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SUMMARY

This PhD thesis addresses the optimal control and Al-based control of Search-and-Rescue
(SaR) robots. The work is motivated by the need to improve the efficiency of SaR op-
erations after disasters, using robots. In fact, the main benefits of using SaR robots
are reduced cost, improved speed of response, increased search performance, extended
reachability to otherwise inaccessible places, and fewer risks for the SaR crew. Robots
can optimize the mission plans and safely explore the environment through systematic
mathematical approaches. Therefore, novel control approaches are needed to enable
robots to perform SaR operations autonomously and time-efficiently, and this is the
main objective of this thesis.
The main contributions of this PhD thesis are the following:

1. We propose novel mission planning frameworks and architectures for ground or
flying SaR robots based on Model Predictive Control (MPC), Fuzzy Logic Control
(FLC), and other control approaches, in some cases combined to exploit the ad-
vantages of multiple methods.

2. We integrate our architectures with models for moving targets and dynamic obsta-
cles, and we leverage robust control formulations to deal with uncertainties and
perception approaches to map the SaR environment and track targets.

3. Wevalidate our approaches by comparing them to other state-of-the-art approaches
in case studies with simulations and in some cases with real-life experiments in the
lab.

Each paper-based chapter addresses an open challenge in the field and provides new
contributions, as follows (while Chapters 1 and 8 consist of an introduction and a con-
clusion, respectively).

Chapter 2: MPC for Combined Target Tracking and Area Coverage in Path Plan-
ning [1] MPC has been used in control approaches for SaR robotics, but the applications
mainly relate to tracking a reference trajectory. In contrast, optimizing the coverage of
the environment area, possesses two main advantages: Facing uncertainties about the
known targets location, and finding additional targets in the unexplored areas. Hence,
we contribute by designing an MPC approach that determines online, which of the two
tasks the robot should address, between target-oriented and coverage-oriented objec-
tives. We adopt a dynamic force-based evacuation model to represent the movements
of the target victims, and a robust tube-based MPC formulation, in order to deal with
environmental uncertainties included in the victims locations and in the robot model.

Chapter 3: Robust MPC for Motion Planning and Motion Tracking in the Presence
of Dynamic Obstacles [2] Another main challenge for autonomous navigation of SaR

ix



X SUMMARY

robots is avoiding obstacles, that may be dynamic and move according to nonlinear tra-
jectories. To tackle these challenges, we propose a control architecture that firstly lever-
ages an efficient heuristic path planning approach to generate a nominal obstacle-free
path towards the targets (i.e., determined assuming there are no uncertainties) based on
predicting the potential movements of the obstacles, and secondly, integrates a robust
tube-based MPC formulation for an optimal motion tracking system that closely follows
the nominal trajectory while guaranteeing robustness to bounded uncontrollable dis-
turbances.

Chapter 4: Camera-based Object Detection Approaches for Target Tracking and
Mapping with Flying and Ground Robots Collaboration [3] Since the majority of nat-
ural disasters affects low-income countries, it is valuable to make SaR operations more
affordable. We tackle this challenge by using color cameras, that have the advantage of
having wider applications and affordable prices, and we use camera images taken by
flying robots and ground robots, for mapping unknown SaR environments. Firstly, we
extend the pose estimation module of the object detection algorithm YOLO (You Only
Look Once), in order to estimate the coordinates of the unobserved key points of the
body of a victim from an image, and then leverage YOLO to estimate the distance of the
victim from the ground robot. Secondly, YOLO is employed in streams captured from a
flying and a ground robot, along with a localization algorithm, in order to map the de-
tected points into real-world coordinates, and to fuse them using a Kalman filter, in order
to estimate and track the trajectory of a moving victim. Thirdly, an algorithm is proposed
for estimating the elevation of the terrain, using YOLO and homography estimation.

Chapter 5: Bi-level Centralized and Decentralized Control Architecture Based on
FLC and MPC for Environment Mapping [4] Architectures for SaR multi-robot systems
bring important challenges: Centralized systems have high computational complexity
and risk of failure; Decentralized systems may perform worse in the presence of inter-
dynamics among robots; Distributed systems require the exchange of information that
may be costly or even impossible. Therefore, we integrate in a bi-level structure based
on a decentralized FLC layer and a centralized MPC layer that can help in solving these
challenges. In addition, this architecture includes global optimality and predictive deci-
sion making of MPC and time-efficient, human-inspired decision making of FLC in one
control system, in order to increase the performance in mapping the SaR environment,
in the presence of fire spread.

Chapter 6: Hierarchical and Optimal Control of Multi-Unmanned Aerial Vehicle
(UAV) Systems Achieving Best Viewpoints for Wildfire Suppression [5] Flying robots
(or UAVs) are promising for suppression of wildfires, within SaR missions, but their au-
tonomous control and coordination pose scientific challenges: These UAVs are required
to perform multiple tasks (navigating, providing the best views of the fire extinguish-
ing UAVs, monitoring fires and other robots, avoiding collisions). Therefore, we employ
Task Hierarchical Control (THC) to perform a parallel execution of multiple tasks with
different priorities, Path Integral Control (PIC), for tasks that demand optimality, and
the state-of-the-art best viewpoints method, to determine the optimal viewpoints of the
fire extinguishing UAVs. In addition, we achieve an occlusion-free Field of View (FoV)
of auxiliary UAVs, with the FoV centered on the fire extinguishing UAV, by introducing a
novel line-of-sight obstacle avoidance method.
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Chapter 7: FLC and Explainable AI for Human-in-the-loop Decision Making in
Firefighting Scenarios In firefighting scenarios, robots are usually teleoperated. There-
fore, on the one hand, there is a need for automatic control approaches to increase their
autonomy, in order to reduce the workload for the human user. On the other hand, fire-
fighters need both to maintain moral responsibility and to be aware of the environmen-
tal information. Hence, in order to combine these two requirements, we design a control
architecture where both the robot and the human stay in the loop, by combining FLC,
to determine temporary navigation destinations for the robot, and Explainable Artificial
Intelligence (XAI), to support human-in-the-loop decision making with communication
between human and robot where the human selects the preferred target destination us-
ing a graphical user interface.






SAMENVATTING

Dit proefschrift gaat over de optimale besturing en Al-gebaseerde besturing van Search-
and-Rescue (SaR) robots. Het werk wordt gemotiveerd door de noodzaak om de efficién-
tie van SaR operaties na rampen te verbeteren, met behulp van robots. De belangrijkste
voordelen van het gebruik van SaR robots zijn lagere kosten, verbeterde reactiesnelheid,
betere zoekprestaties, grotere bereikbaarheid naar anders ontoegankelijke plaatsen en
minder risico’s voor de SaR bemanning. Robots kunnen de missieplannen optimaliseren
en de omgeving veilig verkennen door middel van systematische wiskundige benaderin-
gen. Daarom zijn er nieuwe besturingsbenaderingen nodig om robots in staat te stellen
autonoom en tijdbesparend SaR-bewerkingen uit te voeren, en dit is het hoofddoel van
dit proefschrift.
De belangrijkste bijdragen van dit proefschrift zijn de volgende:

1. We stellen nieuwe missieplanningskaders en architecturen voor grond of vliegende
SaR-robots op basis van Model Predictive Control (MPC), Fuzzy Logic Control (FLC)
en andere besturingsbenaderingen, in sommige gevallen gecombineerd om de
voordelen van meerdere benaderingen te benutten.

2. We integreren onze architecturen met modellen voor bewegende doelen en dy-
namische obstakels, en we maken gebruik van robuuste controleformuleringen
om met onzekerheden en perceptiebenaderingen om de SaR-omgeving in kaart te
brengen en doelen te volgen.

3. We valideren onze benaderingen door ze te vergelijken met andere state-of-the-art
benaderingen in casestudy’s met simulaties en, in sommige gevallen, met real-life
experimenten in het lab.

Elk op een artikel gebaseerd hoofdstuk behandelt een open uitdaging in het veld en
levert nieuwe bijdragen, als volgt (terwijl hoofdstukken 1 en 8 respectievelijk uit een in-
leiding en een conclusie bestaan).

Hoofdstuk 2: MPC voor het Combineren van het Volgen van Doelen en Gebieds-
dekking in Padplanning [1] MPC is gebruikt in controlebenaderingen voor SaR robotica,
maar de toepassingen hebben voornamelijk betrekking op het volgen van een referen-
tietraject. Aan de andere kant heeft het optimaliseren van de dekking van het milieuge-
bied twee belangrijke voordelen: het onder ogen zien van onzekerheden over de locatie
van de bekende doelen en het vinden van extra doelen in de onontgonnen gebieden.
Daarom dragen we bij door een MPC-aanpak te ontwerpen die online bepaalt welke van
de twee taken de robot moet uitvoeren, tussen doelgerichte en dekkingsgerichte doel-
stellingen. We gebruiken een dynamisch, op kracht gebaseerd evacuatiemodel om de
bewegingen van de doelslachtoffers weer te geven, en een robuuste op tubes gebaseerde
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MPC-formulering, om om te gaan met milieuonzekerheden die zijn opgenomen in de
locaties van de slachtoffers en in het robotmodel.

Hoofdstuk 3: Robuuste MPC voor Bewegingsplanning en het Volgen van Bewegin-
gen in de Aanwezigheid van Dynamische Obstakels [2] Een andere belangrijke uitda-
ging voor autonome navigatie van SaR robots is het vermijden van obstakels, die dyna-
misch kunnen zijn en volgens niet-lineaire trajecten kunnen bewegen. Om deze uitda-
gingen aan te gaan, stellen we een controlearchitectuur voor die ten eerste gebruikmaakt
van een efficiénte heuristische padplanningsbenadering om een nominaal obstakelvrij
pad naar de doelen te genereren (d.w.z. bepaald ervan uitgaande dat er geen onzeker-
heden zijn) op basis van het voorspellen van de mogelijke bewegingen van de obstakels,
en ten tweede integreert een buisgebaseerde MPC-formulering voor een optimaal be-
wegingsvolgsysteem dat het nominale traject nauwlettend volgt en tegelijkertijd de ro-
buustheid tot begrensd garandeert oncontroleerbare verstoringen.

Hoofdstuk 4: Cameragebaseerde Objectdetectiebenaderingen voor het Volgen en
in Kaart Brengen van Doelen met Samenwerking tussen Vliegende en Grondrobots [3]
Aangezien de meeste natuurrampen lage-inkomenslanden treffen, is het waardevol om
SaR-operaties betaalbaarder te maken. We pakken deze uitdaging aan door kleurenca-
mera’s te gebruiken, die het voordeel hebben dat ze bredere toepassingen en betaalbare
prijzen hebben, en we gebruiken camerabeelden die zijn gemaakt door vliegende ro-
bots en grondrobots, voor het in kaart brengen van onbekende SaR omgevingen. Eerst
breiden we de pose-schattingsmodule van het objectdetectie-algoritme YOLO (You Only
Look Once) uit, om de co6rdinaten van de niet-waargenomen sleutelpunten van het li-
chaam van een slachtoffer uit een afbeelding te schatten, en vervolgens YOLO te gebrui-
ken om de afstand van het slachtoffer tot de grondrobot te schatten. Ten tweede wordt
YOLO gebruikt in stromen die zijn vastgelegd door een vliegende en een grondrobot, sa-
men met een lokalisatie-algoritme, om de gedetecteerde punten in kaart te brengen in
real-world coordinaten, en om ze samen te smelten met behulp van een Kalman-filter,
om de baan van een bewegend slachtoffer te schatten en te volgen. Ten derde wordt een
algoritme voorgesteld voor het schatten van de hoogte van het terrein, met behulp van
YOLO en homografieschatting.

Hoofdstuk 5: Gecentraliseerde en Gedecentraliseerde Besturingsarchitectuur op
Twee Niveaus op Basis van FLC en MPC voor het in Kaart Brengen van de Omgeving
[4] Architecturen voor SaR multi-robotsystemen brengen belangrijke uitdagingen met
zich mee: Gecentraliseerde systemen hebben een hoge rekencomplexiteit en het risico
op mislukking; Gedecentraliseerde systemen kunnen slechter presteren in de aanwe-
zigheid van interdynamiek tussen robots; Gedistribueerde systemen vereisen de uitwis-
seling van informatie die kostbaar of zelfs onmogelijk kan zijn. Daarom integreren we
in een structuur op twee niveaus op basis van een gedecentraliseerde FLC-laag en een
gecentraliseerde MPC-laag die kan helpen bij het oplossen van deze uitdagingen. Bo-
vendien omvat deze architectuur wereldwijde optimaliteit en voorspellende besluitvor-
ming van MPC en tijdefficiénte, door mensen geinspireerde besluitvorming van FLC in
één besturingssysteem, om de prestaties te verbeteren bij het in kaart brengen van de
SaR-omgeving, in de aanwezigheid van brandverspreiding.

Hoofdstuk 6: Hiérarchische en Optimale Controle van Multi-Unmanned Aerial Ve-
hicle (UAV) Systemen het Bereiken van de Beste Gezichtspunten voor het Onderdruk-
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ken van Natuurbranden [5] Vliegende robots (of UAVs) zijn veelbelovend voor het on-
derdrukken van bosbranden, binnen SaR missies, maar hun autonome controle en co-
ordinatie vormen wetenschappelijke uitdagingen: Deze UAVs zijn nodig om meerdere
taken uit te voeren (navigeren, het beste zicht geven op de brand, UAVs blussen, branden
en andere robots monitoren, botsingen vermijden). Daarom gebruiken we Task Hierar-
chical Control (THC) om een parallelle uitvoering van meerdere taken met verschillende
prioriteiten uit te voeren, Path Integral Control (PIC), voor taken die optimaliteit ver-
eisen, en de state-of-the-art best viewpoints-methode, om de optimale gezichtspunten
van de blusser te bepalen UAVs. Bovendien bereiken we een occlusievrije Field of View
(FoV) van hulpUAVs, waarbij de FoV gecentreerd is op de brandblussing UAV, door een
nieuwe methode voor het vermijden van obstakels in het zicht te introduceren.

Hoofdstuk 7: FLC en Verklaarbare Al voor Human-in-the-loop Besluitvorming in
Brandbestrijdingsscenario’s In brandbestrijdingsscenario’s worden robots meestal op
afstand bediend. Daarom is er enerzijds behoefte aan automatische controlebenade-
ringen om hun autonomie te vergroten, om de werklast voor de menselijke gebruiker te
verminderen. Aan de andere kant moeten brandweerlieden zowel morele verantwoor-
delijkheid behouden als zich bewust zijn van de milieu-informatie. Om deze twee vereis-
ten te combineren, ontwerpen we daarom een besturingsarchitectuur waarbij zowel de
robot als de mens op de hoogte blijven, door FLC te combineren, om tijdelijke navigatie-
bestemmingen voor de robot te bepalen, en Explainable Artificial Intelligence (XAI), om
human-in-the-loop besluitvorming te ondersteunen met communicatie tussen mens en
robot waarbij de mens de gewenste doelbestemming selecteert met behulp van een gra-
fische gebruikersinterface.
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INTRODUCTION

This chapter presents the motivation for advancing autonomous control in Search-and-
Rescue (SaR) robotics, highlighting the critical role of intelligent systems in improving the
effectiveness of disaster response operations. The chapter outlines the structure of the the-
sis and introduces the core methodologies applied or leveraged throughout the thesis, en-
compassing both theoretical developments and their application to SaR scenarios. In ad-
dition, a comprehensive discussion of the key open challenges that continue to hinder fully
autonomous SaR operations is discussed. Finally, the chapter summarizes the main sci-
entific contributions of the thesis and their significance within the broader landscape of
robotic control and disaster management.
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MOTIVATION

ATURAL and man-made disasters continue to claim countless lives and cause sig-
N nificant disruption to society and the environment [6], [7]. A defining characteristic
of such disasters (whether earthquakes, hurricanes, floods, fires, or pandemics) is their
unpredictability and unavoidability. While prevention is often impossible, the impact of
such disasters can be mitigated through effective response strategies. Therefore, there is
a persisting demand for more efficient disaster management protocols.

One critical aspect of disaster response is Search-and-Rescue (SaR), which involves
a range of coordinated tasks, most importantly, saving lives of victims and mitigating
further harm [8]. In other words, locating and rescuing victims remains paramount [9].

However, real-world events have exposed various limitations in current SaR prac-
tices, particularly in initiating timely, wide-reaching, and safe operations [10], [11]. In
order to address these challenges, SaR operations are increasingly integrating robotic
systems [12], [13].

Robots contribute across various tasks, including mapping unknown terrain, locat-
ing trapped victims, and traversing and scanning hazardous areas that are inaccessible
to humans [14], [15]. Their sensors enable rapid and autonomous environmental assess-
ment, while their expendability and capability of navigating dangerous areas improve
safety and operational reach. Furthermore, delegating high-risk tasks to robots allows
human responders to focus on critical efforts, such as providing medical care and psy-
chological support for victims [16], [17].

Key benefits of deploying robots in SaR include faster response, improved search
performance, increased coverage of zones that are inaccessible or difficult to reach, en-
hanced safety for the SaR personnel, and reduced cost [18].

While human rescuers rely on intuition and experience to deal with uncertain SaR
situations, robots are capable of employing formal mathematical methods to optimize
their mission plans and to make safe and timely decisions in exploring the SaR envi-
ronment. Therefore, advanced control approaches are essential to enable autonomous,
time-efficient robotic behavior during SaR operations [19].

Optimal control techniques, such as Model Predictive Control (MPC) [20] and Path
Integral Control (PIC) [21], offer systematic frameworks to balance competing objectives,
such as minimizing the mission time, maximizing the area coverage, conserving energy,
and avoiding hazards.

In parallel, heuristic control techniques, such as Fuzzy Logic Control (FLC) [22] and
other strategies based on Artificial Intelligence (AI), can be employed to mimic human-
like decision making for SaR robots. These methods are especially useful for complex or
nonlinear systems and are computationally efficient, making them well-suited for real-
time applications in unstructured SaR environments.

Post-disaster environments are often reshaped by structural damage and collapse,
and by dynamic hazards. Thus, robust and adaptive control methods are crucial for
ensuring autonomous, safe navigation in dynamic, unpredictable, and partially known
environments [23]-[25]. Robust control techniques, such as Robust Tube-based Model
Predictive Control (robust TMPC) [26], allow SaR robots to mitigate uncertainties arising
from dynamic changes (e.g., spreading fire or moving obstacles), model mismatches,
and external disturbances (e.g., uneven terrain or debris) in SaR environments.



Besides control, perception systems play a vital role in SaR robotics. These sys-
tems enable robots to interpret environmental features (e.g., hazards, victims, obstacles)
through sensor data, and to inform their decisions about which areas to explore or which
targets to prioritize [27].

PROBLEM SETTINGS

This thesis addresses SaR scenarios that are both indoor (partially collapsed buildings in
urban contexts) and outdoor (wilderness contexts with fires). Robots, either ground or
flying, are used to support and improve the SaR operations. Due to the disasters, there
are victims in the SaR scenarios, that the robots should detect, reach and track when
appropriate. Static obstacles, and, in some cases, dynamic obstacles are represented
by debris or collapsed walls in indoor scenarios, and trees or spreading fire in outdoor
scenarios. The robots should avoid collisions with such obstacles, in addition to other
robots and target victims (that may be dynamic). Moreover, the robots are equipped
with various sensors to gather information from the SaR environment, such as to detect
victims or obstacles, determine the distance from them, and in general map the environ-
ment. Uncertainties about the elements of the environment (moving victims, dynamic
obstacles, spreading fire) are present in these contexts and should be taken into account
by the control systems. These control systems are based on various control techniques
(optimal, heuristic, model-based, Al-based, robust, hierarchical), depending on the spe-
cific scenario considered in each chapter of this thesis, and are used to formulate new
mission planning, path planning, exploration, and navigation approaches, and to con-
trol and coordinate multi-robots systems. In addition, control and Al-based techniques
are used for perception, tracking, mapping, sensor fusion and human-robot interaction.
Therefore, the aim of this thesis is to formulate, analyze, and assess through simulations
and experiments the proposed control systems and perception approaches.

RESEARCH OBJECTIVES AND RESEARCH QUESTIONS
The overarching objective of the research presented in this thesis is:

To develop and validate novel mission planning frameworks and architectures based on
model-based, optimal, and human-inspired control approaches, as well as efficient and
reliable vision-based perception and sensor fusion techniques, in order to enhance the au-
tonomy, robustness, computational efficiency, and multi-robot coordination of SaR robots
that operate in uncertain dynamic environments, while supporting human-in-the-loop
decision making where appropriate.

Building on this objective, the following research questions (RQs) are addressed:

RQ1. How can optimal control approaches, particularly, MPC, be extended to enable
mission planning strategies that balance the competing objectives of target track-
ing and area coverage in uncertain SaR environments?

RQ2. How can optimal and human-inspired control methods be generalized to han-
dle dynamic environments involving moving targets, uncertain obstacle behav-
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RQ3.

RQ4.

RQ5.

RQ6.

ior, and unmodeled disturbances, while providing guarantees of robustness and
safety?

How can vision-based perception be advanced and fused across heterogeneous
ground and aerial robots to enable scalable, cooperative mapping and target track-
ing within SaR environments under limited sensing and communication constraints?

How can optimal and human-inspired control approaches be systematically inte-
grated into hybrid architectures to exploit their complementary strengths, ensur-
ing both real-time responsiveness and long-term optimality in SaR missions?

How can the proposed control and perception approaches be validated through
rigorous simulation and real-world experiments, and how can their performance
be benchmarked against state-of-the-art approaches under realistic SaR scenar-
ios?

How can explainable and trustworthy human-in-the-loop decision making be in-
tegrated with autonomous SaR robotics to balance human oversight and robot au-
tonomy in time-critical missions?

OUTLINE

Table 1.1 provides a high-level overview of the thesis structure, organized by topic. The
primary focus of this thesis is autonomous control of SaR robots. Within this domain,
several key topics are explored across the chapters, categorized along six main dimen-
sions, as illustrated in Table 1.1:

Control methodology;
Control architecture;
Robotic task;

Robot type;

System scale;

SaR environment.

These aspects are addressed throughout Chapters 2 to 7.

After an extensive investigation of fully autonomous robotic control, Chapter 7 in-
troduces the concept of human-in-the-loop control, emphasizing human-robot coordi-
nation and collaboration without compromising robotic autonomy:.

Another important dimension covered by the thesis is robotic perception, with a fo-
cus on video-based sensing. The proposed techniques support tasks, such as object de-
tection and best viewpoints achievement, which are explored in Chapters 4 and 6, re-
spectively.
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BACKGROUND

This section is structured into two main parts. First, it provides an overview of key fun-
damental methodologies relevant to the research presented in this thesis. The second
part discusses the main state-of-the-art approaches in control and perception for SaR
robotics.

OVERVIEW OF THE MAIN METHODOLOGIES
This section presents a discussion on core methodologies underlying the fundamental
research topics of the thesis, particularly for robotic control and perception.

Robotic Control: The following sections introduce methods for robotic control, with a
particular focus on exploration, environmental mapping, and path planning.

Model Predictive Control (MPC): MPC is an advanced control method that computes
optimal control inputs based on a predictive model of the controlled system [20]. At
each control time step, MPC solves an optimization problem to minimize (or maximize)
a cost (or objective) function subject to various constraints.

MPC is widely used across a large number of applications and has several key vari-
ants, including nonlinear MPC, robust MPC, stochastic MPC, and distributed MPC. The
underlying model of the controlled system may be linear or nonlinear, time-varying or
time-invariant, continuous-time or discrete-time, and centralized or distributed.

Constraints in the optimization problem may be imposed on the inputs, states, or
outputs, and can be either hard (i.e., strictly enforced) or soft (i.e., relaxed, allowing lim-
ited violations to prevent infeasibility or performance degradation). A specific class of
constraints, primarily used in the variant known as stochastic MPC, is probabilistic in
nature — commonly referred to as chance constraints.

The cost function may reflect multiple, potentially competing objectives, such as
time efficiency, energy conservation, and risk avoidance. Moreover, it is typically rep-
resented as a combination of stage and terminal costs. These allow the controller to
handle trade-offs systematically.

MPC has been largely employed in several industrial processes, for power electron-
ics, energy, or manufacturing, and for controlling engines, vehicles, airplanes, space-
crafts or missiles, as examples [28]. In the context of SaR robotics, it is used to optimize
the actions of the robots, such as in path planning [29], mostly to track trajectories and
avoid obstacles, or for multi-robot coordination [30].

MPC is used in the control approaches formulated in Chapters 2, 3 and 5.



Robust Tube-based Model Predictive Control (Robust TMPC): A particularly relevant
variant of MPC for uncertain systems or environments is robust MPC, which maintains
control performance in the presence of system uncertainties [31]. While stochastic MPC
handles uncertainties using a probabilistic formulation and chance constraints [32], ro-
bust MPC deals with uncertainties deterministically.

Such uncertainties may stem from model inaccuracies [33], external disturbances
[34], or noisy state measurements [35]. Issues originating from uncertainties are espe-
cially prominent in SaR missions, where robust control methods are essential [36], [37].

Among the most widely used robust MPC formulations, there are min-max MPC and
robust TMPC [26], [38]. In min-max MPC, the controller optimizes for the worst-case
realization of uncertainty. In contrast, robust TMPC consists of a nominal MPC con-
troller and an ancillary feedback controller that keeps the actual state trajectory of the
system within a bounded region (called the tube) of the admissible state space, around
the nominal state trajectory.

Compared to min-max MPC, robust TMPC is computationally less demanding, par-
ticularly because it does not solve a problem for all admissible states, which in min-
max MPC leads to a complexity that increases exponentially with the prediction hori-
zon, while in robust TMPC it increases rather quadratically [39]. It is also less conser-
vative, since it does not ignore information on the uncertainty realization as min-max
MPC does by considering its maximum [40]. In SaR contexts, robust TMPC has demon-
strated strong performance, as it provides robustness to bounded uncertainties, enables
balanced trade-offs among competing goals of SaR missions (such as maximizing the
area coverage and minimizing the mission time), enforces state and input constraints
systematically, and offers real-time stability guarantees [25], [41], [42].

Robust TMPC is used in the control approaches formulated in Chapters 2 and 3.

Fuzzy Logic Control (FLC) and Al-based Decision Making: FLC is a heuristic control
technique that incorporates human knowledge into control systems, typically in the
form of natural language rules translated into quantified values [22]. Due to its heuristic-
based nature, FLC can also contribute to the growing field of Explainable Artificial Intel-
ligence (XAI), i.e., a branch of Al that includes methods that enable Al algorithms to pro-
duce output and results that are understandable, interpretable, and reliable for human
users [43].

The process begins with fuzzification, which maps crisp measurements into fuzzy
sets using membership functions. These fuzzy values are then processed through a Fuzzy
Inference System (FIS) that applies control rules, deploying fuzzy operations, to generate
fuzzy outputs (representing the control decisions in FLC systems). Finally, a defuzzifica-
tion step converts the fuzzy outputs back into crisp values used to actuate the controlled
system [44].

A key advantage of FLC is its ability to deal with highly nonlinear systems. By lever-
aging expert-defined linguistic rules, FLC eliminates the need for precise mathematical
models of the controlled system or any data-driven training. This results in computa-
tionally efficient decision making and makes FLC a transparent and interpretable ap-
proach [45].

For these reasons, FLC is particularly effective in SaR scenarios, where it has been
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successfully deployed to control robots in uncertain, unstructured environments [46]-
[49]. FLC is used in the control architectures of Chapters 5 and 7. In addition to classical
FLC, hybrid approaches have emerged that combine fuzzy logic with other techniques.
This includes:

* Neuro-fuzzy controllers, which hybridize fuzzy logic with neural networks to in-
corporate learning capabilities;[50]

* Hybrid FLC and genetic algorithms, enabling optimization of fuzzy rules and mem-
bership functions [51], [52];

 Hierarchical architectures fusing FL.C with MPC, particularly in multi-agent sys-
tems, to introduce predictability and to facilitate coordinated control [25].

Beyond FLC, other intelligent control approaches are increasingly employed for autonomous
control of robots, including in SaR. These approaches include:

» Behavior-based (reactive) Al [53], which decomposes the behavior of robots into
modular, reactive rules that respond directly to sensor inputs, so that the robot
exhibits rather complex behavior despite little internal model of the environment,
by correcting and adapting its actions. In particular for SaR scenarios, this allows
for fast, adaptive responses in dynamic environments without requiring a full en-
vironmental model.

