediately power fade. The aging is caused by several
factors such as high-rate cycling, overdischarge and overcharge, and drastically changes of operation tem-
perature (|193]). To avoid damages and reduce the aging rate during the charge/discharge cycles of the
battery, it is necessary to monitor the State of Charge (SoC) and to establish safety limits around the
End of Discharge (EoD) (also called cut-off voltage). At a given time, the SoC is the proportion of the
available charge, compared to the total charge available when the battery is fully charged, it is analog
to a car gas fuel gauge. On the other hand, the EoD indicates that the battery is fully discharged. In
the literature of Electrical Cars, such concepts are the main criterion in the design of Battery Manage
Systems (BMS) ([155]), where the main objective is to define adequate operation regimes to extend the
life of the battery and maximize the energy supplied. In the case of UAVs, the monitoring of SoC battery
during the development of a mission will allow to establish a voltage safety limit before reaching the EoD
to ensure the fulfillment of the mission, safeguard the integrity of the battery, and have an adequate use
of the energy supplied to maximize the flight endurance.

Several researches have addressed the problem of flight endurance for different types of UAV considering
mainly three types of powertrain such as batteries, fuel cells, and solar cells ([109, 155, 178, 181]). The
main objectives of such researches were the development of methodologies and strategies to improve and
extend the flight endurance taking into account the geometry of the UAV, disturbance as the wind, the
type of trajectory, the maximum altitude and the power requirement to perform a mission. In the specific
case of UAV multirotor powered by Li-Po batteries, the efforts have been focused to generate strategies
to ensure the fulfillment of a mission and increase flight time, e.g. ([42]) are presented an integrated
planning and control approach to increase the probability of completion of fly-by missions by battery-
powered UAV quadrotor. The authors in ([1]) proposed a technique to extend the endurance of battery-
powered rotorcraft by sub-diving the monolithic battery into multiple smaller capacity batteries which are
sequentially discharged and released. Also, in ([2]) the authors characterized the power consumption of
multirotor and derived an endurance estimation model. ([114]) are presented two optimal control problems
with respect to the angular accelerations of four electrical motors of an UAV quadrotor to improve its
flight endurance. More recently ([44]) are presented experimental results of an analysis of the energy
consumption and derivation and validation of empirical formulas to estimate the power consumption and



16 CHAPTER 2. STATE OF THE ART

the remaining flight time. The works mentioned above were mainly engaged in developing strategies to
improve the consumption of the energy supply, which allows the battery to extend the power consumption
for UAV applications, to extend the flight endurance and to ensure the fulfillment of a mission.

2.2 Mission planning

The mission planning concept comprise all those items related to operation modes during a flight and how
they enable to increase the flight efficient and to reduce the risk to humans (|168]). Such operation modes
demand more versatility in the face of changing objectives and environment specifications, adaptability to
uncertain events in the immediate and broader environments and good performances and robustness in
changing operating conditions. In that sense, the main requirement is to have an autonomous vehicle able
to execute a task selection and a decision making to perform a motion for a given objective and execute
them. During the task selection, the UAV must make plans taking into account the available information
about the course of the mission and consequently take decisions. Decision making determines the main
most important requirements as the choice of the way-points and evaluates possible environment uncer-
tainties. In sequential, decision making, the UAV seeks to choose the best actions based on its observations
of the world. On the other hand, path planning deals with the trajectory algorithmic development based
on the available information of the mission. Depending on mission requirements, it can contain slow or
fast speed parts, short or long distance between way-points, and in special cases, the UAV should stay in
a particular position for certain period of time.

Based on the previous definitions an autonomous UAV must be capable to performance mission without
human intervention considering:

e Perceive its environment, consequently update its activity and response to changes in its own state,

e Control the actuators and keep as close as possible to the planned trajectory despite un-modeled
dynamics, parametric uncertainties and sensor noise,

e Regulate its motion with respect to the local environment,

e Be able to avoid obstacles and other UAV and assess the information from the multi-sensor environ-
ment,

e Follow mission plans, account for changing weather and changes in its operating environments,

e Be able to assess its current condition and determine if that condition meets the requirements of the
mission on course.

The implementation of previous requirements is made by considering a hierarchical structure of the UAV
system, which also permits to reduce the complexity of large scale systems depending on if it is a single
or multi-vehicle system:

e Single-vehicle (Figure 2.6). The lowest level is the reference trajectory tracking. The computer con-
trol (also called autopilot) uses as references the trajectory and path generated by the second level
(from the bottom), while satisfying vehicle constraints and clearance. Such paths and trajectories
have been calculated using the set of way-points or flight plan that has been determined depending
on the assigned mission. The highest level is the mission planning, it determines the mission targets
areas, probable obstacles and restricted areas of flight. This level uses decision making either deter-
ministic or under uncertainty.
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e Multi-vehicle (Figure 2.7), trajectory generation and tracking are still considered in the lowest level.
While the highest level is still the mission planning, the fourth level (from bottom) is the multi-
objective decision making level. The team must be able to plan its mission, to choose what goal
it will address among those proposed, in what order and how it will perform its operations. The
cooperation of the vehicle teams is on the third level while resource allocation and way-point selection
have to be executed on the second level. The vehicles must be able to generate a new plan in response
to events occurring during the mission that could invalidate the mission in progress.
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Figure 2.6: Single-vehicle mission planning hierarchy [168].
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Figure 2.7: Multi-vehicles mission planning hierarchy [168].
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Multiple objectives can be defined and reached considering single or multi vehicle hierarchy. They depend
on the application and the mission complexity. This thesis focuses in mission planning for a single-vehicle
taking into account the hierarchy structure in Figure 2.6 and its impact in UAV.

Different works have considered a hierarchy control structure for a single-UAV vehicle taking into from the
possible structural design to the necessary software to carry out different types of missions autonomously.
In ([182]) the authors presented an integrated /hierarchical approach to vehicle instrumentation, comput-
ing, modeling and control to enable an autonomy degree able to allow that the vehicle operate safely in
unstructured environments within their flight envelope, to accommodate subsystems/component failure
modes without major performance degradation or loss of vehicles and perform extreme maneuvers without
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violating stability limits. Such hierarchical control structure for mission intelligent flow is presented in
Figure 2.8 where the main routine to execute consist to determine if the mission can be fulfillment or
not according to UAV state. Likewise the authors presented in Figure 2.9 the expected UAV autonomy
capabilities according to the U.S. DoD’s UAV autonomy roadmap ([147]).
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Figure 2.8: Mission intelligent flow [182].
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Figure 2.9: Autonomous control level trend [182].

In ([183]), the authors presented techniques to improve mission level functional reliability through bet-
ter system self-awareness and adaptive mission planning in the context of multiple vehicle operations
and autonomous multi-agent teams. The mission planning technique is based on the health management
information (Figure 2.10). Each mission system component is used to improve the mission system’s self-
awareness and adapt vehicle, guidance, task and mission plans.

The schemes in Figures 2.9 and 2.10 consider the main components and routines necessaries to execute the
corresponding task evolving the mission planning concept. Other works like ([50, 149, 176]) have added
elements related to contingency management during the fault occurrence by penalty the health conditions
of the system components. In addition, other problem addressed in the context of mission planning is
the obstacle avoidance [14, 184] which requires to have an adequate understanding and knowledge of
environment and equip the UAV with different sensor able to collect data for decision making. As it
can be noted in the previous works, the mission planning encompass different routines and techniques to
increase the autonomous capabilities to guarantee the surveillance of the UAV and reduce human risk.
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2.3 Path planning

The multirotors are usually controlled remotely while some of them can fly autonomously based on pre-
programmed flight paths. Missions currently undertaken by the UAV systems are predefined. In that
sense, the UAV follows a flight plan initially developed as a commercial aircraft with a Flight Management
System. The flight plan is a sequence of reference points or way points usually defined by latitude and
longitude which describes the UAV position around 3D plane. The number of way-points and their loca-
tion depends on the application and mission type. The way points are assumed to be joined by straight
line segments, originating just after take-off phase and terminating at the landing phase.

According to [106], the main issues that a path planning algorithm for UAV multirotors must consider
are: the autonomous navigation in three dimensions (3D) inside a cluttered or uncluttered environment,
the obstacle avoidance, and the dynamical constraints of the UAV. In order to solve such issues, different
path planning algorithms have been developed. In [17], a path planning algorithm for autonomous robotic
exploration and inspection based on an on-line planning method in a receding horizon fashion by sampling
possible future configuration in geometric random tree was introduced. The authors in [122] presented a
method to path definition based on a Cascaded control architecture and using a nonlinear control tech-
nique for both control loops (position and attitude) taking into account obstacles perceived in real-time
and avoids collisions. In [144], the authors focused on the analysis of different algorithms dedicated to
path planning considering the flight time and the distance traveled from one point to another one and
evaluating the autonomously avoiding obstacles. In [145], an algorithm for trajectory generation based on
the differentially flat quadrotor model through complex real-world environments with an optimizing poly-
nomial path segments was presented. As it can be noticed, in these works the path planning is developed
with the consideration of the trajectory characteristics and the UAV dynamics constraints. However, they
do not take into account the dependency between the energy consumed during the flight and the battery
performance. In this work we are focused on path planning algorithms dedicated to minimize the energy
consumption.

One way to consider the dependency between energy consumed during the flight and the battery perfor-
mances is to determine the maximum flight endurance. According to [33], the flight endurance is mainly
determinate by two power-related factors: the required power to sustain the desired flight profile and the
battery discharge performances. The power required is associated to the total energy necessary to take-
off, move between way-points and landing, i.e. the elements which define the trajectory, and the battery
discharge performances which depend on the actual condition of the battery or State of Health (SoH) and
determine the battery aging rate. The battery aging is mainly caused by two factors: the storage and the
use (cyclic charge/discharge) (|22]). However, other factors contribute to increase the battery aging such
as deep discharges, inadequate charging methods, and operating temperature variations. In that sense, it
is necessary to quantify the battery aging by defining the SoH between flights in order to use this informa-
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tion in a complete path planning strategy to guarantee the fulfillment of the mission and the UAV integrity.

Different solutions have been presented to overcome the problems associated with the path planning based
on energy supplied. Such solutions have focused into generate strategies to optimize the energy con-
sumption, and improve the efficiency of the flight performances considering two approaches: mechanics
and analytics. The mechanics approaches are associated to geometric characteristics of the UAV, e.g.
in ([139]) an experimental platform based on quadrotor was designed to maximize the thrust using an
aero-elastic blade design was presented. In ([49]), the authors introduce a four-rotor configuration that
merges the simplicity of a quadrotor with the energy efficiency of a helicopter, while improving maneuver-
ing rotor bandwidth. The authors in ([185]) conceived a compound multirotor configuration specifically
for flight through narrow corridors, and the design combines the contradictory requirements of limited
width, high agility and long endurance while carrying a significant payload. On the other hand, the an-
alytics approaches are dedicated to generate optimal path planning or flight profiles, e.g. in ([114]), a
path planning method based on two optimal control with respect to the angular accelerations of the motor
for a quadrotor is presented, and the solution was yielded in to find minimum energy and fixed-energy
paths. In ([44]|) was presented the results of an analysis of the energy consumption in various discrete
movement states of a multirotor. A systematic relationship between the system and movement parameters
and the energy consumption was established, and finally a generic energy consumption profile model was
generated and validated. The authors in ([86]) investigated three prominent types of smooth trajecto-
ries (minimum acceleration, minimum jerk and minimum snap), and evaluate their energetic efficiency
through the total energy consumption. The energy consumed by each trajectory type was determined
via aerodynamics-based expressions for power consumption of rotorcraft. In ([25]), a flatness-based flight
trajectory planning/re-planing strategy considering the occurrence of faults in actuators is presented, and
the trajectory planning/re-planning problem is formulated as a constrained optimization problem. As it
can be seen, different analytically solutions have been proposed to address the path planning problem
along the energy consumption. However, these works do not take into account the influence of the battery
performance and the variations of SoH in the path planning problem.

2.4 Conclusions

In this Chapter, the main elements forming the core of State of Art of this work as Prognosis, mission and
path planning were presented as well as the more recently works. In addition, the introduction of energy
dependency into mission and path planning problem are one of main interest to generate more safety
and reliable autonomous vehicles as well as the increase of the flight capabilities. While some works have
focused on addressing the problem from the point of view of the multirotor and its energy requirements due
to the aerodynamics of the vehicle at the simulation level, others have presented results using a practical
approach by conducting experimental tests and trying to characterize the main energy phenomena in the
vehicle during flight. However, such studies show the effect of energy consumption at the beginning of
the battery life without taking into account the phenomena of aging or the effect of discharge. In that
sense, in this research it is proposed to integrate all the elements related to the mission and path planning
together with the effects of aging that affect the performances of the battery. This will provide a unified
framework for mission planning taking into account energy dependence. In the following chapters, the
main elements integrating the methodology proposed will be developed. The next chapter is dedicated to
the presentation of multirotor mathematical model and it propulsion system as well as the development
of a control strategy taking into account the dynamics of battery discharge.



Chapter 3

Mathematical model of UAV hexarotor

In this Chapter, the nonlinear dynamics around the position and orientation of the multirotor UAV is
described as well as the elements which integrating the propulsion system that are the Lithium Polymer (Li-
Po) Battery and BrushLess DC Motors (BLDCMs). Firstly, the most common multirotor flight and design
configuration will be presented in Section 3.1 following by the nonlinear mathematical model describing
the dynamics around the multirotor, described in Section 3.2. Then the nonlinear mathematical model
of the propulsion system is described in Section 3.3. Finally, a cascade control loop derived from linear
hexarotor dynamics and based on PID (Proportional Integrative-Derivative) controllers both position and
orientation is introduced in Section 3.4. In addition, the coupling between the Li-Po battery and BLDCMs
is analyzed in this section as well as the effect of discharge rate into the controller performance.

3.1 Multirotor configurations

A multirotor is a particular helicopter lifted and propelled by two or more BLDCMs with vertical take
off and landing capabilities ([58]). Usually, the multirotors are classified as rotorcraft, as opposed to
fixed-wing aircraft, because their lift is generated by a set of revolving narrow-chord airfoils. Unlike most
helicopters, multirotors generally have symmetrically pitched blades. Control of vehicle motion (position
and orientation) is achieved by modifying the rotation rate and/or the axis of rotation direction of one
or more BLDCMs, thereby changing its torque load and thrust/lift characteristics. According to number
of BLDCMs it is possible to get different design configurations and flight modes, e.g. in Figure 3.1 two
Trirotors flight configuration are shown where (a) all rotors are co-rotating or (b) one of the rotors (green
one) counter-rotates.
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Figure 3.1: Trirotor flight configurations (|58]).