* Reinforcement learning and deep (reinforcement) learning [54], [55], which allow
robots to learn optimal policies through interacting with their environment. An
important advantage of these techniques is that they do not require prior knowl-
edge of the robot dynamics, but the controller is instead learned from interac-
tion experience, and therefore, it can implicitly deal with uncertainties and distur-
bances. In SaR missions, such methods are used for autonomous decision making,
e.g., for adaptive exploration strategies, dynamic path planning, and coordination
of multi-robot systems under uncertainty.

* Evolutionary algorithms, such as ant colony optimization [56] and particle swarm
optimization [57], which are inspired by natural processes and are deployed in
SaR missions for multi-robot path planning and coverage tasks. Evolutionary al-
gorithms are especially useful in high-dimensional, dynamic, or partially known
environments, where traditional optimization methods may struggle. This hap-
pens in particular for multi-robot systems, where the robots are treated as agents
in the swarm or colony.

* Probabilistic techniques, such as particle filtering (also known as Monte-Carlo meth-
ods) [58] and information-based control [58], which handle uncertainties in robot
localization, interpretation of sensor data, and decision making. They are based
on maximizing the mutual information with respect to a target, rather than mini-
mizing a distance or maximizing the covered area. In SaR scenarios, probabilistic
techniques support tracking victims and mapping the environment by incorporat-
ing noisy, partial, or ambiguous data streams over time.



Multi-agent and Hierarchical Control Methods: Multi-agent systems are typically gov-
erned using one of the following control architectures: Centralized, decentralized, or dis-
tributed [59].

In centralized control, a single controller has global knowledge and computes actions
for all agents. This control architecture can achieve globally optimal solutions, but is
computationally expensive and susceptible to single-point failure [60].

In decentralized control architectures, each agent operates independently without
exchanging information. This is computationally lighter than centralized control and ro-
bust to communication failures, but may lead to sub-optimal performance, when agents
are dynamically inter-dependent [61].

Distributed control lies between centralized and decentralized control architectures:
agents share local information to solve local control problems in coordination. This en-
ables scalable and fault-tolerant control systems, albeit with increased algorithmic com-
plexity and communication overhead [62].

An advanced class of architectures is hierarchical control [63], where control is struc-
tured across multiple layers, e.g., distributed control at the lowest, local level and cen-
tralized supervision at the highest, global level [25], [64], [65]. Interactions across layers
of hierarchical architectures can be unilateral or bilateral.

Task Hierarchical Control (THC) [66] introduces hierarchy in the task space, allowing
to execute multiple objectives via various tasks, with explicit priority handling. A rele-
vant example of using THC in the context of multi-agent systems is the deployment of
multiple Unmanned Aerial Vehicles (UAVs) for wildfire suppression tasks [67]. Based on
task distribution, these UAVs may be categorized as follows:

e Fire extinguishing UAVs [68], which tele-operatedly or semi-autonomously navi-
gate to fire locations to suppress the fire using water or retardants;

e Fire detecting UAVs [69], [70], which detect and report fire outbreaks using on-
board sensors;

 Auxiliary UAVs, as introduced in this thesis (Chapter 6), should autonomously and
closely accompany fire extinguishing UAV to maintain clear, obstacle-free view-
points, thereby enhancing situational awareness of human operators. These UAVs
typically operate in coordinated swarmes.

Robotic Perception: The next sections discuss methods for robotic perception, focus-
ing on interpreting sensor data through algorithms for object detection, state estimation,
and visual awareness of the environment.

Convolutional Neural Networks (CNNs): CNNs [71] are deep learning algorithms that
play a dominant role in computer-vision-based perception. In the context of SaR oper-
ations, the most relevant tasks that require computer-vision-based perception include
object detection, object recognition, and semantic segmentation, all being crucial for
interpreting data from cameras to distinguish hazards, targets, and key environmental
features [72].
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CNNs are preferred over classical machine learning and other deep learning
approaches, due to their ability to autonomously extract hierarchical features, as well as
their inherent translation invariance and computational efficiency [73].

Beyond robotics, CNNs are employed in a wide range of applications, such as for face
recognition, autonomous driving, self-service supermarkets, and intelligent healthcare
solutions [74].

YOLO (You Only Look Once) for Object Detection in Images: Among state-of-the-art
object detection algorithms, YOLO [27] stands out as one of the most promising real-
time object detection frameworks. It has evolved through multiple versions, each intro-
ducing significant improvements in terms of accuracy and speed of detection [75].

Built on CNNs, YOLO performs object detection from an image in a single forward
pass by integrating feature extraction, candidate boxes extraction and object classifica-
tion methods into one neural network. Therefore, it determines bounding boxes and
probabilities for associated classes of an object, enabling fast inference.

YOLO has been successfully employed across various domains, including robotics,
where fast and reliable object detection is crucial [76], [77]. In the context of SaR robotics,
YOLO enables reliable detection of victims, obstacles, and other key environmental fea-
tures from sensor-generated imagery [78], [79].

The capability of YOLO to operate in real time with high detection accuracy and mod-
erate computational requirements makes it particularly suited for embedded robotic
platforms deployed in time-sensitive and resource-constrained SaR missions [75].

YOLO is used in all the perception approaches proposed in Chapter 4.

Kalman Filters: Kalman filters are recursive algorithms for estimating unknown state
variables of a system from noisy and uncertain measurements. Kalman filter operates
in two alternating phases: In the prediction phase a model of the system is employed to
estimate the next value of the state variables, whereas in the update phase this estimate
is refined using sensor measurements. These phases are then repeated alternately.

Kalman filters are widely used for sensor fusion, i.e., the integration of data from mul-
tiple sensors, whether on a single robot or distributed across multiple robotic platforms
[80]. This is particularly relevant for SaR missions, especially those involving multi-robot
teams.

Kalman filters are also extensively applied to state estimation tasks [81], [82], such as
for robot localization by fusing measurements from various sensors, e.g., IMU (Inertial
Measurement Unit) and GPS (Global Positioning System) receivers.

The Kalman filter is used in the tracking approach of Chapter 4.

Best Viewpoints for Support Robots: In certain contexts, autonomous robots, partic-
ularly UAVs, are equipped with cameras to provide real-time visual feedback for hu-
man operators. This is particularly useful in applications such as wildfire suppression,
where support (also called auxiliary) UAVs follow and monitor fire extinguishing robots
to transmit visual data to human operators, as described in more detail in Chapter 6 of
this thesis.
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A fundamental requirement for such support tasks is to determine the best view-
points for auxiliary UAVs to monitor main (e.g., fire extinguishing) robots. The work in
[83] presents a state-of-the-art method for selecting such best viewpoints to support cer-
tain robotic tasks, including object manipulation and navigating narrow passages.

OVERVIEW OF SEARCH-AND-RESCUE (SAR) ROBOTICS

This section provides an overview of key topics and state-of-the-art developments re-
lated to the application domain of this PhD thesis, namely Search-and-Rescue (SaR)
robotics.

SaR Environments: SaR operations can be categorized according to the type of disas-
ter environment [14]:

e Urban Search-and-Rescue (USaR): Operations take place in constrained environ-
ments, such as collapsed buildings or vehicles [18], [84];

* Wilderness SaR (WiSaR): These operations involve locating victims — often mobile
— in open spaces, such as mountains, valleys, or forests [85], [86];

 Air-Sea Rescue (ASR) or Maritime SaR: Operations are focused on rescuing victims
in aquatic contexts, including flood zones or maritime accidents [87], [88].

SaR Tasks: Robots are deployed in SaR missions to support various tasks, including:
e Search, which involves detecting victims or potential hazards [89];

* Reconnaissance and mapping, which aims at enhancing situational awareness of
the SaR environment, using Al and robotics to map the environment [84];

* Rubble removal, including robots lifting debris heavier than what could be moved
manually [90];

* Structural inspection, which concerns assessing building interiors and exteriors to
predict collapses or to ensure safety for human entry [91];

* Medical intervention, enabling remote communication between medical staff and
victims, as well as delivering medical supplies [92];

e Tele-presence, which provides audio-visual access for human crews and medical
staff from a distance [93];

» Wireless network extension, where robots act as mobile beacons or repeaters [94];

* Logistics support, automating the transportation of tools, equipment, and supplies
[95].
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Robot Technologies in SaR: Depending on the specific SaR scenario and the involved
tasks, different types of robots may be employed, each suited to particular operational
requirements.

First, Unmanned Aerial Vehicles (UAVs), also referred to as flying robots or drones, are
commonly used in outdoor environments. UAVs are particularly suited for rapidly cov-
ering large areas, traversing inaccessible or hazardous terrain, and high maneuverability
that allows them to reach targets closely [14].

Second, Unmanned Ground Vehicles (UGVs), also known as ground robots, are de-
ployed in confined areas with limited space. These robots offer stable camera perspec-
tives for precise imaging and are capable of carrying heavy payloads required for various
SaR tasks [96]-[98]. Among UGVs, mobile robots are particularly valuable in SaR appli-
cations, due to their ability to operate in unstructured environments and their versatility
with diverse locomotion systems (e.g., wheels, tracks, legs) [99].

Third, Unmanned Surface Vehicles (USVs) operate on the surface of the water and
are suitable for cluttered marine environments. USVs can autonomously navigate on
the surface of water and may be equipped with mechanical features, e.g., robotic grip-
pers or arms, for object retrieval or flotation device deployment. The stable platform of
USVs also makes them suited for launching UAVs or for acting as a mobile base station
in maritime missions. These robots can also be used for monitoring coastal areas, de-
tecting sea mines, or handling chemicals which can cause health problems [100], [101].

Fourth, Unmanned Underwater Vehicles (UUVs) can dive underwater and provide
information, such as live videos, temperature, pressure, or depth. UUVs are essential in
underwater SaR tasks for locating sunken objects, inspecting submerged structures, or
detecting victims in shipwreck scenarios, especially where human divers cannot safely
operate. Other tasks that these robots can perform are underwater mapping or leak de-
tection [102], [103].

Humanoid robots are also used for SaR, even if less than other types of robots, due to
their slower speed, lower levels of autonomy, and more difficult mobility. Nevertheless,
their potential is high with regard to their ability to emulate closely human mobility and
dexterity, and being able, for example, to drive a vehicle, operate hand tools such as when
opening closed doors, climbing stairs, and moving over any type of terrain [104]. How-
ever, they are currently mostly used in manipulation tasks, such as casualty extraction or
injured victims transportation [105], or to provide imagery for victim detection as other
ground robots can do [106]. Other special types of robots include creeping and serpen-
tine robots, that are designed for maneuvering through highly constrained spaces and
for reaching locations otherwise inaccessible to conventional robots, even if at a slower
speed. These behaviors can be achieved thanks to the many more degrees of freedom
that they possess, compared to other robots [107].

In various cases, multi-robot systems (e.g., combinations of aerial, ground, and ma-
rine robots) are deployed in SaR operations [85], [106]. These systems are particularly
useful in large-scale disaster environments, as they allow for broader coverage, increased
robustness in case of individual robot failure, and decomposition of complex tasks into
simpler sub-tasks that can be performed concurrently [108]. Deployment of multi-robot
systems requires advanced coordination and perception mechanisms, including multi-
robot path planning and sensor fusion [72].
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Sensor Technologies in SaR: SaR robots are equipped with a large variety of sensors,
primarily used for mapping the environment, detecting humans, and tracking targets
[93]. These sensors include:

* LiDAR (Light Detection And Ranging) sensors are range finders based on laser (i.e.,
light) that calculate distances and are widely used for environment mapping.

* RaDAR (Radio Detection And Ranging) sensors and ultrasonic range finders (SONARs)
function similarly to LiDARs, but rely on radio and ultrasonic signals, respectively.
Their advantage lies in their robustness to lighting conditions and the color or
shape of objects [98].

* Cameras are among the most affordable sensors and provide rich visual informa-
tion, including the shape, size, and color of objects. Various types of cameras exist,
including:

— RGB (color) cameras for standard imaging [109],
— depth cameras for range sensing [110], and

— infrared or thermal cameras, which detect heat and are especially useful in
smoke-filled or dark environments [111].

* Gas sensors detect changes in gas concentration and are often employed in fire sce-
narios [98]. A sub-category of gas sensors, CO, sensors, can monitor the breathing
cycle of a victim, assisting with detecting health status or whether the victim is
alive [111].

o Temperature sensors are used to detect human body heat, also relevant for moni-
toring the health status of victims.

* Humidity sensors are useful in firefighting contexts, since humidity influences how
strongly fuel ignites.

° Heat sensors detect live beings, including humans, by measuring emitted infrared
radiation.

 Vibration sensors are deployed on the ground, indoors or outdoors, to detect move-
ments of victims.

e IMUs (Inertial Measurement Units) and GPS (Global Positioning System) receivers
are essential for robot localization.

* Microphones and speakers facilitate verbal communication between rescuers and
victims [111].

Perception, Planning, and Mapping Methodologies used in SaR: The main method-
ologies used by SaR robots can be categorized according to the three main topics covered
by this thesis, i.e., perception, planning, and mapping, as explained next.
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PerceptioninSaR: Robotic perceptionis a crucial field that enables SaR robots to gather
information from the surroundings and interpret it, thus enabling more complex behav-
iors such as planning, navigation, and mapping.

As cameras are the most common SaR sensors, the majority of the techniques used
in perception rely on computer vision, and usually such algorithms are based on deep
learning [72].

Semantic segmentation is the process where every part of the image is labeled, e.g.,
as road, building, sky, etc. [112]. In particular, all the adjacent pixels that form a specific
area are assigned the same class label and recognized as objects. These techniques are
mostly based on CNNs [113], [114].

Object detection deals with detecting instances of specific objects of a certain class,
e.g., victims, specific obstacles, or other particular SaR targets [115]. In fact, with respect
to segmentation, only the objects of interest are labeled. These algorithms involve deter-
mining bounding boxes for the candidate object in the images, and usually a connected
task is to localize these boxes to determine the object position. As for segmentation,
most of the object detection techniques are based on CNNs [116], [117].

Since deep learning techniques require a training phase before being em-
ployed, datasets are also developed specifically for SaR [118], [119].

When perception relies on data gathered from various sources, e.g., LIDAR data and
camera images, it is referred to as multimodal perception. In these cases, sensor fusion
techniques are employed to combine the information [120]. In SaR, the most important
data fusion applications concern images and depth information [72]. The algorithms
for sensor fusion are usually based on machine learning [121] or Kalman filters [122]. In
multi-robot systems, data fusion is also required to combine the environmental infor-
mation gathered from the sensors placed on different robots [123].

In addition to perceiving the environment, robots must also gather information about
their own states. In particular, localization of the robot, i.e., determining its position and
orientation in the environment, is a special topic where the robot should perceive infor-
mation about itself rather than the surroundings. It is based on sensors such as IMUs and
GPS receivers, and can be performed using state estimation techniques, such as Kalman
filters and their variants [19], computer-vision-based methods, such as point cloud pro-
cessing [96], or probabilistic methods, such as in Monte-Carlo localization, which uses
particle filters [106].

Planning in SaR: Robot planning is what allows SaR robots to be autonomous, be-
ing responsible for the decision in real-time about what they should do next. As every
typology of robots, SaR robots require appropriate control methodologies to operate au-
tonomously, as opposed to being teleoperated manually [19]. A middle ground is semi-
autonomous control, which allows sharing tasks between the robot and human opera-
tors [19].

In robot motion planning, the approaches can be distinguished between path plan-
ning, when a geometric path is designed without any specified time law, and trajectory
planning, where a time that the robot should reach and follow is assigned [124]. In sim-
pler cases, point-to-point control may be performed, where the robot moves directly to-
wards a target location without following a computed trajectory or path, but rather only
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pursuing the final position (and, in case, orientation) [111].

Therefore, to navigate autonomously, robots rely on path planning techniques, which
can be broadly divided into global and local path planning, depending on the level of
knowledge about the environment. Global path planning consists of selecting a com-
plete path using a pre-existing map. Local path planning, instead, addresses real-time
changes in dynamic environments, focusing on obstacle and collision avoidance and re-
active path adjustments. Common approaches for path planning include A* and its vari-
ants, such as D* [96], ant colony optimization [125], genetic algorithms [126], FLC [127],
and sampling-based methods, such as Rapidly exploring Random Tree (RRT*) [128].

Once a path is generated, control approaches are further required to track planned
trajectories or to follow designated paths. These techniques ensure that the robot main-
tains the desired position, orientation, and (angular and linear) velocities over time (kine-
matics control). For robots with multiple degrees of freedom, tracking the planned tra-
jectories involves coordinating the corresponding actuators (through kinetics control)
for obtaining the desired kinematics.

Common control approaches used for tracking planned paths include Proportional-
Integral-Derivative (PID) control [19] and MPC [129], [130]. Recent strategies leverage
reinforcement learning [131] or machine learning [132] to control complex components,
such as flippers in legged or tracked SaR robots. In multi-robot systems, path planning is
typically more comple, as it should consider coordination among multiple agents and
targets [133].

In connection with motion planning, obstacle avoidance is a fundamental compo-
nent of a path planning approach. The obstacle avoidance task can be divided into static
and dynamic obstacle avoidance, where generally in SaR both cases should be consid-
ered, since the SaR environments are usually dynamic [134]. These approaches are often
based on deep reinforcement learning [135], [136] or particle swarm optimization [137].

Mappingin SaR: Mapping is the process of generating a spatial representation, called
a map, of the SaR environment.

In unknown or dynamic environments, SaR robots must first perform exploration,
i.e., understanding the surrounding environment by gaining information through the
sensors of the robots, within bounded time [138]. A commonly used strategy for this
is frontier-based exploration [139], although alternative approaches, including (deep)
reinforcement learning, have also been proposed [140].

The goal of the exploration phase is to generate a map of the SaR environment, that
can be subsequently used for navigating inside the known map. For mapping, tech-
niques such as OctoMap, based on octrees, are commonly used due to their memory
efficiency and suitability for 3D space representation [106].

While the robot can rely on a known map, more efficient techniques are used to gen-
erate maps while navigating, without the need of previous knowledge, that often in SaR
context is also not usable since the environment is usually reshaped after a disaster. This
process, where a robot simultaneously plans its paths while building a map, is known as
active mapping [141].

In addition, to navigating effectively and localizing themselves, SaR robots typically
employ Simultaneous Localization And Mapping (SLAM) algorithms. These techniques
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allow robots to build a map of the environment, while simultaneously estimating their
own position within the environment. Common SLAM algorithms include Hector [142],
which fuses 2D laser scans, or Gmapping [106], based on particle filtering.

Human-robot Interaction in SaR: In real-world SaR, robots often operate in human-
robot teams. This requires the integration of robotics and Al technologies for effective
human-robot interaction and team cooperation [34].

Such approaches are used to distribute robots and humans in space, time, capability,
and role [143]. In such cases, the robots are no longer fully autonomous, but rather rely
on adjustable autonomy with human users. For example, approaches are also designed
to allow SaR operators to send commands to multi-robot systems, without choosing a
specific robot [144].

The human-robot interaction field also involves developing interfaces, such as graph-
ical user interfaces, to improve human-robot collaboration and allow a better switch be-
tween teleoperation and autonomous modes [145].

Simulation Models Used in SaR: In SaR missions, especially in dynamic, open spaces,
victims may be mobile. Therefore, models of victim behavior are used to simulate their
movements and interactions in open areas [86], as well as crowd evacuation models that
replicate how individuals exit buildings during emergencies [146], [147]. Additionally,
dynamic pedestrian models simulate the motion of people in crowded environments to
inform SaR simulations about realistic pedestrian behavior and motion patterns [148],
[149].

In firefighting scenarios, simulation models of fire dynamics may also be essential to
predict the spread of fire in both indoor and outdoor settings. These models typically
account for influencing factors, such as wind conditions and terrain slope [150]. A com-
mon framework for microscopic modeling of such phenomena is the cellular automaton
approach, which discretizes the environment into a grid to simulate local interactions
and fire propagation [151].

Such simulation models support planning, risk assessment, and the development of
effective SaR strategies under complex and evolving conditions.

KEY CHALLENGES ADDRESSED IN THE THESIS AND KEY CONTRIBUTIONS
This section outlines the main research challenges that are addressed in this thesis and
indicates which chapters are dedicated to each. After each challenge, the central contri-
butions of this PhD thesis are presented, given for each corresponding chapter.

Challenge 1: Formulating Model Predictive Control (MPC)-based Path Planning for Si-
multaneous Target Tracking and Area Coverage: While MPC has been used in Search-
and-Rescue (SaR) robotics, it has primarily focused on tracking pre-defined trajectories
generated by other controllers [152], [153]. However, leveraging MPC for exploration in
SaR environments, where reference trajectories are unavailable or should be generated
and adapted online, remains under-explored.

In typical target-oriented SaR, MPC is used to reach or follow given targets. However,
this approach faces two main limitations: First, uncertainty in target positions may lead
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to incorrect or empty locations. Second, in most missions, not all target locations are
known or estimated in advance, highlighting the significance of balancing target tracking
with environmental exploration.

Addressing these open challenges requires MPC formulations capable of dynami-
cally balancing the two mentioned competing objectives. Developing such autonomous
MPC-based systems constitutes a key contribution of this thesis.

Chapter 2 introduces the proposed novel MPC-based formulation for mission plan-
ning of SaR robots in dynamic environments. The MPC problem includes both target-
oriented and coverage-oriented objectives and constraints, while no reference trajectory
is provided in advance. We adopt a dynamic force-based evacuation model to represent
the movements of the victims, which are the targets that SaR robots should visit at least
once. We incorporate the uncertainties regarding the exact position of moving victims
and the evolution of these uncertainties into the MPC prediction model. A robust tube-
based variant of the proposed MPC formulation is adopted to deal with environmental
uncertainties in victims locations and robot motion model. We validate the approach
through simulations benchmarked against four state-of-the-art methods and real-life
laboratory experiments.

Challenge 2: Ensuring Robust MPC-based Navigation in Presence of Dynamic Ob-
stacles: A critical challenge in autonomous navigation for SaR robots is safe obstacle
avoidance, particularly in dynamic environments with moving obstacles. State-of-the-
art approaches, especially those using MPC, often assume static obstacles or rely on ad-
hoc reactive solutions that lack generalizability and robustness guarantees [154]—[156].

To tackle this challenge, this thesis employs a hierarchical control architecture: (i)
Nominal trajectories are generated offline, considering only static obstacles and deter-
ministic dynamics. (ii) A robust MPC-based tracking controller ensures that the robot
safely follows these nominal trajectories online, while compensating for dynamic ob-
stacles and bounded disturbances. Such two-tiered approaches ensure both safety and
efficiency in time-sensitive SaR deployments.

Chapter 3 presents this hierarchical control approach for motion planning and mo-
tion tracking for navigation in environments with dynamic obstacles. We develop an ar-
chitecture that integrates a heuristic path planner for real-time obstacle avoidance with
Robust Tube-based Model Predictive Control (robust TMPC) for trajectory tracking un-
der disturbances and model mismatches. Comparative evaluations demonstrate supe-
rior performance in safely reaching specified targets over existing methods, including
state-of-the-art versions of Rapidly exploring Random Tree (RRT*) and Artificial Poten-
tial Function (APF) for path planning.

Challenge 3: Achieving Reliable Camera-based Perception for Target Tracking and
Collaborative Mapping: Affordable SaR robotics is crucial, especially in resource-limited
contexts [157]. While conventional sensors, e.g., LIDAR (Light Detection And Ranging),
RaDAR (Radio Detection And Ranging), and thermal cameras offer high accuracy, their
cost is prohibitive. In contrast, RGB cameras offer a cost-effective solution for percep-
tion of SaR robotics, with broad applicability, including mapping, object detection, and
tracking, integrating computer vision and deep learning techniques [158], [159].



18 1. INTRODUCTION

These cameras may be mounted on robots to capture images or video streams of
the environment and to extract meaningful inferences through computer vision tech-
niques. When deployed on flying robots, which offer rapid aerial coverage, challenges
include camera instability and limited effectiveness in confined spaces. In contrast,
ground robots provide stable, close-range imagery and can access narrow or cluttered
environments, but they typically move at a slower pace than flying robots.

This thesis integrates complementary strengths of both platforms by fusing camera
views captured by flying and ground robots. This enables more accurate, real-time per-
ception for both target tracking and area mapping.

Chapter 4 of the thesis details the integration of camera-based perception from fly-
ing and ground robots for target tracking and area mapping. We extend the pose esti-
mation module of YOLO (You Only Look Once) for estimating unobserved key points of
detected human bodies, as well as the distance of the victim from the ground robot that
has captured its image. Sensor fusion from the streams of aerial and ground robots is
performed for trajectory tracking and terrain elevation estimation via homography. For
all these three parts, experiments have been designed and performed in real world, all
validating the precision and reliability of the proposed perception techniques.

Challenge 4: Scaling Multi-robot Mapping while Maintaining Efficiency and Robust-
ness A core objective in SaR missions is to reduce the mission time while increasing
the area coverage [160]. Robots should alleviate human workload, rather than increas-
ing it, by efficiently operating in a fully-autonomous or semi-autonomous way. Achiev-
ing this requires scalable and efficient multi-agent control methods that optimize speed
and spatial coverage in real time.

This thesis introduces the Multi-agent Model-Predictive Fuzzy logic Control (M2PFC)
framework, a novel bi-level control architecture that integrates the optimal decision mak-
ing capabilities of MPC with adaptive responsiveness of Fuzzy Logic Control (FLC). This
integration allows high-level constrained optimization, while maintaining low-level re-
active control under the uncertainties inherent to SaR environments.

We address the limitations of centralized, decentralized, and distributed schemes —
respectively, computational bottlenecks, poor coordination, and communication heav-
iness — by integrating their strengths into a two-layer design that offers both scalability
and robustness.

Chapter 5 presents the M2PFC framework, an architecture based on FLC and MPC,
offering efficient multi-robot mapping of unknown SaR environments. We propose a
bi-level control framework that systematically integrates predictive optimality of MPC
and time-efficient, human-inspired responsiveness of FLC, using event-triggered tun-
ing for decentralized control and global coordination maintenance. The performance
of the M2PFC framework is validated for autonomous multi-robot path planning in SaR
missions, considering a grid-based dynamic environment involving propagating fire. In
addition to performance analysis, we execute sensitivity analyses with regard to various
control parameters and assessment of different design configurations.

Challenge 5: Coordinating Multiple Unmanned Aerial Vehicles (UAVs) to Maintain Best
Viewpoints During Wildfire Suppression Flying robots — also called UAVs — are par-
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ticularly promising for wildfire suppression in SaR missions, due to their maneuverabil-
ity, wide Field of View (FoV), and capacity to quickly cover large areas [14], [15]. Au-
tonomous coordination of these UAVs poses several scientific challenges, particularly
for auxiliary UAVs, which should navigate autonomously to maintain best viewpoints
of ongoing suppression and to monitor dynamic fire behavior and other robots, while
avoiding collisions.

To address this challenge, this thesis integrates optimization-based and reactive con-
trol approaches [25], [161], [162]. In particular, we employ Task Hierarchical Control
(THC) [66] for prioritized multi-task execution, Path Integral Control (PIC) [21] for tasks
that demand optimality, and best viewpoint planning methods [83] for effective visual
coverage.

Chapter 6 introduces the hierarchical and optimal control framework for coordi-
nated multi-UAV systems that maintain the best viewpoints during wildfire suppres-
sion missions. We achieve sustained, occlusion-free Fields of View (FoVs) for auxiliary
UAVs, centered on a target fire extinguishing UAV, by introducing a novel Line-of-Sight
(LoS) obstacle avoidance method combined with best-viewpoint planning, THC, and
PIC. Case studies through computer-based simulations, modeling a 3D environment,
validate the effectiveness of the proposed approaches in wildfire scenarios.

Challenge 6: Enabling Trustworthy Human-in-the-loop Decision Making for Robot-as-
sisted Firefighting Inrobot-assisted firefighting, maintaining a balance between robot
autonomy and meaningful human control is critical. While increasing robot auton-
omy reduces operator workload, it risks diminishing moral responsibility and situational
awareness of humans. Conversely, excessive reliance on human input may slow down
the operation and reduce the benefits of automation.

Achieving effective collaboration between humans and autonomous robots requires
robots to make decisions transparently and in ways that humans can trust and inter-
pret. This introduces key challenges, including how to support real-time, explainable
decision making by robots balanced with human preferences, how to determine what
information to communicate with humans, and how to support trustworthy collabora-
tion between humans and robots.

This thesis addresses these challenges by leveraging FLC to autonomously determine
temporary navigation targets for robots which behavior is shown using Explainable Ar-
tificial Intelligence (XAI) methods [43]. This provides interpretable explanations that as-
sist decision making by human operators.

Chapter 7 presents this human-in-the-loop framework for firefighting scenarios. We
design an architecture that integrates FLC-based robot autonomy with XAl-enabled hu-
man oversight. The system proposes navigation targets with interpretable justifications.
This allows human operators to retain meaningful control and situational awareness in
firefighting missions.







A NOVEL MPC FORMULATION FOR
DYNAMIC TARGET TRACKING WITH
INCREASED AREA COVERAGE FOR
SEARCH-AND-RESCUE ROBOTS

Robots are increasingly deployed for search-and-rescue (SaR), in order to speed up res-
cuing the victims in the aftermath of disasters. These robots require effective mission
planning approaches to determine time and space-efficient trajectories that steer them
faster towards (moving) victims, while dealing with uncertainties. Model predictive con-
trol (MPC) is an effective optimization-based control approach that has been used to steer
robots along reference trajectories determined by higher level controllers. Determining the
trajectory of the robots directly via MPC has the advantage of optimizing multiple SaR
criteria while handling the constraints. We, thus, introduce a path planning approach
based on MPC for indoor SaR robots that allows the robot to systematically chase the mov-
ing victims, when no reference trajectory is provided. The proposed approach combines
target-oriented and coverage-oriented search, and allows for systematic handling of envi-
ronmental uncertainties, by deploying a robust tube-based version of the introduced MPC
formulation. In addition, we model the movements of the victims for MPC, by adopt-
ing an existing evacuation model. We present a case study, using Gazebo, MATLAB, and
ROS, where the performance of the proposed MPC controller is evaluated compared to
four state-of-the-art methods (two target-oriented methods based on MPC and A* and
two heuristic algorithms for area coverage). The results show that, while robust to un-
certainties, our approach overall outperforms the other methods, with regards to victim
detection, area coverage, and mission time.

Parts of this chapter have been published in Journal of Intelligent & Robotic Systems 110, 140 (2024) [1].
M. Baglioni contributed to the methodology, performed the simulations, assessed the results, and wrote the
chapter. A. Jamshidnejad contributed to methodology, results, and editing as PhD supervisor.

21



22 2. MPC FOR COMBINED TARGET TRACKING AND AREA COVERAGE IN PATH PLANNING

2.1. INTRODUCTION

ECENTLY Search-and-Rescue (SaR) robots are increasingly used in dangerous and
R complicated stages of SaR [12], [13], [15], [18]. Robots are expendable and can ac-
cess locations that are inaccessible to humans. By taking over dangerous tasks, robots
allow humans to contribute to other tasks, e.g., providing medical and emotional sup-
port for victims [16], [17]. Novel control approaches are needed to enable robots to au-
tonomously and time-efficiently search for trapped people [19].

Model Predictive Control (MPC) [20] is an optimization-based control approach that
explicitly incorporates various state and input constraints, and finds balanced trade-offs
between various objectives of SaR missions. Furthermore, robust versions of MPC have
been established (see, e.g., [26], [31], [38]) that, if adopted for SaR robots, will maintain
their performance in presence of uncertainties [36], [37], [96], [133]. While a well-known
challenge of MPC methods is the demanding computations, a vast number of literature
exists that propose alternative approximate MPC methods to tackle this challenge (see,
e.g., [163], [164]).

Although MPC has been used for SaR robotics, the applications mainly concern track-
ing a reference trajectory that is determined by another controller [152], [153]. However,
exploiting the advantages of MPC for systematic exploration of SaR environments when
no reference trajectory is available or when it is desired to determine this trajectory di-
rectly via MPC remains limited (see Section 2.1.1). Additionally, reference-tracking MPC
is used for target-oriented SaR, whereas optimizing the area coverage, next to moving to-
wards the target victims, possesses two main advantages: First, the estimated positions
for the target victims are usually prone to uncertainties. Therefore, a solely reference
point tracking method may lead the robot to places without victims and thus, the robot
should include exploration to its tracking task. Second, area coverage is essential for
various SaR missions, in order to find unknown victims or other important targets (e.g.,
explosives). Running the area coverage and target tracking as two separate or sequential
missions will pose additional challenges regarding real-time communication and data
exchange and coordinating the robots, and will result in increased mission time, over-
populating the area with robots, etc. Designing an MPC system that determines on the
go, according to a constrained (multi-objective) optimization problem, which of the two
tasks the robot should take will eliminate those issues.

In this chapter, we propose a novel formulation based on MPC for autonomous de-
cision making of SaR robots, when no reference trajectories exist and the path should
be planned by MPC itself. Our main motivation for determining the trajectory of the
robots directly via MPC is to optimize the SaR mission with respect to time and the area
coverage, especially the coverage of areas that potentially include victims, and to sys-
tematically handle the hard constraints via SaR robots. The area coverage problem is
dynamic, due to the possibility of movement of the victims or obstacles. Moreover, our
main aim is to adopt MPC for systematic combined target and coverage-oriented SaR,
while handling various state and control constraints. Satisfying constraints, e.g., avoid-
ing obstacles, fire, and collision, reaching specific terminal targets, and incorporating
the limits of the actuators and the kinematics of the robots, is crucial for SaR robots.

The proposed generalized MPC-based framework can be adopted for mission plan-
ning of robots for various environments, targets, robots, and unmodeled disturbances in
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SaR missions. This framework will exploit the unique characteristics of MPC for mission
planning of SaR robots. Moreover, various models for the SaR environment, dynamic
targets (e.g., victims), and robots and their actuators can be plugged into MPC as pre-
diction models, which significantly expands the applicability and generalizability of our
proposed framework.

The main contributions of this chapter include:

* Anovel MPC-based formulation for mission planning of SaR robots in dynamic en-
vironments is introduced. While MPC for SaR robots has mainly been used for (ro-
bust) reference tracking, which leads the robot to specific targets (target-oriented
SaR), we formulate an economic MPC problem that includes both target-oriented
and coverage-oriented objectives and constraints. This will significantly improve
the efficiency and effectiveness of search-and-rescue, without having a reference
trajectory.

* We adopt a dynamic force-based evacuation model to represent the movements
of the targets (victims). We also incorporate the uncertainties regarding the exact
position of the victims and the evolution of these uncertainties into the model,
which will be used by MPC as prediction model. The proposed control approach is
not limited to this particular model and may be integrated with different dynamic
models for victim/target movement.

* We design and run a case study (implemented in MATLAB, ROS, and Gazebo) to
assess the performance of the proposed MPC method with respect to four dif-
ferent state-of-the-art methods, that are dedicated target-oriented or coverage-
oriented approaches. For the case study, we adopt a robust tube-based version of
the proposed MPC formulation, in order to deal with environmental uncertainties
included in victims locations and in the robot model. We also include the results
of real-life experiments in the lab.

The remainder of the chapter is structured as the following. Section 2.1.1 provides
a background discussion about the control of SaR robots for various SaR objectives. In
Section 2.2, we describe the proposed methodologies, including the MPC formulation
and the dynamic model for the movement of the victims. In Section 2.3, we show and
discuss the results of a case study that compares our approach with four different state-
of-the-art methods for simulated indoor SaR missions. Finally, Section 2.4 concludes
the chapter and proposes topics for future research. Moreover, Table 2.1 shows the com-
monly used mathematical notations.

2.1.1. BACKGROUND

Considering the main objectives of their control systems, SaR missions may be cate-
gorized as coverage-oriented [165], [166] and target-oriented [96], [133]. In coverage-
oriented SaR, exploring the SaR environment and finding the victims [167]-[170] is the
focus of the control system, whereas in target-oriented SaR the control system aims
at reaching a specific target (e.g., an exit) [171]. The most commonly used coverage-
oriented approaches for mission planning of SaR robots include heuristics techniques
(e.g., bug algorithms [172], potential fields methods [173], fuzzy logic control [48], and
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Table 2.1: Table of frequently used mathematical notation

| MPC
Variable | Description
A; (k) Area that is expected to include victim i at time step k
CP(k) Circular area representing the perception field of the SaR robot at time
step k
k¢ Control time step
o Simulation time step
MEVEC Mapping corresponding to “Evac” crowd evacuation model
NP MPC prediction horizon
roP (k) Position of the robot at time step k
TC Control sampling time
v™P(k) | Linear velocity of the robot at time step k
w™P(k) | Angular velocity of the robot at time step k
x"P (k) Coordinate x of the robot at time step k
y™©P(k) | Coordinate y of the robot at time step k
orb (k) Orientation angle of the robot at time step k
¢ Threshold used by MPC for intersection of the areas CP(k) and A; (k) to
stop chasing victim i
| Evacuation model
Variable ‘ Description
F;(k) Total external force on victim i at time step k
F} i (k) Social force between victims i and j at time step k
Fl.cj (k) Contact force between victims i and j at time step k
Fla] (k) Attraction force between victims 7 and j at time step k
F? (k) Social force between victim i and static obstacle o® at time step k
F; (k) Contact force between victim i and static obstacle o0° at time step k
F?Od (k) | Attraction force between victim i and dynamic obstacle o9 at time step k
I; Moment of inertia of victim i
m; Mass of victim i
r} (k) Position of victim i at time step k
T; (k) Total external torque on victim i at time step k
Tl.s(k) Torque of the social force on victim i at time step k
Tl.c(k) Torque of the contact force on victim i at time step k
Tm (k) Torque of the motive force on victim i at time step k
v? Velocity vector field of victim i
v} (k) Linear velocity of victim i at time step k
ni (k) Fluctuation torque component on victim i at time step k
07 (k) Orientation angle of victim i at time step k
&i(k) Fluctuation force component on victim i at time step k
Ti Time relaxation parameter of victim i
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particle swarm optimization [137]). Graph-based [174], [175] and optimization-based
control approaches, including MPC, are often used in target-oriented SaR. An extensive
literature survey shows that the use of MPC in coverage-oriented SaR is rather limited
(see, e.g., [25], [30], [176]-[178]). In particular, MPC is used for reference tracking [152],
i.e., when a reference path that steers the robot to a specific known destination is avail-
able.

We first discuss some state-of-the-art coverage-oriented approaches. Although the
focus of our chapter is on single robot control, in order to properly cover various control
methods, we consider papers with both single and multiple robot systems. Since most
approaches decompose the environment into cells, a main classification of coverage-
oriented methods includes exact and approximate decomposition methods. Using an
exact decomposition, Agarwal and Akella in [179] consider a multi-robot system for ex-
ploring a given 2-dimensional area, where the robots have constraints on their flight time
and battery life. The problem is transformed into a line-coverage one, which is then
solved by a graph-based method. In [180], a coverage-oriented path planning method
based on approximate cellular decomposition is proposed that is shown to reduce the
coverage overlap. Their approach, however, does not account for dynamic obstacles and
uncertainties. In [181] a bio-inspired ant colony optimization algorithm is proposed,
where variable velocities are introduced for the ants, in order to find sub-optimal paths,
while reducing the overall path planning time. This approach resulted in improved com-
putational efficiency and reduced repetition in covering the same areas. In [182] four
methods are proposed for discrete-space path planning of Unmanned Aerial Vehicles
(UAVs) in SaR missions. Using fuzzy logic, a map of the search area is generated where
places with a higher risk and a higher probability of finding the victims are specified. The
four methods for path planning are based on artificial intelligence, and thus systematic
obstacle avoidance and optimization of the control inputs have not been considered. In
[183] a distributed particle swarm optimization algorithm for path planning of a multi-
robot SaR system is proposed. The robots use artificial potential functions to avoid static
obstacles in the environment and to reach the victims. With respect to classical particle
swarm optimization methods, through the introduction of a repulsive force among the
particles and robots, the performance is improved considering exploration of the area
and avoiding collisions between the robots. However, uncertainties in the SaR environ-
ment and dealing with moving obstacles have not been considered in [183]. In [184], a
coverage path planning algorithm for multiple UAVs is proposed, for a SaR scenario with
wind. The authors perform sensitivity analysis with different sizes of the scenario and
number of UAVs, and they show good performance even with large scenarios and a large
number of UAVs, for which the algorithm speed may also decrease. However, obstacles
are not considered, and in addition they make strong assumptions on the wind direc-
tions in connection with the UAVs direction, so robustness to real-world uncertainties
may not be achieved. In [11], a case study is designed for multiple UAVs that explore
a SaR environment. They address search and coverage control, where they show how
much coverage of the area they can achieve with cooperative or non-cooperative meth-
ods, i.e., when exchange of information among robots is present or not. They validate
their method in both computer-based simulations and laboratory experiments, also in
the presence of uncertainties. However, they make high simplifications on the robots
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models, including constant flying altitude and speed, therefore the applicability in real-
world scenarios might be limited. Other papers that have considered heuristic control
of SaR robots include [185]-[189], which particularly focus on reinforcement learning. A
main challenge with reinforcement-learning-based approaches, however, is that these
methods do not systematically incorporate the constraints of a SaR mission. To summa-
rize, optimality (as a balanced trade-off) with respect to multiple competing criteria and
incorporation of constraints are not systematically handled by these approaches.

In [25] a control architecture including an MPClayer is presented for combined target-
oriented and coverage-oriented mission planning of SaR robots. The architecture is suit-
able for multi-robot systems and the main task of MPC is coordination of the robots,
rather than directly steering them based on the solutions of a constrained multi-objective
optimization problem. The robots are steered by individual local heuristic fuzzy logic
controller towards various targets. In summary, the common aspect of this chapter and
[25] is in adoption of MPC for systematic maximization of the coverage of (partially) un-
known SaR environments. However, while in [25] MPC is a supervisory layer that only
acts when local fuzzy logic controllers fail to cover the area above a given threshold, in
this chapter a reformulation of the objective function and constraints of MPC is pro-
posed for direct steering of SaR robots. The resulting framework is generalizable, as ex-
plained earlier, and exploits the unique advantages of MPC for various SaR scenarios.

Since the architecture in [25] follows the same objective as this chapter, i.e., ap-
proaching more target victims, while maximizing the area coverage, we compare the
performance of our approach with that architecture.

In [30] distributed MPC is used for discrete-space and discrete-time path planning of
a cooperative multi-drone system that searches an outdoor environment. The objective
of MPC is to determine the speeds and roll angles of the drones in order to maximize
their reward for visiting the cells of an environment, which is prone to changes due to
the wind flow. In [190], Carron and Zeilinger propose a coverage control method based
on nonlinear MPC for a multi-robot system with nonlinear dynamics and state and in-
put constraints. Moreover, a distributed coverage control problem is solved in [176] via
MPC. The approaches in both papers converge to a centroidal Voronoi configuration.
Our problem differs from that in these papers, since we seek a trade-off between sys-
tematic chasing of dynamic targets in uncertain environments (which is not considered
in [190] and [176]) and maximizing the area coverage dynamically. In [177] and [178],
Ibrahim et al. present control approaches for path planning of robots for area coverage,
based on MPC. Compared to their bi-level discrete-space approach, we employ only one
level of MPC for a continuous-space problem. The last two papers introduce dynamic
obstacles within the environment that the robot should avoid. This is different from our
problem where some dynamic victims are assigned as targets for a robot and the robot
should estimate the future evolution of their movement, including possible uncertain-
ties, and chase them time and space-efficiently.

Next, we give an overview on papers that consider target-oriented SaR. The num-
ber of papers in this category that use MPC for path planning is much more vast com-
pared to coverage-oriented SaR. In [191], a path planning approach based on decen-
tralized robust MPC is proposed for cooperative, collision-free navigation of multiple
wheeled robots in an unknown, static, and cluttered environment towards static tar-
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gets with known positions. One MPC layer is used to determine way-points according
to nominal trajectories for the robots, and a second MPC layer uses a robust approach
to track these trajectories despite uncertainties. Farrokhsiar et al. develop a two-layer
robust tube-based MPC controller in [192] for motion planning of a unicycle robot that
should reach a static target with a known position in a cluttered environment. Their re-
sults show that the robust tube-based MPC controller stabilizes the position of the robot
around the planned nominal trajectory in dynamic cluttered environments.MPC is also
used in [193] for mission planning of an autonomous ground robot in an unknown en-
vironment with static obstacles that should reach a static target with a known position,
while maintaining a safe distance from the obstacles. The robot has access only to in-
formation within its perception field, and accordingly determines intermediary goal po-
sitions and moves towards them using an MPC controller with two possibly competing
objectives, i.e., reduction of the mission time and the energy consumption. While the re-
sults show good performance and constraint satisfaction in an environment with static
obstacles, dynamic obstacles and targets, and uncertainties in the position of the tar-
get(s) remain topics for future research. In [153] MPC is used in an outdoor mission with
an unmanned aerial vehicle for tracking dynamic targets with known initial positions
and speeds, considering the wind flow, in an obstacle-free environment. Within recent
papers in the category of target-oriented SaR missions that are not based on MPC, in
[194] an exploration approach based on reinforcement learning for multi-agent SaR is
proposed, where the agents should reach multiple targets. The authors show that their
proposed method achieves higher success rate, compared to a frontier-based method
and other reinforcement learning approaches, because they are able to better track un-
known dynamic targets, but they do not show the performance compared to standard
planning approaches such as artificial potential fields or sampling-based approaches. In
addition, obstacles are not considered, limiting the applicability to uncluttered environ-
ments. In [195], a path planning algorithm for UAVs based on Rapidly exploring Random
Tree (RRT*) is proposed, involving a modified sampling strategy that, by increasing the
amount of samples in regions with higher densities of obstacles and vice versa, adapts
to specific characteristics of the environment to enhance efficiency of target searching.
This modified approach demonstrates improved success rates and reduced computa-
tional complexity compared to conventional path planning methods based on earlier
versions of RRT*, particularly in scenarios with high obstacle densities. However, a no-
table limitation of this approach is restricted realism and applicability, due to neglecting
the dynamics of the UAV that otherwise would allow to improve maneuvering efficiency,
however this is challenging because it cannot be inserted as a constraint on the way-
points as it is currently done. In [196], a mission planning approach is proposed for
UAVs that perform search in a dynamic environment with uncertainties. Similarly to the
approach in this chapter, they allow for switching between tasks of area coverage and
target surveillance, but, nevertheless, the model of dynamic targets does not achieve the
detailed modeling that we achieve in this chapter in order to systematically track and
chase the targets.

In connection to the topic of this chapter, we also consider works on search and
pursuit-evasion in mobile robotics [197]. In [198], a distributed algorithm for target
tracking by a group of pursuers is presented, introducing a modified version of the Voronoi
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tassellation that generates collision-free areas. The pursuers are capable of tracking the
dynamic target even with an uncertain position. A drawback of the approach is that the
presence of a barricade of obstacles does not allow reaching the target. In this field, there
are also works that use MPC. In fact, in [199] an MPC approach is proposed and com-
pared to a game-theoretic method. It is shown that MPC can solve this problem with less
information required and with a similar performance. In more detail, in [200] the same
authors show that MPC requires less information to solve pursuer-evasion games, where
in particular the position of the opponent is required, but its orientation and dynamics
are not. In [201] De Simone et al. introduce a pursuer-evader problem for humanoids in
presence of obstacles. Firstly, unicycle models are used to generate reference velocities,
and lastly, MPC is used for tracking them for stable gait generation.

Finally, other related topics are robot exploration and target-driven navigation. The
first group include studies that discuss and propose exploration approaches, many of
which use learning-based techniques, that can be reinforcement learning [202] or deep
learning [203]. In particular, in [140] deep reinforcement learning is combined with the
more traditional approach of frontier-based exploration for autonomous exploration of
unknown cluttered environments by a SaR robot, while in [204] an approach based on re-
inforcement learning is used that can leverage structural regularities of the environment,
robustness to errors in state-estimation, and flexibility with respect to input modali-
ties, or also in [205] a multi-robot exploration strategy in presence of communication
dropouts is presented. The second group includes papers on navigation approaches
guided by target information, where many use reinforcement learning [206], [207], foun-
dation models based on deep learning [208], [209], or solve optimization problems [210].
In more detail, [206] proposes a navigation approach to reach a target only using vision
information based on two networks that respectively explore the environment and lo-
cate the target, or in [207] an attention-based method is proposed to learn to navigate
by leveraging an episodic memory that embeds previously-visited states, while in [211] a
frontier-based exploration method that exploits visual information to navigate towards
unseen semantic objects is presented.

2.2. PROPOSED METHODOLOGIES

In this section, we explain our proposed methodology, including the problem definition,
assumptions and models, and mathematical formulations.

2.2.1. PROBLEM STATEMENT

The SaR control problem is formulated within a discrete-time and continuous-space
framework. We consider an autonomous ground robot that follows the standard uni-
cycle model (see Section 2.2.2 for details). This robot should explore a partially known
2-dimensional SaR environment &, while chasing specific moving targets. Figure 2.1 il-
lustrates an example of a SaR environment and its static and dynamic elements. More
specifically, the SaR environment contains a time-invariant set @ of sub-areas occupied
by static and closed obstacles, e.g., debris and stones with generally arbitrary shapes (see
the dashed cyan shapes in Figure 2.1; set @ also includes a safety margin for the robot
around each obstacle), and a time-varying set @4 (k) of sub-areas occupied by moving
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Figure 2.1: Search-and-rescue environment at initial time step k = 0 including the SaR robot and its per-
ception field CP(0) (illustrated with a solid green circle), three victims and their approximate initial areas
A1(0), A2(0), A3(0) that represent the uncertain locations of the victims (illustrated with dash-dotted grey cir-
cles in case of target victims, or with dash-dotted uncolored circles in case of non-target victims), static obsta-
cles (illustrated with dashed cyan circles), and the exit (illustrated by a star symbol).

objects at time step k, e.g., victims (G4 (k) includes a safe margin that allows the robot to
get as close as needed to its target victims, without crashing into or disturbing them).
The assumptions used are given below:

Al The robot is associated with a set 7 of NV moving target victims and is initially
given aset of ={A;(0),..., Axyv(0)} of NV closed circular areas that represent the ap-
proximate initial location of each target victim (i.e., er(O) € A;(0),withi=1,...,N).
Victim i is assumed to initially be inside area A;(0). Before the robot detects a tar-
get victim, it only has knowledge about the approximate initial area A;(0) of the
victim. Thus the robot predicts the evolution and transition of areas A; (k) in time
according to a victims movement model.

A2 An initial exploration phase of the environment has already resulted in knowledge
about the approximate initial location of the victims and the position, size, and
number of the static obstacles. In real world, the bounded uncertainties corre-
sponding to the areas where victims are located may be estimated based on the
likely whereabouts of the victims (e.g., offices, canteens, bedrooms), depending
on the functionality and expected number of inhabitants of the building, size and
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position of the rooms, time of the day.

A3 From every position in the environment, where the robot may be placed, there is
a feasible path to the final target of the robot (i.e., the exit).

A4 The robot has perfect knowledge of its own states at every time step.

A5 The robot is equipped with a sensor with a circular perception area CP (k) of fixed
radius 7P (see the solid green circle in Figure 2.1). The center of the perception field
always coincides with the position (xmb(k), ymb(k)) of the center of gravity of the
robot. The sensor has perfect perception. At every time step, the sensor provides
a map of the sub-area that is encountered by CP (k), including the shape, size, and
location of the perceived obstacles'. The control system assumes that the target
victim i has been detected when the surface of the intersection area for CP (k) and
A; (k) has reached a specific threshold, given as a percentage of A; (k).

The robot uses a dynamic model to predict the evolution of the approximate areas
A (k),...,Anv(k) in time (see Section 2.2.2 for details), which may be influenced by a
motive force field, social forces among the victims, and repulsion forces with respect to
static obstacles.

The aim of this chapter is to develop a dynamic and online mission planning control
system for the robot that steers the robot within the free space &\ (6° U G4(k)) towards
its final destination (an exit represented by a star symbol in Figure 2.1) in the shortest
possible time, while the robot maximizes a trade-off between its area coverage and the
possibility of visiting more target victims from the set 7, continuously satisfying the hard
state and input constraints. Therefore, the SaR problem should be formulated as a com-
bined target-oriented and coverage-oriented multi-objective MPC problem that incor-
porates all the constraints (see Section 2.2.2 for details).

2.2.2. MPC FOR COMBINED DYNAMIC TARGET CHASING AND AREA COV-
ERAGE

We first explain the models used for the mobile robot and for movement of the victims.

Then we detail the MPC formulation.

KINEMATICS MODEL FOR THE GROUND ROBOT
For the robot, we consider the following kinematics model, which is a standard unicycle
model:

XP (kS + 1) = xP (k%) + v™P (k®) cos (6P (k%) T® + 5 . (k°) (2.1a)
YOP (kS +1) = y™P (k%) + 0P (k%) sin (0™P (k%)) T° + 8 , (k) (2.1b)
where [r“’bT(Ics),H“)b(ks)]T is the state vector of the robot at simulation time step k%,

with 7P (k) = [x™°P (k$), ymb(ks)]T including the x and y coordinates corresponding to
the center of gravity of the robot and the angular position of the robot with respect to

1Sensor fusion and robustness to sensor inaccuracies are out of the scope of this chapter and are thus assumed
to be provided for the robot.
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Figure 2.2: Two-wheeled ground mobile robot schematic.

the horizontal axis (see Figure 2.2). Moreover, v™P (k%) is the linear velocity of the robot
at simulation time step k® and T° is the simulation sampling time. The model mismatch
with respect to the real robot is formulated via bounded uncertainties 5, (k®) and 6 , (k®);
these uncertainties can represent the non-smoothness of the terrain in a SaR environ-
ment, that makes the robot real position deviate from the nominal one. With this model,
we assume that the linear and rotational motions of the robot are decoupled, i.e., at the
beginning of every simulation sampling time, the robot makes a rotation according to
6™P (k) (with its maximum possible angular speed and in a negligible time) and contin-
ues its movement according to v™P(k%). Note that the linear velocity v (k%) and the
angular position grob (k®) are control inputs (i.e., optimization variables of the MPC).

DYNAMIC MODEL FOR MOVEMENT OF THE VICTIMS

In order to model the movement of the victims and thus estimate the evolution of their
approximate areas, we consider the crowd evacuation model FDS+Evac [146], which is a
well established model used, e.g., in [212]-[214].

Remark 1. Our approach is independent of the selected crowd evacuation model, and
thus a different model can be used. For this reason, the application is not limited to SaR.
However, in order to properly use FDS+Evac model, in case moving obstacles exist in the
SaR environment, the robot should be aware of them and should have a model of their
motion.

In FDS+Evac model, the movements including the position and orientation of hu-
mans in a disaster scene are driven by (physical and virtual) forces and torques, such
as the contact forces and the gravity, as well as the psychological forces, based on the
social force model by Helbing and Molnar [215], that are exerted by the environment.
The movement trajectories of the victims in this model are formulated in continuous
time and continuous space. The equations of motion for target victim i (i = 1,...,N")
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are given by:

d?ry (0

mi— =F;(t)+&;(1) 2.2)
d6Y(r)

Ii? =Ti(0)+n;(1) 2.3)

where m; is the mass of target victim i, r;' (1) = [x} (1), y:.’(t)]T is the position of the target
victim at time instant ¢ with x;.’(t) and y:.’(t) the x and y coordinates, F;(t) is the total
measured external force on target victim i at time instant ¢, &;(¢) is a random fluctuation
force at time instance 7, I; is the moment of inertia of target victim i, 6 () is the angular
position (i.e., heading) of the target victim at time instant ¢, T;(¢) is the total measured
external torque on the target victim at time instant ¢, and n;(#) is a random fluctuation
torque at time instant ¢. The fluctuation components &(¢) and 7;(f) are part of the un-
certainties that affect the control system of the robot.

The total measured external force and torque on target victim i are given by:

mi o v X s c a
Fi()= @) = o))+ Y- (5 (0 + Ff (0 + Ffy () +
i j=1

J#i
Y (Fips+Fis()+ 3 Fi 1) (2.4)
0%€0s odedd(p)
Ti(0) = T} () + T (1) + T} (2) 2.5)

In (2.4), the first term on the right-hand side corresponds to the motive force on the tar-
get victim whose intended velocity at time instant ¢ (i.e., the time derivative of rY (1)) is
v (1), and v? is the velocity vector field, which steers the target victim towards an exit
of the building. The relaxation time parameter 7; is an indicative of how fast the target
victim reaches the intended speed. The second term in (2.4) corresponds to the interac-
tions among victim i and other target victims, including social, contact, and attraction
forces. The third term corresponds to the interactions between target victim i and static
obstacles in the SaR environment, including the social and contact forces. The last term
represents other interactions among the victim and the SaR environment, including the
attraction forces with respect to the moving or propagating obstacles (e.g., fire-human
repulsion). In (2.5), the three terms on the right-hand side are the torques corresponding
to the social, contact, and motive forces, respectively. For a more detailed description of
the force and torque components in (2.4) and (2.5), see [146]. In our model, the forces
and torques exerted by the other agents are instead exerted by each victim area A;(k®),
which location is indeed available for the robot. Since our SaR problem is formulated
in discrete time, a discretized version of (2.2)-(2.5) formulated as a first-order difference
equation for the state vector s;’ can be used, i.e.,

SYUS +1) = £ (7 06%), Foel e ) 2.6)
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and for further details, see [216].