Usually, multirotors with more than three rotors as quadrotor (Figure 3.2), hexarotor (Figure 3.3) and
octorotors (Figure 3.4) can be controlled to fly either in 4 flight configuration, i.e. pointing an arm in the

21
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navigation zone (according to x-y-z directions), or in X flight configuration where the navigation direction
is in the middle plane between two arms. In addition, other less common design configurations are more
suitable for heavier payload and major safety demanding flight mission such as V design in which the eight
rotors are equally split on two divergent bars as it can be seen in Figure 3.4-(b). On the other hand, the
Y and X design configurations where the multirotor is lifted by a configuration of coaxially coupled rotors
can be generated for both hexarotor and octorotor vehicles as it can be seen in Figures 3.3-(b) and 3.4-(c)
respectively.
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Figure 3.3: (a) Hexarotor + and X flight configuration. (b) Hexarotor coaxial-rotor design configuration

([58])-

In this work, the considered multirotor configuration is the hexarotor X due to redundancy of BLDCM
contained to generate the enough thrust force to lift the vehicle during the flight. However the results
obtained in the development of mission planning and re-planning as well as the generation of minimum
energy paths can be easily extended to the others configuration. In the next sections, the nonlinear model
around hexarotor dynamics as well as the elements integrating the propulsion system will be developed.

3.2 Hexarotor dynamics

The considered multirotor is composed by six BrushLess DC Motors (BLDCMs) attached to a rigid and
symmetrical six-arm frame as it can be seen in Figure 3.5. In turn, each BLDCM has a rigid propeller
connected to its rotor and generates a positive thrust f; and torques 73, i = 1, --- , 6, proportionally to
the square angular speed of the propeller. The sum of the individuals forces produces the total thrust
Tine to lift, and the difference generates the torques acting on the hexarotor. Moreover, the BLDCMs 1,
3, and 5 rotate in clockwise whiles BLDCMs 2, 4, and 6 rotate in counterclockwise given the so-called X
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Figure 3.4: (a) Octorotor 4+ and X flight configuration. (b) Octorotor V design configuration.
Octorotor X flight and coaxial-rotor design configuration (|58]).

fZ

- ‘1
S

Figure 3.5: Reference frames of the UAV hexarotor.
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configuration. Such configuration allows to cancel gyroscopic effects and aerodynamic torques. In addi-
tion, it is important to remark that the hexarotor is considered an over-actuated system, i.e. the amount
of actuators is greater than control inputs.

The movement of the hexarotor is performed around two reference frames: the fixed inertial frame, denoted
by E. (hexarotor position), and the non-inertial frame or rigid body frame, denoted by Ej (hexarotor
orientation), and assuming that the non-inertial frame coincides with the center of gravity of the hexarotor.
By adopting the Euler angles parametrization, the orientation of the hexarotor in the space is given by
the rotation from Ej to E. by the rotation matrix R(¢, 6, ¢) € S0(3) defined as:

cych cyshsep —sycp cysbco + syso
R = sych syshsp + cycop syshcop — cypeo |, (3.1)
—sf clco clco

where ¢ and s are the trigonometric functions cos and sin respectively. By considering the Newton-Euler
formalism, the dynamic of the hexarotor considered as a rigid body under external forces applied to the
center of mass expressed on the non-inertial frame is expressed as ([24, 128]):

E—u
mo =

. fA (3.2)
R = RL

Io=-oxIw+T,

where £ = [z y Z]T € R3 is the position of the hexarotor with respect to the inertial frame E, relative to
a fixed origin, v € E, is the linear velocity expressed in the inertial frame, w € Fj is the angular velocity
of the hexarotor expressed in the body frame Ej, m is the total mass, I € R3*3 denotes the constant
inertia matrix around the center of mass, @ is the skew-symmetric matrix of the vector @. f € F, is the
vector of the principal non-conservative forces and includes the thrust T3, and drag terms associated with
the BLDCMs. 7 € Ej is derived from differential thrust associated with pairs of BLDCMs along with
aerodynamics effects and gyroscopic effects.

Translational and gravitational forces. The forces acting on the hexarotor are given by the trans-
lational force T}p, and the gravitational force g. The translational force is defined as:

6
Tinr = Zfz; (33)
=1

where the thrust f; produced by the :th-BLDCM in free air is modeled as f; = bw? in the z-direction,
where b > 0 is a constant associated to propeller geometry and w; is the angular speed of the 1th-BLDCM.
In that sense, (3.3) is rewritten as :

6
Tinr = b (Z w?) : (3.4)
=1

and the gravitational force applied to the hexarotor is:

fo=—mgEQ), (3.5)
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where E(3) =[00 1]T is an unitary vector in F.. Finally, the force applied to hexarotor is defined as:

F = Rp@)Tine + fg (3.6)

where Rp3) = RE(3), with R as the rotation matrix (3.1).

Torques. The torque generated by each BLDCM is denoted by 7prpcari, moreover the torque of the
BLDCM is opposed by an aerodynamic drag 74 = dw?, where d > 0 is a constant associated for the
quasi-stationary maneuvers (near hover) in free flight. In a steady stable condition, i.e. w; = 0 it it is
assumed that 7prponi = 74 and the generalized torques considering the hexarotor geometry are defined
as:

% (—w% — 2w§ —w§ +w£ + Qw?, +w%)

R I e . | 7
d(—wi+ wj — wi + wj — Wi +wj)

where 7 (Ey) = [1479 7y]" are the generalized torques around roll, pitch and yaw movements, [ is the
distance from each BLDCM to the center of mass of the hexarotor, and ¢ = /3 is a constant associated
with hexarotor geometry. It is also assumed that each rotor can be considered as a rigid disc rotating
around the z-axis in the body frame with angular speed w;, and furthermore the rotary shaft of the rotor
is considered itself moving with the angular speed of the frame, which leads to gyroscopic torques (also
called gyroscopic effect [20]) applied to the hexarotor:

6
6, = — (@ % B(3)) Y Jmwi, (3.8)
i=1

where J,, is the inertial of the rotor. Finally the differential thrust associated with the torques is expressed
as:

T=1(E) + 70, (3.9)

By considering equations (3.6) and (3.9), system (3.2) is rewriting as

E=v

mv = Rp)Tinr —mgE(3) (3.10)
R=Ru

I = —w x [0+ 7 (Ep) + 76,

In order to express the final representation of the model describing the dynamics of hexarotor movement in
the inertial and rigid body reference frames, the system (3.2) is separated into position dynamics (denoted
as &) and orientation dynamics (denoted as 7). In that sense, the system (3.2) with respect to ¢ is defined
as

&= — (RE(3)Tin, — mgE(3)) (3.11)

1
m

where
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sosi—+cocst
RE(3) = | cosysh — cioso (3.12)
clco

and defining U; = T}, the following equation system describing the hexarotor position around z —y — 2
axis is obtained:

Z = (cosbcy) + spsy)) %
= (costist — spey) L (3.13)

U
Z=—g+ (coch) El

Likewise, the system equation describing the hexarotor orientation around Euler angles is obtained by
considering that the angular velocity of the hexarotor expressed in the body frame describes the orientation
dynamics, i.e. @ ~ 1) and the torques around body frame are represented as 74 = Ua, 79 = U3, and 7y, = Uy
as follows

“ — I, JIm Us
b= Ix 09+ Prwch +
Uy
I y
b= L. 200 + T

where I, I, and I, are the body inertial constants, respectively and wg is the gyroscopic effect. According
to equations (3.6) and (3.9), the inputs of the system are defined as:

Ulzb(w%+w§+w§+wz+w§+wg)
bl

U = o) (—w% — 2w3 — w3 + Wi + 2w +w(23)
blv/3 )
ILLEYE S RO (3.15)
Us=d (—wi +wj — wj +wj — wz + wi)
WG = —W1 +w2 — w3 +wqg —Wws +w§
Finally, by grouping of (3.13) and (3.14) the following nonlinear set equations is established:
U
¥ = (cosbcy + spsi)) Rl
. U1
i = (costsy — socy) L
iP=—g+ (cqbc&) %
N A (3.16)
¢ = Im QZD + Tm TQ + Tx
o IL—1I,.. Jn, - Us
6= =) - Turd+
I, 1y 1y
W I, —
=gy 2

I I’
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In addition, the nonlinear system (3.16) can be written in a state space form X = f (X,U) as

x2
(cxrszgcxi) + ST7ST1]) %
T4
(cx7sxgsriy — ST7Cx1y) %
Z6
U
. —qg+ (01'70.%'9) =
X = f(X,U) = v : (3.17)

I,—1. . . .
V22 d0dyg + Rwgidg + B2
T I, I
10
.. J . U-
Tr8r12 — T’:LUGZEB + T;

L—I,

Iy
12

I.—1, . . U

Tragdio + 7

L z

. . AT
where X = |x2yyzzopp00y = [z122%3 %475 T6 T7 TS T T10 T11 xlg]T is the state vector, and

U=[U,U;Us U4}T is the input vector.

Linear representation. According to [25], even though the hexarotor model (3.16) with the inputs
(3.15) is a simple and deterministic representation of the real system behavior, it remains a relatively
complex model to deal with. Nevertheless, several simplified models can be derived to design a controller
able to stabilize the orientation dynamics and control the position dynamics by tracking a reference
position around x-y-z axis. In that sense, a linear model will be derived from nonlinear dynamics in
order to generate the cascade control loop for both position and orientation hexarotor. The following
assumptions are considered over nonlinear hexarotor model (3.16) (|58]):

e The variation around roll (¢ ) and pitch (f) angles are considered very small and yaw (¢) angle is
keeping constant i.e. ¢ = 0.

e The drag coefficient d is negligible by establishing low rotational speed.

e The dynamics around x-y is decoupled from z dynamics by considering hovering conditions i.e.
Uy =g

Remark. The assumptions considered in the linear representation of nonlinear hexarotor dynamics al-
lows to derived a model able to characterize the movement around internal and non inertial frame consid-
ering no-aggressive movements or big changes in hexarotor orientation. i.e. the Euler angles are limited
to =7 for roll and pitch angles and 7. In addition, the linear model will be used to derive the control
loop associated to hexarotor position and orientation using the classic control technique as the PID con-
troller. The development of a PID controller requires a tunning process to adjust the controller gains. In
that sense, a linear model is usually useful to carry out the tunning process according to control objectives.

Then, by taking into account the previous considerations the following linear model describing the position
and orientation dynamics in hovering condition is obtained:

T = g0 cZ)z%
y=—g¢ 9=¢ (3.18)

i=—g+ 4 1232%
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As it can be noted, the relationship between the position around x-y and orientation around ¢ — 6 Euler
angles is established in this linear representation. This characteristic will be used in the design of cascade
control loop developed in Section 3.4. In addition, the equation system (3.18) can be rewrite in state space
for X = AX + BU as

X=AX+BU = mo (3.19)

_ . . AT
where X = |z2yyz2¢¢d00¢9| = [r1222327425T6T7 8Ty T10T11 $12]T is the state vector, and
U=[UUyUs U4}T is the input vector.

Remark. As it can be note from (3.18) the linear model leads to the development of a linear controller
around hovering conditions. Usually, the procedure to follow for controller development is to design it
using the line model and then validate its performance with the non-linear model. This methodology
although it allows to generate a controller using linear control techniques could result in the generation of
modeling uncertainties because the controller does not take into account the non-linearity present in the
model. In Section (3.4) the design of control loop associated to position and orientation controller will be
described taking into account the linear model representation of hexarotor dynamics.
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3.3 Propulsion system

The propulsion system of any UAV multirotor with vertical take off and landing capabilities is composed
by a set of BrushLess DC Motors (BLDCM) with a propeller attached to its shaft. The BLDCMs are
powered by a Lithium Polymer battery through an Electronic Speed Control (ESC) as it can be seen in

Figure 3.6.
Li-Po
batter
Control
. e ———r I ___-___-___-_'
l signal ] ! | 3 i
:-[ ESC1] '~-[ ESCZ] ---'——E,CI l

y

(sov3) (amews) - (o)

Figure 3.6: Propulsion system of multirotor.

In Figure 3.7 the connection Li-Po battery - ESC - BLDCM is detailed for one motor. The ESC adjusts
the angular speed of the BLDCM through a Pulse-With Modulation (PWM) signal. In this study the
dynamic around the ESC is neglected and it is assumed that the voltage supply by the battery and the
generated current by the motors are averaged with respect to the duty cycle value produced by the control
signal.

| Control |

signal |
== r - Y * Brushless DC motor
Ipace i BLDCM
e 4 4R Y
g e i
h A
\Zr
Li-Po Electronic Speed Control = Trric
Battery ESC

Figure 3.7: Connexion of Li-Po battery - ESC - BLDCM.

3.3.1 Lithium Polymer battery dynamics

Lithium Polymer (Li-Po) batteries are devices converting the energy released by spontaneous chemical
reaction to electricity work. Due to their rechargeable capability they belong to the Secondary Lithium
batteries family and possess properties such as high discharge rate (C-rate), high energy and power den-
sities. The Lithium Polymer (Li-Po) battery is made of several individual cells connected to each other
in series (to have a high voltage value) or parallel (to have a high capacity in Ah) (|80]). In Figure 3.8 a
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typical Li-Po battery used in aeromodelling applications ([35]) with four cells in series, a capacity of 6300
mAh, C-rate of 35C and operational voltage of 2.7 V to 4.2 V per cell.

Figure 3.8: Typically Li-Po battery used in multirotor UAV applications.

Electrical dynamics

The battery model describes the mathematical relationship and evolution of voltage and State of Charge
(SoC), which is the proportion of the charge available at a given time compared to the total charge available
when the battery is fully charged. The range of the SoC is SoC € [ 0 1 ], where 1 corresponds to 100
% of the charge, i.e. the battery is fully charged, and 0 indicates that the battery is fully discharge, i.e.
the End of Discharge (EoD) or cut-off voltage value has been reached. In lithium battery literature, there
are different methods or techniques to determines the battery SoC. The so-called Ampere Hour Counting
or Coulomb Counting (|61, 120]), which just takes into account the evolution of demanded current and its
relationship with the nominal battery capacity:

t
1
SoC' = SOCtO — m /Ibattdty (320)
to

where ¢, represents the initial time, Cp is the total capacity of the battery expressed in (Ah). Other
methods are based on the development of a state estimator like Luenberger observers (|16, 75]), Kalman
Filters ([69, 136]) and sliding mode observers (|29, 83]). In Chapter 4, the development of SoC estimation
will be developed as well as the proposed method.