Remark 2. For the ease of computations, after each evolution of A; (k%) one may consider
the convex hull of the resulting area. However, when the degree of non-convexity is large
(i.e., the ratio of the surface of the convex hull and the surface of the original area is larger
than a threshold), we allow the area to separate into different sub-areas and then consider
the convex hulls of these sub-areas. This means that there may be more than one potential
area in the SaR environment that embeds that particular victim. As soon as the victim is
detected by the robot, all these sub-areas will be removed from the memory and prediction
module of the robot. Moreover, whenever the surface of A; (k%) N A;(k®) for two different
victims i and j is larger than a specific percentage of the surface of the smaller area, the
two victims are assumed to approach each other to move on as a team. Therefore, their
approximate areas will be merged. With regard to the evolution of the areas A;(k®), their
motion is obtained by considering each point of the border of A;(k®) moving based on
(2.2)-(2.5).

Remark 3. In large-scale implementations, to improve the computation time whenever
CP(k®) N A;(k®) # @, but the victim is not yet detected (see Figure 2.3), the intersection will
be excluded from the approximate area A; (k®).

FORMULATION OF MPC FOR COVERAGE-ORIENTED SAR

The main idea of robust tube-based MPC approach is to decompose the control prob-
lem into two problems [217], where first a deterministic nominal MPC problem (consid-
ering the nominal models and no disturbances) is solved to determine a desired state se-
quence and the corresponding control input sequence within the prediction window of
the MPC. Next, a feedback-based control problem is formulated that determines a con-
trol input increment per control time step in order to keep the realized state sequence
as close as possible to the desired one determined by the nominal MPC. For the SaR
problem, we formulate the nominal MPC problem (2.11).
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Cp(ks)

Figure 2.3: When the perception field of the SaR robot intersects with the proximate area A; (k%) of a victim,
but does not detect the victim in the intersected area, the intersection will be excluded from the modelled
approximate area for the robot to improve the computational efficiency.

min Jiom (kc, i“’b(kc),wkc)) @.11a)
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In (2.11), k€ is the control time step, NP is the MPC prediction horizon, and tilde
is used for a variable to indicate the sequence of that variable across the MPC predic-
tion horizon, e.g., 7°P (k) is the sequence of the predicted nominal state variables (i.e.,
coordinates x™P (k) and y™P (x)) of the robot within the prediction horizon, i.e., for k €
{kS,..., kS + NP —1}. Thus, we have #°P(k®) = {rP (k¢ +1),...,r™P(k° + NP)}. The opti-
mization variable ¥(k°®) includes the sequence of the nominal control input v(x), which
is the vector of the linear velocity v°P (1) and the angular position 0P (x) of the robot,
estimated across the prediction window « € {k%,...,k®+ NP — 1}, i.e., we have (k) =
{[v™P (k©),07P (k)],..., [V™P (K® + NP —1),0™P (k€ + NP — 1)]}.

Constraint (2.11b) predicts the evolution and transition of approximate areas A; ac-
cording to the mapping .43, which corresponds to the crowd evacuation model ex-
plained in Section 2.2.2. Constraint (2.11c) assesses per control time step whether or
not the surface of the intersection area for CP and A; has reached a specific threshold
(given as a percentage of A;), with | - | giving the surface of a continuous 2-dimensional
area and 7°¢ a design/tuning parameter; whenever this condition is satisfied, the con-
trol system assumes that target victim i has been detected (or more precisely the robot
should not search for this victim any more) and thus A; is considered as a null set after-
wards. Constraint (2.11d) describes the time evolution of the coordinates of the percep-
tion field CP (k) of the robot (i.e., the area that the sensors of the robot can cover, no mat-
ter whether or not parts of the area are obstructed by obstacles). Since the shape of the
perception field always remains the same (i.e., circular), 9 (-, A) is a linear mapping that
transitions a 2-dimensional area (or a set of coordinates) along the given 2-dimensional
vector A. In our case, this vector is the linear velocity of the robot. Constraints (2.11e),
(2.11f) and (2.11g) account for the physical constraints of the robot, with @™ the
maximum angular velocity of the robot, AV™P (k) = poP (k) — 1P (k€ _ 1), and T° the
control sampling time (which, in general, is different from the simulation sampling time
T9), and 7 a fixed constant. For the nominal controller, these constraints are tightened
compared to those of the ancillary controller (see [217] for further information). Con-
straint (2.11h) describes the evolution of the states of the robot according to the nominal
version of the model given by (2.1), i.e., when 6. (x) and 6 (x) are excluded. Constraint
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(2.111) formulates that the vector of nominal control input, i.e., the optimization vari-
ables of the nominal MPC, includes the linear velocity and the angular position of the
robot. Finally, constraint (2.11j) allows the robot to move in the free and safe part of the
SaR environment (i.e., avoids collision with obstacles). Note that @° and @9 (k) include
safety margins between the robot and obstacles and victims. If needed, constraint (2.11j)
may be softened (but never relaxed) by adjusting these safety margins.

The problem is guaranteed to be recursively feasible as explained next. There are
hard constraints on the states of the robot via (2.11j) and on the control inputs via (2.11f)
and (2.11g). However, the initial configuration, based on Assumption A3, provides initial
feasibility for the control problem, which implies recursive feasibility due to the follow-
ing reasons: According to (2.11b), targets continuously move according to a physics-
based state-space model. Thus, even if their position temporarily obstructs the exit of
the robot, the exit will become accessible again after they move. Moreover, upper bound
limits on the control inputs (i.e., speed of the robot) only increase the time of reaching
the exit, but do not make the problem infeasible.

The objective function in (2.11a) is given by (2.12), that is composed by (2.13) and
(2.14).

The objective function is composed of a stage cost and a terminal cost, where w; for
j=0,..., NV +3 are weighting factors. In (2.12) the nominal economic cost has been for-
mulated, which includes a target-oriented SaR term J"°™18¢t(.) and a coverage-oriented
SaR term jhomicoverage .y The target-oriented objective function JRO™ 1€t (. js expanded
in (2.13), where (2.13a)-(2.13c) represent the target-oriented stage costs, and (2.13d) cor-
responds to the target-oriented terminal cost. Moreover, (2.14) expands the formulation
of the coverage-oriented objective function. Since coverage is a stage property, this ob-
jective function is only composed of stage terms. In (2.13), the first term (2.13a) reduces
the travel time of the robot from its initial position at control time step k° to its target
position at the end of the prediction horizon, i.e., at control time step k°+ NP — 1. With
the second term (2.13b), the stage cost maximizes the intersection of the perception field
CP(x) of the robot and every area A;(x) where the victims are located, for j =1,...,N".
The third term of the stage cost (2.13c) maximizes the intersection between CP(x) and
the union of the areas A; (x), ..., Ayv(x). Finally, the terminal cost (2.13d) - which should
become highlighted by adapting wyv;+2 when the robot is close to the end of its bat-
tery life - assures that the distance between the robot and the exit is terminally mini-
mized. The term in (2.14) minimizes the area of the intersection between CP (x + i) and
CP(x),...,CP(x+i—1),fori=1,...,NP, and is used to increase the coverage of the area.

The optimization problem given by (2.11)-(2.14) is in general nonlinear and non-
convex. While linearization of the problem and deploying quadratic optimizers may be
considered, we instead use a well-established nonlinear tube-based approach [217], due
to the following reasons: (1) Avoid introducing further model mismatches that may im-
pact the recursive feasibility. (2) Prevent an increase in the computation time, which
occurs when the linearization is not efficient. (3) Avoid significant decrease in the preci-
sion by oversimplifying the model, where imprecision negatively impacts both the per-
formance and the recursive feasibility. Note that based on Assumption A3 the MPC prob-
lem (2.11)-(2.14) is feasible by nature.

Regarding the computation time of the approach, our focus is on using MPC for op-
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timizing competing costs and handling hard constraints, and we analyze the MPC to
showcase its performance, therefore avoiding to aim for faster computations. To make
sure that the problem does not become intractable, we first solve the optimization and
then provide the control action to the robot, that performs its motion. Since these two
phases are separated, we always allocate enough time to execute the computations re-
quired by the optimizations, therefore the problem is always tractable. When this is not
possible, for example in real life, the computation times may be reduced by using fast
MPC methods (see, e.g., [218], [219]).

DEALING WITH UNCERTAINTIES VIA ROBUST TUBE-BASED MPC

In order to deal with uncertainties in the environment, we implement a robust tube-
based version [220] of the nominal MPC proposed in Section 2.2.2. Note that tube-based
MPC was originally formulated for linear systems (see [220]), but extensions to nonlinear
systems exist and are established in the literature (see, e.g., [217]), where two controllers
are employed, one nominal (that does not consider uncertainties) and one ancillary (that
considers the uncertainties and is used to steer the nonlinear system close to the nomi-
nal trajectory).

Therefore, consider the following nonlinear system subject to bounded additive dis-
turbances w(k) € W, e.g., the displacement of the robot position considered as non-
smoothness of the floor (compare with (2.1) where [6,(k®),6 y(ks)]T is the external dis-
turbance vector):

x(k+1) = f(x(k), u(k)) + w(k) (2.15)

The following ancillary controller will be formulated to obtain a feedback control law in
the nonlinear case [217], thus this is the objective function:

Jane’ (x(k),z(k) = Ip(ikr)l]anc()Z(k) - z(k), u(k) —v(k)) (2.16)
u
where the constraints are as in (2.11), and this is the control input:
it” (k) € argmin J*°(} (k) — Z(k), (k) — v (k)) (2.17)
(k)

where the symbol = is used with a variable to show the sequence of that variable within
the prediction horizon and z(k) and v(k) correspond to the nominal system, i.e.:

z(k+1) = f(z(k),v(k)) (2.18)

The ancillary control input will be added to the nominal input v(k) to control system
(2.15). In our case, the disturbances correspond to §,(k®) and §,(k®) in the model for
the motion of the robot, i.e., in (2.1). These deviations may occur due to, e.g., the non-
smooth ground on which the robot moves.

Thus, in more detail, our proposed approach is integrated into this formulation by
employing the objective function (2.12) for the nominal controller, and the objective
function (2.16), that optimizes the difference between the states and the control actions
of the two systems, for the ancillary controller. In both controllers, the system is the
nonlinear unicycle model (2.1).

Algorithm 1 illustrates how robust tube-based MPC for nonlinear systems can be im-
plemented.
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Algorithm 1 Robust tube-based MPC

1:
2:
3:

11:
12:
13:
14:
15:
16:
17:

18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:

30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:

Niter: Number of iterations
f: nonlinear system model
wy: additive disturbance

: zg < robot_initial_state
: Xo — robot_initial_state

Zgoal — 1
v(1:NP) —0(1:NP)

: u(l: NP)«—0(1:NP)
: for i — 1 to Njier do

Vnew (1 : NP) = nominal_control_problem (NP, NV, zg,v(1: NP), w(1: NV +3), Zgoal)
Unew(1: NP) = ancillary_control_problem (NP, wg, xo, 20, u(1: NP), Vpew(1: NP))
apply_control_action(upew(1))
zo < robot_state_measurement
Zgoal — Current_target_victim
v(1: NP) — Vpew(l: NP)
u(1: NP) — Upew(l: NP)
end for

Function J = nominal_control_problem (NP, NV, zg, v(1: NP), w(1: NY +3), Zgoal)
J<0
z(1) < zg
for k — 1 to NP do
z(k+1) — f(z(k),v(k))
end for
area_tot_amount = compute_intersection_of_unions_amount()
for h — 1 to NV do
area_amount(h) = compute_intersection_amount(h)

end for
intersection_area_amount = compute_intersection_amount()
J — J + wesum(v(l : NP)) + wjarea_amount(l) + ... +

w}’varea_amount(N") + wpvyiarea_tot_amount + wpyvyonorm(z(NP) — Zgoal) +
wpyvgintersection_area_amount

Function J = ancillary_control_problem(NP, wg, Yo, 20, (1 : NP), Vhew(1 : NP))
J—0
z(1) < zg
for k — 1 to NP do
z(k+1) < f(z(k), Vnew(k))
end for
x(1) — %o
for k — 1 to NP do
x(k+1) — f(x(k), u(k) + wy
end for
for k — 1 to NP do
J =T+ (x(k) — 2(k))? + (k) = Vnew (k))?
end for
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Figure 2.4: Schematic view of the simulations in (a) Gazebo and in (b) MATLAB with the three victims (shown
via red, green, and blue asterisks), the cylindrical static obstacle (shown via cyan circles), the start point of the
robot (shown via a black square) and the exit point (shown via a black star).

2.3. CASE STUDY
Next we explain the case study, we present the results, and discuss them.

2.3.1. SETUP

The models and the algorithms in this case study have been implemented in MATLAB
(R2021a version), ROS (Melodic version) and Gazebo (9.0 version). The victims move-
ment model has been implemented and simulated in, respectively, ROS and Gazebo.
The robot simulated for this case study is a TurtleBot 3 Burger [221], which has open
source ROS and Gazebo models [222]. The robust tube-based MPC controller has been
implemented in MATLAB, which was connected to the robot model in Gazebo in order
to simulate it. The PC, on which the experiments have been simulated, had Intel Core i7
processor with 4 cores at 1.80 GHz-2.30 GHz and 16 GB RAM.

We consider different scenarios for different simulation types, i.e., (1) the main sce-
nario where we compare our approach against other state-of-the-art approaches, (2) the
scenario for showing the performance of the increased area coverage, (3) the scenario
for showing the performance in highly non-convex environments. Therefore, for each
of these simulation types we have 1 scenario, and 3 simulations in total. After that, we
perform experiments in real life, and for that we consider 3 different scenarios.

In the first scenario, the environment of the robot is a partially collapsed building
with obstacles (see Section 2.2.1 for details) that has been simulated in Gazebo. In such
scenario, we have a 12 m by 12 m square room, where there are three victims and five
static obstacles. While in the formulation we assume obstacles with any shape, in this
case study we consider them to be cylinders, with cross sections of radius 0.5 m and
their centers positioned at (0.49, 0), (-5, -1), (0, 5), (5, 1) and (2, -5) (see Figures 2.4).
We suppose that the victims start at positions (-1, -3), (-2, 2) and (4, -2), while the robot
only knows an estimate initial area that each victim is positioned in, where these ar-
eas are circles of radius 2 m centered around the real positions of the victims. We con-
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sider a uniform distribution for the uncertainties about the positions of the victims.
This choice is based on [146], which introduces the evacuation model we have adopted
for the MPC formulation in this chapter. This choice may differ for other implemen-
tations, by sampling the initial area A;(0) of the victims according to another distri-
bution (e.g., Gaussian). The ratio between the area of the environment and the per-
ception field of the robot is 6, therefore the area coverage is substantially larger than
the perception range of the robot. The robot starts its mission at coordinates (-5, —5)
and ends it at the exit point with coordinates (5,5). The bounded uncertainties cor-
responding to the mismatch of the kinematics model of the robot and the reality are
selected to satisfy (6x,6,) € [-0.1 m,0.1 m] x [-0.1 m,0.1 m] in a grid of 12 by 12 cells.
We consider the values of the uncertainties to remain constant, i.e., every cell corre-
sponds to a fixed uncertainty in the given range. The resulting grid may be interpreted
as the non-smoothness map of the environment (the tables are publicly available in the
4TU.ResearchData repository [223]).

The optimization problem given by (2.11)-(2.14) for the robot controller has been
solved in MATLAB using fmincon solver with sqp algorithm. The constrained optimiza-
tion problem of MPC in our (or various other) SaR scenarios is in general non-convex.
For non-convex optimization problems, the risk of falling in local optima exists, es-
pecially when a gradient-based algorithm is used to solve the optimization problem.
Moreover, while in theory global optimization methods (e.g., genetic algorithm) find the
global optima, in practice due to the limited time/iterations allocated to solving an op-
timization problem, such methods may also fail to find global optima. To address this
issue, multi-start methods may be used, where several candidate starting values are con-
sidered for the optimization variables and the problem is solved for all these starting val-
ues. This way, by a proper choice of the starting values, the potential set of solutions is
more extensively explored.

In our case studies, we have used a gradient-based approach to solve the optimiza-
tion problem, because in general gradient-based solvers are faster than most other meth-
ods. Multiple starting points were considered per optimization problem, and the real-
ized values of the objective function after solving the optimization problem for all these
starting points were compared. The solution that corresponded to the least realized ob-
jective value (supposing that a minimization problem is solved) was considered as the
solution of MPC. This approach has been used extensively in literature (see, e.g., [224],
[225]).

The prediction horizon NP of the MPC controller is 10, with a sampling time of T® =
0.2 s. We assume that the simulation time step k° and the control time step k¢ are syn-
chronized, thus we use time step k for both. The maximum linear and angular veloc-
ities are, respectively, v™°P™3 = 0.7 m/s and @™ = 2.5 rad/s. Moreover, we have
Aprobmax — probmax s a4 AQTOD = 77/2 4 0.1 rad. In our case studies, the weights (which
are considered to remain constant during the entire SaR mission) have been selected
at the beginning using a trial-and-error approach, such that the selected values are in
a meaningful range considering the SaR scenarios that will be simulated, i.e., the can-
didate initial positions of the victims, the estimated location of the obstacles, and the
coordinates of the exit point of the robot.

The trade-off parameter 7€ for constraint (2.11c) was tuned via trial-and-error to 0.6:
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On the one hand, for smaller values of this parameter, it was observed that for various
cases the robot over-trusted, based on the estimations of its prediction model, that the
target victim will be detected, whereas in reality the robot was missing the victim. This
was due to the limited exploration in the potential areas of the target victims by the robot
due to a too small value for 7€. For larger values for parameter 7€, on the other hand, the
robot, based on the estimations of its prediction model, would non-efficiently spend
extra time exploring the potential areas of the target victims, whereas in reality the target
victims were already detected.

The weights in (2.14) are put to zero first, because we will consider the influence of
the additional term in the objective function for the area coverage separately in Sec-
tion 2.3.4. The values of the other parameters used in the simulation for forces and
torques of the model for the movement of the victims are taken from [146]. Moreover, in
the case study we consider the following additional terminal cost in (2.12):

N
WNY+4 [xr°b(k°+Np),yr°b(kC+Np)] —[xcgl,ycgl]TH+
ot

Wanv+a [xrob(kc+Np),yrob(kc+Np)]T _ [ngNV,ngNV]T” n

T
WaNv+s [xmb(kc+Np),ymb(kC+Np)] _ [xcgm,ycgm[]—'—“ (2.19)

This additional term is used to minimize the distance between the robot and the cen-
ters of gravity [x°8,y81]" .. [x&, 8| of the victim shapes Ay, ..., Ayv, and the
average center of gravity [x“8tt, ycg‘m]T of all these centers of gravity. The reason for
adding this term is the following: In theory, with an infinite prediction horizon, for every
time step all victims will fall within the prediction horizon of the robot, thus the robust
tube-based MPC will be able to compute the intersection with all areas Ay, ..., Ayv (see
the |CP(x) N Al~(1<)|_1 term, for i = 1,..., NV, in (2.13)). In practice, however, an infinite
(or large enough) prediction horizon may make the computations intractable. Thus the
term given by (2.19) is used so that we can select a reasonably small value for NP and
reduce the computation time significantly.

The weights for various terms of the objective function were also tuned in advance
and by trial and error. We have chosen manual tuning instead of systematic hyperparam-
eter tuning to obtain interpretability, since we can better understand how each weight
influences the behavior of the controller, and to allow flexibility for using them in dif-
ferent scenarios. Therefore, the weights were tuned as it will be explained next. For the
target-oriented objective function, the parameters w;, ..., wyv in (2.13b) that weigh the
intersection of the area corresponding to the perception field of the robot and the area
corresponding to each target victim were tuned to 10°, whereas wpyv, in (2.13¢), i.e., the
weight of the term that defines the intersection of the area corresponding to the percep-
tion field of the robot and the union of all areas of the target victims was tuned to 108.
With lower ranges for ws, ..., wyv, the robot was not attracted sufficiently by the individ-
ual areas corresponding to the target victims and was mainly moving towards the center
of the union area without detecting any individual victims. On the contrary, for much
larger ranges for wy,..., wyv, the robot was purely concentrating on individual target
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victims, losing the global picture of other target victims. This could result in solutions
that were globally far from optimum.

In addition, wy is put to 1072, in order to give priority to finding the victims rather
than reducing the mission time, that for the case study is already quite low. Next, wyv.2
is put to 103, so that the robot has a reduced priority for going to the exit while it is
searching for victims, i.e., compared to wy,..., wnv and wpyv+1, and higher priority after
these terms are no longer relevant because the victims are already found. Finally, for
the area coverage, the weight wyv.3 is put to 103. Even if lower compared to wy,..., Wnv
and wpnv41, this shows a sufficiently good exploration performance when the term is
activated.

The weights of the variation of the terminal state of the robot with respect to the in-
dividual centers of gravity in (2.19), i.e., Wnv44, ..., W2Nv14, are set to 107 and the weight
of the variation of the terminal state of the robot with respect to the center of gravity
of the union of the shapes, i.e., wanvys, is set to 10*. These values showed, within the
range of the parameters and dynamics of the case studies, that a balanced trade-off will
be achieved by the robot, to target the individual victims, while considering not to get
too far from the rest of the victims.

2.3.2. COMPARISON

The proposed robust tube-based approach has been compared in simulation with four
state-of-the-art methods, from which the first (Farrokhsiar tube-based MPC) and second
(A* MPC) are target-oriented and the third (randomized MPC) and the fourth (boustro-
phedon motion A*) are coverage-oriented.

The first approach that we compare our results with is the one given in [192]. There, a
robust tube-based MPC controller is used to determine a path for the robot that leads to
a specific target point. This controller, as in the approach that we propose, is composed
of a nominal and an ancillary control, and the uncertainty in the kinematics model of
the robot is also the same. However, unlike our robust tube-based MPC controller, the
controller in [192] does not have the victims movement model in its constraints, thus
the objective function includes a term that minimizes the distance of the robot to the
initial positions of the target victims. Moreover, there is no coverage-oriented term in
the objective function. This approach is representative of robust methods in literature
based on MPC for target-oriented path planning.

The second approach is the one in [226], which uses the A* algorithm to determine a
shortest path to a specific target point. An MPC controller is then used to track this path.
In order to account for the partial information that is available from the environment for
the robot, similarly to [193] at every time step we define an intermediate target point on
the border of the perception field of the robot that is the closest to the current target (i.e.,
a victim or the exit) of the robot. Whenever the robot reaches this intermediate target,
the A* algorithm determines a new path, and this procedure continues until the target is
reached. This approach is representative of A*-based methods that are commonly found
among standard target-oriented path planning.

The third approach is the one in [227], in which a randomized MPC algorithm is
used for path planning. In particular, a number of random samples in the 2D space
are generated, and then an algorithm similar to a rapidly exploring random trees (RRT)
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[228] is used to determine a shortest path that extends through these random points. In
this algorithm, the targets are the random points and then the exit. If a random point
falls within the forbidden areas, it is discarded since we constrain the algorithm from
the beginning. The MPC is used in the planner to generate a collision-free control tra-
jectory. Due to the random selection of the points in the environment, the approach
increases the coverage of the area with respect to purely target-oriented approaches.
This approach is representative of random-search-based methods, often used as base-
line for coverage-oriented path planning. In addition, as a random search strategy, this
approach is used as the lower bound benchmark in our experiments.

The fourth approach is the method in [229]. This paper uses the boustrophedon mo-
tion algorithm, which mimics the back-and-forth motion of an ox when plowing a field
[230], to explore an area as in coverage path planning; when the robot is close to ob-
stacles and cannot continue its current motion, the algorithm determines backtracking
points in the visited path and the robot returns to them. Finally, an A* algorithm is used
to determine a shortest path to the nearest backtracking point with respect to the current
position of the robot; there, the robot starts a new boustrophedon motion, and this pro-
cedure is repeated until there are no more unvisited backtracking points. This approach
is used as a representative of the heuristic methods that are used in standard coverage
path planning.

Finally, we also consider an upper bound benchmark, i.e., an ideal scenario where
the robot has perfect knowledge of the environment and the positions of the victims. We
implement this benchmark by providing our proposed MPC-based approach with the
exact locations of the victims as they appear in the Gazebo simulator.

In all the cases given above, MPC has been used to steer the robot to track the refer-
ence path. In addition, for all cases the simulation ends when the robot reaches the exit
point.

2.3.3. RESULTS

In this section, we present the results of the simulations. Figure 2.5 shows the trajecto-
ries of the robot and the 3 victims in the environment, for a case study. In these figures,
the trajectory of the robot is shown in black and for the 3 victims the trajectories are
shown in red, green, and blue. The following symbols with their corresponding mean-
ings have been used in these figures: Small square, showing the starting positions of
the victims and the robot; Star, showing the final position of the victims and the exit
point for the robot; Asterisk, showing the position of a victim at the time of being de-
tected by the robot. Whenever the robot detects a victim, the perception field of the
robot has also been illustrated. The corresponding videos are publicly available in the
4TU.ResearchData repository [223].

Figure 2.6 shows the number of victims detected by the robot in time for all the con-
trol approaches. Figure 2.7 presents the percentage of the area that is covered by the
perception field of the robot with respect to time during the entire simulation. Figure 2.8
illustrates via a heat map the number of time steps for which the robot visits the same
point of the environment.

Finally, in Table 2.2 we show the computational cost of the algorithm iterations for
all the six approaches of the comparison.
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Figure 2.5: Plot of the trajectories of the robot (in black) and the three victims (in red, green, and blue) in the
environment, with the obstacles shown by small circles (in cyan): Whenever the robot detects a victim, this is
illustrated with an asterisk on the trajectory of that victim, as well as by showing the circular perception field
of the robot (in the color of the corresponding victim) at the time of detecting the victim. The black squares
indicate the starting positions of the victims and the robot, while the black stars illustrate the final position
of the victims and the exit point for the robot. Algorithms: (a) Our approach, (b) [192], (c) [226], (d) [227], (e)
[229], (f) our approach with perfect information.

2.3.4. DISCUSSION

Next, in Section 2.3.4 we discuss and compare the outcome of the different control ap-
proaches based on the results given in Section 2.3.3. After that, in Section 2.3.4 we as-
sess and discuss the performance of the proposed robust tube-based MPC controller,
when the objective function includes the area coverage term given in (2.14), for a special
scenario that properly showcases the importance of the area coverage in SaR missions.
Moreover, in Section 2.3.4 we describe and discuss a simulation realized in a special sce-
nario that highlights the non-convexity of the space, in order to show that our approach
can be also applied to such non-convex scenarios, despite the risk for the MPC optimiza-
tion to fall in local minima. Finally, in Section 2.3.4 we present and discuss the results of
real-life experiments performed using real robots, comparing our approach to [226] and
[227], and we include a discussion on the performance of our tube-based MPC approach
compared to two decoupled path planning and trajectory tracking controllers.