Ve () Val(t)

0} " Re + Rq -

—0
c T
e + [l
S §<> <_> Vpare(t)
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Ipaee (t) _
0

) =

Figure 3.9: Electrical equivalent circuit of Li-Po battery.
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The mathematical model of the Li-Po battery is based on an Equivalent Circuit Representation (ECR)
according to Figure 3.9 ([28]). In Figure 3.9, (on the left-side of the circuit), the voltage Vs, (t) models
the state of charge SoC(t) of the battery from the capacity Cr. The voltage Vocv (Vsoc) is the Open
Circuit Voltage (OCV), i.e. it is the effective voltage in the battery terminals, and it is modeled as a
function of the state of charge of the battery. The voltage Vg,,, (t) characterizes the ohmic over-potential
due to the internal resistance of the battery R;,:. Vy(t) represents the transitory response of the voltage
when a current is demanding to the battery. It is characterized by a first order response and its time
constant depends on the value of parameters Ry and Cy. The mathematical model of the battery is given
by:

y o Tyart
VsoC = ~3600. Cr
‘ Va Tt (3.21)
V= —
4= "R, Cq Oy

VBatt - VOCV(VSOC) - Vd - Rint Ibatt7

where, the Voo (Vsoc) is experimentally defined as:

Voov (Vseo) = Y AiViee + In(Vsee) Vs (3.22)
=0

n determines the order of the polynomial, and \; are the polynomial coefficients. It can be noted that
the nonlinear function (3.22) is not unique and its formulation is obtained through experimental tests. In
Appendix A, the characterization of Li-Po battery through experimental data is developed.

Thermal dynamics

The temperature of the battery is modeled by the Newton’s law of cooling ([19]), and it is assumed that
the heat is generated and distributed uniformly in the battery:

2
Qb = Rint ' Ibattv

. hA (3.23)
Tyatt = 7(Tair — Thart) + %7

where Tpq is the battery temperature, h is the heat transfer coefficient, A is the surface area of the
battery, ¢ is the heat capacity of the battery, Ty, is the temperature of the cooling air, and Qpu¢ is the
heat generated in the battery.

3.3.2 BrushLess DC Motor dynamics

The BrushLess DC motor is a type of permanent magnet synchronous motor. It is drive by a DC voltage
source and a current commutation achieved by solid-state switches. The main advantages that render this
type of motor suitable for aerial robotic applications are a long operating life, high dynamic response,
better speed and torque characteristics and higher torque-weight ratio (|52]). The mathematical model
that describes the dynamics of the angular speed is divided into the electrical and the mechanical sub-
models described by the following equations (|117]):

Vpatt; = Ripart; + Kpwi,

. 1 =
w; = T(KE'Lbatti —dw? — wai - Tfm'c)a
m

(3.24)
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where R = %(Z?Zl R;) is the equivalent electric resistance of each coil, K is the back electromotive force,
w;(t) is the angular velocity of the ith BLDCM, T, is the friction torque, Dy is the viscous damping
coefficient, d is the drag constant, associated to the geometry of the propeller, and J,, is the inertia of the
BLDCM. The average voltage Upa; (t) and current ipqy, (¢) are the voltage and current generated by the
ESC and they are computed as follows:

Ubatt; = Voart - Dc; (3.25)
Iprpom; = thart; - Dei,

where Vpqu is the battery voltage, Iprpcn, is the current generated by the ith BLDCM and Iy =
Z?Zl Iprpcwm,. Dec; is the duty cycle of Pulse-Width Modulation (PWM) signal, which corresponds to
control signal of the BLDCM speed. De¢; € [01] is defined as function of the reference angular speed of
the 1th-BLDCM and it is determined through experimental correlations, such as:

Dei = f(whp,) (3.26)

where wyy, is the reference angular speed of the ith BLDCM.

In Figure 3.10 the interaction between the propulsion system and hexarotor dynamics is presented. As
it can be noted, the dynamic of battery discharge affects directly the angular speed generated by each
BLDCM according to mathematical relationship between duty cycle (3.26) and battery voltage (3.25).
In addition the control loop must adjust the duty cycle in order to generate the angular speed of each
BLDCM to keep the lift of hexarotor. In the following section, such considerations will be explained in
the design of control loop for both hexarotor position and orientation.

4 N
2
D, BLDCM Wi | Thrustand
Duty Cycle )
dynamics torgues
2 1 2
Wrer; Voatt | Ipact Ui .
L 4 Y y
z
Control Battery Hexarotor ¢
signals dynamics dynamics 8
P
. J/

Figure 3.10: Interaction between propulsion system and hexarotor dynamics.
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3.4 Position and orientation controller design

In order to keep the orientation of the vehicle stable during the flight and at the same time to follow a
reference trajectory around x-y-z axis describing the fixed inertial frame, several control strategies have
been developed using different methods and techniques which are based on the mathematical model of
the vehicle. Generally such control techniques can be classified in two types: linear ([93, 112, 174|) and
nonlinear (|67, 95, 96, 129]) controllers.

According to [174], multirotors are multivariable highly coupled nonlinear systems. The use of linear con-
trol for this system consists of an algebraic manipulation for state variables of linear model under certain
environmental conditions. For trajectory tracking, the linear control can be applied only if the trajectory
and the flying conditions for the quadrotor are not complex and difficult. In such cases, the coupled nature
of the system requires high variations in the angular velocities and fast variations in the altitude, which
cannot be realized by such controllers. For such linear controller techniques, the most common are the
Proportional Integral Derivative (PID) controller (|5, 11, 91, 118, 142]), the Linear Quadratic Regulator
(LQR) ([8, 66, 79, 87, 88, 171]) and H-Infinity controller ([7, 126, 143]).

On the other hand, the nonlinear controller are based on nonlinear mathematical representation of mul-
tirotor vehicle. They are able to manage the stabilization problem taking into account the nonlinear
coupling of orientation dynamics around Euler angles, and the trajectory tracking considering complex
flying conditions as well as obstacle avoidance. Among nonlinear controller techniques applied to multi-
rotor the following are the most common: Sliding Mode Control, Backstepping Control (|32, 92, 146]),
Feedback Linearization ([18, 92, 186]), Neural Network and Fuzzy Logic (|81, 157, 189]), Model Based
Predictive Control (MBPC) ([85, 135, 140]), Adaptive Control ([76, 115, 123]) and Robust Control Algo-
rithms (|4, 15, 90]).

In the next section, the development of a Cascade Control Loop (CCL) for both stabilization of hexaro-
tor orientation and tracking of a reference position based on a classical PID controller strategy will be
explained. In addition, the effect of the battery discharge will be analyzed considering the impact on the
control signals and the angular speed of BLDCM by adding the dynamics of propulsion system.

3.4.1 Cascade Control Loop (CCL) development

Since the objective of this work is not to develop an advanced control law, the trajectory tracking controller
is based on a position and orientation classical Cascade Control Loop (CCL) as it can be seen in Figure
3.11. The implementation of this control loop is developed by split the hexarotor dynamics described by
(3.17) into translational and rotational dynamics. The rotational dynamics describes the orientation of
the vehicle from Euler angles [¢0]T and the translational dynamics represents the position around the
x —y — z axis of fixed inertial frame and it also depends on the FEuler angles variation. As it can be not
from Figure 3.11 on left side, the position and orientation controllers generates the reference control signals
(thrust force and torques) denoted by U;. In addition, the position controller also generates the roll (¢,.)
and pitch (6,) reference angles (inputs of the orientation controller) by considering that a variation on
roll and pitch angles generate a movement around and y and x position respectively. On the other hand,
the yaw (1) reference angle is generated externally. The reference control signals are distributed around
of BLDCMs and the angular speed generated by them produce the control inputs denoted by U;. The
coupling between the propulsion system and the reference control signals will be explained in Subsection
3.4.2.
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____________________________________________________________________________________________

P [Er X
! H U w .

| Zr Position L > BLDCM . 1 TranslatlF)naI z.,
; controller |rg - U dynamics

: — 2 Y

. 61"} Us B* Ipate | Vpare | B [U3 ¢ o ¥I'

i ¥r | Orientation | LUa y Usl| Rotational
e > > ) -
; controller Battery dynamics

Figure 3.11: Hexarotor Cascade Control Loop.

Stabilization of hexarotor UAV

The stabilization of hexarotor UAV is performed by mean of orientation controller considering a PID
control. The PID controller exhibits a simple structure with easy implementation. The general form of
PID controller is

e=T3—
t
de (3.27)
U= er—i—K[/ edt+ Kp—,
0 dt
where u is the control input, e is the difference between the desired state x; and the present state x
and Kp, K7 and Kp are the gains for the proportional, integral and derivative actions of PID controller.
The computation of PID gains is explained in Appendix B by considering the hexarotor linear model (3.18).

In hexarotor, there are six states positions £ and angles 7, but only four control inputs. The interaction
between the states and the total thrust and torques created by the BLDCMs are visible from nonlinear
hexarotor dynamics defined by equations (3.13), (3.14) and (3.15). The total thrust U; affects the acceler-
ation in the direction of the z-axis and holds the hexarotor in the air. The torques Us, Us and U4 have an
effect on the acceleration of angles ¢, 6, and 1 respectively. In that sense, the PID controllers to generate
the control inputs are defined as follows ([105]):

m

U, = <g—|—Kp,Z(Zd —2)+ Kp; /(Zd —2)+ Kp:(%a — Z')> cos deost

Uy = <Kp’¢(¢d — (b) + KI,(;S /(¢d - ¢) + KD7¢(¢.§d - (z))) I
(3.28)

Us = (Kp,g(ed —0)+ Krg / (04— 0) + Kpg(fa — 9’)) I,

Uy = <Kp7¢(77[}d — w) + Kl,w /(d}d - 7/}) + KD#/J(qbd - ¢)> I,

where g is the constant associated to gravity, m is the mass of hexarotor and I, I, I. are the inertia
moments around body frame. The result of hexarotor stabilization is shown in Figure 3.12 where all Euler

)



3.4. POSITION AND ORIENTATION CONTROLLER DESIGN 35

angles and z position have an initial condition at 0 rad and a reference of 0.25, 0.35, 0.5 rad and 1.5 m
respectively. As it can be noted, the controller is capable to change the position and orientation from an
initial state to a final state within a time window of 5 sec without static error. On the other hand, the
control signals are plotted in Figure 3.13 where thrust (Uy) increase to 45 N at the take off and the torques

(Ua,3,4) are limited to = 4 Nm without sudden changes.
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Figure 3.12: Result of hexarotor stabilization.
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Figure 3.13: Control inputs.

The control inputs are used to determine the angular speed of BLDCM which are necessary to make the
link between the propulsion system and hexarotor dynamics. Then, the relationship between the control
inputs and angular speeds is established by considering (3.15) in matrix form U = Bw as
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b b b b b b
I T B

B=1 v o 0 ¥ _yva o o | (3.29)
2 2 2 2
—d d -d d —d d

where b and d are the thrust and drag constants and [ is the distance from each motor to the center of
mass of the hexarotor. From here, the control inputs generated by PID controllers (3.28) will be called
as reference control inputs denoted as U;. Then, the relationship between the reference control inputs U;
and the effective control inputs actuating on the hexarotor U; are determined by computing the reference
angular speed of BLDCM @. The angular speed for each BLDCM denoted by w is computed by Moonro-
Penrose inverse of matrix B as @ = BTU as:

1 1 V3 1
6b 6bl 6bl 6d
1 1 V3 1
O
+
Bt = 61b 31bl 3 16d : (3.30)
8 6 6l 6d
1 1 V3 1
S L
L 6b 3bl 6d |

Position Controller

Once the hexarotor stabilization is done by orientation controller, the next step is to generate the position
controller around x-y axis. The relationship between the position and orientation in the hexarotor is
established by linear model (3.18) where a change in roll and pitch angles generate a change in y and z
position respectively. In that sense the PID controllers to generate the reference for roll and pitch angles
are defined as:

9d = prx(xd — x) + K[yx /(CEd — x) + prx(i,‘d — JZ)
(3.31)

60 = (Kpy(ya—y) + K1, / (i — ) + Ky — §),

The result of CCL considering the initial and final references as [z yo 20 ¢] = [0000] [z ys z¢ ¢] = [2220.5]
is shown in Figure 3.14 (a)-(b). According to (3.31) the controller around x-y axis generates the reference
for pitch and roll angles as it can be noted in Figure 3.14 (b). Such changes are reflected in the control
inputs in Figure 3.15 - (a) where the thrust is affected by the movement around x-y axis in addition the
thrust in hover position is 18.64 N. On the other hand, the angular speed of the BLDCMs is shown in
Figure 3.15 - (b) where angular speed per each BLDCMs in hover position is 454.7 rad/s.

In order to avoid unrealistic changes in BLDCM dynamics, a physical constraint is added in the angular
speed of each motor as w; € [01200] rad/s. Such values are associated to parameters used in the simulation
of BLDCM and according to motor characteristics, the angular speed limit can be different. In addition
the hexarotor orientation has also constraint associated to maximum and minimum angular change as +5
for roll and pitch angles and +7 for yaw angle.
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Figure 3.14: (a) Hexarotor position z —y — z axis. (b) Hexarotor orientation ¢ — @ — 1) angles.
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Figure 3.15: (a) Control inputs. (b) Angular speed of BLDCMs.

3.4.2 Integration of Propulsion system in CCL

In order to analyze the effect of battery discharge on control loop and to establish the relationship be-
tween the maximum endurance and mission performance, the propulsion system (battery and BLDCM) is
integrated in the CCL. Considering the reference control inputs U; (computed by PID controllers) and the
matrix relationship established in (3.30) the reference angular speed @; is computed to generate the real
control inputs U;. Then considering the relationship established between the angular speed and BLDCM
duty cycle:

De; = flwrey), (3.32)
the reference angular speed allows to define the link between the BLDCM dynamics and CCL to generate

the thrust force and torques actuating in the hexarotor dynamics. In addition, by considering that current
generated by each BLDCM is proportional to duty cycle, i.e.
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Ubatt; = Voart - Dc; (3.33)
IpLpom; = tbart; - Dei,

the dependence between reference control signals and battery discharge is established and integrated in the
CCL. In Figures (3.16) - (3.20) the result of CCL with propulsion system is shown considering the same
reference position than Figure (3.14). As it can be seen in Figure (3.16) there is no change in the position
and orientation dynamics considering the effect of propulsion system and battery discharge. However, the
reference control inputs U; (black line) has a variation in comparison with the real control inputs U; (red
line), particularly the thrust force. This is due to reference control inputs generating the thrust force U;
increase to compensate the effect of battery discharge. Such phenomena is also presented in reference
angular speed w; (black line) in comparison with the angular speed generated by each BLDCM w; (red
line) to produce the real control inputs Us.
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Figure 3.16: (a) Hexarotor position z — y — z axis. (b) Hexarotor orientation ¢ — 6 — 1) angles.

The evolution of BLDCM duty cycle and current generated according to position changes is shown in
Figures (3.19) (a)-(b). Considering the position change in x-y-z axis and orientation in yaw angle the
CCL adjusts the reference angular speed of BLDCM and consequently such changes modify the duty cycle
and increase or decrease the current demanded for each BLDCM to the battery. In addition, as it can be
noted in (3.19)-(b), the initial current for all BLDCM has an initial value of 2.48 A. This is due to the
propulsion system considering the hovering condition which establishes that the BLDCM needs to produce
the enough angular speed to generate the nominal thrust force necessary to compensate the gravity effect
which is always actuating on hexarotor.
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On the other hand, the current demanded by all BLDCMs presents different variations due to position
changes as it can be seen in Figure (3.20). In hovering conditions, the total current is approximate 16 A
and during the take off, the current increase to reach a value close to 21 A. In addition such variations
causes that battery to discharge and the SoC be decreased in a small range.
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Figure 3.17: Control inputs.
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Figure 3.18: Angular speed of BLDCMs.
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Figure 3.20: Battery response: current, voltage and State of Charge.

In order to analyze the battery discharge in a wide range of State of Charge, the hexarotor is required to
follow a trajectory of longer duration as it can bee seen in Figures 3.21- 3.22. The height during the flight
is kept constant and the position around x-y axis change according to reference position. The position
change is directly reflected in hexarotor orientation around roll and pitch angles and the reference of yaw
angle is kept at 0 rad. The thrust force and torques generated by the BLDCMs are plotted in Figure 3.23
where it can be observed that as the time passes and the battery is discharged the reference thrust force Uy
(black line) tends to increase in order to compensate the battery discharge and to maintain the hexarotor
lift during the flight. Such effect is also present in the evolution of BLDCM angular speed in Figure 3.24,
where the reference angular speed w; (black line) increase according to battery discharge. In addition, by
considering the relationship between the reference angular speed, Duty Cycle and battery current defined
in (3.26) and (3.25) the effect of battery discharge produces that Duty Cycle of each BLDCM increase
which also increases the demanded current per BLDCM as it can bee seen in Figure 3.25. Finally, the
battery response is plotted in Figure 3.26 where the current tends to increase according the discharge effect
and it tends to exhibits different picks due to the position changes of hexarotor and the voltage decreases
until reach a value around ~ 14.87 V from its initial value of 16.74 V and reaching a final SoC value of
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0.5 which means that the battery was discharged of 50 % of total charge.
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Figure 3.26: Battery response: current, voltage and State of Charge.

3.5 Conclusion

In this Chapter, the nonlinear mathematical model of hexarotor and propulsion system were presented.
The position and orientation of hexarotor is mainly constrained to battery characteristics due to the
effect of battery discharge on angular speed in each BLDCM. In order to compensate such effect and at
the same time to stabilize the hexarotor orientation a Cascade Control Loop (CCL) based on classical
PID controllers was proposed. The CCL allowed the interaction between the hexarotor dynamics and
propulsion system by generating a dependency on control inputs generated by PID controllers with the
angular speed of BLDCMs and its duty cycle. The CCL was initially designed around the linear model
of hexarotor dynamics which was obtained by assuming hovering conditions and small angular changes.
Such considerations leads to canceled different nonlinear terms, however the simulation results showed
that the CCL is able to follow a reference trajectory and at the same time to compensate the effect of
battery discharge take into account the minimum End of Discharge. In the next Chapter, the development
of Prognosis and Health Management System will be presented considering the elements related to CCL
described in this Chapter.
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Chapter 4

Prognosis and Health Management of
multirotor UAV

In this Chapter, the main elements integrating the Prognosis and Health Management module designed
for the UAV hexarotor are presented. Such elements are summarized in Figure 4.1. In the top level
the implementation of cascade control loop and its interaction with the propulsion system and multirotor
dynamics is presented. On low level the Prognosis module and reference path link is shown. The Prognosis
module takes information from battery as current (Ip.) and voltage (Vi) in order to the mission time
(tm) be defined and the Remaining Useful Life (RUL) of battery be determined. The mission time is
obtained through of the Flight Endurance (FE) prediction by considering the estimation of battery State
of Charge (SoC). The FE predicted is evaluated by comparing the result with an empirical endurance
model proposed in this research. This endurance model is determined according to battery characteristics
as nominal voltage and capacity. Once the FE is obtained, the Remaining Mission Time (RMT) can be
computed during mission execution. On the other hand, the battery RUL is computed by considering
the battery State of Health (SoH) and evaluated through degradation models able to model the aging
phenomena in the battery according to the number of charge/discharge cycles (n¢ycies). In the following
sections, the methodology used to develop such tasks will be explained.

4.1 Prognosis module

According to Figure 4.1, several characteristics of the system could be predicted, such as:

[a—y

. Battery SoC at a given time.

2. Fulfillment of a mission before to reach the EoD.

3. Flight endurance of multirotor and Remaining Mission Time (RMT).
4. SoH level and RUL for any degradation stage.

Depending on the accuracy level of the prediction and the complexity of the system behavior, different
approaches have been used to perform prognosis (|34, 62]). The Model-based Prognosis or Condition-
based Prediction assess the behavior of individual components of a system as well as the entire system
based on a mathematical model that describe the evolution of some system variables (i.e. temperature,
voltage, position, speed) over time. If such mathematical model exists, the future behavior of the system
can be determined by propagating the mathematical model in the future time. However, to determinate
a mathematical model of the interested system in order to perform a prediction of its future behavior is
not a trivial task. First, it is necessary to define which system variables are necessary to evaluate the
entire system behavior, and determine if such variables are directly measured or not. If such variables are

45
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Figure 4.1: Prognosis and Health Management scheme in multirotor UAV.

measured, a mathematical model can be defined and used to perform the prediction in the future time.
Otherwise, if such variables are unmeasured, they must be estimated. In that sense, this work presents
in Figure 4.2 a Model-based Prognosis methodology based on an estimation of the battery SoC in order
to predict the flight endurance of the UAV. The prediction is developed in three sequential steps: 1)
estimation of unmeasured states of the system, 2) propagation and prediction of the estimated states, and
3) update of the prediction.

4.1.1 State Estimation

In several dynamic systems, not all state variables can be measured. For such cases, an observer needs to
be designed in order to estimate the unmeasured states considering the system model and the available
input-output signals. In this work, an Extended Kalman Filter (EKF) is used to estimate the battery SoC.
The EKF has demonstrated to be an adequately tool to estimate the battery states as well as parameters
in battery systems ([69, 136]). In this work, the EKF is developed considering a simplified mathematical
model of system under study, where the unique nonlinear term is the Open Circuit Voltage. The EKF
addressed the general problem of state estimation of a nonlinear system, expressed in discrete time as:

Tpy1 = f(@g, ur) + wg

(4.1)
Yk = 9(Tk, ug) + vg,

where f(zk,ur) and g(xg,ur) are the nonlinear state transition function and nonlinear measurement
function, respectively, and they are assumed to be differentiable at each operating point. The random
variables w(t) and v(t) are the process and measurement noise. They are assumed to be independent,
white, and with normal probability distributions:

p(w) ~ N(0,Q)

p(v) ~ N(0,R). (42)
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Figure 4.2: Model-based Prognosis methodology.

The matrices ) and R are the process noise covariance and measurement noise covariance, respectively.
At each sample time, f(zy,ur) and g(xp,ui) are linearized through a first-order Taylor-series developed

as
A— Of (wr, ur) (4.3)
8xk,1 Ik71=i;;,1

The completed equations of the EKF are resumed in Algorithm 1.

4.1.2 Propagation and Prediction of estimated states
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Figure 4.3: Evolution of the system behavior.

As mentioned previously, if a mathematical model that describes the evolution of system behavior as a
function of the time exists, the prediction of future behavior can be determined by propagating the model
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Algorithm 1 Extended Kalman Filter algorithm [136].

1. Initial values of #; _; and Py

2. To compute:

_ Of(xr, ug)
Ak = 01

Tp—1=Ey_4

~ Og(zg, ug)
Ck = Oz

Tp=2)

3. State estimate update:
&, = f(Zr—1,up—1),

4. Error covariance matrix:

P; = ApPLAL + Q,

5. Kalman gain:
Ky = P, C}(CLP, Cf + R)™!,

6. State estimate measurement update:
T =2, + Kip(ye — 9(x) ,ur)),

7. Error covariance matrix update:

P, = (I — K]CC;C)P,;

in the future time. However if the system involves unmeasured variables, they must be estimated first,
and the prediction of their future behavior is based on the propagation of the estimated variables in the
future. In order to illustrate how the propagation and prediction are performed, let us consider Figure 4.3
where the trend of the past evolution of system behavior at time ¢, is known. It is possible to define a
function that approximate the trend with the time, and propagate the function in the future until reaches
the STZ. This function is called prediction function, and the accuracy of the prediction will depend on the
amount of past data measure. On the other hand, the prediction function can be updated by using new
data of the system. Due to the fact that there are no abrupt changes or discontinuities in the evolution of
estimation SoC, the prediction function is defined as a polynomial function of the time, such as [162]:

m
n(t,a):Zaj.tj:a0+a1~t+--~+am-tm, (4.5)
j=0

where 7(t) represents the predicted variable, ¢ is the time, «; are identified parameters associated to
measured data trend and m is the order of the polynomial function. The method of Weighted Least
Squares (WLS) is considered to estimate the parameters (o;) of function (4.5). The WLS is defined as:

H=[11¢t - "],
A Tp—1li—117Tp -1 (4'6)
a=H'R'HTH'R Y,

where H contains the information of the relationship between the time and the polynomial order, & is the
vector with the estimated parameters «;, R is the measurement covariance matrix, and Y is the vector of
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the measured data (variable to be identified). The approximation is evaluated according to the coefficient
of determination R?, which is limited as R? € [ 0.9 1 ] in this study, and the polynomial order depends
on the accuracy between the data and the identified function. The iterative sequence of propagation and
prediction is given in the Algorithm 2, where ¢, is the so-called prediction time and it is larger than
sampling time for SoC estimation.

Algorithm 2 Propagation and prediction algorithm.
1. Delay (tp)

2. Recollect data until SoC(t,)

3. Define H and m for
H=[1 ¢t - t"]

and

m
n(ta) =Y ot =ag+oar-t+- 4 a7
=0

4. Estimate & with Y = SoC(to : t,)
& = [HTRTH'HTRY

5. Verify R? to Y = SoC(lg : t,) with 1 (tg : ta, &)
6. Propagate 7 (to : tq, &) until t(SVT)

7. Compute Remaining mission Time (RMT)

RMT = t(SVT) — t,

4.2 Multirotor Flight Endurance

4.2.1 Endurance model

The flight endurance is directly related to energy and power capabilities of the battery. One way to
determine the time when the battery is fully discharge is by mean the C-rate discharge properties ([119]),
and it is expressed as

Leja
Co’
where Cj is the nominal battery capacity and I,/ is charge/discharge current. Cpqe = 1 means that
a charge/discharge current similar to nominal capacity is applied to the battery, it will be charged or

discharged in approximately one hour. Then considering such effect, the relationship between the current
magnitude and time is described in Figure 4.4.

Crate = (47)

From Figure 4.4 it is possible to obtain a model able to compute maximum Flight Endurance as ([163]):

FEpe: =a- epr’CTate +c- C? +d. (48)

rate
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Figure 4.4: Relationship of C-rate and time.

The C-rate is computed from the total current as a function of the angular speed of the BLDCM and
generated thrust. In that sense, the total thrust force to keep the vehicle lift in hover conditions according
to (3.29) is represented as:

Nm
T:mg:waig. (4.9)
i=1

From (4.9), the angular speed of each BLDCM can be computed as:

T
bN,,’
by considering the mechanical model of BLDCM (3.24) and the relationship between current and duty
cycle (3.25), the total current demanded by all BLDCMs is computed as:

(4.10)

W; =

Dc;
Ky
Finally, considering the existing relationship between the battery C-rate (4.7) and the total current, the
flight endurance in hover condition is computed as with the equation (4.8). Such flight endurance allows
to determine the maximum time between path and adjust the Prognosis Module to compute the flight
endurance during the mission development.

Ii = (dw? — wai — Tfm'c) (4.11)

4.2.2 Flight Endurance Prediction

During the development of a mission of some UAV, the End of Discharge (EoD) must be taking into
account to ensure the safety of the UAV, the fulfillment of the mission, and the maximization of . In that
sense, the Flight Endurance is considered as the time between the beginning of the mission until reaches
a Safety Voltage Threshold before EoD value. In other words, the Flight endurance can be defined as
the period of time that the battery is discharged from the maximum level of SoC, until the minimum
level allowed. On the other hand, the Remaining Mission Time is established as the period of time that
elapses between waypoints during vehicle navigation. Several factors are implied in the flight endurance
of the UAV, such as the total current demanded by the number of the BLDCM (Ip.4(¢t)), and C-Rate, the
rate discharge (C'), the initial State of Charge SoC(tp), and the State of Health SoH. Then, assuming a
new and fully charged battery, the EoD is directly associated with the battery voltage. The time when
EoD is reached can be computed considering the demanded current (Ip.(t)) through relation of C-Rate
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discharge. However according to the number of charge/discharge, the capacity of the battery decreases
and the discharge rate is modified as the aging of the battery increases. In that sense, the computing
of EoD time should consider the effect of the aging to obtain the total flight endurance according to the
battery SoH. Taking into account that the total current demanded by the set of BLDCM is known or
measure, the SoC of the battery during the mission can be computed using equation (3.20) or estimated
through EKF, and its future trajectory can be propagated and predicted in the future until reaching the
EoD, leading to prediction of the flight endurance. The development of each step in the PHM architecture
shown in Figure 4.2 to predict the flight endurance of the UAV is explained in the following subsection.