MAIN SCENARIO

From Figure 2.5, our proposed robust tube-based MPC approach guarantees a safe mar-
gin in avoiding the obstacles, whereas other control methods (except for [192] which
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Figure 2.6: The number of victims found by the robot: our approach (blue five-pointed star), [192] (red di-
amond), [226] (green six-pointed star), [227] (cyan asterisk), [229] (magenta cross), and our approach with
perfect information (yellow circle). These markers indicate that the victim is inside the perception field (in
Gazebo, the robot has detected the real location of the victim); for our approach, the blue square indicates that
the victim is detected by the robot (the controller in MATLAB, through the intersection of the areas).

also uses a robust MPC method) result in trajectories that are prone to the risk of colli-
sion with the obstacles. In fact, although avoiding the obstacles has been formulated as a
constraint for all MPC controllers, due to the absence of a systematic robustness (which
is provided by the robust tube-based approach) the robot may crash into an obstacle
because of the non-smoothness uncertainty (this occurs, e.g., in Figure 2.5 (c) and (d)).
Based on Figure 2.5, we observe that there is a trade-off between the time to complete
the mission and the number of the victims detected. In fact, the robotis able to find more
victims with coverage-oriented approaches (see cases (d) and (e)), compared to target-
oriented ones (see cases (b) and (c)). This is because the robot normally explores a larger
area with coverage-oriented methods in a given time, while with target-oriented meth-

Approach T v [ 2 [ s [ & [ 5 [ 6 |

Computational cost (mean) 81.70 | 65.43 | 131.13 | 331.51 | 220.29 | 58.51
Computational cost (std) 23.13 14.38 39.67 288.37 112.60 | 19.09

Table 2.2: Computational cost in seconds, for the average algorithm iteration, and corresponding standard
deviation, of the approaches of the comparison: (1) Our tube-based MPC, (2) Farrokhsiar tube-based MPC
[192], (3) A* MPC [226], (4) Randomized MPC [227], (5) Boustrophedon motion A* [229], and (6) our approach
with perfect information.
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Figure 2.7: The percentage of environment area covered in time by our approach (blue solid line), [192] (red
dotted line), [226] (green dashed line), [227] (cyan dash-dotted line), [229] (magenta dashed line), and our
approach with perfect information (yellow solid line).

ods the mission is accomplished more quickly, after the specific targets are approached.
In addition, in the coverage-oriented approaches the trajectories of the robot are more
complex, because the robot should avoid the obstacles and the moving victims more
times during the mission. Our proposed robust tube-based MPC method (see case (a) in
Figure 2.5) performs as well as the coverage-oriented methods in detecting the victims,
while resulting in a simpler trajectory and finishing the mission faster. These results are
confirmed also via Figure 2.6. In general, with the target-oriented approaches (see the
red and green symbols) the robot is not able to find and reach all the victims. This is
because the robot encounters victims by chance, while moving towards their initial po-
sitions (note that in these cases the robot does not track the victims via their movement
model). As expected, with the coverage-oriented approaches (see the blue, cyan and ma-
genta symbols), the robot visits a larger percentage of the environment, and therefore
it is likely to find more victims than with the target-oriented methods. Moreover, with
our proposed method the robot outperforms the target-oriented approaches in victim
detection (see the red, green and blue symbols), and all target-oriented and coverage-
oriented methods in speed for finding the victims (i.e., using our approach all victims
are detected by time 183.0 s). Only the upper-bound benchmark approach (see the yel-
low symbol in Figure 2.6) is faster than our method, since it has perfect knowledge of
the locations of the victims and therefore, can reach them more quickly. Furthermore, in
our approach the prediction of the robust tube-based MPC about detecting the victims
is closely aligned with real detection of the victims (compare the blue square and blue
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Figure 2.8: Heat maps illustrating the intensity of the area coverage, i.e., whenever the robot visits a point for
more time steps, the intensity of the heat map varies from 0 to its maximum 1. From top left to bottom right:
Our approach, [192], [226], [227], [229], and our approach with perfect information.

star in Figure 2.6). This implies that the trade-off parameter 7€ has properly been tuned.

From Figure 2.7 we can compare the area coverage performance of different control
approaches. At the beginning of the simulation, all the methods perform similarly. As it
is expected, the coverage-oriented approaches (see the cyan and magenta curves) out-
perform the target-oriented approaches (see the red and green curves) in the long run:
In fact, the target-oriented approaches reach a maximum of around 80% area coverage,
whereas both coverage-oriented methods reach almost 100% coverage. In the first 400
time steps, our method (see the blue curve) is moderately faster in covering the area
compared to the target-oriented approaches. The robot immediately moves towards the
exits after detecting all the target victims, thus the area coverage does not increase after-
wards. By including the additional coverage-oriented term (see (2.14)) in the objective
function, the area coverage will continue to increase also after detecting the target vic-
tims. From the two coverage-oriented approaches, the randomized MPC method [227]
outperforms the boustrophedon motion A* method [229] regarding the mission time.
This is because the boustrophedon motion coverage algorithm requires the robot to visit
the area little by little, whereas random points have a higher chance of falling within the
unexplored areas of the environment. In fact, the boustrophedon motion A* approach
[229] is the only one that reaches 100% area coverage, thanks to its algorithm that is par-
ticularly designed for systematic coverage of the area.
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’ H Our approach without coverage term | Our approach with coverage term

Computational cost (mean) 6.01 32.21
Computational cost (std) 10.91 87.02

Table 2.3: Computational cost in seconds, for the average MPC minimization, and corresponding standard
deviation, of our proposed approach with and without the additional coverage term.

From Figure 2.8, via coverage-oriented approaches the robot keeps revisiting some
areas of the environment (see the two heat maps at the bottom of the figure), while in
our approach and in the target-oriented approaches the robot visits the area once (see
the three heat maps at the top of the figure). On the one hand, the behaviour of the
coverage-oriented approaches can be preferable in presence of dynamic obstacles or
dynamic targets. On the other hand, a trade-off between the time efficiency and the
additional information gained by revisiting the areas should be considered.

Comparing the various approaches with the performance of the upper bound bench-
mark, we show that our approach is the closest to it since it is the fastest in covering new
areas (see Figure 2.7), due to the combination of target and coverage-oriented objectives,
and in detecting the victims (see Figure 2.6), since we include an accurate prediction
model for the movement of the victims.

For the computation times, Table 2.2 shows that our approach outperforms A* method
[226] and both coverage-oriented approaches. Only Farrokhsiar tube-based MPC [192]
and the upper-bound benchmark method are faster than our approach, because unlike
our MPC controller, they do not consider the evolution of the 2D areas assigned to each
victim in the optimization loop. Since our main focus is on using MPC for optimizing
competing costs and handling hard constraints, we analyze the MPC in comparison with
the other approaches to showcase its performance, and therefore avoiding to aim for
faster computations. The reported results are impacted by the usage of laptops with lim-
ited resources that run micro-simulations. In real life, instead, more advanced hardware
can be used and micro-simulators are not needed. In addition, using fast MPC methods
(see, e.g., [218], [219] about fast MPC alternative methods), the computation time could
be significantly improved. There already exists vast research that discusses improvement
of computational efficiency (see, e.g., [231], [232]) and analysis of feasibility of MPC (see,
e.g., [233], [234]). Such methods may be used for the MPC formulation that is proposed
in this chapter, in real-life applications to combined coverage and target-oriented SaR,
where fast computation and feasibility should be guaranteed.

SPECIAL SCENARIO FOR AREA COVERAGE TERM

In order to assess the effect of adding the additional area coverage term (i.e., putting
the weights of (2.14) to non-zero) in the objective function (2.12), we have simulated an
additional specific scenario, in which the robot has to visit three static victims before
going to the exit (see Figure 2.9 where the position of the victims are shown by colored
asterisks). In this scenario, we have a 20 m by 20 m square room, where there are three
static victims with initial positions (0,8.3), (0,0) and (0, —8.3) and no obstacles. The robot
starts its mission at coordinates (-8, 8) and ends at the exit point at coordinates (8, —8).
This configuration has been selected because after reaching a certain victim, the robot
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Figure 2.9: The robot trajectory (in black) with the position of the three victims (red, green, and blue asterisks);
whenever the robot detects a victim, the circular perception field of the robot is illustrated in the color of the
detected victim. (a) Proposed robust tube-based MPC approach without the area coverage term. (b) Proposed
robust tube-based MPC approach with the area coverage term.

’ Iteration number H 10 ‘ 20 ‘ 35 ‘

’ Cost function values H 0.0013, 0.77, 0.24, 1.15, 0.29 ‘ -0.0037, 0.98, 0.36, 1.15, 0.32 ‘ -0.0066, 0.28, 0.097, 0.58, 0.28 ‘

Table 2.4: Values of the objective function of the MPC in the nonconvex scenario for three indicated iterations,
and the points that are selected as minima are shown in bold.

has additional space, especially at the left and at the right of the victims, that it can ex-
plore. In fact, with the additional coverage term, the robot continues on its direction
after one victim is detected, to explore more area, until the border of the scenario is
reached, where the coverage term is deactivated and therefore the robot goes to the fol-
lowing victim. In particular, from Figure 2.10 we can show that the additional term gives
a gain in coverage percentage of 29.3%. Finally, in Table 2.3 we show the computational
cost of the MPC minimizations for our approach with and without the additional area
coverage term: Without the coverage term, the MPC is more then five times faster, and
therefore there is a trade-off in selecting computational performance and area coverage
amount. Note that the computation times are not comparable with respect to those in
Table 2.2 because we do not employ multi-start in this optimizations.

SPECIAL SCENARIO FOR ADDRESSING THE NON-CONVEXITY
We have designed a scenario, where due to the configuration of the obstacles (as it is
shown in Figure 2.11), the resulting constrained optimization problem is obviously non-
convex. This scenario considers a 6 x6 m? room, where two victims are initially located at
(-1,1) and (1.5,-0.5), and various obstacles create non-convex shapes. The robot starts
its mission from position (-2.5,-2.5) and ends the mission at the exit point located at
(2.5,2.5).

The optimization problem was run for 5 different starting points per iteration, where
one starting point is the previous solution, while the other four starting points are se-
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Figure 2.10: Percentage of the area covered in the special scenario: Proposed robust tube-based MPC approach
without the area coverage term (blue solid line) and proposed robust tube-based MPC approach with the area
coverage term (red dashed line).

lected randomly. As Figure 2.11 shows, despite a highly non-convex space, the robot ex-
ecutes its mission by successfully detecting both victims, and by reaching the exit after-
wards, while avoiding the obstacle traps. Moreover, Table 2.4 shows the realized values
of the objective function for these 5 optimization starting points, for 3 randomly selected
optimization iterations. The solution corresponding to the value in bold fonts (i.e., the
least of the 5 values) is selected per iteration.

REAL-LIFE EXPERIMENTS
In order to show the applicability of our approach beyond simulations, especially when
real-life uncertainties, disturbances, and measurement noise exists, we designed and
performed experiments in real life, using the same software (MATLAB, ROS) and lap-
top, as described in Section 2.3.1. We used a TurtleBot 3 Burger [221] to represent a SaR
robot, and additional robots, i.e., iRobot Create 3 [235], to move according to the vic-
tims motion model and to represent the victims. The movements of the iRobot Create
are aligned with the movements of the victims. More specifically, the iRobot Create first
receives commands on the rotation angle, and then on the linear velocity, where these
values are corresponding to those computed with the victims motion model. The envi-
ronment and the robots are shown in Figure 2.12.

Three scenarios were simulated in a room of size 3.5 x 5.2 m?, with three obstacles
at locations (0, 0), (0.5, 2) and (-0.5, -2), and a victim with a different initial position per
scenario, i.e., (1.5, -0.5) for scenario 1, (-1, 1) for scenario 2, and (1.25, 0.75) for scenario 3,
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Figure 2.11: A highly non-convex SaR scenario: The robot trajectory is shown in black and the real positions
of the two victims that are determined via the micro-simulator are shown with a red and a green asterisk.
Whenever the robot detects a victim, the circular perception field of the robot has been illustrated in the same
color used for illustrating the position of the detected victim.

with a circular uncertain positioning area of radius 0.5 m. The robot started its mission at
coordinates (—1.25,—2.1) and ended the mission at the exit with coordinates (1.25,2.1).
Moreover, the perception field of the robot had a radius of 1.5 m.

With regard to the source of uncertainties in the real-life experiments, the drift of
the odometry measurements based on the motion of the wheels generates disturbances
in computing the position of the robot. In addition, another source of uncertainties is
due to the misalignment of the map of the environment generated by the robot and the
real configuration of the scenario. These uncertainties also affect the localization of the
robot. Finally, there may be mismatches between the model of the TurtleBot that is used
in ROS for sending the motion commands and the actual behavior of the robot.

We have presented the results of the experiments in Tables 2.5, 2.6 and 2.7 (for sce-
narios 1, 2 and 3, respectively), where the time of detecting the victim and the average
computation time per iteration are given. The results are presented and compared for
our approach, and for the target-oriented and coverage-oriented approaches given in,
respectively, [226] and [227]. For all the three scenarios, our approach detects the vic-
tim (up to 50.0% with respect to the slowest method) faster. In all the 3 scenarios our
approach succeeds in detecting the victim, whereas each of the other 2 approaches fails
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Figure 2.12: A view of the scenario of the experiments, with the robots (the TurtleBot used as the SaR robot is
in the middle and the iCreate3 robot used as the victim is at the side) and the obstacles (white buckets).

|| Our tube-based MPC | A*MPC[226] | Randomized MPC [227]

Time step of victim detection 10 12
Computational cost (mean) 12.91 43.98 45.68
Computational cost (std) 9.50 24.41 17.64

Table 2.5: Time step when the victim is detected, as well as the average computation time in seconds per
optimization iteration, and corresponding standard deviation, for scenario 1: The results are shown for our
approach, for target-oriented A* MPC [226] and for coverage-oriented randomized MPC [227].

once. This is due to the fact that our approach has a victim movement model and in-
corporates the uncertainties in the trajectories of these victims, which together raise the
chances of detecting the victims, in a more time-efficient way. About the average com-
putation time, our approach is up to 76.1% faster than the two other approaches. This
is in accordance with Table 2.2 for the simulations results. Corresponding videos of the
experiments are publicly available via the 4TU.ResearchData repository [223].

We have also performed an experiment to compare the area coverage percentage of
the three approaches, when the coverage term (i.e., (2.14)) has been activated for our
approach. In this case, a static victim is positioned at (-1,0), and the obstacles are re-
moved. The starting and exit coordinates of the robot are, respectively, (—1.25,-2.1) and
(1.25,—2.1). The results for scenario 4 are shown in Table 2.8, where our approach covers,
respectively, 24.7% and 13.6% more than the approaches in [226] and [227].

We have analyzed the computation times of the approach using both nominal and
ancillary controllers (therefore, the complete tube-based MPC approach), and only nom-
inal controller (therefore decoupled path planning and trajectory tracking approach).
For each of the three scenarios, considering the mean computation time of all the MPC
optimization iterations, we have:

* Scenario 1: 2.5086 s (both controllers) and 2.1926 s (only nominal controller).
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|| Our tube-based MPC | A*MPC [226] | Randomized MPC [227]
Time step of victim detection 15 - 17
Computational cost (mean) 19.88 53.77 37.39
Computational cost (std) 15.23 8.36 20.75

Table 2.6: Time step when the victim is detected, as well as the average computation time in seconds per
optimization iteration, and corresponding standard deviation, for scenario 2: The results are shown for our

approach, for target-oriented A* MPC [226] and for coverage-oriented randomized MPC [227].

H Our tube-based MPC | A* MPC [226] Randomized MPC [227]
Time step of victim detection 13 17 26
Computational cost (mean) 14.50 60.60 30.01
Computational cost (std) 8.42 21.74 15.92

Table 2.7: Time step when the victim is detected, as well as the average computation time in seconds per
optimization iteration, and corresponding standard deviation, for scenario 3: The results are shown for our
approach, for target-oriented A* MPC [226] and for coverage-oriented randomized MPC [227].

* Scenario 2: 1.4663 s (both controllers) and 1.3298 s (only nominal controller).
 Scenario 3: 2.6402 s (both controllers) and 2.7304 s (only nominal controller).

Therefore, our combined approach is only 12,60% slower than the decoupled approach
in the first scenario and only 9,31% slower in the second scenario, while it is 3.30% faster
in the third. This is due to the fact that the outputs of the optimizations are different in
the two cases, so a trajectory may be longer in a scenario with a certain controller, and
shorter in another one. Hence, there can be a benefit of using a combined approach
rather than a decoupled approach, depending on the specific scenario.

2.4. CONCLUSIONS AND FUTURE TOPICS

This chapter presented a combined target-oriented and coverage-oriented path plan-
ning approach based on robust tube-based implementation of a novel formulation of
MPC for a ground SaR robot in a scenario with dynamic targets. The controller de-
termines an optimal path to the moving victims, optimizing the mission time and the
area coverage, while dealing with uncertainties. In our case study, we have shown that
our method outperforms two target-oriented and two coverage-oriented state-of-the-
art methods in victim detection efficiency, area coverage, and mission completion time,
while being robust to uncertainties.

In the future, in order to address more indoor scenarios, we propose to include fire in
the simulations and a fire propagation model as prediction model for MPC: In particular,
a fire model based on cellular automata will be incorporated and we will study how our
approach performs under different conditions of fire propagation based on wind speed
and direction, structure and materials of the buildings, and different propagation times
from ignition points. Moreover, this work can be expanded to a multi-robot system: We
will analyze how the proposed MPC formulation can be used in a distributed or a de-
centralized architecture, where considering the exchange of information among all the
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] || our tube-based MPC | A*MPC [226] | Randomized MPC [227] |

’ area coverage percentage H 74.6 % ‘ 49.9 % ‘ 61.0 % ‘

Table 2.8: Area coverage percentage for scenario 4: The results are shown for our approach, A* MPC [226] and
Randomized MPC [227].

robots, among clusters of them, or no communication; in this case, how the method
will scale with the number of robots will be studied and clarified. Furthermore, running
simulations in photorealistic environments, for example by using Gazebo environments
provided by Amazon Web Services, is recommended. We also propose to extend the case
study benchmarks by considering a state-of-the-art learning-based approach to com-
pare against. Systematic hyperparameter search could also be used in the future to tune
the weights of the terms of the MPC objective function, to allow better scalability when
the number of parameters increases, and to reduce time investment in the parameters
design. Another topic for future research is to implement a simplified formulation of the
given MPC problem (e.g., linearized) and compare the performance and computations
time with when nonlinear MPC is solved directly. Stability analysis is another topic for
future work. Assumption A4 (i.e., perfect knowledge of the states of the robot) may be
relaxed in the future by integrating of a state estimator within our MPC approach. In
addition, in view of the promising results from the computer-based simulations and ex-
periments with real robots, in order to tackle the computation time for more complex
SaR cases, fast MPC methods may be adopted in the future for the proposed approaches
of this chapter. Finally, we can apply one of the techniques that are available in literature
in order to deal with the fact that the decision step of the robot takes several seconds
while the victims are moving according to their model, so that we can synchronize them.

DATA AVAILABILITY

We provide two tables with the values of the non-smoothness map, for each coordinate x
and y, and videos corresponding to plots in Figures 2.5 in the 4TU.ResearchData reposi-
tory [223].



ENABLING ROBOTS TO
AUTONOMOUSLY SEARCH
DYNAMIC CLUTTERED
POST-DISASTER ENVIRONMENTS

Robots will bring Search-and-Rescue (SaR) in disaster response to another level, in case
they can autonomously take over dangerous SaR tasks from humans. A main challenge
for autonomous SaR robots is to safely navigate in cluttered environments with uncer-
tainties, while avoiding static and moving obstacles. We propose an integrated control
framework for SaR robots in dynamic, uncertain environments, including a computation-
ally efficient heuristic motion planning system that provides a nominal (assuming there
are no uncertainties) collision-free trajectory for SaR robots and a robust motion track-
ing system that steers the robot to track this reference trajectory, taking into account the
impact of uncertainties. The control architecture guarantees a balanced trade-off among
various SaR objectives, while handling the hard constraints, including safety. The results
of various computer-based simulations, presented in this chapter, showed significant out-
performance (of up to 42.3%) of the proposed integrated control architecture compared to
two commonly used state-of-the-art methods (Rapidly-exploring Random Tree and Artifi-
cial Potential Function) in reaching targets (e.g., trapped victims in SaR) safely, collision-
free, and in the shortest possible time.

Parts of this chapter have been published in Scientific Reports 15, 34778 (2025) [2].

M. Baglioni contributed to the methodology, assessed the results, supervised the MSc student involved, and
reviewed the final draft of the chapter. K. Rado performed the conceptualization, performed the simulations,
contributed to methodology and results, and wrote the first draft. A. Jamshidnejad contributed to methodol-
ogy, assessed the results, edited the final draft, and performed supervision.
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3.1. INTRODUCTION

UTONOMOUS Search-and-Rescue (SaR) robots are emerging in post-disaster response,
Ain order to reduce the exposure of human SaR staff to life-threatening risks. Struc-
tural damages and collapsed buildings reshape an environment post disaster. Thus, re-
liable and effective control methods for autonomous, safe navigation in dynamic and
(partially) unknown environments are crucial for SaR robots [19], [24], [25], [134], [236],
[237]. Another main challenge for autonomous navigation of SaR robots is avoiding the
obstacles that move according to generally nonlinear trajectories, without (significantly)
compromising the mission criteria. State-of-the-art solutions either rely on assuming
static obstacles only, or provide ad-hoc solutions that cannot be generalized or provide
guarantees on the performance of SaR missions via robots [154]-[156].

To tackle these challenges, we propose a novel control architecture for autonomous
SaR robots that should reach known target positions in dynamic cluttered post-disaster
environments: We first divide the mission planning of SaR robots into two stages, mo-
tion planning and optimal motion tracking. We extend the greedy heuristic path plan-
ning method [193] that has been introduced to generate a nominal obstacle-free path
towards the targets of the robot, in order to account for dynamic obstacles that may ap-
pear on the way of the robot. Note that by nominal, we are referring to a trajectory that
is determined assuming there are no uncertainties or uncontrollable disturbances. We
then integrate this path planning method with an optimal motion tracking system that
closely follows the nominal trajectory estimated by the heuristic motion planning sys-
tem while guaranteeing robustness to bounded uncontrollable disturbances.

The optimal motion tracking system is based on a robust version of Model Predictive
Control (MPC), called Robust Tube-based Model Predictive Control (robust TMPC). Ro-
bust TMPC has proven very effective in steering robots for post-disaster SaR [41], due to
its unique capability in providing robustness to bounded uncertainties, balanced trade-
offs among competing objectives of SaR (e.g., maximizing the area coverage and mini-
mizing the mission time [25]), systematic handling of the states and inputs constraints,
and on-the-go stability guarantees [42].

3.2. MAIN CONTRIBUTIONS AND ROAD MAP OF THE CHAPTER

This chapter introduces a novel planning and control framework for autonomous navi-
gation in dynamic, cluttered environments with the following main contributions:

 Unified planning and control: We integrate a greedy heuristic path planning sys-
tem with a robust Robust Tube-based Model Predictive Control (robust TMPC)
system within a single-layer architecture. This design synergizes the responsive-
ness of heuristic reasoning with the constraint-handling guarantees of Model Pre-
dictive Control (MPC)-based systems, leading to enhanced computational effi-
ciency and safety compared to traditional bi-level planning-control schemes.

* Dynamic obstacle avoidance via obstacle belts: We extend the path planning sys-
tem to handle moving obstacles by predicting their trajectories and aggregating
them into time-indexed constraint regions, called obstacle belts, to enable antici-
patory collision avoidance.
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* Uncertainty-aware robust TMPC reformulation: We reformulate robust TMPC
by replacing its nominal controller with the heuristic planning mechanism, while
retaining the ancillary controller for robust trajectory tracking. Time-varying con-
straints and dynamic tightening account for both external disturbances and per-
ception uncertainty.

* Stateless, perception-driven control: The framework operates without memory
of past states, by relying solely on real-time perception. While this condition can
be relaxed in the presence of advanced sensing and computational resources, this
non-restrictive design reduces reliance on such infrastructure and enables deploy-
ment in partially observable environments typical of Search-and-Rescue (SaR) mis-

sions.

Extensive simulations demonstrate the superior performance of the proposed method
compared to state-of-the-art planners, particularly Horizon-based Lazy Rapidly-exploring
Random Tree (HL-RRT*), which embodies heuristic reasoning similar to our planning
system, and COLREGS Artificial Potential Function (APF), which emphasizes systematic
obstacle avoidance and target convergence, as does the robust TMPC component of our
proposed framework. The proposed approach outperforms both, especially in scenarios
involving uncertainty and dynamic constraints.

In the rest of this chapter we provide a background discussion, the problem state-
ment and assumptions, our proposed methods, the results of the case study with discus-
sions, conclusions, and topics for future work. Moreover, Table 3.1 gives the mathemati-
cal notation that is frequently used in the chapter.

Table 3.1: Frequently used mathematical notations

cular shapes)

Notation | Explanation Notation Explanation
K Discrete time step xStatic.obs ) | The x position of static obstacle o
c Control sampling time ystatic.obs () | The y position of static obstacle o
NP Prediction horizon of MPC xgyn’()bs(o) The x position of dynamic obstacle
o at time step x
xmb The x i £ . dyn,obs e £ .
X position of the robot at time | y, (0) The y position of dynamic obstacle
step x o at time step x
y,r(Ob The y position of the robot at time Vg?;n’()bs(o) Horizontal velocity of dynamic ob-
step x stacle o at time step x
0,r<°b Heading angle of the robot at time vi},’(n’(’bs(o) Vertical velocity of dynamic obstacle
step k¥ o0 at time step x
prob Linear velocity of the robot at time | p°Ps Radius of the obstacle or of the
step K smallest circular area encountering
it
woP Angular velocity of the robot at time | xff Vector of robot’s reference states for
step K time step
prob Radius of the robots (assuming cir- | ufef Vector of robot’s reference control

inputs for time step x
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3.3. BACKGROUND DISCUSSION

Planning the disaster response via robots depends on the disaster’s environment. Three
operational environments are identified for SaR [14], urban (involving constrained en-
vironments [238], e.g., inside a collapsed building), wilderness (involving open-ended
environments [36], e.g., a forest), and air-sea (involving waters [239], e.g., a sea where
vessels accidents or water landing has occurred). Ground robots [97], flying robots [240],
and underwater robots [102] may be used in SaR, while for various indoor constrained
environments ground robots are preferred [96]. Our focus is on urban SaR via ground
robots. We address the problem of autonomous, effective mission planning and safe
navigation of these robots. This yields to a generally nonlinear constrained optimization-
based problem with multiple competing objectives, e.g., reducing the mission time while
increasing the area coverage.

For SaR robots, it is common to use heuristic methods, especially those based on
shortest path planners and artificial intelligence, e.g., reaction-based swarming [241],
fuzzy logic control [242], and ant colony optimization [243]. The main motivation for us-
ing these methods is their computational efficiency, making them suitable for on-board
deployment in SaR robotics. The main shortcomings of heuristic approaches, however,
are their ad-hoc case-specific nature and the lack of performance guarantees. With ad-
vances in computational power and robotics technology [13], [104], incorporating guar-
anteed mathematical approaches or novel integrated versions of them that provide bal-
anced trade-offs between a high performance and computational efficiency has been
emerging [1], [25], [30], [133], [193], [244].

Model Predictive Control (MPC) is a mathematics-based, systematic control approach
that determines a sequence of control inputs by optimizing an objective function within
a given prediction window, satisfying the state and input constraints. MPC is imple-
mented in a rolling horizon fashion, i.e., after determining the control input sequence,
only the first one is injected into the controlled system and the MPC problem is solved
for the shifted prediction window at the next time step. MPC has proven very effective
for addressing constrained optimization-based problems. MPC has often been used in
static SaR environments for tracking a reference trajectory that is assumed to be pro-
vided by another path planning approach [96], [133], [191], [192].

In connection to path planning for robots, exploration and coverage of the SaR envi-
ronment are both crucial [165], [166]. Various approaches for area coverage have been
proposed based on random search [227] or artificial intelligence (especially deep learn-
ing, reinforcement learning, fuzzy logic control [140], [183], [242]). In this regard, MPC
has been used for SaR robots to determine control inputs that maximize a reward for
visiting new parts of the environment [30], [176], [177]. Another novel application of
MPC in multi-objective SaR via robots is through a bi-level architecture [25], where a
supervisory MPC level enhances the area coverage by re-distributing SaR robots when
they locally decide to visit the same or neighboring parts of the environment. This di-
vision of local and supervisory decision making provides a balanced trade-off between
optimizing the global objectives of the SaR mission and meeting the computational re-
quirements.

Robust versions of MPC [31], in particular Robust Tube-based Model Predictive Con-
trol (robust TMPC), [220] deal with bounded uncertainties, e.g., bounded disturbances
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and perception errors that often occur for SaR robots. In robust TMPC, first the nom-
inal version of the MPC problem is solved where no uncertainties are considered and
the constraints have been tightened compared to the original problem [245]. Constraint
tightening implies adjusting the bounds on the states and/or control inputs (e.g., by
shrinking their admissible sets) to ensure that the controlled system always operates
within its safe operational limits [42], although the operational conditions may be af-
fected by larger disturbances than those considered in the decision making procedure.
During the online implementation of robust TMPC, an ancillary control input minimizes
the error between the nominal and actual states [246]. While the actual state trajec-
tory may deviate from the nominal one, it always remains within a safe bounded region,
called the tube, where the constraints are guaranteed to always be satisfied. The diame-
ter of the cross section of the tube is determined according to the maximum difference
between the nominal and actual states, considering the worst-case uncertainty scenario.