4.2.3 SoC estimation

The prediction of the FE is based on the evolution of battery SoC during the UAV mission. The SoC, as
it was mentioned in Chapter 3 cannot be measured directly on the battery, in that sense, it needs to be
computed or estimated. In this work two methods are considered to determine the battery SoC: 1) the
direct computation of the SoC using the Ampere Counting method or Coulomb Counting method and
2) the estimation of the SoC using an EKF. In addition the Coulomb Counting method will be used to
determine the Real SoC and it will be compared to SoC estimated with EKF.

Coulomb Counting method. This method takes into account the evolution of demanded current and
its relationship with the nominal battery capacity:

I
SoC = SOCD - / ’Ibatt’dta (412)
C(] tO

where SoCj is the initial SoC conditions at any time, Cj is nominal battery capacity in Amperes per sec
and Iy, is the battery charge/discharge current. As it can be noted, this method just depends on the
battery current. However, this method accumulates errors in measurements and may lead to large SoC
errors in real-world applications ([61]). In that sense, the estimation of SoC is considered based on the
design of an Extended Kalman Filter applied on battery model (3.21).

EKF of Li-Po battery. The estimation of battery SoC using EKF method is developed according to
Algorithm 1. Then, by considering the battery model

_ Ibatt
3600 - Cr
V. Iy,
__Va_ . Dan
Ry-Cy Cy
VBatt = Vocv (Vsoc) — Vi — Rint Ipart

Vsoc =

V-

(4.13)

n
VOCV(VSOC) = Z )\iV,SZ’OC + ln(VSOC)VSOC)
=0

which is discretized through forward Euler method, and rewritten in state space form as

T
C'T (Ncycle)
Ts
Ca

1 0
Tht1 = T TE +
0 1-— om

Up + Wi

(4.14)

ooy (Vso
Yk = [ W -1 } T + Rint(Neyete)ur + Uk,

where the discrete state space vector is x = [ Vsoo Vi ]T, the input u = Ipes, the output y = Vigs,
and T is the sampling time. The nonlinear term is the OCV shown in equation (4.13), which is in the
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matrix C. The variation in the measurement noise is established at +0.1V, according to experimental
data, and the variation of process noise is +0.01 V' according to the registered current data. The process
and measurement covariance matrices are defined as:

1x 102 0
Q = -9
0 1x 10 (4.15)

R=[01].

The propagation and prediction of the estimated SoC is developed according to Algorithm 2. It is impor-
tant to mention that the methodology shown in Figure 4.2, considers two types of sampling time during
its implementation, i.e. whiles the state estimation stage is subject to the sampling time of the system
(e.i. the sampling time will depend on the discretization stage) in order of millisec, the propagation and
evaluation could be performed in a sampling time in the order of sec, or even minutes. In addition, the
choice of sampling time for flight endurance prediction depends on both maximum endurance provided by
battery characteristics and how often it is necessary to display the remaining mission time. In this work
the remaining mission time is used to define the mission planning and re-planning strategy which will be
explained in the following chapter.

4.3 Battery Health prediction

The battery State of Health describes the actual physical conditions of the battery in comparison with
its nominal condition ([144]), and it is established in a range between 0 and 1 SoH € [ 0 1 |, ie. if
SoH =1 the battery is considered as new and 0 < SoH < 1 the battery exhibits an aging behavior. The
decrease of the battery SoH is mainly due to two aging processes: 1) the battery degradation associated
to cyclic charge/discharge, and 2) the damage due to deep discharges (under EoD limit). These two aging
processes lead to an energy loss, which is directly reflected in the battery voltage. As it can be seen in
Figure 4.5 (a), the voltage range is ~ 4.2 — 2.5 V. The red line represent the voltage before to reach the
concentration zone (around 3.22 V). In addition, event thought the battery SoH decreases proportionally
to the number of charges/discharges, the initial SoC does not present changes due to memory effect which
causes the battery to store only the charge associated with the actual capacity Cr value. Additionally,
the memory effect inhibits the visualization of the energy loss provoked by the aging ([158]). On the
other hand, the energy loss is the result of active materials transformation in inactive phases and leading
to a reduction of battery capacity (capacity loss) at any discharge rate, and the increase of the battery
impedance (power fade). Both capacity loss and power fade are related to the internal parameters of
the battery. The capacity loss is evidenced by the reduction of the capacity Cr, and the power fade by
the increase of the internal resistance R;,; (|36]), and both phenomenas are proportional to the number
of battery charge/discharge (Ngyee), as it can be seen in Fig. 4.5 (b)-(c). Furthermore, the variation of
capacity and internal resistance make possible to quantify the aging level and consequently the battery
End-of-Life (EoL).

Remark 1. The EoLL determines when the battery has reached its useful life, and it could be associated to
a specific SoH value, e.g. in (|68]) it is reported that the life of a battery cell is ended when the maximum
power of the cell decreases to 60% compared to its initial maximum power at the same operational condi-
tions. In that sense, it can be assumed that a decrease of total capacity Cr and an increase of the internal
resistance Rjn of 0.6 (interpreted as 60%) determines the EoL of a cell. This EoL definition is established
for a single battery cell, however it is possible to extend it for a battery made of several individual cells
by assuming that the operational conditions and the aging behavior caused by the use are similar for all
cells.
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Figure 4.5: (a) Voltage variation of a cell subjected to discharge cycles. (b) Evolution of capacity Cp and
(c) Internal resistance Ry, ([153]).

In this work, the energy loss is modeled by considering the capacity loss and the power fade using exper-
imental data. Both phenomena are related to number of charge/discharge cycles and modify the battery
parameters described in (4.13).

Capacity loss model. The Capacity loss model denoted as Cj,ss is defined by considering that the
battery capacity (Cr) varies inversely proportionally according with the number of charges/discharges
(Neyete), and it is expressed as:

CO - CT(Ncycle)

4.16
e, (4.16)

Closs(Ncycle) =1-

where Cj is the initial capacity when the battery is new, Cp(Neyce) is the capacity after each dis-
charge cycle, Closs(Neyete) € [ Closs(EoL) 1 ], i,e. when Cjss = 1 the battery is new and when
Closs(EoL) < Cjpss < 1 the battery is in a degraded state. The result of (4.16) applied to experimental
data presented in ([153]) is shown in Figure 4.7 (a). As it can be noted, the capacity loss has a decrease of
0.4 (which can be also interpreted as a decrease of 40%) after 160 charge/discharge cycles, and it is occurs
before it reaches the EoL, i.e. a SoH of 0.6 (60%) according to Remark 1. Then, using experimental
data of capacity loss, a model able to characterize the trend of capacity loss is identified using polynomial
functions as it be seen in Figure 4.6.

In Figure 4.6, three polynomial functions are compared using Prediction Bounds (PB) of 90% in order to
determines which adjust the capacity loss trend. As it can be noted a polynomial fourth-order equation
allows to capture the capacity loss trend within of PB without without overdetermining the model as:

4
IMCZOSS (NCyCle) = Z al : Néycle (417)
=0

where a denote the polynomial coefficients. The comparison between the identified model (4.17) and the
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Figure 4.6: Fitting of capacity loss with polynomial functions.

experimental data are shown in Figure 4.7 (b), where IM denotes the Identified Model and PB are the
Prediction Boundaries.
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Figure 4.7: (a) Evolution of Capacity loss Cr. (b) Identification of Capacity loss model.

Power fade model. The power fade model is denoted as R;,.. Considering that the battery internal
resistance R;,; varies proportionally to the number of charges/discharges (Ncycle), R, is expressed as:

Rf - Rint(Ncycle)
R; — Ro

Rinc(Ncycle) =1- (4.18)

where Ry is the initial internal resistance when the battery is at the Begin of Life, Ry, (Neyere) is the
internal resistance value according to each discharge cycle, 2y is the value of the internal resistance when
the battery has reached its End of Life (EoL). Rinc(Neycre) € [ 0 Rinc(FEoL) ] In Figure 4.8 (a), the
increase of the internal resistance computed by (4.18) is shown. As it can be noted, the internal resistance
has an increase of 0.4 (interpreted as an increase of 40%) after 160 charge/discharge cycles, and it is occurs
before it reaches the EoL. Furthermore, Ry is established at 0.6 (60%) according to Remark 1. For the
degraded behavior computed by (4.18), a model is identified using a polynomial second-order equation:

2
IMR;,.(Neyete) = Z Bi NZycle (4.19)
=0
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Figure 4.8: (a) Evolution of internal resistance R;n¢ according to Neyee. (b) Identification of power fade
model.

where f3; denote the polynomial coefficients. The comparison between the identified model (4.19) and the
experimental data are shown in Figure 4.8 (b). Finally, the total capacity Cr and the internal resistance
Ryt in system (3.19) are rewritten as:

CT = CT(NCyCle) ' IMCloss (NCyCle)

(4.20)
Rint = Rint(Ncycle) : IMRinc (Ncycle)'

Remark 2. Models (4.17) and (4.19) are computed considering only the degraded behavior of a single
battery cell, and both models are dependent on the number of charges/discharges cycles Neyee. In that
sense, for other batteries with different capacity Cr and internal resistance R;,; values, it is possible
to obtain similar degraded models, and the order of the polynomials was determined to best fit the
experimental data (Table 4.1).

Table 4.1: Coefficients of identified models

Capacity loss model Cipgs

Qo o1 a2 asg Q4 R2
0.988 —1.406 x 1073 —6.713 x 10™® 7.651 x 1077 —2.435x 102 0.98

Power loss model Ripe

Bo b1 B2 - - R?
29x 1072 4.027 x 1073 —2.604 x 1076 0.95

The algorithm proposed to predict the Flight Endurance and Remaining Mission Time is tested at simu-
lation level considering the mathematical model of hexarotor and propulsion system. The Li-Po battery
considered in the propulsion system is composed by four cells with a capacity of 6.2 Ah. Considering the
relationship between the battery voltage and the SoC, a voltage limit defined as Safety Voltage Threshold
(SVT) is defined according to Figure 4.9. As it can be observed, before the voltage reaches the EoD, there
is an abrupt exponential fall of voltage. Taking into account this phenomena, the SVT is defined before
the voltage reaches the EoD.

The UAV was subjected to a mission which consisted in following circular trajectory with an area of 785400

m? around z — y axis and an altitude of 20 m (Figure 4.10). Such trajectory was developed considering
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Figure 4.9: Safety Voltage Threshold of the Li-Po battery.

the mathematical model of UAV presented in Chapter 3. Considering that the battery is fully charged
and new, the initial SoC and SoH were established at 1 respectively.

25 ]

'520 1

2 15"|

% 10+ .

Sl ---- Reference Path

N 0l —Real Path

500 300 e 500

100 = e 300
.100 -300 ————— -100 100

o 500 -500 -300 |
Y-axis (m) X-axis ()

Figure 4.10: 3D Path of hexarotor UAV.

The current generated by the six motors is shown in Figure 4.11-(a). The variations in the current are due
to velocity changes of the motors caused by the UAV movement. The comparison between the voltage
battery and its estimation is observed in Figure 4.11-(b). As it can be seen, the mission is fulfilled in 20
minutes before to reach the SVT,and this avoided an overdischarge in the battery.
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Figure 4.11: (a) Demanded current I, and (b) comparison between battery voltage and Viatt-

The comparison between the estimated SoC through the EKF and the computed SoC by Coulomb Counted
is shown in Figure 4.12. As it can be noted, the SoC estimation through the EKF relates the SoC with
the dynamic of the battery discharge. This relationship allows to predict the flight endurance from the
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Figure 4.12: Comparison between SoCcc and SoC.

The propagation and prediction was developed over sampling time of 1 minute, and the SoC estimation
each 10 millisec to collect enough data to estimate the parameters of the prediction function (4.5). Two
1%t and 2" order polynomials were considered for the prediction function. The predictions of the total
flight endurance for both prediction functions are plotted in Figure 4.13. The blue marks correspond
to the predicted flight endurance with the 1% order polynomial, and the red marks with the 27¢ order
polynomial. As it can be observed, the first predictions (1 — 4 min) with the 15! order polynomial are
closer to the real flight endurance, whilst an approximation of the real flight endurance is displayed from
6 minute onwards with the 27¢ order polynomial. However the closest prediction of real flight endurance
is obtained at time 8 min with the 2"¢ order polynomial.
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Figure 4.13: Comparison between the predictions of both prediction functions.

In Figure 4.14 and Figure 4.15 the results of the prediction for the 15 and 2"? order polynomial at time
1, 6 and 8 min, and their comparison with the estimated SoC are shown. A Decision Threshold (DT) at
the 0.6% (at time 10 min of the total flight endurance) of estimated SoC was defined to determine an
operation range where the predictions will be useful to take decisions on the progress of the mission. The
computation of Remaining Mission Time (RMS) was made from the first prediction, and the results are
shown in Figure 4.16. As it can be seen, it is possible to predict the total flight endurance and the RMS
from the beginning of the mission considering the defined DT.
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Figure 4.14: Prediction of flight endurance with 1% order polynomial.
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4.4 Conclusions

In this Chapter the Prognosis and Health Management around hexarotor was developed which is focused
on battery dynamics. The Prognosis Module executes different tasks in order to determines the actual
battery conditions. The FE prediction as a function of SoC estimation allows to determines the maximum
endurance according to endurance model. In addition by taking into account the effect of aging into the
FE prediction it is possible to determines the mission fulfillment for all range of battery SoH. In the next
chapter, the link between the Prognosis Module and Mission Planning methodology will be presented as
well as the simulation results.



Chapter 5

Energy aware mission planning

In this Chapter, the main elements around the proposed mission planning strategy are defined considering
the link between the Prognosis Module developed in the previous Chapter and the path planning task
methodology. The path planning is performed considering the energy consumption during the mission.
In Section 5.1 the mission planning strategy will be explained by describing the necessary elements to
carry out the mission as mission requirements, way-point definition, path generation and flight endurance
prediction. In Section 5.1.2 the path planning based on energy consumption will be developed considering
two approaches: polynomial approach generation and optimal path planning. Finally the simulation
results integrating the prognosis module are presented in Section 5.2.

5.1 Mission planning strategy

According to ([168]), the mission planning includes all those items related to operation modes during the
vehicle flight and how them allows to increase the flight efficiency. Such operation modes demand more
versatility in the face of changing mission objectives and environment specifications, as well as adaptability
to uncertain events in the immediate and broader environments, good performance and robustness. The
main requirement is to have an autonomous vehicle able to execute a task-selection and a decision-making
to performed a motion for a given objective and executed them. During the task selection, the UAV
must make plans taking into account the available information about the course of the mission and con-
sequently takes decisions. Decision-making determines the main important requirements as the choice of
the way-points, energy available and flight endurance, and it evaluates possible environment uncertainties.
In sequential, during decision-making, the UAV seeks to choose the best actions based on its observations
of the world.

On the other hand, path planning deals with the trajectory algorithmic development based on the available
information of the mission ([168]). Depending on mission requirements, it is possible to contain slow or
fast speed paths, short or long distance between way-points, and in special cases, the UAV should stay in
a particular position for a certain period of time. A multirotor UAV must be able to performance mission
considering:

e Perceive its environment and consequently update its activity and response to changes in its own
state,

e Control the actuators and keep as close as possible to the planned path despite un-modeled dynamics,
parametric uncertainties and sensor noise,

e Regulate its motion with respect to the local environment,

99
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e Be able to avoid obstacles and other UAV and assess the information from the multi-sensor environ-
ment,

e Be able to assess its current condition and determine if it meets the requirements of the mission on
course.

( :
‘ Way-points Mission f
] v p R Area to cover [+ . :
: definition requirements |
| |
! 1
; | ¥ i
Path Tracking BDCM UAV ;
i generation controller Battery dynamics ;
| ‘ ' e
i Prognosis E
‘ Module :

Figure 5.1: Structure of mission planning based on Prognosis module for flight Endurance estimation.

In Figure 5.1, the proposed mission planning strategy is shown. At top level, the main elements necessary
for roadmap generation according to mission requirements are established. The mission requirements de-
fine the flight characteristics according to application e.g. the maximum and minimum flight height, the
distance to cover, the minimum energy and the flight speed. Area to cover encompass the limits of the
region to overfly, and usually it must match with the maximum distance defined in mission requirements.
Likewise, the area to cover allows to establish a safe flying area which limits the flight distance and guar-
antee that the mission will be performed inside of initial requirements. The Way-points definition stage
establishes the reference points inside of area to cover. They are also necessary to generates the different
paths that describe the complete trajectory of the mission.

At the middle level in Figure 5.1, the Path generation determines the routs around x — y — 2z axis that
vehicle has to track by means a position and orientation controller. In addition, other references can
be defined as the orientation around the yaw angle. Finally, at the bottom level the Prognosis Module
estimates during the mission the flight endurance by estimate the battery State of Charge considering the
current and voltage measurement. In following sections the interactions of the different stages integrating
the mission strategy will be explained.

Remark. In this work, the mission planning strategy is focused into execute missions where the hexarotor
has to follows long time and distance paths along x-y-z position without aggressive movements. In that
sense, the mission requirements are mainly constrained to stop-and-go motion, i.e. the initial and final
speed and acceleration of the vehicle could be equal to zero between initial and final way-points. Such
mission are mainly associated to agricultural applications (to see Figure 5.2) where the multirotor performs
crop management tasks, e.g. irrigation, pesticide application, regular monitoring of farms as crop growth,
preparation of yield maps and soil fertility based on aerial photos and GPS guidance.
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Figure 5.2: Example of crop irrigation path for multirotors.

5.1.1 Energy consumption of hexarotor

Such as was introduced in Chapter 3, the hexarotor is a multirotor vehicle powered by Li-Po battery. The
Li-Po battery supplies the enough energy to take-off, flight around a path described by n way-points and
finally landing to fulfill a particular mission. The flight capabilities such as movement around x-y plane
whiles keeping a constant altitude as well as the flight endurance (FE) depends on the energy that battery
is able to supply to BLDCMs to generate the desired thrust and torques. In that sense, is it necessary
to define the energy that the battery can supply and the energy that hexarotor requires to launch a mission.

Battery energy

Long time-distance flights require that battery possess high storage capabilities and large C-rate to ensure
the fulfillment of a mission and powered the BLDCMs according to demanded current. According to
([137, 138]), the energy (in Wh) that a Li-Po battery can supply is computed as

Ey=ng-ny-Co- Viom, (5.1)

where Cj is the nominal battery capacity at its Begin-of-Life (BoL) and Vo, is the nominal battery cell
voltage, ns and n, represent the number of cells in parallel and series connection of the battery. When
the battery is fully charged or discharged, the maximum and minimum energy that battery can supply is
easily deducted, e.g. considering the operational voltage range of Li-Po battery described in Chapter 3
(subsection 3.3.1), is &~ 16.8 V (4.2 V per cell) as maximum and =~ 10.8 V (2.7 V per cell) as minimum
(considering that the battery is composed by four cells in series connection) and the nominal capacity
is 6.2 Ah. Then the energy range is defined as Ej € [67 ,105] Wh. In addition, note that battery total
energy is not a function of discharge range. However equation is useful to determines the maximum energy
consumption according to battery characteristics before to launch the mission.

Energy consumption by hexarotor

The energy provided by the battery is consumed entirely by the BrushLess DC motor and ESC. In that
sense, the total energy consumption from initial time ¢ to final time ¢¢ can be computed as ([114, 180]):

iy ty Nm
Be= | WVoatt - Toardddt = [ > [Vin - In)dt, (5.2)

to o m=1
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where Vi and Ip.4: are the battery voltage and the total current demanded by the BLDCMs. V,, and
I,,, are the voltage and current of each the BLDCM where m € [1, -+, N,,]. Ny, is the number of mth
BLDCM in the hexarotor. Then, by considering the mathematical model of BLDCM

Q_}batti = Rgbatti + KEwia
: 1 =
w; = T(KE'Lbatti — de — wai - Tfric)
m

Ubatt; = Voart - Dci

(5.3)

Iprpom; = tpatt; - Dei,

and substituting equation (5.3) in (5.2), the relationship between the energy consumption and angular
speed of the BLDCMs can be established as:

ty Nm
2 4 . .2 . 2 .
E. = E (K1 + KW, + Kaw2, + KaWs, + Kswiy, + KeWm + K702, + K§WmWm + KowaWm]dt,  (5.4)
o m=1
where the constants k1, - -+ , K9 are combinations of the BLDCMs parameters defined as
RT? Tfric (2RDy
_ — Ttric !
1= R K2 = oo (KE +KE>
_ Dy (RDy 2RT}ricd _ d (2RDy
K3 = R <7KE —i—KE)-i- KZ ke = x. (" xp + Kg
_ Rd? _ 2RImTfric
RJ2, 2RJ3 d
’%7 = K2 KfS = ( K2 + Jm)
lg E
roo — 2BIpd

and wy, and wy,, are the speed and angular acceleration of the mth BLDCM. In addition, by considering
that the initial and final speed are equals i.e. wg = wy, (5.4) can be simplified as:

ty N,
E.= / Z (K1 + Kowm + Kaw?2, + Kkawd, + Kswi, + Kew?,]dt. (5.6)
t

0 m=1

Remark. Note that, the energy consumption by hexarotor (FE.) must match with battery energy (Ep)
in order to ensure the mission fulfillment. However Ej is given in Wh whiles E. is given in Joules, in that
sense, it is necessary to express E. in Wh.

In addition (5.6) describes the energy consumption for stop-and-go motion during the flight whiles (5.4)
describes continuous motion. Such flight characteristics will be explained in the following subsections.

5.1.2 Path generation based on energy consumption

The core of the proposed mission planning strategy is the path generation considering the energy con-
sumption during the flight. In that sense, it is necessary to establish a methodology able to establish a
relationship between the hexarotor motion and the consumed energy in order to meet the mission require-
ments and guarantee the fulfillment of the mission.

The path generation is defined considering two important aspects: (i) to guarantee the generation of
smooth paths, i.e. the position and orientation vary smoothly with the time avoiding aggressive maneu-
vers (|37]), and (ii) the maximization of flight endurance, i.e. the increase of the final flight time 5. A
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smooth path could be associated to the system control inputs e.g. a smooth evolution of the angular
motor speed, and on the other hand, the maximization of flight endurance can be achieved by minimize
the energy consumption during the flight. In addition, the minimization of energy consumption leads to
extend the time and distance that vehicle can navigate during the mission execution.

In this work, two methods for path generation are considered: 1) path planning based on polynomial
approach and 2) optimal path planning based on a minimization energy criteria. Such path generation
methods lead to produce smooth and minimum energy paths, however the path definition via polynomial
functions does not take into account the dynamics of hexarotor whiles the path definition by minimization
of energy criteria considers the hexarotor dynamics and constraints associated to vehicle motion. In the
following subsections, the main characteristics and properties of both methods will be explained.

Path definition based on polynomial approach

Polynomial functions are suitable for generating paths due to their properties such as smoothness and
boundary conditions ([37, 86]). A polynomial function of order n is defined as:

n
p(t) = ith =0+t + -+ t", (5.7)

i=0
where ; are the coefficients of polynomial and ¢ is the time. The order determines the number of derivatives
that must be resolved, i.e. for n = 3 leads to minimum position and velocity path, and for n = 5 leads

to smoother and minimum energy paths ([86]). Then, by considering a quintic (fifth-order) polynomial
function as

p(t) = o + M1t + 7at? + y3t® + qutt + 5t (5.8)

where time ¢ € [0, 7. The first and second derivatives are also smooth polynomials

P(t) = 71 + 272t + 373t” + dyat® + 55t 59)
B(t) = 2y + 653t + 1274t% + 205>, '

The trajectory p has defined boundary conditions for position, velocity and acceleration according to Table
5.1 and commonly the velocity and acceleration boundary conditions are all zero.

[ Time | p [ p [ 5 |
t=0 | po | Po | Do
t=T |pr|pr|pr

Table 5.1: Boundary conditions of trajectory

Then, by writing (5.8) and (5.9) for the boundary ¢ = 0 and ¢ = T gives six equations which can be written
in matrix form as

Po 1 0 0 O 0 0 Yo
pr ) A A A Y ALY A o]
po| |0 1 0 0 0 0 Yo
pr | | 0 1 2T 37% 413 5T V3 (5.10)
Po 00 2 0 0 0 Y4
L pr | L0 0 2 6T 1277 2073 | | ~s |
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Figure 5.3: Example of path generation with polynomial function.

In Figure 5.3, the example of a path generated by a polynomial function is shown. As it can be observed,
the path exhibits a smooth behavior from initial point to final point and the maximum velocity is reached
at middle of the path considering a initial and final velocity equals to zero. In addition, the previous
solution is able to generate smooth one-dimensional paths. In the case of multirotors, they have more
than one axis of motion or freedom degrees. In that sense, the motion can be written in vector form as
p € RV, where N is the number of freedom degrees. An hexarotor has a position (z,y, z) and orientation
(¢,0,7). In this work the orientation is generated by position change, i.e. roll angle depends on any
change in the position on the x y-axis 1(y) and pitch angle depends on any change in the position on the
x-axis 0(x) (such relationship was established in Chapter 4 in subsection 3.4.1).

In this work, the mission that hexarotor must develop requires the vehicle to move smoothly along a
path through one or more intermediate way-points considering two cases: 1) stop-and-go motion or 2)
continuous motion. In that sense, hexarotor has to track a piecewise continuous path. Such problem is
formalized considering that the path is defined by M positions py (also called way-points), k € [1,M] and
there are M-1 motion segments. p, € RY is a vector representing the position.

The hexarotor starts in p; at rest and finishes at pp; at rest, but it also moves through (or close to)
intermediate configurations without stopping. The problem is over constrained and to attain continuous
velocity we surrender the ability to reach each intermediate position. In 1-dimensional cases described in
Figure 5.4, the motion comprises linear motion segments with polynomial blends where a 5 order poly-
nomial is considered because it is able to match boundary conditions on position, velocity and acceleration
for starting and final points.

In Figure 5.4, the first segment of the path accelerates from the initial position p; with zero initial velocity,
and it joins to the line heading toward the second configuration pa. The blend time is set to be a constant
denoted by the acceleration time t4.. and tq../2 before reaching ps the path executes a polynomial blend
with a duration of ... onto the line from po to p3 and the process repeats. The constant velocity p, can
be specified for each segment. The average acceleration during the blend is defined as

) = Pk+1 — Dk

p(t (5.11)

tacc

If the maximum acceleration capability of the axis is known then the minimum blend time can be computed.
According to ([37]), in a particular motion segment each axis will have a different distance to travel and
traveling at its maximum velocity, there will be a minimum time before it can reach its goal. The first step
in planning a path is to determine which axis will be the slowest to compute the segment, based on the
distance that each axis needs to travel for the segment and its maximum achievable velocity. For this, the
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Figure 5.4: Example of multi-segment path ([37])

duration of each segment can be computed and then the required velocity of each x-y-z axis position. This
ensures that all axes reach the next position at the same time. The comparison between an stop-and-go
and continuous motion is presented in Figure 5.5 with a path considering different way-points.
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Figure 5.5: (a) Example of path in 3D. (b) Path in x-y plane.

Remark. As it can be noted in this method, the path generation does not take into account the hexaro-
tor dynamics. In addition, the main assumption considered in this method is that both hexarotor position
and orientation are properly controlled and the polynomial function provides the reference for x-y-z axis.
In addition, the minimization of energy consumption will depend on the flight velocity between way-points

as well as the time and distance from initial to final point considering in the mission as well as the battery
health.

The paths shown in Figure 5.5 are applied to hexarotor considering both stop-and-go and continuous
motion, in order to demonstrate the capabilities of this method to generate smooth and minimum energy
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paths according to mission requirements. The paths shown in Figure 5.5 are used as reference that
hexarotor has to track for x-y-z position and the yaw angle is kept constant at 0 rad. The energy
consumption for both stop-and-go and continuous motion is computed considering the equations (5.4) and
(5.6). The battery response and energy consumed are shown in Figure 5.6 and 5.7 for both cases. As it
can be observed in Figure 5.6, the Stop-and-go motion (Path 1 black line) has "abrupt" changes during
the take-off as well as during position change in comparison with continuous motion (Path 2 red line).
However, for both cases, the energy consumption for hexarotor is 160 kJ or 45 Wh. This is due to two
factors:

1. during the position change in Path 1, the hexarotor has a decrease in the current generated for all
BLDCM after take-off and during the landing and the final time is constrained at 10 minutes, and

2. although the acceleration time (t,..) was established at different values in each path, the continuous
paths are not able to pass through each way-point.