Within the context of robust TMPC, [247] introduces a robust MPC framework for
real-time robot navigation. This method incorporates time-varying constraints and im-
proves tracking performance in the presence of uncertainty. Based on the results for
lab-based simulations applied to robot motion control, their proposed framework im-
proves trajectory tracking and increases navigation success rates and robustness com-
pared to methods such as conventional MPC and other robust MPC. However, due to
the deviation from the nominal values in closed loop, this framework tends to generate
large tubes, which keeps conservatism relatively high. In [248], a hybrid control archi-
tecture is proposed for multi-Unmanned Aerial Vehicle (UAV) systems that combines ex-
plicit MPC, leveraging offline computations, with robust TMPC. By exploiting the bene-
fits of both approaches, their proposed hybrid architecture obtains lower computational
complexity and enhanced robustness to disturbances, such as wind and sensor noise.
However, the presented method is applied on a linearized model of the UAVs, there-
fore stability guarantees are provided for linear systems only, and thus the applicability
to highly nonlinear systems might be limited. Surma and Jamshidnejad [41] propose a
robust TMPC framework that models or learns disturbance dynamics and incorporates
this information into the decision making process, thereby reducing conservatism and
the risk of infeasibility. While this framework leads to enhanced performance through
improved trajectory planning, computational efficiency remains a concern due to the
use of polytopes to describe the error sets, making the computational complexity grow
exponentially with the prediction horizon.

Navigating SaR robots is often target-driven [209], i.e., it involves steering the robot
via reference points towards a given target. In this context, learning-based methods,
such as reinforcement learning, are widely adopted [206], [249]. Recent hybrid approaches
combine high-level learning-based decision policies with classical planners to achieve
more adaptive navigation. For example, RLoPlanner [250] integrates reinforcement learn-
ing with low-level motion planning, while hierarchical navigation algorithms, e.g.,[251],
employ model-free strategies to guide flying robots in structured environments.

However, many of these methods focus on static or slowly changing environments
and lack explicit mechanisms for handling time-varying constraints introduced by mov-
ing obstacles. They often require extensive training data and do not provide formal safety
guarantees.




60 3. ENABLING ROBOTS TO SEARCH DYNAMIC CLUTTERED ENVIRONMENTS

In contrast, this chapter proposes a novel control architecture specifically tailored
for dynamic SaR scenarios. Our framework integrates a heuristic steering approach with
robust, constraint-aware MPC. This allows for real-time adaptation to moving obstacles
and bounded disturbances [199], without relying on learned policies or hierarchical co-
ordination, and results in a lightweight, yet reliable, architecture that maintains safety
and computational efficiency under high environmental uncertainty.

3.4. PROBLEM STATEMENT AND ASSUMPTIONS

We consider the control problem of a SaR ground robot that should autonomously navi-
gate a dynamic, cluttered, and (partially) unknown environment to reach a known target
point. The control problem is formulated within a 2D continuous-space framework in
discrete time, with time step variable x. In the mathematical derivations, we consider
a differential drive [252] ground robot with a circular shape of radius p™P, but the pro-
posed methods are adoptable for different types and shapes of robots and post-disaster
environments. For the sake of simplicity of the mathematical formulations, the static
and dynamic obstacles all have a circular shape with a fixed radius p°S. This is equiv-
alent to considering the smallest circular area that encounters an obstacle an area for
the robot to avoid. The robot has a camera that provides visual information within a cir-
cular perception field centered around the robot and perceives the shape, position, and
velocity of the obstacles. In addition to static obstacles (e.g., rubble or stones) there are
moving obstacles (e.g., humans or falling debris) in the environment. The control sys-
tem should determine per control time step the linear and angular velocities that steer
the robot towards its next desired states.
We consider the following assumptions:

Al Per time step, the robot has perfect information of its own states and scans
and gathers information about the part of its environment that falls within
the perception field of the robot’s camera. The robot keeps no memory of the
past.

A2 Environmental unmodeled disturbances (e.g., unevenness or non-smoothness
of terrain) affect the states of the robot. In other words, the position, given for
the center of the robot, and the velocity may diverge from their nominal val-
ues due to terrain-induced disturbances. Such effects are treated as bounded
external disturbances.

A3 The perception of the robot about the position of the static obstacles is perfect,
but for dynamic obstacles this perception is prone to a bounded error (which
may be due to, e.g., the motion blur or the obstacle moving faster than the
camera’s update rate).

3.5. BI-LEVEL CONTROL ARCHITECTURE FOR AUTONOMOUS

SAFE SEARCHING OF DYNAMIC CLUTTERED AREAS
The control architecture that is proposed for steering a robot in dynamic cluttered SaR
environments is illustrated in Figure 3.1: In order to improve the computational effi-
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Figure 3.1: General control architecture proposed for autonomous steering of robots in cluttered dynamic SaR
environments.

ciency and the responsiveness of the steering system of the robot, both highly crucial
for SaR missions [253], [254], we opt to separate the steering system into a motion plan-
ning system and an optimal motion tracking system, which must follow the trajectory
that is generated by the motion planning system as closely as possible. The output of
the motion planning system (shown via a green box in Figure 3.1) is injected, as the ref-
erence trajectory, into the optimal motion tracking system (shown via a gray box in Fig-
ure 3.1), which will request the motion planning system to re-plan the trajectory when-
ever needed.

3.5.1. MOTION PLANNING SYSTEM: HEURISTIC PLANNING

Due to its ease of implementation and computational efficiency, the obstacle-avoiding
shortest path approach introduced by Jamshidnejad and Frazzoli [193] was chosen as
the basis for the motion planning system. There are, however, two main challenges re-
garding the adoption of this approach for a dynamic, cluttered SaR environment that
should be addressed: First, the approach only includes static obstacles and does not in-
corporate dynamic ones. Second, since this approach relies on local knowledge of the
robot from its environment, its feasibility may be at risk.

MODIFIED OBSTACLE-AVOIDING SHORTEST PATH APPROACH FOR DYNAMIC ENVIRONMENTS
In the original algorithm [193], a greedy heuristic approach has been adopted to avoid
obstacles that are composed of any arbitrary union of circular shapes, by generating the
path across the tangential arcs to these circular shapes (see Figure 3.2a). This way various
arbitrarily-shaped obstacles can be handled by dividing them into smaller pieces and by
approximating each piece by the smallest circle that encounters the piece. Due to its
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(a) Path smoothening occurs in case of self- (b) Current candidate paths (solid+dashed red and
intersection: The plot shows the connecting line in  green), with a target that is unreachable according to
blue, the first and final iterations in red and green, current perception, are replaced by paths with reach-
and the smoothened path in black. able targets (solid green and red).

(c) Solid curves are paths that consider all positions of the dynamic
obstacle (red circle) within the prediction window. Dashed curves
are original paths assuming the obstacle remains static (black cir-
cle).

Figure 3.2: Main idea behind the heuristic path planning approach [193]. Black hollow circles surrounding
static (black) and dynamic (red) obstacles show forbidden areas for the robot. In plot 3.2b the robot is at the
origin and its current perception field is the light blue area. In plot 3.2c the robot is at the left-hand side end
of the blue piece of line and its current target is at the right-hand side end of it. This blue line represents the
straight path that, regardless of the obstacles, connects the current position of the robot and the position of its
current temporary target.
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limited perception field, the robot determines a temporary intermediate target, which it
intends to approach, per control time step. The motion planning system evaluates the
shortest paths at both sides of the straight path that, regardless of the obstacles, connects
the current position of the robot and the position of its current temporary target. In
case the candidate paths are of the same length, one is chosen randomly. Equidistant
points on the shortest path are injected as reference points into the local motion tracking
system of the robot. In case the resulting shortest path is non-smooth or self-intersecting
(see the green curves in Figure 3.2a), a tangent line is drawn across the outer obstacles
to smoothen the path (see the black curve in Figure 3.2a).

We made the following modifications to the heuristic path planning approach, in
order to make it suited for practical cases where the robot should avoid moving obsta-
cles as well and does not store detailed past information for efficiency of the on-board
computations and the memory and energy consumption (see Assumption Al): Due to
the limited awareness of the robot about its environment (limited to the perception field
of its camera), it may face situations where the temporary target that connects its cur-
rent position and the final target is unreachable according to the robot’s environmental
awareness (Figure 3.2b). We address this by replacing the original candidate paths with
traversable paths within the detection zone of the robot that have an endpoint as close
as possible to the unreachable temporary target.

Moreover, in order to incorporate the dynamic obstacles into the heuristic motion
planning approach, the following steps are taken, assuming perfect knowledge about
the dynamic equations of the obstacle:

Step 1 The obstacle avoiding path planning approach is implemented to generate
traversable, safe paths for the robot considering only the obstacles perceived
as static.

Step 2 Using the predicted dynamics of the dynamic obstacles within a given predic-
tion window, all relevant dynamic obstacles are modeled, each as a set of static
obstacles located at these predicted positions.

Step 3 The reference points of the robot for all the time steps within this prediction
window are specified on the shortest traversable and safe path obtained via
Step 1, with all positions of the dynamic obstacle for the time steps within the
prediction window included in the picture of the robot as static obstacles.

Step 4 In case, by comparing the position of the robot and the static obstacles that
represent the position of the dynamic obstacle any risks of collision are de-
tected, the illustrated static obstacles for the time steps with a risk of collision
will be united to form an obstacle belt. A new collision-free path is then gen-
erated.

Step 5 Repeat Step 1-Step 4 until the shortest traversable and safe path is determined.

Figure 3.2c illustrates how the shortest traversable and safe path is determined, by first
considering only the static obstacle (shown via the black circle) and then by modifying
the resulting path in order to avoid collisions with the static obstacles that represent the
dynamic obstacle for all the time steps within the given prediction window. We assume
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that the robot moves across this path with linear and angular velocities that ensure a
trade-off between performance and safety. This, for instance, is obtained by selecting
the higher threshold between half of the maximum velocity of the robot and its midpoint
velocity.

Remark 4. Obstacle Representation and Generalization: To enable safe navigation in
environments with arbitrarily-shaped or moving obstacles, we adopt the concept of a for-
bidden belt, originally introduced in [193]. This construct allows multiple circular (prim-
itive) obstacle regions, each representing predicted positions of dynamic objects at discrete
time steps, to be unified into a deformable constraint region. The resulting belt approx-
imates the occupancy of arbitrarily shaped or time-evolving obstacles over a prediction
horizon. This abstraction supports the generalization of our method to real-world SaR
environments, where obstacle boundaries are often irregular and unknown a priori. Cru-
cially, the method does not require explicit modeling of obstacle geometry, but instead
incorporates their aggregated occupancy.

Remark 5. Compatibility with Memory-augmented Settings: While the no-memory as-
sumption enables a lightweight and reactive implementation, the proposed framework
remains fully compatible with memory-augmented modules (e.g., SLAM or local map
tracking), which will potentially further improve robustness in partially observable en-
vironments.

Next, we expand the discussions for situations where the dynamics of the moving ob-
stacles is not perfectly known by the robot, thus the robot’s predictions about the future
positions of the obstacle are prone to errors.

INCLUDING DYNAMIC OBSTACLES WHEN PERCEPTION ERRORS MAY EXIST IN THE MO-
TION PLANNING SYSTEM

In practice, especially in cluttered SaR environments that are prone to various uncon-
trolled stimuli, the dynamics of the obstacles cannot be perfectly captured via mathe-
matical models. Additionally, the perceived position of dynamic obstacles based on the
images of the camera is prone to errors (Assumption A3). Therefore, the path planning
approach must be made robust to these uncertainties. This is guaranteed if the robot
safely navigates in the environment even when maximum uncertainties are realized, i.e.,
when the forbidden areas (hollow circles around each dynamic obstacle in Figure 3.2) are
expanded considering the maximum modeling or perception error. Moreover, the cu-
mulative errors enhance the uncertainty of the predictions. This effect is incorporated
by increasing the upper value of the errors according to the proximity of the prediction
to the current time. In fact, a larger prediction window allows to incorporate and assess
longer-term impacts of current control inputs, which increases the chances of a safe and
optimal mission and decreases the risk of recursive infeasibility. However, in addition
to heavier online computations, prediction in larger windows leads to larger cumulative
errors and thus risks to safety and degrading the performance. This further motivates
the introduction of a bi-level control architecture that generates a reference path that
approximately provides safety and desirable performance, and that delegates the obsta-
cle avoiding task to a reference tracking control system (see Figure 3.1). Whenever the
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local reference tracking control problem becomes infeasible or the performance crite-
ria falls under desirable thresholds, the motion planning system updates the reference
path, based on the updated information. Meanwhile, the optimal motion tracking sys-
tem keeps the motions of the robot safe and crash-free.

3.5.2. OPTIMAL MOTION TRACKING SYSTEM: ROBUST TUBE-BASED MPC
Based on assumptions A2 and A3, two sources of uncertainties affect the performance
of the robot: The unmodeled disturbances that deviate the states of the robot from the
planned states and the errors in perceiving the position of dynamic obstacles. There-
fore, we use robust TMPC in motion tracking in order to optimally follow the reference
trajectory that is determined by the motion planning system, while systematically in-
corporating all the constraints into the decision making procedure. Robust TMPC uses
dynamic mathematical models to predict the states of the robot and of the dynamic ob-
stacles in a given prediction window, and uses these predictions to optimize the control
inputs. The state vector of the robot, which encapsulates all the necessary past infor-
mation for time step « to predict the future states, is given by x/°P = [x[°P, yrob grobjT,
which includes, respectively, the 2D position of the center of the robot and the robot’s
orientation with respect to the horizontal axis. The control input vector that steers the
motion of the robot for time step « is given by u°® = [vI°, w™°P]T, which includes, re-
spectively, the linear and the angular velocities of the robot. The obstacles are identi-

fied by their position vector rSt2ticobs o) = [ystaticobs ) ystatic.obs )] T for static obstacle
dyn obs =[x dyn,obs( ), (0 ), 0), dyn,obs(o)]-r per

time step «x for dynamic obstacle o, including the 2D position rKyn obs (0) and the velocity
elements of the obstacle, respectively (note that due to the circular shape of obstacles,
instead of their orientation or angular velocity, the robot perceives the components of
the linear velocity). The state evolves due to the accelerations a"bs(o) and aObS(o) by the
driving forces of the obstacle. Next, we explain how the motion tracklng system predicts

the states of the robot and of the dynamic obstacles within a given prediction window.

dyn,obs dyn,obs

o and by their state vector x,

DYNAMIC PREDICTION MODELS FOR THE MOTION OF THE ROBOT AND OF THE DYNAMIC
OBSTACLES

The kinematics equations for translational motion of the centroid of a differential drive
mobile SaR robot, as well as the orientation of the robot, both used by the motion track-
ing robust TMPC system are given by:

x0P = xrob c( 10 cos (H,I(O_bl) — cw®P v sin (6 bl) ) (3.1a)
yob = yrob c( 1b i (0 ob ) +co®P v cos (9 bl)) (3.1b)
6P = grob 1 ceyob (3.10)

The state update equations (3.1a)-(3.1c) have been discretized in time using sampling
time ¢, i.e., the states are updated every c time units, while during this interval their
most recently updated values are used.

In the proposed architecture, both the motion planning system (in Step 3) and the
optimal motion tracking system (as a prediction model embedded in MPC) need to model




66 3. ENABLING ROBOTS TO SEARCH DYNAMIC CLUTTERED ENVIRONMENTS

the dynamics of the moving obstacles. In case any knowledge exists or is deducible via
filters [3] about the pattern of movement of the obstacles, the corresponding kinematics
equations may be obtained.

Otherwise, since the proposed framework does not rely on prior knowledge of precise
obstacle trajectories, it should predict obstacle motions based on rational assumptions,
e.g., obstacles follow motion patterns similar to the behavior of the robot itself.

Since based on assumption A2, robots deploy perception pipelines that estimate ob-
stacle motion under bounded uncertainty, predicted uncertainty envelopes can be in-
corporated into the obstacle belt representation to preserve safety guarantees, even in
the presence of unpredictable or partially observed obstacle motions [1].

Regardless of the prediction method, the robust TMPC system, as is detailed in the
next section, incorporates time-varying constraint tightening, which accounts for uncer-
tainty in obstacle motion. This ensures that safety constraints remain satisfied, even un-
der bounded deviations. The robot continuously monitors the motion of objects within
its perception field, and if significant changes are detected, the framework triggers real-
time re-planning, supported by the rolling-horizon strategy of robust TMPC. This com-
bination of conservative planning and adaptive response enables safe navigation in en-
vironments with limited or noisy motion information. In addition, note that in the mo-
tion tracking system based on robust TMPC, the model of the robot that is employed is a
linearized version of (3.1).

FORMULATING THE TMPC PROBLEM OF THE MOTION TRACKING SYSTEM INCORPORAT-
ING THE IMPACT OF UNCERTAINTIES

The objective function of the MPC problem for motion tracking per time step « is com-
posed of two terms: The first term includes the offset of the state vector trajectory of
the robot from the reference trajectory {x°, ..., ,r(ef o} Within the prediction window
Py = {x +1,...,x + NP} that is generated by the heuristic motion planning system. The
second term of the objective function represents the kinetic energy of the robot and in-
corporates the impact of the velocity vector of the robot to improve the energy efficiency
for its motion and to assist with obstacle avoidance. This term serves dual purposes:
Reducing energy consumption and moderating velocity near dynamic obstacles, which
enhances safety in cluttered or uncertain environments. Note that replacing this term
with a time-minimization one encourages maximum velocity, which may compromise
energy efficiency and increase the risk of unsafe behavior near obstacles. Alternatively,
adding a time-related term alongside the existing objectives introduces a competing pri-
ority into the optimization problem that potentially undermines the real-time tractabil-
ity and responsiveness required in safety-critical scenarios.

These terms are weighed using positive parameters w; < 1 and w», where the im-
pact of the predictions that correspond to farther times in the future is discounted (due
to being prone to larger estimation errors) by multiplying them by w{“ . In other words,
when £k is a larger time step within the prediction horizon, the weight of the correspond-
ing term is smaller, because w; < 1. The robust TMPC problem for time step x, with

x°P and u;(’_bl given, is formulated within the prediction window Py via the following
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minimization problem:

1<+Np K+NP-1 T
min ( ff +wy Y (ui"b urk‘)b)) (3.2)
#0P (Ve,NP), %P (NP) N S5ty =«

subject to the following constraints, within the given prediction window Py:

(3.1) holds for updating the states of the robot, after linearization (3.3a)

(3.1) or a dynamic equation deduced from a Kalman filter holds for moving obstacles
(3.3b)
x™M < x?’b < xm& (3.3c)
umin < uk b1 < y™ (3.3(1)
‘ u;Cobl uiobZ ‘ < usmooth (3.3e)
r]rcob r;ob < pglan psafe 3.30)
r]rcob _ rstatic,obs(ol)H =p safe + wrkob’ for 0] € jstatic,obs (3.39)

r]l;ob dYH,ObS(O )” > psafe n wE)b i wgyfi,obs, for 0, € jdyn ,obs and for k> x +1
(3.3h)
P = 0g) | 2 % Wi O, for 0y € 7™ (3.30)

d b dyn,ob. ,ob:
r,rc"b kfll 550, )” > psafe 4 w?’b + wkﬁo S foro, € jkyno * and for k < x + NP
(3.3))
b b f
w0 = et + Ko (62 -2 ) (3.3K)
=~rob b b ~10b _ b b b

where £, (NP) = {2}, ..., 50} and (N NP) = {8, 68 ey N 1}
with u;‘ﬂrch 1= urOpr 1~ Constraints (3.3¢) and (3.3d) impose lower and upper lim-

its on, respectively, the states and control inputs of the robot, where the symbol < for
vectors is executed element-wise on those vectors. Constraint (3.3e) limits the rate of
the changes in the consecutive control inputs that are injected into the actuators of the
robot, and guarantees smooth mechanical movements or dynamic variations for the ac-
tuators of the robot. Constraint (3.3f) ensures that the position of the center of the robot
for the entire prediction window remains within a bounded zone with safe borders. This
zone should embed the trajectory that is planned via the heuristic motion planning sys-
tem of the robot as much as safety considerations allow for it. In other words, this con-
straint keeps the position of the center of the robot within a circle that is centered around
the current position r™P of the robot with a radius p2*" — psafe, where p?'*" is the largest
distance of r°° from the planned path and ps > p™P + p°bs js a parameter that is tuned
based on how conservatively the safety guarantees are defined. Subtracting p¢ from
the planned radius ensures that when the center of the robot is positioned on the bor-
ders of the safe zone, the robot will not crash into potential obstacles outside the zone.
Figure 3.3 illustrates the essence of including constraint (3.31). The variables .#51¢:0bs
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and . in (3.39)-(3.3)) are, respectively, the sets of all the static and dynamic obsta-
cles that fall within the perception field of the robot at time step k € P,. Constraint (3.3g)
keeps the robot away from the detected static obstacles for all time steps k € P, taking
into account the impact of the disturbances on the position of the robot, by including the
upper bound w,rc"b for the disturbances. In other words, terrain-induced disturbances,
as described in Assumption A2, are modeled as bounded external disturbances within
the motion tracking system and are compensated for through the robust TMPC formu-
lation via the corresponding constraint. Constraints (3.3h)—(3.3j) prevent the robot from
crashing into the dynamic obstacles that have been detected within the perception field
of the robot at time step «, by incorporating the impact of both the external disturbances
that affect the position of the robot, with the upper bound w?b (for k € Py), and the er-
ror in the perception of the estimated states of the dynamic obstacles, with the upper
bounds wgzri’Obs, dyn’Obs, and w?ﬁ'Obs for time steps k—1, k, and k + 1, respectively,
where k € P, \{x,x + NP}. Note that since a discrete-time problem is solved, per time
step k € P, \{x,x + NP} the collision avoidance of the robot and the obstacle is enforced
by providing the safe distance between their centers for the current time step and its
immediate previous and next time steps, in order to reduce the risk of infeasibility. The
reason for excluding time steps « and x + NP from these constraints is the following:
Since the robot does not hold any memories of the previous time steps (Assumption Al),
at the beginning of the prediction horizon, i.e., at time step k = x, it does not have access
to the information of the dynamic obstacle for time step k — 1 = x — 1. Therefore, it can-
not estimate (3.3h). Moreover, since the upper limit of the prediction horizon starting at
time step k =« is time step « + NP, thus at time step k = x + NP the robot does not have
any information about the dynamic obstacle for time step k+ 1 = x + NP + 1 and hence,
cannot estimate (3.3j). The upper bounds are time-varying to account for the errors ac-
cumulated within the prediction horizon, while preventing too much conservatism for
robust TMPC [31].

Robust TMPC estimates or deploys nominal trajectories for the state and control in-
puts, and adjusts the control inputs online in order to ensure that, despite the external
disturbances and perception errors, the realized state trajectory of the controlled system
remains within a safe, feasible region, called the tube. In our proposed architecture, the
nominal state and control input trajectories for (3.2), subject to constraints (3.3a)—(3.3k),
are instead those that have been injected into the motion tracking system via the motion
planning system, i.e., xzef and uff. The control input adjusted online via robust TMPC is
then determined via (3.3k), where the reference control input is adjusted using a control
increment term that is determined based on a feedback from the system, i.e., the error
between the realized and reference state trajectories. Note that the control law (3.3k) is
linear, since we employ a linearized version of the robot model (3.1). In fact, the gain
K used for k +1 € P is determined per time step, as is common in robust TMPC lit-
erature, such that it stabilizes the error dynamics (which is usually done by linearizing
(3.1) per time step k to obtain the dynamic and input matrices Ay and By, respectively,
and by enforcing the condition fS® (A + BiKy) < 1 where fSE(.) is the spectral radius
function, i.e., a function that determines the largest eigenvalue of the input matrix, in
this case Ay + By Ky, which can be used to determine the tube, see also, e.g., [220]). In
particular, (3.3h)—(3.3j) ensure that the realized states remain within a safe tube that is
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Figure 3.3: The white area around the robot shows its perception field. Any (parts of the) obstacles that fall
within this perception field are known to the robot, while the robot is unaware of those obstacles that fall out-
side this field. If no safety measures are considered, by positioning its center on the borders of the perception
field, the body of the robot may crash into the obstacles that are positioned close-by to the borders of its per-
ception field and outside of it.

dynamically tuned via the time-varying bounds w°® and wgyn’Obs, which we explain in

the next section how to determine.

The robust TMPC optimization problem is in general complex and may thus become
infeasible. Therefore, in case the tracking robust TMPC problem is deemed infeasible, it
calls back to the heuristic motion panning system to ask updating the reference trajec-
tories, and after that a new robust TMPC problem is solved. The constraints (3.3g)-(3.3j)
are lower bounds and thus non-convex constraints, that determine a risk to obtain local
minima. Therefore, the optimization problem of robust TMPC is in general nonlinear
and non-convex. To address this issue, it may be solved using state-of-the-art global al-
gorithms, e.g., genetic algorithm [255] or pattern search [256], using multiple starting
points.

DYNAMIC ADJUSTMENT OF THE TUBE IN TMPC DUE TO DISTURBANCES AND PERCEPTION
ERRORS

We decouple the evolution of the states of the robot due to its dynamics and due to the
approaching dynamic obstacles, and independently incorporate the influence of these
sources of uncertainties on the tube of robust TMPC. The values of w;C"b and wgyn’Obs,
computed at time step k and for k € P, in the worst case are determined via the follow-

ing geometric sequences:

k—x-1

w;ob — wrob (1- grob)i (3.4)
i=0
dyn,obs _ _ dyn,obs k! dyn,obsy i
w. " =W Y a-=¢ ) (3.5)

i=0

where f“’b € [0,1] and é’dyn"’bs € [0,1] are the damping values for the deviation of the
robot states and for the perception error regarding the position of the dynamic obstacles,
respectively, and ™ and @w®™°P are the upper bounds for the external disturbances
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that impact the robot states and for the perception error of the robot, respectively. Based
on these values, constraint tightening may be performed. Note that the damping values
should carefully be tuned to provide a balanced trade-off between increased robustness
and reduced conservativeness for robust TMPC.

3.6. CASE STUDY

Simulations were run to compare the performance of the proposed control architecture
(called HP+TMPC, referring to integrated heuristic motion planning and robust TMPC)
with two state-of-the-art methods, Horizon-based Lazy Rapidly-exploring Random Tree
(HL-RRT*)[257] and COLREGS Artificial Potential Function (APF)[258]. These two state-
of-the-art methods were selected due to their complementary strengths: On the one
hand, COLREGS APF represents reactive and safety-focused navigation and offers ex-
plicit obstacle avoidance and target convergence mechanisms via attraction-repulsion
fields. On the other hand, HL-RRT* exemplifies computationally efficient, heuristic-
based planning and responsiveness suited for partially known environments. These
methods reflect two critical attributes that our framework is designed to unify: (1) ro-
bustness and safety in dynamic, uncertain environments; and (2) real-time feasibility
with scalable planning capabilities. Thus, this evaluation can safely be considered suf-
ficient and representative for demonstrating the effectiveness of the proposed method
within the scope of this study.

For all the simulations, the CPU used was a 4 core 2.5 GHz Intel® Core™ i7-4710MQ
with 8GB of RAM memory and an integrated GPU of Intel® HD Graphics 4600. The
operating system was Ubuntu 18.04.6 LTS, a 64-bit OS, with open-source drivers, where
applicable. The simulations were done on MATLAB R2020b, where the parameters used
have been made publicly available in the 4TU.ResearchData repository [259].

HL-RRT*is a path planning approach based on Rapidly exploring Random Tree (RRT*),
which uses random sampling in its search space and builds up a tree with branches that
connect the nearest points of the tree to each random sample, when this connection
corresponds to a collision-free path. Once the target point is connected to the tree, the
suitable path from the starting point to this target is selected. For enhanced computa-
tional efficiency, HL-RRT* uses a horizon-based strategy to guide the exploration, where
the sampling is biased toward the points that are closer to the horizon and/or to the
target. Moreover, HL-RRT* only checks the final candidate path for collision avoidance
[260], [261].

COLREGS APF refers to the deployment of APF for navigation, complying with the
rules of COLREGS [258], i.e., international regulations for preventing collisions at sea.
APF steers the heading and velocity of the robot based on the vector that combines all
attraction and repulsion (e.g., due to obstacles on the way) forces between the robot and
its target. The core aspect of COLREGS APF used in this case study is a horizon-based
collision-avoidance strategy, which makes the comparison with an MPC-based method
more relevant.