From here, it is possible to focus only in stop-and-go motion paths for mission planning strategy considering
to generate smooth and minimum energy paths as well as to ensure that vehicle flies through each way-
point according to roadmap definition.

20 16.5
Path 1
s Path 2 —r‘ _ 16
< e e
= 18 — 155
£ 16 &b
UE 17 A E‘ 15
14 16§ 145 | [—Path 1
| |=====Path 2
0 5 10 a
12 14
0 200 400 600 0 200 400 600
Time (s) Time (s)
1 300
Path 1 Path 1
D‘} ----- Path 2 ] 280 —=m—==Paih 2
<08 = 2601 I
2 0.7 240
5] r.E 280
0.6 1 220 260
0 10
0.5 200
0 200 400 600 0 200 400 600
Time (s) Time (s)

Figure 5.6: Compassion of battery response between Stop-and-go and Continuous motion.
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Path definition based on minimization energy criteria

Such as was mentioned in previous section, the path definition based on polynomial functions does not
take into account the hexarotor dynamics nor the battery health during its formulation. In addition,
the main assumption in this method is that the generated path is characterized by being smooth and
minimum energy path. However, it is necessary to established the relationship between the minimization
of energy consumption associated to angular speed of each BLDCM and position around x-y-z axis.
The minimization of the energy consumption (5.6) is realized by defining a multi-objective constrained
minimization problem taking into account the hexarotor dynamics and the constraints associated with the
battery performance. In order to explain how is defined the minimization problem, let us consider Figure
5.8-(a), where the interaction of the different elements that integrate the dynamics of the hexarotor is
shown. The control signals are functions of control inputs generated by CCL described in Chapter 3 and
reference angular speeds of each BLDCM. Then, in order to established the relationship between energy
consumption and control effort, an additional control input (w?) is introduced as a reference control input
in the CCL as it can be seen in Figure 5.8-(b).

Considering the approach proposed in (|114]), the path planning definition is formulated as a minimization
problem of the total energy consumed from initial and final times [ty ¢]. Then, taking into account the
dynamic of the hexarotor and the propulsion system, the following nonlinear state space system is defined:
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where z = [z 2zyyz2¢ $00YY Wit Vo Vawi,., o] T is the state vector, Wi, is de control input and
it corresponds to the angular acceleration of ith-BLDCM. Considering the control input, the ith duty cycle
Dc; is computed as

Dc; = 7133? + yoxj + 3 (5.13)
where i =1,--- ,6 and j = 21,---,26. The demanded current I; of 1th-BLDCM is computed as:

B DCZ‘
= Kp

I; (Jmti,.; + das + Dyaj + Trric) (5.14)

where ¢ =1,--- ,6 and j = 21,---,26. Finally the total demanded current Ip.; and battery voltage Vg
are computed as:

6
Lo = S I;
batt Z; (5.15)

Viatt = Voov (z19) — 220 — RintIpatt-

Considering the dynamic system (5.12) and the equations (5.13)-(5.15), the minimization problem of
energy consumption is defined as:

min FE.(ty)

Wipef

s.t. dynamic system (3.13),
T(to) = o, T(ty) = w1,
Tmin < T < Tmaz,
0< ) < Winag, j=21,--,26
Viatt (EoD) < Viast < Viart(to),
SoC(ty) < SoC < SoC(ty),

(5.16)

where the reference angular velocity and the battery voltage are bounded considering realistic operational
limits, and the constraint in the battery voltage avoids to discharge the battery under Safety Voltage
Threshold (SVT).

Remark. As it can be noted in this method, the path generation is reached by solving the minimization
problem (5.16). The boundary conditions around the states of hexarotor dynamics, mainly position (x,y,z)
lead to generate the path which has the characteristic to be a minimum energy path due that the solution
is constrained to minimize the control effort associated to angular speed of BLDCM.

In order to show and compare the differences between the path definition based on polynomial func-
tions and multi-objective constrained minimization problem, the hexarotor is required to follow a single
path from initial point to final point considering Stop and go motion. The multi-objective constrained
minimization problem (5.16) was solved using an optimal control software called GPOPS II which is a
general-control software implemented in MATLAB®). It is dedicated to solve nonlinear optimal control
problems using variable-order adaptive orthogonal collocation methods together with sparse nonlinear pro-
gramming ([132]). In order to test the capability of the path planning algorithm to minimize the energy
consumption F., two cases with the following boundary conditions were considered:



70 CHAPTER 5. ENERGY AWARE MISSION PLANNING

Xa(to) = [01x12, 454.T1x6, 1, 0, 25],
Xa(tf) = [I’f, 07 Yf, Oa Zf, 01><57 d}fa O) 454'71><67 freea free, f?“€€] .

The BLDCM speed was established as w;(to) = wy(tf) = 454.7rad/s due to such value corresponds to
equilibrium conditions for hexarotor hover position. Moreover, that initial speed makes it possible to
generate the thrust force to take-off and remain lifted up during the flight. On the other hand, the multi-
objective constrained minimization problem was also solved allowing to choose the final time according to
minimum energy. In order to do that, a time window was established, where the minimum time is 5 sec
and maximum time was 15 sec.

(5.17)

Case 1. In the first case, the multi-objective constrained minimization problem (5.16) was solved con-
sidering a new (SoH = 1) and fully charged (SoC = 1) battery, FoD = 12.8 V. In Figure 5.9 and Figure
5.10 the comparison between the minimum energy path generated by solving the minimization problem
and the path generated by the polynomial approach is shown. As it can be seen, both methods generate
similar smooth paths without aggressive maneuvers. However the difference between both methods can
be observed in Figure 5.11, where the minimization problem generate a very smooth transition between
the initial and final orientation.

-—Upf v Pol |

z-axis (m)
-

0L
10

y-axis (m) % 0 z-axis (m)
Figure 5.9: Case 1: 3D Position around =z — y — 2 axis.

The battery response is shown in Figure 5.12 and 5.13. As it can been seen the demanded current for
the minimization problem has an increase due to take off in comparison with the polynomial approach.
This increase generates a considerable drop in battery voltage during takeoff (Figure 5.12-b). The total
consumed energy for the minimization problem and polynomial approach was 1.8657 kJ and 1.8772 kJ
respectively. This result lets us to conclude that the minimization problem is capable of generating min-
imum energy paths considering the constraints associated to hexarotor and propulsion system dynamics.
On the other hand, even though the polynomial approach does not consider the hexarotor dynamics during
path generation it allows to generate smooth and minimum energy paths.
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Figure 5.11: Case 1: Orientation and angular speed around Euler angles [¢ 6 ¢].

Case 2. To evaluate the minimization problem (5.16) considering the effect of a degraded battery, two
changes in the battery SoH were considered at the beginning of the flight taking into account the boundary
conditions (5.17): SoH = 0.8077, i.e. a degradation of ~ 20% at N¢yqe = 60, and SoH = 0.5946, i.e. a
degradation of ~ 40% at Ngyee = 160. As it can be seen in Figure 5.14 and Figure 5.15, the variation
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Figure 5.13: Case 1: Battery temperature.

of the SoH battery modifies the final time value associated with the hexarotor mission (to see Table 5.2).
That means, the consideration of battery health in the minimization problem not only enables to manage
the issues associated with battery performance, it also defines the limits of flight endurance in order to
determine if the available energy is sufficient to continue developing the mission. It can also be noted that
the SoH variations also affects the discharge dynamics. As it can be seen in Figure 5.16, to satisfy the
requirement of minimum energy consumption and final time considering the performance index defined in
(5.16), the discharge rate increase. On the other hand, it can be also notice that the initial SoC indicates
that the battery is fully charged at the beginning of the flight, but due to capacity loss, final SoC tends
to decrease rapidly.

Finally, the result of the minimization problem with SoH variation at 40% is compared with the response
obtained by the polynomial approach in order to validate the result. As it is illustrated in Figure 5.17,
the minimization problem is able to compensate for the effects generated by the variation in the battery
SoH generating an energy consumption of 2.4035 kJ and 2.5341 kJ for the polynomial approach. In
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Figure 5.15: Case 2: Hexarotor position and linear speed around x — y — z axis.

addition, it is possible to conclude that with this results, that the path generation by minimization of
energy consumption is able to manage the effects of battery aging during the path generation, However it
is important remark that the maximum time is established a priori considering the maximum energy that
battery can supply. The polynomial approach on the other hand, requires to determine the maximum
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Figure 5.16: Case 2: Battery response.

Table 5.2: Results of multi-objective minimization problem with SoH variations.

tf (s) SoH (%) Neyele Ec(tf) (kJ)

7.0147 100 0 1.8857
7.7908 80 60 2.0922
8.9575 60 160 2.4035

FE which is predicted by Prognosis algorithm proposed in Chapter 4. With such considerations, it is

possible to fulfill the mission within the time window provided by Flight Endurance Model and battery
characteristics.

5.2 Simulation results

Once the method to path definition and its relationship between path planing and Prognosis (through
battery health or SoH) is defined, the following step is the integration of such elements in the mission
planning strategy. Then considering the Figure 5.18, (already given in the introduction of this chapter),
the mission requirements determines the flight characteristics, area to cover and way-points definition.

In order to illustrate how the mission planning strategy, an exploration task in an area of 12000 m? is
established as mission target. Then the following mission characteristics are considering:

1. The initial (takeoff) and final point (landing) are the same.
2. The battery is new and fully charge (SoC and SoH are equals to 1).

3. A maximum time window for mission execution is considered at 15 minutes.
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Figure 5.17: Comparison of battery response between minimization problem and polynomial approach.
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Figure 5.18: Structure of mission planning based on Prognosis module for flight Endurance estimation.

4. The area to cover comprise 8000 m? inside of a safety region which matching the total area of 12000

m?.

5. The hexarotor motion is performed around x-y axis at constant altitude, i.e. there is not no variation

around yaw angle.
6. The maximum flight speed is established at 10 m/s.

7. The EoD is defined at 20% of SoC according to Safety Voltage Threshold.

8. Without considering the initial and final way-points the hexarotor must move in 30 way-points

around x-y position.
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In Figure 5.19, the roadmap is shown were the blue point represents the take-off and landing way-point
and the red ones are the reference way-points which defines the path that the hexarotor must track. The
green arrows represent the direction of the path starting in the way-point (0,0,0).
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Figure 5.19: Area to cover and safety zone.

The maximum flight endurance is 23 min and 53 sec according to battery characteristics. The time interval
between way-points is established at 20 sec. In that sense, by including the take-off and landing a final
mission time of 640 sec or 10.65 minutes. In Figure 5.20 the entire path with the way-points in 3D view
is shown.
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Figure 5.20: Minimum energy path and way-points.

In Figure 5.20 the result of the tracking controller in the hexarotor position is shown. As it can be observed
the tracking controller keep the hexarotor position close to reference path to entire mission.

The battery response can be observed in Figure 5.22. The battery is considering new and fully charged
and the maximum current picks are generated during the take-off and the landing. The rest of the picks
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Figure 5.21: Results of the tracking controller.

just represents the position change between way-points due to the vehicle must move and stop. During the
mission, the current tends to increase to compensate the effect of the voltage discharge and to generate

the entire thrust force to keep the vehicle lift.

Volt (V)

Ampers (A)
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Figure 5.22: Battery response: current and voltage.

The current and voltage signal were contaminated with a noise level to evaluate the Prognosis Module.
The result of the estimated SoC compared with the SoC generated by the battery model and scaled in
0-100 % is shown in Figure 5.23. As it can be noted, the estimated SoC relates the current and voltage
(red line) reflecting the effective battery SoC in comparison with the SoC generates by the battery model
(blue line) which just take into account the discharge current.

Finally, the computation of the Flight Endurance (FE) and Remaining Mission Time (RMT) is observed
in Figure 5.24. First, the maximum FE was computed considering the model (4.8) and the parameters of
the BLDCM and battery capacity. Then, using the Prognosis Module, the RMT is computed during the
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Figure 5.23: State of Charge estimation.

mission development. In addition, During take-off, the current increases, which causes a decrease during
the first few minutes of RMT prediction. However, when the hexarotor reaches the desired altitude, and
starts moving around the different way-points that characterize the mission, the RMT begins to decrease
until it reaches the minimum value at the end of the mission.

As it can be also noted in Figure 5.24 the total mission time was 10.65 min with a final energy consumption
of 172.5 kJ or 47.9167 Wh. Such result gives the possibility to extend the task within the mission by
considering a more big area to cover and safety region or increase the flight time. However, is it necessary
to take into account the constraints linked to maximum Flight Endurance in order to ensure the mission

fulfillment.
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5 . . | .
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Figure 5.24: Remaining Mission Time and maximum Flight Endurance.
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Mission planning based on fault actuator effect

In order to analyze capabilities of mission planning against faults in actuators and to determine when it
is possible to re-planning the original path, the faulty situation was introduced. However, it is important
to remark that:

e There is no a Fault Diagnosis methodology developed in the system, i.e. the tasks around fault
detection, isolation and identification are ideally executed.

e A classic Fault Tolerant Control strategy based on control allocation is considered to illustrate the
results.

In addition, the previous considerations are to emphasize that the analysis around faulty situation is
not main objective of this work. However it is necessary to remark the effects of faults during mission
development. According to (|152]), the control allocation and re-allocation method can be used to accom-
modate actuator faults. In addition, fault tolerant control can be achieved without the need to reconfig-
ure/restructure the baseline controller due control signals are redistributed among faulty and healthy ac-
tuators ([51]). Control allocation method is usually applied on over-actuated systems where the amount of
actuators is greater than the controlled variables. By introducing the fault matrix F' = diag([f1,--- , fa])T
the actuator faults can be modeled as the effectiveness loss 0 < f; < 1, i.e. f; = 1 represent the healthy
(or 100 %) dth-actuator, f; < 1 denotes the effectiveness loss of ith-actuator (or less than 100 %) and
fi = 1 denotes the complete loss effectiveness of ith-actuator. In addition, the fault severity is associated
to the percentage of effectiveness loss in the actuator and the capability of CCL to keep the controlla-
bility without reconfigure the control effort ([51]). Then, in order to redistribute the effect of ith faulty
actuator, considering the reconfiguration of control effort, the control allocation method is reached by
Pseudo-Inverse approach (|165]) by solving

o= (FBT(BFBT)—l) 0. (5.18)

As it can be noted in (5.18), the reference control signals are distributed between faulty and healthy ac-
tuators according to fault severity. In fault-free case F' is set as the identity matrix. However, the control
allocation requires information about the fault occurrence as location, time and magnitude of fault. Such
information can be provided by an actuator Fault Diagnosis (FD) module which executes the task to
detect, isolate and identify the fault.
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Figure 5.25: Comparison between battery current (a) and voltage (b) in healthy and faulty situation.
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Case 1: Fault effect without reconfiguration

The fault effect was simulated as a loss effectiveness of 70 % of BLDCM 1 at 200 sec and 30 % of BLDCM
5 at 400 sec (according to Figure 4.3). In Figure 5.25-(a) and 5.25-(b) the result of the battery current
and battery voltage for nominal and faulty cases is shown. When the fault occurs the battery current
increase due the CCL tries to compensate the fault effect. In that sense, the discharge rate increase as it
can be observed. This rate increase is noted in the State of Charge in Figure 5.26-(a) where at the end of
the mission, the minimum SoC in nominal case is 50.24 % and for the faulty case is 39.48 % with a final
energy of 207.3 kJ or 57.58 Wh and maximum flight endurance of 18 min and 13 sec.
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Figure 5.26: Battery State of Charge at nominal and faulty case (a) and Remaining Mission Time (b).

Case 2: Fault effect with reconfiguration

The control signal efforts after fault occurrence are distributed between the faulty and healthy actuators,
2 sec after the fault is detected, isolated and its magnitude is identified. In the case of reconfiguration of
fault in actuator 1 (in Figure 5.27)-(b)), the current tends to decrease in comparison with the faulty case,
however when the fault in actuator 5 occurs, the final energy consumption is 192.8 kJ or 53.55 Wh with
a maximum flight endurance of 16 min and 28 sec. In such case the reconfiguration of faulty actuator
reduce the discharge rate of first fault allowing to fulfill the mission within the maximum flight endurance
and energy. In Figure 5.29 the result of reconfiguration of fault in actuator 5 is shown. As it can be
observed there is not a significant change in the current magnitude and SoC as well as maximum flight
endurance are close to faulty case. In such case, the maximization of flight endurance and minimization of
energy consumption after the occurrence of the fault cannot be achieved. This is mainly caused by effect
of battery discharge which at certain values of SoC the battery voltage exhibits unpredictable discharge
rate. In order to compensate such effect it is necessary to consider additional actions like to reduce the
flight speed of vehicle or reconfigure the initial path by reducing the number of way-points. In addition,
it is necessary to determines at which SoC levels it is possible to reconfigure the control efforts without to
reconfigure the initial mission conditions.
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Figure 5.30: Remaining Mission Time after reconfiguration.

5.3 Conclusions

In this Chapter the main elements describing the mission planning methodology were presented. A method
to generate minimum energy paths based on a minimization problem was implemented and compared
against path generation method based on polynomial functions. The minimum energy paths generated
demonstrated that it is possible to minimize the energy consumption during the mission execution taking
into account the constraints associated to hexarotor dynamics and battery limitations as discharge effects
or State of Health. The interaction between prognosis module with path planning allows to compute the
mission time according to flight endurance prediction and to determine the maximum endurance before to
launch the mission. On the other hand, the introduction of fault effects in hexarotor actuators allowed to
evaluate the necessities to apply a re-planning of the original path in order to avoid the hexarotor crashes

due that the energy is not enough to continue with the mission.



Chapter 6

Conclusions and perspectives

In this final Chapter, the conclusions and main results about the different elements integrating the mission
planning strategy will be presented. In addition, the core of the contribution is composed by the develop-
ment of Prognosis Module (to execute the SoC estimation, SoH prediction and mission time computation),
Path Definition (based on multi-objective minimization problem) and Mission Planning Strategy (inte-
grating all elements). In that sense, the following conclusions are presented in order to highlight the
contributions of this thesis.

6.1 Prognosis and Health Management module

According to results presented in Chapter 4, the Prognosis and Health Management methodology was
applied to propulsion system of hexarotor, particularly to battery. This is because the battery is the
component within the UAV that requires more attention to develop a mission regardless of the application.
On the other hand, However, due to the dynamics that describe the behavior of the battery, the main
phenomenon that must be characterized is aging. Aging, as described in Chapter 4, is mainly characterized
by the number of charge/discharge cycles and in turn is noticeable once a large number of cycles have
been reached. When the problem of battery aging is considered within the development of a mission,
it is considerable to introduce strategies or methodologies that take into account energy consumption.
Then, taking into account the results presented in Chapter 4, the following conclusions are retaken and
re-marked:

e Estimation of battery State of Charge (SoC). In order to ensure a proper and accurate calculation
of the total charge of the battery during the development of the mission, it was chosen to use an
Extended Kalman Filter (EKF) to estimate the State of Charge of the battery. The EKF in com-
parison with the classic Coulomb Counting (CC) method, proved to offer a better characterization
of the battery charge during the development of the mission.

e Computation of battery SoH by using degradation models. The use of model-based Prognosis tech-
niques allowed to define two models of degradation that characterize the aging of the battery: the
capacity loss and the increase of the internal resistance. With such degradation models, it is pos-
sible to determine the current state of battery State of Health (SoH), determine energy limits and
establish replacement times.

e Prediction of FE during mission development and computation of Remaining Mission Time (RMT).
Within the main requirements of the mission, is the maximum flight time. As demonstrated in
chapter 4, using battery information such as capacity (in Ah) and taking into account the dynamics
of the actuators, it was possible to establish the maximum energy that the battery can supply and
the maximum flight time according to the current demanded by the actuators. in addition, the main
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contribution around this conclusion is the generated endurance model, which is able to determine
the maximum endurance according to battery characteristics as Capacity and C-rate and demanded
current per BLDCM.

In perspective, it is important to remark that the proposed method considers that the battery aging is
mainly liking to battery cycling in that sense. It is necessary to ensure about the real aging of the battery
by running degradation tests which take into account different operation conditions associated to C-rate
and temperature. On the other hand, the Prediction of FE requires experimental validation considering
outdoor mission with large flight time and long distance. However, the simulation results are representative
of what might happen during a real mission.

6.2 Mission planning and path planning

On the other hand, the mission planning strategy and path planning based on energy consumption al-
lowed to establish the relationship between Prognosis Module and energy consumption with hexarotor and
propulsion system dynamics. As it was shown in Chapter 5, the use of polynomial functions is useful to
meet the requirements of smooth and minimum energy trajectories. However, such assumption is based
on the fact that the hexarotor has an adequate and robust position control and orientation capable of
following a reference trajectory with a tracking error close to zero. In that sense, the use of optimization
techniques based on the criteria of minimum energy, resulted in a better option because such techniques
take into account the restrictions associated with the vehicle, such as the control inputs, the SoC and SoH
of the battery. With this, it is possible a) to identify the energy limitations of multirotor UAV during
mission development and b) Improve the multirotor flight capabilities by taking into account the energy
consumption, and finally ¢) the maximization of Flight Endurance (FE) in order to have long-time mission
for general applications (surveillance, exploring, mapping and photogrammetry) by taking into account
the battery limitations.

In addition, it is possible to consider other methods as Model Predictive Control to generate optimal and
minimum energy paths whiles the constraints associated to battery energy and vehicle dynamics are taking
into account. In that sense, it will be possible to obtain a different control loop associated to position
and orientation of hexarotor. Such consideration was not included during the development of the path
and mission planning strategy, however it will be considered as future works to generate a validation of
proposed method.

On the other hand, the method used to generate the Cascade Control Loop, such as the consideration of a
linear model for hexarotor dynamics and the integration of propulsion system allowed to generate a more
realistic representation of real behavior of a flight. However, the objective of this thesis was not create a
control loop but due to the dynamics of hexarotor it was necessary to include that information during the
thesis development. In addition, the analysis around fault effects was to demonstrate the capabilities of
the proposed method to manage the faulty situation, in that sense, the analysis and obtained results were
only to emphasize the need to include a Fault Tolerant Control system but such development is out of the
vision of this work. However, it will be considered in future works.

As it was mentioned in Chapter 3, during description of Cascade Control Loop, the mission planning and
path planning method introduced in this thesis are focus to execute mission with long time-distance path
without aggressive maneuvers. In that sense, the prognosis of FE and RMT plays an important role to
determine the maximum flight time and to define the constraints of energy supplied by battery.
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Appendix

Appendix A. Parametrization of lithium battery

In order to obtain the parameters of the dynamic model of the battery voltage, a process of parameter
identification is performed by using experimental data from a Li-Po battery. Such procedure is based on
the methodology proposed by ([31]). In Table 6.1 the characteristics of the Li-Po battery are enlisted.

Table 6.1: Characteristics of the battery

Parameter Value
Cells 4

Capacity 6200 mAh

C-Rate 25 C

Min voltage per cell 35V

Max voltage per cell 4.2V

Total minimum voltage 14V

Total voltage max 16.8 V

In addition, the parameter estimation is based on the mathematical model of battery which is expressed
as an equivalent circuit model (Figure (6.1)) as described in Chapter 3.

VRie () Va(t)

VSO:E (t) . Rmt + Rd -

A

—o
=g +
£ |
ST §<> Vbate (t)
e Vocv (Vsoc (1))
Ipaee (E) _
0

Figure 6.1: Equivalent Circuit Model of Li-Po battery.

. Ibatt
Voo = — ——-Latt
5oC = 73600 - O
: Va Tpatt (6.1)
V= —
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VBatt = Vocv (Vsoc) — Va — Rint Ipatt,
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where the Vooy (Vo) is a function of State of Charge and mathematically could be expressed as:

n
Voov (Vsoc) =D AiViee + In(Vsoo) Voo (6.2)
i=0
n determines the order of the polynomial, and A; are the polynomial coefficients. It can be noted that the
nonlinear function (6.2) is not unique and its formulation is obtained through experimental tests.

A discharge current profile characterized by steps was applied to the battery through a rheostat. The test
consisted in applying a current step for twenty-seven minutes followed by a rest period of the same time
value in order to reach the Open Circuit Voltage (OCV). Each current step discharged the battery in steps
of 10 %. In Figure 6.2 the demanded current profile and battery voltage are shown.
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Figure 6.2: Discharge current profile and battery voltage.

The State of Charge (SoC) of a cell or a battery at a given time is the proportion of the charge available
at that instant of time, compared to the total charge available when it is fully charged. It is expressed
in percent from 100 % (or 1 %) when the battery is full charged and, 0% when it is empty. The SoC
evaluation function is also known as the fuel gauge, especially in Electrical Vehicle’s because of its analogy
to a gas car’s fuel gauge. Coulomb counting or Ampere-hour counting is the most commonly used method
for SoC' computation (|61]), such as

t
1
SoC (t) = SoC (to) - m /Ibatt(t)dt, (63)
lo

where t, represents the initial time. Figure 6.3 shows the SoC of the battery computed through Coulomb
counting which corresponds to the demanding current applied to the battery. It is also observed that the
battery reached the minimum total voltage of 14.5 V. The measurement of the SoC allows to know the
final value of discharge of the battery.

The relationship between the SoC in each rest period and the open circuit voltage of the battery is shown
in Figure 6.4. Note that, there is a nearly linear behavior from 50% to full charge, an exponential decay
until reaching 0% of charge. This behavior was characterized by the following polynomial function:

Voov (SoC) = 13.5550C (t)° — 41.10S0C (t)* + 46.4950C (t)? — 21.94S0C () + 5.2250C (t) + 14.52. (6.4)

Identification through Least-Square

According to system (6.1), the total voltage battery is a difference between the open circuit voltage and
two voltage drops: Vg, ,(t) and Vy(t) as

int
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Figure 6.3: State of charge of the demanding current.
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Figure 6.4: Relationship between the SoC and the open circuit voltage.

Voatt (t) = Voo (SoC(t)) — Vg, (t) — Va(t),
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(6.5)

The open circuit voltage as it was mentioned above is a function of the state of charge of battery, and it
represents the static behavior of the battery voltage. In this sense, by means of subtracting this voltage
from the battery total voltage Vpau(t) of the experimental data, the transient behavior of the battery

voltage denoted by Vians(t) is computed as follows (to see Fig. 6.5):

V;frans(t) — %att(t) - VOC(SOC(t))
— Valt) Vi, (1)

0.1

0.05

s (V)
o

=5 -0.05

-0.1

-0.15

4 5
t(h)
Figure 6.5: Relationship between the SoC and the open circuit voltage.

By considering the Laplace transformation of the Viyqns(t):

1
Virans(8) = <S—|—L1 + Rint) Tyatt(s),
RyCy

(6.6)

(6.7)
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and a sampling time T, the above equation is discretized by the backward Euler method, considering

1
1 +—, as follows:
s

S =

bo + Z_lbl
Vtrans(z) = mjbatt(z)a (68)

where by = Rint, b1 = Ts/Cyq + TsRint/CqyRq — Rint, and a3 = Ts/CyRy — 1. The above discrete transfer
function can be written as difference equation:

V;frans(k) = bOIbatt(k) + bllbatt(k - 1) (69)
_al‘/trans(k - 1)

The parameters by, b1, and a; can be determined by using the method of least-squares (LS), which is
derived as follows:

Virans(k) = fT(k)% (6.10)
with the parameters vector
v = la1, bo, by, (6.11)
and discrete-time data of the system
{(k) = [_V;frans(k - 1)7 Ibatt(k)7 Ibatt(k - 1)]T7 (612)
the least-square estimate is computed as:
A(k) = (67€) 7€ Virans (k). (6.13)

The obtained parameters are registered in Table 6.2. Note that the parameter by corresponding to the
internal resistance of the battery which can be used to determined the state of health of the battery and
to predict the remaining useful life by considering prognosis techniques.

Table 6.2: Parameters of the battery model

Parameter Value
Ry 3.7307 x 1073 Q
Cy 9.5730 x 10° F
Rint 0.0392 Q

A comparison between the mathematical model and experimental data is made in order to show the
capacity of the model to characterize the dynamic behavior of the battery with the estimated parameters.
The response of the mathematical model was compared with experimental voltage of the battery in Fig.
6.6 and the mean square error (MSR) was computed with a value of 9.5681 x 10~*. Other comparison
was made with experimental data obtained from the battery by applying a constant current of 5 A. In
Fig. 6.7 the comparison between the model response and the experimental voltage is shown, with a MSR
of 0.0061. As it can be observed in both comparisons the mathematical model reproduce adequately the
dynamical behavior of the experimental voltage.
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Figure 6.6: Comparison 1 between the mathematical model and experimental data.
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