A square-shaped environment of size 14 m x 14 m was simulated, considering case 1
with 10 scenarios, each including 6 static and 5 dynamic obstacles, and case 2 with 10
other scenarios, each including 8 static and 8 dynamic obstacles. In case 2 in partic-
ular initial configurations and kinematics were designed for the obstacles such that a
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temporarily infeasible problem would appear for the robot. The scenarios were care-
fully designed to ensure that reaching the destination for the robot was always feasible
in the long term. The random variables (e.g., the external disturbance affecting the po-
sition of the robot) were different among the scenarios for each case (for details see the
data repository [259]). Note that while the error in perceiving the position of dynamic
obstacles and the deviation of the states of the robot due to external disturbances were
bounded and randomly generated, the same values were used for different control meth-
ods in order to make the comparisons fair.

The simulations were run following two setups: (1) A computation budget (0.15 s per
decision making for MPC and HL-RRT*, while APF does not in practice need this time
budget, as it solves the problem almost in real time) was considered, where the simula-
tions were terminated as soon as the budget was exhausted. (2) The three approaches
ran until either the target was reached by the robot or reaching the target was deemed
infeasible. The comparisons of the performance among the three approaches were with
regards to the rate of success of the three methods (i.e., whether or not the robot reaches
the target without any collisions and without falling into a livelock, e.g., circling) and the
length of the path taken by the robot to the target. In setup (2), the overall mission time
(i.e., the time taken by the robot to reach its target) was also compared.

To simulate the motion of each dynamic obstacle o, the following nonlinear equa-
tions were considered:

dyn,obs dyn,obs dyn,obs
xYObS () — dVmobs ) +RK(uxYK (o),c),

v (0) = v (0) + RK (@(x*™(0) - x™ " (0)), ¢ (3.6)

yj((i};ri obs( ) = yf(iyn,obs(o) + RK(U?,’(H obs(o)’ C) )

dyn,ob dyn,ob dyn,ob
Vieny ()= 033" (0) + RK (ﬁ(ya“(O) —y e S(o)),c) 3.7)
with RK(:, ¢) Runge-Kutta 3/8 operator that integrates the given variable across one sam-
pling time c. The initial positions and the velocities of the obstacles were sampled based
on a uniform distribution, and the motions were around fixed attraction points with co-
ordinates [x2*(0), y*(0)] T per obstacle o. For the constant multipliers a and 8 we con-
sidered:

1+4n
a= N ’
U}rcob ,max U;ob,mln i H xglynyobs(o) — xatt(g) ||
1+4
'3 =02 b, b, Z n, obs 3.8)
U;o ,max _ vro m1n ”y y! (0) - yatt(o) ”

with n € [0,1] a random number per obstacle that is sampled from a uniform distribu-
tion, and pOP™max  probmin U;Ob max; U;Ob MiN the maximum and minimum velocities of
the robot in the x and y directions, respectively. These choices allow for relative veloci-
ties for the robot and the dynamic obstacles that result in obstruction of the path of the
robot, thus evaluating the given approaches based on relevant, meaningful simulations.

We assume that the robot uses a filter to estimate the motion of the dynamic obstacles,
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simply using linear approximation for the velocities. Such an approximation, consider-
ing the prediction horizon of NP =5 used in the case study, results in a bounded error of
maximum 3.57%, which is acceptable for the simulations.

3.7. SIMULATION RESULTS

In this section the results of the simulations are presented. Due to the large number of
experiments, we have presented only a few representative cases: Figures 3.5-3.6, Fig-
ures 3.7-3.8, and Figures 3.9-3.10 correspond to deploying, respectively, HP+TMPC, HL-
RRT*, and APF for case 1 and case 2. The dash-dotted blue and solid green trajectories in
the plots correspond to, respectively, setup 1 and setup 2. Static and dynamic obstacles
are illustrated as solid black and red circles, respectively. In the plots on the right-hand
side of these figures, the realized distance of the robot from the closest obstacle during
the simulation, as well as the minimum safety radius (black dashed lines) are shown.

Tables 3.2 and 3.3 show the results for the path length and mission time of the robot
for case 1 and case 2, respectively. A dash symbol is used to indicate mission failure, i.e.,
the robot did not reach the target, due to either collisions or falling into livelocks.

3.8. DISCUSSION OF THE RESULTS

In this section, the results are discussed. In general, APF failed to perform satisfacto-
rily in both case 1 and case 2, showing only a single success from the 10 scenarios for
both setup 1 and setup 2. Failures occurred because the robot got stuck in an 8-shaped
path (see Figures 3.9a and 3.10a). This turned out to be related to the tuning of APF,
since after re-tuning it, the livelock disappeared and a trajectory towards the target was
found (see Figure 3.4a). This behavior was ultimately linked to the tuning of the hyper-
parameters of APF, since after re-tuning them the livelock was eliminated and a feasible
trajectory to the target was found (see Figure 3.4a). This, however, highlights a funda-
mental limitation of APF and similar approaches, i.e., their high sensitivity to hyper-
parameter settings. This sensitivity stems from the way APF combines attractive and re-
pulsive potential fields, i.e., using fixed weights and influence radii, to compute motion
commands. Any small changes in these parameters can significantly distort the resulting
gradient field and lead to undesired behaviors, such as livelocks or oscillations, partic-
ularly in complex or dynamic environments. In practice, manual re-tuning of these pa-
rameters is often infeasible, especially in unstructured or time-critical scenarios. While
online adaptation or learning-based tuning mechanisms will theoretically address this
issue, such solutions introduce new practical and computational burdens that raise seri-
ous concerns about reliability and applicability in safety-critical domains, including SaR
robotics.

From Table 3.2, HP+TMPC had a higher success rate than HL-RRT* for setup 1. All
failures of HL-RRT* were due to crashing of the robot into obstacles, especially in a spe-
cific scenario designed to increase the risk of crashing (see Figure 3.4b), where the robot
was placed between two dynamic obstacles or one dynamic and one static obstacle. In
this case, HL-RRT* did not find an alternative lower cost path in time that keeps the robot
safe. These failures reflect key structural limitations of HL-RRT*. Specifically, this plan-
ner lacks predictive modeling of obstacle motion and therefore, unlike robust TMPC,
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Figure 3.4: Particular conditions in the simulations of the case study.
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Table 3.2: Results in terms of the path length (m) and the mission time (s) for case 1, setup 1 (top table) and
setup 2 (bottom table).

HP+TMPC HL-RRT* APF
scenario path time path time path time
1 18.8 49.8 - - - -
2 20.1 55.7 20.0 44.5 - -
3 22.3 50.5 - - - -
4 179 533 193 402 - -
5 16.5 41.1 19.8 44.2 - -
6 21.0 55.2 21.9 52.1 - -
7 15.2 32.3 15.0 30.9 15.4 30.8
8 22.4 49.7 - - - -
9 20.0 595 249 229 - -
10 17.8 39.3 19.2 39.2 - -
mean 19.2 48.6 20.0 44.2 154 30.8

standard deviation  2.40 8.50 2.99 8.94 - -

HP+TMPC HL-RRT* APF
scenario path time path time path time
1 15.5 40.6 26.4 50.7 - -
2 16.8 37.1 19.4 41.2 - -
3 21.0 521 240 463 - -
4 16.8 37.6 18.7 35.0 - -
5 16.5 42.7 17.6 32.5 - -
6 18.2 38.1 21.0 44.5 - -
7 15.0 31.8 16.0 30.9 15.4 30.8
8 19.1 506 229 504 - -
9 18.2 41.1 20.5 42.5 - -
10 16.9 41.9 18.3 33.3 - -
mean 17.4 41.4 20.5 40.7 15.4 30.8

standard deviation 1.78 6.13 3.18 7.74 - -

cannot anticipate future constraint tightening. Its reliance on lazy collision checking
and a fixed-time planning horizon further exacerbates the problem. Once the robot en-
ters a narrow or transiently safe corridor, the planner may fail to re-plan in time, or may
commit to paths that become infeasible during execution. In summary, unlike feedback-
based methods, such as robust TMPC, HL-RRT* offers no mechanism for online correc-
tion or constraint adaptation. These make the planner vulnerable in scenarios where
reactive safety is critical.

Instead, HP+TMPC avoided crashing into the obstacles in this challenging scenario,
by either considering an obstacle belt (as a result of modeling the motion of dynamic ob-
stacles within the prediction horizon) to avoid, or setting a reference trajectory outside
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Table 3.3: Results in terms of the path length (m) and the mission time (s) for case 2, setup 1 (top table) and
setup 2 (bottom table).

HP+TMPC HL-RRT* APF
scenario path time path time path time

1 - -

2 - -

3 19.1 47.8 - -

4 - -

5 - -

6 20.9 51.0 - -

7 - -

8 - -

9 - -
10 - -
mean 20.0 49.4 - -

standard deviation 1.26 2.26 - -

HP+TMPC HL-RRT* APF
scenario path time path time path time
1 19.2 50.7 - -
2 16.2 43.1 - -
3 17.4 41.0 - -
4 18.4 45.0 - -
5 19.5 52.0 - -
6 17.2 48.7 - -
7 18.4 46.8 - -
8 - R
9 - R
10 - -
mean 18.0 46.8 - -

standard deviation 1.16 4.01 - -

the unsafe region.

For setup 2, however, HL-RRT* always handled this high-risk scenario, but with a
high computational cost. In fact, using HL-RRT* the robot only moves across a path that
leads to a lower cost, in this case a path that is closer to the target. Thus, unless a node
was found closer to the target than the current position of the robot, it simply refused
to move. Since in setup 2 there was always time to find such a node, HL-RRT* showed a
100% success rate.

Comparing the path lengths, HL-RRT* generally took a longer path than HP+TMPC,
while the path of HL-RRT* was generally shorter in setup 2 compared to the same ap-
proach used in setup 1. In a few cases, HL-RRT* took a slightly shorter path than HP+TMPC,
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due to its random nature. See the path made by HL-RRT* in Figure 3.7a, where a wide
berth is made to avoid the middle obstacles, partly due to the sampling and partly be-
cause of the local cost propagation in the tree, a limitation of RRT*. This is confirmed
considering the tree that was used at the time of the berth (see Figure 3.4c).

For HP+TMPC, setup 1 resulted in paths that were approximately 10% longer on av-
erage than for the same approach used in setup 2. This can be explained via Figure 3.5a,
where a small berth for setup 1 is observed that is avoided in setup 2 (see Figure 3.6a).
This is linked to the limited knowledge about dynamic obstacles within a limited compu-
tational window. In fact, for setup 2 HP+TMPC found a lower cost path by slightly chang-
ing the course and speeding up, and it almost always found a local minimum, while the
optimization in setup 1 sometimes stopped prematurely.

For the mission time, in setup 1 in various cases when HL-RRT* has found a path,
this path has generally resulted in a smaller mission time than with HP+TMPC. In setup
2, in almost half of the cases HL-RRT* wins in achieving a smaller mission time, while
in the other cases HP+TMPC wins, with, on average, 11% reduced time for the winning
approach in both cases. Comparing, for instance, Figures 3.5 and 3.7, it is clear that
HP+TMPC has opted for the shortest path to the target, but since this requires moving
closely to various obstacles, it may have compromised its speed for remaining crash-free,
whereas by taking a longer path, HL-RRT* has avoided the obstacles significantly. This
is mainly due to the formulation of the optimization problem for HP+TMPC (see (3.2)),
where no explicit term for reducing the mission time has been considered in the objec-
tive function, but rather the controller is asked to minimize its distance from a reference
trajectory that, according to the heuristic motion planning system, provides the shortest
path to the target. This implies that a potential point of improvement for reducing the
mission time of HP+TMPC is to include the mission time as an additional term in the
objective function of robust TMPC.

Based on Table 3.3, for case 2, similarly to APF, HL-RRT* failed to show any success
in reaching the target point. In particular in setup 2, none of the failures of HL-RRT*
was due to colliding with any obstacles, but was mainly because, even with the larger
computational budget, the algorithm failed to find any feasible paths. From Figure 3.8a,
HL-RRT* explores a variety of options, which are quickly dismissed, because of the lack
of dynamic prediction for the moving obstacles. The main reason for the back-and-forth
motions is that HL-RRT* followed a path for a while, which turned out to be infeasible
later. The consistent failure of HL-RRT* in case 2, even under extended computational
budget (setup 2), can be attributed again to fundamental limitations of this algorithm in
dynamic environments. First, HL-RRT* lacks any mechanism for predicting the motion
of dynamic obstacles, causing it to generate paths that are quickly invalidated during
execution. Second, its horizon-based sampling strategy and cost bias tend to prune ex-
ploratory branches that may be necessary for avoiding moving obstacles, especially in
constrained or deceptive regions. Third, the lazy collision checking of this algorithm de-
lays the detection of invalid paths, leading to repeated re-planning cycles without struc-
tural adaptation. These factors combined to make the problem effectively infeasible for
HL-RRT* in the more complex, dynamic scenarios of case 2.

The failures of HP+TMPC in case 2 were primarily due to the inability of the opti-
mization solver to find a feasible control solution within the allowed number of itera-
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tions. Specifically, the heuristic planner is unaware of future obstacle motion and may
steer the robot into narrow regions (e.g., Figure 3.4b), where obstacle trajectories eventu-
ally close in, forming a so-called ‘crushing zone’. Once inside this zone, the robust TMPC
controller receives an infeasible problem, as in fact no admissible sequence of control
inputs within the velocity and safety constraints can lead to a collision-free trajectory.
In these situations, the optimization solver often reaches the iteration limit without suc-
cess, especially when the prediction horizon is too small to find a viable escape plan for
the robot.

In setup 2, we observed additional cases where the controller generated overly ag-
gressive inputs, which lead to a velocity constraint violation. This occurred when robust
TMPC attempted to recover from a deteriorating situation introduced by the planner,
and accordingly pushed the system close to the limits of feasibility. Without a sufficiently
large prediction horizon or relaxed constraints, this led to constraint violations or solver
failure.

These observations point to a fundamental limitation of the decoupled heuristic+t MPC
structure. The heuristic planner lacks awareness of dynamic feasibility, and the con-
troller has limited authority to correct flawed plans, particularly under real-time con-
straints. Addressing this limitation requires tighter integration, larger prediction hori-
zons, or more predictive planning mechanisms.

To further investigate these failure modes, we tested variations with increased pre-
diction horizons and larger solver budgets. Both mitigated the failure cases, suggesting
that windows with longer look-ahead planning improve safety, but this comes at the cost
of increased computation time. This highlights the inherent trade-off between predic-
tion depth (safety) and responsiveness (reactivity) that should be carefully balanced in
real-time applications.

Under setup 1 with limited computational budget, occasional solver timeouts were
observed due to the strict 0.15 s time limit. This particularly occurred in scenarios with
dense obstacles or high dynamic constraints (e.g., Figure 3.4b). Nevertheless, feasibility
was preserved in the majority of cases because (i) the solver returned the best feasible
iterate available at timeout, and (ii) tightened constraints within the optimization loop
of robust TMPC inherently maintained safety margins.

For unlimited computation budget (setup 2), whenever the problems were struc-
turally feasible, the optimization algorithm always converged, considering a threshold
of 105 over an average objective function cost in range 20-200.

Overall, these results indicate that, under the given computational resources and
simulation setup, robust TMPC achieved real-time feasibility. Given the consistent con-
vergence of the optimization solver in the unlimited computation budget setting (i.e.,
setup 2) and its robustness under limited computation budget setting (i.e., setup 1),
these findings suggest that, with hardware comparable to or exceeding our simulation
platform, the proposed architecture is well-positioned for making the next step to real-
world deployment. Naturally, transitioning from computer-based simulations to physi-
cal experiments will introduce new challenges (e.g., sensor noise, unmodeled dynamics,
onboard resource constraints) that will require further validation and potential adapta-
tions to ensure reliable real-time performance.
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3.9. CONCLUSIONS AND TOPICS FOR FUTURE RESEARCH

In this chapter, we proposed a novel control architecture for motion planning and ref-
erence tracking of autonomous robots in dynamic cluttered environments, based on a
modified version of a heuristic motion planning method [193] and Robust Tube-based
Model Predictive Control (robust TMPC). In a case study, we compared our proposed ap-
proach to two state-of-the-art methods and showed, especially for complex scenarios, to
have similar or significantly higher success rates and shorter path lengths with the pro-
posed control architecture, while producing collision-free trajectories despite multiple
moving obstacles.

In the future, the proposed control architecture will be validated for different robot
models, and for more variations in the motion of the obstacles, where proper filters
should be merged into the control architecture to estimate the motion of these obsta-
cles in real time. In addition, more scenarios will be simulated, including environments
with varied shapes and obstacle configurations. In missions where time minimization
is critical, such as emergency response, evacuation support, or medical delivery, the ob-
jective function of robust TMPC can be adapted to explicitly penalize time-to-go or to
reward forward progress toward the target. This adaptation shifts the trade-off in fa-
vor of mission speed. Exploring such reformulations represents a promising direction
for extending the applicability of the proposed framework to a broader range of real-
world scenarios. This control architecture should further be extended to multi-robot sys-
tems, with potentially heterogeneous characteristics. Expanding the comparative simu-
lations to include more recent methods, such as deep reinforcement learning, imitation
learning, or hybrid planning approaches, will provide a broader benchmarking context.
This constitutes a relevant future direction, especially for extending our framework to
more complex or data-driven navigation scenarios. Accordingly, as part of future work,
the comparative analyses should be extended by including more recent learning-based
and hybrid planning methods to further benchmark the proposed framework against
a broader range of navigation strategies. Finally, real-life experiments should be per-
formed to validate the effectiveness of the control architecture beyond computer-based
simulations.

DATA AVAILABILITY

The data and parameters used in the simulations are publicly available
in the 4TU.ResearchData repository: Baglioni, M. Tables with parameters values under-
lying the publication: Enabling robots to autonomously search dynamic cluttered post-
disaster environments. https://doi.org/10.4121/aa7528da-0986-453c-b196-4277a2db4daa
(2024).
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Figure 3.7: (a) Sample robot paths for case 1, setups 1 and 2 (called low and high budget respectively) for HL-RRT* and (b) the distance of the robot from the closest
obstacles.
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CAMERA-BASED MAPPING IN
SEARCH-AND-RESCUE VIA FLYING
AND GROUND ROBOT TEAMS

Search-and-Rescue (SaR) is challenging, due to the unknown environmental situation af-
ter disasters occur. Robotics has become indispensable for precise mapping of the envi-
ronment and for locating the victims. Combining flying and ground robots more effec-
tively serves this purpose, due to their complementary features in terms of viewpoint and
maneuvering. To this end, a novel, cost-effective framework for mapping unknown en-
vironments is introduced that leverages YOLO (You Only Look Once) and video streams
transmitted by a ground and a flying robot. The integrated mapping approach is for per-
forming three crucial SaR tasks: Localizing the victims, i.e., determining their position in
the environment and their body pose, tracking the moving victims, and providing a map
of the ground elevation that assists both the ground robot and the SaR crew in navigating
the SaR environment. In real-life experiments at the CyberZoo of the Delft University of
Technology, the framework proved very effective and precise for all these tasks, particu-
larly in occluded and complex environments.

Parts of this chapter have been published in Machine Vision and Applications 35, 117 (2024) [3].

M. Baglioni contributed to the methodology and the experiments, assessed the results, supervised the MSc
student involved, and reviewed the final draft of the chapter. B. Esteves Henriques performed the concep-
tualization, designed the experiments, contributed to methodology and results, and wrote the first draft. A.
Jamshidnejad contributed to methodology, assessed the results, edited the final draft, and performed supervi-
sion.
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4.1. INTRODUCTION

UMBER and severity of natural disasters have risen dramatically in recent decades.

Between 1991 and 2005, nearly 90% of disaster-related deaths and 98% of people af-
fected by disasters belonged to low-income countries [157]. The survival rate of trapped
victims drops from 91% in the first 30 minutes to 36.7% by the end of the second day
[262]. Therefore, it is vital to make Search-and-Rescue (SaR) operations both affordable
and time-efficient. SaR has become increasingly augmented with robotics in the last
20 years [23]. Besides traversing hazardous environments via their sensors, robots scan
their surroundings rapidly and autonomously. In this chapter, we introduce a novel,
cost-effective framework for mapping unknown environments via SaR robots that effec-
tively and efficiently combines the strengths of ground and flying robots when teaming
up for SaR missions.

4.1.1. MOTIVATIONS

Table 4.1 shows a qualitative cost comparison for conventional sensors used in SaR
robotics. More expensive sensing approaches, e.g., thermal imaging, may still fail to de-
tect humans in high-temperature environments, e.g., in case of fire [263], [264]. The
main disadvantage of radar and LiDAR sensors is their very high costs. In addition, the
applications of RGB images are wider, i.e., while radar and LiDAR provide range informa-
tion that can be used for obstacle avoidance or for mapping, images taken by RGB cam-
eras can be used for computer vision tasks, including detection and tracking of objects
and SaR victims, or extraction of information for training machine learning algorithms
and neural networks [265]-[267].

Special sensors, e.g., Doppler-shift sensors for detecting humans based on the mo-
tion of their lungs, their heartbeat, or typical Doppler signatures of motion may fail in
case of stationary targets or in distinguishing humans from other moving objects [268]-
[270].

Acoustic sensors in SaR applications can be subject to various disturbances and noise
from the environment. Flying robots are specially impacted by this issue, because of the
noise that their propellers create [93].

A main motivation for using vision-based algorithms that rely on inputs from stan-
dard RGB cameras is the affordability of these cameras (see Table 4.1) and the capability
of such algorithms to perform well in very challenging SaR conditions, thanks to the re-
cent advancements in image processing. In fact, an improved performance with respect
to the state-of-the-art is achieved by incorporating the latest advancements in computer
vision into the proposed framework. In particular, YOLO (You Only Look Once), which
is used in this chapter, has emerged as one of the most promising object detection al-
gorithms and has proven to achieve real-time object detection with high accuracy levels
and reduced computational resources.

Our main motivations for teaming up flying and ground robots are the following:
On the one hand, with low costs, flying robots provide access to aerial perspectives and
are able to swiftly cover expansive areas in a short time. Their imaging quality, how-
ever, may be compromised due to the tilting of their cameras while flying. Moreover,
they may fail to access and perform properly in very confined spaces and corridors. On
the other hand, while ground robots navigate rugged terrains at a slower pace, with a
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Sensor type Cost
RGB cameras, depth cameras Low
Doppler-shift sensors, acoustic sensors Low
2D radar, 2D LiDAR, thermal imaging Medium
3D radar, 3D LiDAR High
Table 4.1: A qualitative cost comparison of SaR medium-segment sensors based on [265]-[267], [271]-[275].

more restricted field of view, they excel in precise imaging, accessing confined spaces,
and transporting heavy payloads. Moreover, as it is illustrated in Figure 4.2, the distinct
viewpoints that are captured by flying and ground robots can properly complement each
other.

4.1.2. BACKGROUND

The majority of the state-of-the-art literature that considers collaborative teams of flying
and ground robots focuses on the problem of navigation of these robots in SaR environ-
ments (see, e.g., [276], [277]). An important problem in SaR missions, however, is to map
the unknown environment, and to detect the individuals who are in distress and to esti-
mate their position and pose [278].

The only papers that have focused on the simultaneous detection and localization of
objects in SaR scenarios, using You Only Look Once (YOLO), include [279] and [280]. Au-
thors in [279] use the Scale-Invariant Feature Transform key point matching algorithm in
order to determine the corresponding points in the pictures that have been taken from
different viewpoints. Afterwards, using a homography matrix, the coordinates are trans-
formed from one frame to the other. The approach used in [280] differs in determining
the corresponding points within distinct frames, where trigonometry is used.

With recent advances in deep learning, victim detection through image processing
has gained increased attention. Convolutional Neural Networks (CNNs) play a vital role
in such detection methods [281]-[283]. In particular, the CNN YOLO has proven to be
very effective in object detection [284]. For instance, in [279] pre-trained deep learning
models based on YOLO are used, in order to detect objects in a flooded area. Authors in
[280] apply YOLOVS5 for detecting and localizing the victims in an outdoor SaR environ-
ment. In [285], YOLOv4-tiny (a compact version of YOLOv4) is used to detect the victims
and their poses. In addition, the object detection algorithm YOLO is used to detect SaR
victims via flying robots in [79], [286], [287]. In all these works, the authors compare to
other existing object detection algorithms and show an improvement in performance
(including accuracy, speed, and low false detection rate), using YOLO. In [288] YOLO is
also used in thermal imaging, for the same purpose of victim detection, while in [289] it
is used for object detection in Air-Sea Rescue (ASR). A common drawback of these ap-
proaches is that they do not integrate object detection with target tracking, as done in
this chapter.

Moving victims should also be tracked in order to save them in a timely way. Thus,
state estimation methods, e.g., the Kalman filter (and more advanced versions including
the extended and unscented Kalman filter), have been proposed to estimate the trajec-
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Figure 4.1: Combining a flying and a ground robot with their different specifications and area coverage for
mapping unknown environments.

Figure 4.2: Different viewpoints for a flying (left) and a ground (right) robot, retrieved from [276].

tory of moving victims [290], [291]. Regarding victim tracking in ASR, in [292] a Kalman
filter is used in a model to predict the position of a vessel in the presence of uncertain-
ties given by the water motion. In [293], instead, an Adaptive Unscented Kalman filter
is used to integrate the measurements of Inertial Measurement Units (IMUs) and Global
Positioning System (GPS) receivers to localize rescuers in dense forests during SaR op-
erations. They show that their algorithm outperforms other types of Kalman filters in
terms of positioning accuracy and reduced prediction errors. In [294], an approach is
proposed that leverages YOLO for victim detection in thermal imaging and a Kalman fil-
ter for tracking their trajectories based on position measurements. All these approaches,
however, consider just one single robot, either grounded or flying, while the synergy of
multiple sources of data is not addressed.

Another crucial piece of information in SaR is the traversability and elevation of the
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ground of the terrain. Image processing can be used for such applications as well. In
particular, authors in [295] present an approach for extracting the ground characteristics
(e.g., the roughness, slope, discontinuity, hardness) from images using neural networks.
Moreover, in [296] an approach based on stereo images and LiDAR (Light Detection And
Ranging) data is used to determine forest terrain elevation and canopy height. The novel
proposed method is validated with real-life experiments. In [297], instead, an approach
is proposed to determine the elevation of the first floor of buildings, with the aim of
mitigating flood risks. They use YOLO to detect doors and windows, and extract the
first floor elevation from Light Detection And Ranging (LiDAR) point clouds data. These
approaches are affine with estimating the terrain elevation of a SaR environment, but
doing this precise task through image processing, as performed in this chapter, is still
not addressed in the literature.

4.1.3. MAIN CONTRIBUTIONS AND STRUCTURE OF THE CHAPTER

We propose new time and cost-efficient approaches for mapping unknown SaR envi-
ronments, based on the fusion of the knowledge that is deduced from images that are
taken separately, via autonomous flying and ground robots. The mapping includes lo-
calization of and trajectory tracking for victims, and estimating the ground elevation.
The main contributions of this chapter are:

1. We extend the pose estimation module of YOLO, in order to estimate the co-
ordinates of the unobserved key points of the body of a victim from an image,
based on body proportions and symmetry. Accordingly, YOLO is leveraged to
estimate the distance of the victim from the ground robot.

2. YOLO is employed in streams captured from a flying and a ground robot, along
with a localization algorithm, in order to map the detected points into real-
world coordinates, and to fuse them using a Kalman filter, in order to estimate
and track the trajectory of a moving victim.

3. An algorithm is proposed for estimating the elevation of the terrain, using
YOLO and homography estimation.

Real-life case studies have been designed and performed in order to validate the three
approaches explained above.

The rest of the chapter is organized as follows. Section 4.2 explains the proposed
methodologies. Section 4.3 describes the setup and implementation of the case stud-
ies that have been carefully designed to validate the developed approaches using real-
world data. Then the results of the case studies are presented and discussed. Finally,
Section 4.4 concludes the chapter and provides suggestions for relevant future research.

4.2, PROPOSED METHODS

This section is structured in four parts, each explaining one SaR task. The first two parts
will address the pose estimation and the victim localization. The third part will address
the victim tracking approach using a Kalman filter. The last part will address the ter-
rain elevation mapping. These four tasks are achieved by teaming up flying and ground
robots.
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Figure 4.3: Road map of the chapter.

Our methods are based on YOLOvV8n [298], since it significantly speeds up the class
detection process and maintains high accuracy. In a single pass through a neural net-
work, YOLO identifies both the bounding boxes and the probabilities for objects to be-
long to specific given classes. In particular, YOLOV8n (i.e., the nano version model) is
chosen, since it is faster than other models. For training, the Common Objects in COn-
text (COCO) dataset, comprising 330,000 diverse images, has been used. From these
images, 200,000 are annotated for object detection, segmentation, and captioning tasks
across 80 object categories. Annotations encompass bounding boxes, segmentation masks,
and captions, that enhance the precision and versatility of the model.

Figure 4.4 shows the output of YOLOv8n for the front and top views of a victim. The
bounding boxes are drawn around the detected object, and a confidence score from [0, 1]
is attributed to each class for that object.

4.2.1. POSE ESTIMATION

This section explains how the pose estimation of the victims works. In order to pre-
cisely locate the victims and to estimate their (health/physical) status, awareness about
the body pose of the victim is needed. YOLOv8n-Pose has been trained for pose esti-
mation on a COCO dataset, which contains 200,000 images labeled with 17 key body
points [298]. Figure 4.5 shows the output of YOLOv8n-Pose for the front view of a victim.
The body key points, given in a pre-defined order, include: nose, eyes, ears, shoulders,
elbows, hands, hips (the two side points), knees, and feet. These labels are recorded
in a list, which we call list “L". Some of these key points may not be visible in or de-
tectable from the images that are received from a SaR robot, while their position is im-
portant for the estimation of the pose and distance of the victim from the robot. There-
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Figure 4.4: YOLOv8n output for front (left-hand plot) and top (right-hand plot) views of a victim.
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- |
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Figure 4.5: YOLOv8n-Pose is extended to perform pose estimation, where based on the previous output of the
algorithm, the positions of the body key points are estimated.
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Figure 4.6: Extended YOLOv8n-Pose for locating the missing key points (shown in white) based on typical body
proportions and symmetry.

Algorithm 2 Determining the position of all the missing key points

1: L: An ordered list of pkevpoint key point labels (i.e., nose, eyes, ears, shoulders, elbows,
hands, hips, knees, feet)

2: K: An ordered list, with the same size and order as L, including the positions corre-
sponding to the key points that are detected within a captured image, with K[i] the
i coordinate pair in list K

3: piteration: pre_set number of iterations of the algorithm

4: i and k: Index variables

5: estimate_keypoint(-,-): A function that receives as input the list K and the index i
corresponding to an element in K that is empty, and assigns as output a pair of coor-
dinates to fill in the empty element K|[i]

: for k — 1 to p'teraton do

6

7. fori— 1 to nkeypPoint do

8: if K[i] is None then

9: K{[i] — estimate_keypoint(K, i)
10: end if
11: end for
12: end for

13: return K
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Algorithm 3 Function estimate_keypoint(:,-)

Input: K, i

1:

: R[i]: An ordered list composed of n

: W[i]: Alist composed of n

pdependency ;1. Number of all sets of dependencies that have been defined for key
point K[i]

dependency 4] gets, each including one set of the
dependencies of key point K[i]
dependency /] sets of weights for the dependency key points,
where the order of the sets and the order of the elements within each set are the same

as in R[i]

. WIi, j,£]: The weight that is deduced from the /™ element within the j® set of W[i]

5: D[, j,¢): The position of the ¢ key point within the j set for list R[i] where this

position is deduced from list K

. n*®!i, j]: Number of the key points within the j set of the dependencies of key point

Kli]

: j: An index variable

8: w: An auxiliary variable

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:

27:
28:
29:
30:
31:
32:

: b: A binary variable

Klil <= (0,0), w—0, j —1
while j < pdependencyf;] do
b — True
for ¢ — 1 to n®¢'[i, j] do
if D[i, j, 4] is None then
b — False
break
else
Kl[i] =Kl[il+ WIi, j,¢]-Dli, j, ¢]
w=w+WIi,j,¥l
end if
end for
if b then
break
end if
j—j+1
end while

if j = n®¢'[i, j] then
return “CANNOT LOCATE MISSING KEY POINT!!”
else
K[i] = K[il/w
end if
return K[i]
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fore, YOLOV8n-Pose was extended to locate the missing key points, in order to make the
pose estimation module robust to occlusions. Figure 4.6 showcases the output of the
extended model whenever some body key points are occluded.

Algorithms 2 and 3 have been developed to estimate the position (i.e., the x and y
coordinates) of the key points that are missing from an image: Algorithms 2 (lines 7-11)
loops through the entire list K of the positions of the key points, that has initially been
deduced from an image. This loop assesses whether or not any positions are missing
within list K. For those key points that have not been detected by YOLOvS8 in the image,
a function estimate_keypoint(:,-) has been developed (the details are given in Algo-
rithm 3) in order to determine the position of that missing key point and to fill in the
empty element in list K. Note that since Algorithm 3 runs within Algorithm 2, we have
not repeated, in Algorithm 3, the same definitions that are used in both algorithms.

Function estimate_keypoint(;,-) (see Algorithm 3) receives K and the index i of the
element that is missing from K, and determines the position of the missing key points.
The algorithm needs the position of the other key points that the position of a missing
key point directly depends on. Those key points are called the “dependencies” of the key
point. For instance, using the body proportions, the position of the missing key point,
the right elbow, can be estimated based on the positions of the dependency key points,
the right hand and right shoulder. Alternatively, using the body symmetry the position
of the right elbow may be estimated using the positions of the two shoulders and the left
elbow. Thus, for each key point, more than one list of dependencies may exist (e.g., in the
given example both sets {right hand; right shoulder} and {right shoulder; left shoulder;
left elbow} belong to the set of dependencies of Key point “right elbow”).

Thus, the dependencies for all the key points in list L (which includes all the nkeypoint
key point labels) are defined a-priori in pkeypoint Jigts called “R[r]”, which, for re€
{1,..., nkeypointy ¢ composed of pdependency ] gotg of dependencies for key point r in
list L. Moreover, a list “W[r]” with a similar number of sets and elements within each
set as in R[r] is pre-defined and includes the weights that the algorithm associates with
each corresponding dependency key point within R[r] (see lines 1-3 in Algorithm 3). For
the given example, suppose that the order of the right elbow in list L is 8. Then, as an
example, R[8] = { {right hand; right shoulder}, {right shoulder; left shoulder; left elbow} }
and W[8] = { {0.5; 0.5}, {0.2; 0.4; 0.4} }. These weights are used to compute the position of
a missing key point, based on a weighted average of the positions of the dependencies
of that missing key points.

Note that the procedure of determining the positions of the missing points should
better be run in more than only one iteration. This is because the positions that have
been determined per iteration for the missing key points may be the positions of the
dependency key points of other missing key points that could not be positioned in that
iteration. Thus, the next iterations will help to position those key points as well. This
is why in line 6 of Algorithm 2, a loop of ni*™°" jterations has been designed. In the
real-life experiments in the CyberZoo, the number of the iterations, piteration vyaq set to
10, which was deemed sufficient to determine all the missing key points.

Note that when a list or parameter is always fixed, we have used a regular font for the
corresponding notations, whereas for varying lists and for other variables we have used
an italic font.



4.2. PROPOSED METHODS 93

Remark 6. For unconventional body poses (e.g., when one arm is stretched and the other
arm is bent), for symmetrical parts of the body (e.g., for the left and right arms), the algo-
rithm considers the most reliable estimate of the position of one of the two parts (e.g., the
estimate for the right arm) from the image. For the other part (in this case the left arm), a
virtual symmetrical body part is considered and the coordinates are estimated accordingly
(similarly to the right-hand side plot in Figure 4.6). Thus, whether or not a human has a
conventional pose does not impact the performance of the algorithms.

4.2.2. VICTIM LOCALIZATION

In this part of the methodology, determining the position of the victims from the ground
and aerial images is explained. Localizing the victims autonomously via robots requires
homography and distance estimation, as explained next.

Homography Estimation An indispensable method for mapping image pixels into real-
world coordinates, especially when dealing with planar surfaces, is homography estima-

tion. In our research, homography estimation serves as a valuable auxiliary method that

facilitates the transformation of 2D image points into their corresponding real-world co-

ordinates relative to the robot platforms. The homography transformation of 2D points

is performed using a 3 x 3 homography matrix H, given by:

}:lll }:llZ }:113
H= ha1 hy  hos 4.1
h31 hsp 1

which implies that 8 parameters (3 rotational, 3 translational, 2 scalars) should be iden-
tified, requiring a system of 8 equations. These equations are generated by choosing 4
reference points, for which the corresponding x and y coordinates in both the camera
view and the augmented view are known. Consider a set P = {(x;, y;) fori = 1,...,n1
of n! points co-planar in the camera view, and the corresponding set in the augmented
view, i.e., P = {(x;.’, y;’) for i = 1,...,nM}. The points within set P may be selected arbitrar-
ily. However, considering points that are more distant from one another will help with
the precision of the approach that will be explained next. This is because by selecting
points that are farther from one another, a larger portion of the image frame is consid-
ered in the calibration. Furthermore, such a selection helps the algorithm to be more
robust to errors in the estimation of one or a few of the reference points. Thus, the most
efficient approach is to select the four corners of the image frame. For translation of the
positions of these points into their corresponding real-world positions, a reference ob-
ject may be placed at a known position with respect to the global reference frame, such
that the object appears in the corner of the image. This procedure can be done in a labo-
ratory before deployment in a real SaR setting because the calibration refers to the robot
and to the orientation of its camera, and not to any external factors. Therefore, changing
the x and y coordinates of the robot position or the yaw angle of the robot will not affect
the calibration. Only a change in the tilt angle would require a different calibration of
the system.
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The following direct linear transform is used to obtain 2 linear equations per point:

xi yi 1 0 0 0 -xix! -yix! -x

L.
0 0 0 x; yi 1 —-xiy! -yiy! -/
= = = T
[hn h2 ... hgp 1] =0 4.2)

Alternatively, with more than 4 reference points the estimation of the homography ma-
trix H transforms into an optimization problem that should determine an optimal ho-
mography matrix H* that minimizes a defined cost function, which typically includes
the algebraic sum, across all reference points, of the geometric distances between the
projected points (%}, 7;') obtained using the candidate H, and the actual corresponding
points (x;.’ ,¥!) in the map view.

Given H, a point (x;, y;) in the camera view is transformed into (x, y/) in the aug-
mented view, using the following equation from [279]:

XA YA /I]T =H[x; y 1] 4.3)
4 l

with A a scaling factor that ensures the transformed points maintain their relative posi-
tions after the transformation.

Distance Estimation Knowing the distance of a detected victim from the ground robot
is crucial in SaR. Under a simplified pinhole camera model, the distance d of a detected
victim from the camera of the ground robot, is given via:

sreal lfocal
d=——7——— (4.4)
simage
with 572 the real-world size of the victim (where knowing the position of the victim al-

lows the robot to have a more realistic estimation of 5" for the victim), /@ the focal
length of the camera, and s™28¢ the size of the victim in the image. It is assumed that the
camera is calibrated. Note that s is a value chosen before the SaR mission and kept
constant based on average values typically observed in human anatomy. This reference
value can be taken as full height, shoulder-to-shoulder distance, and shoulder-to-elbow
distance (see next Table 4.2 for a practical example), depending on the body parts that
are visible in the image during the SaR mission. In addition, /@ is usually provided by
the manufacturer, or is alternatively computed from the height H™28¢ and width Wwimase
of the image in pixels, and the horizontal FOV}, and vertical FOV; fields of view of the
camera (see Figure 4.7). We have:

Himage Wimage
ot = FOVy) FOV) 4.5
2tan(TV) 2tan(T“)

Two sources of position measurement are obtained from the ground and the flying
robot (see Figure 4.8). Each measurement is computed by vector summation of the po-
sition of the robot and the position of the victim relative to that robot. The position of
the robots is generally measured via a position-determination system, e.g., via GPS. The
position of the victim relative to each robot can be computed using (4.3) and (4.4).
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Figure 4.7: The vertical (left) and the horizontal (right) FOVs of a camera, where y represents the angle between
the camera and the victim, with a subscript ‘v’ and ‘h’ for, respectively, the vertical and the horizontal cases.

4.2.3. VICTIM TRACKING
In this part of the methodology, we explain in detail how the trajectory of a moving victim
is tracked through the images that are taken by the ground and aerial robots.

State estimation is a fundamental requirement in several SaR contexts since it en-
ables one to make inferences about the states of a dynamic system based on noisy sen-
sor measurements. Our primary objective of state estimation is to infer the trajectory of a
moving victim after being detected. A Kalman filter, using a model of the victim motion,
is employed to fuse the measurements of the two robots. Such models of the victim mo-
tion in disaster situations are available in the literature (see, e.g., [146]). By incorporating
knowledge of how the victim’s trajectory is expected to evolve over time, the Kalman filter
makes predictions about the future states of the victim and generates a continuous and
coherent trajectory according to the model. The state estimation approach is explained
next.

State Transition Model The state transition model describes how the states of a system
evolve over time. In the discrete time, the evolution of the state vector, x; = [Xk, Vi, X, Vil
including the position and the velocity of the victim in a 2D space at time step k, is via
the following state-space equation, which is a general form of a dynamic model for the
victim motion that has been simplified via linearization and excluding the influence of
external forces:

Xi+1 = Fxp + wy (4.6)

with F the state transition matrix and wy a random variable representing the process
noise, assumed to be drawn from a zero mean normal distribution with covariance ma-
trix Q. In real life, the actual state x; may be unavailable, and thus estimated sequentially
via (4.6). A hat symbol is used to represent the estimated states.
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Figure 4.8: Victim location per time step: Vector sum of the (flying or ground) robot position, and the relative
position of the victim and the robot.

Observation Model The observation model relates the noisy or uncertain measure-
ments ka = [xlkn, ykm, )'ckm, ylkn] T obtained from the sensors of the robots to the actual states
of the system per time step via:

X =0x + vg 4.7

with @ the observation matrix and vy a random variable representing the measurement
noise, assumed to be drawn from a zero mean normal distribution with covariance ma-
trix R. The Kalman filter operates in two main steps, prediction and update, explained
next. The superscript ~ for a variable indicates the variable before being updated.

Prediction Step At time step k, the most recent estimated state £, is updated (details
are given next) to £; and is then used by the Kalman filter to estimate the future state of
the system, i.e.:

X, =Fx; (4.8)

The error covariance matrix P, ; (which indicates how uncertain the state prediction
is) is estimated by propagating the current updated error covariance matrix, Py, through
the state transition model and by adding the process noise covariance matrix, Q, i.e.:

Pi,, =FPF +Q (4.9)

Update Step At time step k + 1, when new measurements are obtained, the state pre-
dicted at time step k for time step k + 1 is updated to improve the certainty. First, the
Kalman gain K. ; is obtained, based on the error covariance prediction matrix, P
the observation matrix, @, and the measurement noise covariance matrix, R, via:

Ki+1=P,,07 (0P, ,0" +R ™! (4.10)
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The Kalman gain reflects the relative importance of the prediction and the measure-
ments.

Next, the state X, , predicted at time step k via (4.8) is updated using the Kalman
gain and the difference of the actual measurements obtained from the sensors at time

step k + 1 and the predicted value for the measurements using £, , and (4.7), i.e.:

.i?k.;_l =J?,;+1+Kk+1(kaﬂ—@’ﬁ,;+l) (4.11)

Similarly, the error covariance matrix is updated at time step k + 1 to incorporate the
reduced uncertainty. We have:

Pii1 = 0-Ki+10)P; (4.12)

Smoothening Filter In order to refine and smoothen the output of the Kalman filter,
an exponential moving average filter is employed that assigns exponentially decreas-
ing weights to older estimations. This allows the filter to adapt more quickly to recent
changes in the measurements, while incorporating past information. The smoothening
for time step k is performed via:

M = ady + (1- )2 (4.13)

where .f?EMA is the smoothened state estimate and «a is the smoothening factor of the
exponential moving average filter. Larger values for a result in higher weights for recent
changes.

4.2.4. TERRAIN ELEVATION MAP
In the last part of the methodology, we explain how the ground and aerial robots will
collaboratively determine the ground elevation of the terrain.

First, the flying robot carries and drops a standard object with a known shape and
size on a point where the terrain elevation is to be estimated. Then, the distance of the
ground robot from this object is sent via the flying robot (by leveraging homography esti-
mation and trigonometry) to the ground robot. Alternatively, the ground robot estimates
its relative distance to the object using (4.4). This distance, together with the coordinates
of the ground robot, is used by the robot to determine the expected position (blue point
in Figure 4.9) of the object, assuming a flat ground. Then, from the image the camera
of the ground robot captures, the real point (shown in red in Figure 4.9) that the object
touches the ground. The pixel distance between these two points is used for the estima-
tion of the ground elevation.

When the object sits close to the ground robot or at a high elevation, the object is per-
ceived as smaller, and thus, the distance is perceived as larger than it is (see Figure 4.10).
This impacts the estimated terrain elevation. To mitigate this, depending on the geom-
etry of the object, it is possible to take its width as a reference, since the width is only
distorted in extreme scenarios.

Remark 7. Theapproach introduced in this section for terrain elevation mapping is mainly
meant to be performed randomly, on a large scale, within the first stages of mapping the
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Figure 4.9: In determining the terrain elevation, the flying robot drops a standard object with a known size in
the desired place. The ground robot then receives via the flying robot its distance to the dropped object, or
else estimates this distance using (4.4). This information is used by the ground robot to determine the point
(shown in blue) that the object would touch the ground if the ground were flat, using (4.4). Then via its camera,
the ground robot captures sight of the point (shown in red) that the object actually touches the ground. The
pixel distance between these two points is used to compute the elevation of the ground (shown in green).

environment. In other words, a group of drones will be deployed to drop standard ob-
jects, not necessarily tennis balls, but, for instance, more flexible objects with possibly an
adhesive texture that are more suitable for simplifying their placement on a non-smooth
ground. After a large number of such objects have been distributed around the environ-
ment, the ground robots will be deployed to detect these objects and the corresponding el-
evation of the ground underneath them, as a part of mapping the unknown environment.
Therefore, no precision in locating these objects via the flying robots in the environment is
in general required. In case such precision is needed for some reasons, as it was mentioned,
an adhesive material may be used to place the object more precisely. In such a case, the
movements and altitude of the flying robots should also more precisely be controlled.

4.3. CASE STUDIES

This section explains the setup, implementation, and results of real-life experiments that
were conducted at the CyberZoo of the Delft University of Technology, in order to vali-
date our proposed approaches. In the experiments, challenging scenes that encompass
occlusions and the temporary unavailability of the sensors have also been generated.

4.3.1. SETUP OF THE EXPERIMENTS
The experiments were conducted at the CyberZoo of the Delft University of Technol-
ogy (see Figure 4.11), a research and test laboratory that embeds a 10 x 10 m? synthetic



4.3. CASE STUDIES 99

Figure 4.10: When the object sits close to the ground robot, as in a) and ¢), or is at a high elevation, as in b) and
d), partial occlusion is more significant. In the image a) dgroung = 1 m, € =25 cm, b) dgroynqg =1 m, e=75 cm,
©) dground =3 m, =25 cm, d) dground =3 m, =75 cm.

turf surrounded by safety nets, for protecting the participants and robots during the ex-
periments. Furthermore, the experimental facilities at the CyberZoo are equipped with
twelve high-tech cameras and Motive, a software platform designed to control motion
capture systems for various tracking applications. By placing markers asymmetrically in
a rigid body, it is possible to track them using Motive to obtain their position, velocity,
and 3D orientation (pitch, roll, and yaw).

The drone used in the experiments was a Parrot Bebop 2 (see the right-hand side
photo in Figure 4.12). Parrot Bebop 2 is a small quadcopter that measures 382 mm in
front, 328 mm on either side and 89 mm in height. It weighs 500 g and has a 2700 mAh
battery. Depending on the circumstances, the drone can fly continuously for up to 25
minutes on this battery power. The 14 MP front camera on Parrot Bebop 2 can record
1080p video at 30 fps. The drone is also equipped with a bottom camera used to esti-
mate the velocity of the drone. This built-in camera is not suited for video recording.
Thus, a 14 MP bottom camera, which can also record 1080p video at 30 fps was attached
to the bottom of the drone. The drone has its own WiFi network, allowing the drone
to connect to other devices. It boasts a dual-core processor operating at 500 MHz per
core, orchestrating seamless flight control and navigation. Complemented by a quad-
core GPU, the drone efficiently processes video and image data and ensures smooth and
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Figure 4.11: CyberZoo including the reference frame, where the origin corresponds to the center of the labora-
tory field.

Figure 4.12: Parrot Jumping Sumo (left) and Parrot Bebop 2 (right).

high-quality visuals.

As for the ground robot, the Parrot Jumping Sumo (see the left-hand side photo in
Figure 4.12), which is a compact, wheeled ground robot, was used. Displaying a movable
base with two independently driven wheels, Parrot Jumping Sumo measures 185 mm in
length, 150 mm in width, and 110 mm in height. Weighs 180 g, and features a 550 mAh
battery that grants an operational time of up to 20 minutes. The robot can perform hor-
izontal and vertical jumps up to 80 cm, and incorporates a wide-angle camera providing
480 p at 15 fps. Just like Parrot Bebop 2, Parrot Jumping Sumo is equipped with its own
WiFi network, allowing it to connect to other devices. Parrot Jumping Sumo is powered
by an ARM Cortex A9 processor running at a clock speed of around 1 GHz, facilitating
swift and responsive execution of commands and sensor data processing, enabling agile
movements and interactions.
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Measurement Reference [m] p[m] o [m]

Height 1.7000 1.7538 0.0732
Shoulder-to-shoulder 0.3800 0.4075 0.0398
Shoulder-to-elbow 0.3000 0.3054 0.0218

Table 4.2: Measurements and reference values for the participants

Overall, the autonomy of the robots, the sufficient quality of their cameras, and their
affordability, ready-to-use nature, and user-friendly interfaces make them suitable for
this research. The processing of the images and videos was performed via an external
computer that was equipped with an Intel Core i7-1185G7 processor, part of the 11th
generation, operating at a base frequency of 3.0 GHz and reaching up to 4.8 GHz with
Turbo Boost capability. It boasted 16 GB of LPDDR4x RAM and integrated Intel Iris Xe
Graphics. The storage was facilitated by a 512 GB PCIe NVMe SSD. The operating system
utilized was Ubuntu 20.04.6 LTS. The source codes were composed using Python, owing
to its compatibility with external code, versatility, and robust libraries.

4.3.2. EXPERIMENTS FOR DISTANCE ESTIMATION VIA GROUND IMAGES

A collection of images of various body poses from volunteer participants were collected.
In order to represent a general population, the participants were selected to have diverse
physical characteristics, e.g., different heights, and shoulder-to-shoulder and shoulder-
to-elbow distances. The experiments included 24 participants of 12 different nation-
alities. The reference values used for the height, shoulder-to-shoulder distance, and
shoulder-to-elbow distance were selected based on [299] and are given in Table 4.2.

The corresponding measurements were also gathered from the participants, in or-
der to gain awareness of how closely they matched the reference values. Larger devi-
ations from the reference values in the participant sample are expected to yield larger
errors. The average value, u, and standard deviation, o, for these measurements are
also given in Table 4.2. For height, shoulder-to-shoulder distance, and shoulder-to-
elbow distance, the average values are, respectively, 3.16%, 7.24%, and 1.80% larger than
their reference values, whereas the corresponding standard deviations are, respectively,
4.17%, 9.77%, and 7.14% of their average values. Thus, the measurements from the par-
ticipants matched the reference values relatively closely, with the shoulder-to-shoulder
distance the least reliable measurement in terms of both the average value and the stan-
dard deviation. While the average value for the shoulder-to-elbow distance was closer
to the reference value than that for the height, the worst-case measurement was still less
reliable than that of the height due to its increased standard deviation. On grounds of
the challenge of determining these distances precisely in a conventional SaR scenario,
the algorithm privileges using the height, shoulder-to-shoulder distance, and shoulder-
to-elbow distances owing to their decreasing absolute values.

Each participant was asked to take 7 different poses for the camera (see Figure 4.13):
standing facing the camera, standing in profile, standing back to the camera, sitting fac-
ing the camera, sitting in profile, lying on the side facing the camera, and lying face-up.
These poses have been repeated for distances of 1.5 m and 3 m from the ground robot.
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Figure 4.13: The participants were asked to take specific poses for the ground vehicle camera. The images were
captured systematically from varying distances of 1.5 m and 3 m. The sequence of the poses encompasses a)
standing facing the camera, b) standing in profile, c) standing back to the camera, d) sitting facing the camera,
e) sitting in profile, f) lying on the side facing the camera, and g) lying face-up.
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Figure 4.14: The motorized rotating stand makes the volleyball move in a circle with constant angular velocity
o = 6 rpm. During the experiments, the flying and ground robots captured video streams of the movement of
the volleyball in an unobstructed environment (left) and in a cluttered environment (right). The radius of the
trajectory of the volleyball was adjustable.

Figure 4.15: The flying robot carried and dropped a tennis ball where the elevation of the terrain was to be
estimated. The ground robot positioned itself in an adequate perspective, in order to estimate the elevation.
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The experiments thus generated 14 images per participant and 336 images in total. All
images were post-processed using the extended YOLOv8n-Pose, to predict the bound-
ing boxes and the location of the key points. The key points are augmented by lever-
aging typical body proportions and body symmetry as described in Section 4.2.1. This
ensured that all key points were estimated even when some body parts were not detected
or captured by the camera. The distance between the key points were then inserted into
(4.4) to determine the distance of the participant from the ground robot in pixels, and
to compare this with a reference real-world value for that distance. As different poses
distort different key point distances, the camera frame distance substituted in the equa-
tion depended on the pose. When the participant was standing or lying on the floor,
the distance between the feet and the head was compared against a reference value for
the human height. When the participant was sitting facing the camera or in profile, the
shoulder-to-shoulder distance or the shoulder-to-elbow distance was compared to the
reference values, respectively.

4.3.3. EXPERIMENTS FOR TRACKING A MOVING OBJECT

The main aim of this set of experiments was to track the movement of a real-world object
by leveraging the video streams of the ground and flying robots. Due to the limited space
at the experimental facility and the need to compare the obtained movement trajectory
with a ground truth, a precise trajectory had to be replicated. Therefore, a volleyball was
taken as the moving object to be tracked. The volleyball was attached to a rod, tied to a
360-degree motorized rotating stand. By moving the rod, it was possible to manipulate
the radius of the trajectory. The motorized rotating stand allowed for adjustable angles of
rotation, directions of rotation, and angular velocities. During the experiments, different
obstacles were placed around the trajectory of the volleyball to occlude both the aerial
and the ground views of the motion (see Figure 4.14).

In all the experiments, the center of rotation was placed at the center of the Cyber-
Zoo0, i.e., at (x,y) = (0,0). The ground robot was kept static at (0, —3), and the flying robot
hovered with an altitude of 3 m, as closely as possible above the center of the CyberZoo.
It was crucial to keep the altitude of the flying robot approximately constant, so that the
homography matrix H does not regularly need to be calibrated. Correcting a frame man-
ually took 10 seconds on average. The videos that were being processed had a length of
around 30 seconds. The frame rate was 15 fps for the ground robot and 30 fps for the
aerial robot. This editing step was done before feeding the videos to the algorithm.

Remark 8. In order to reduce the computational errors in the estimation of the trajectory
of the victim that are sourced from the relative motion of the robots or from the tilting
motion of the aerial robot, a GPS may be used on the robots. With a GPS, the position of
the robots with respect to a fixed reference point (e.g., the center of rotation of the volleyball
in the case studies) is obtained precisely and the relative distance of the robot and the
moving target is corrected accordingly. This, however, may not be feasible in complex SaR
applications. Moreover, using GPS on various robots increases the costs of SaR robotics
(which contradicts the main goal of this chapter, i.e., to propose a framework that also
suits low-income countries). Therefore, an alternative option, that was also used in our
case studies, is to apply a video editing software, e.g., the daVinci Resolve, which allows



4.3. CASE STUDIES 105

editing the frames and to ensure that the center of rotation of the volleyball is placed in
the center of each frame.

Throughout the experiments, the angular velocity and the direction of the rotation
were kept constant at 6 rpm counterclockwise. Five main settings were tested: r =
0.75m, r = 1.00 m, and r = 1.25 m in an unobstructed environment, r = 1.25min a
cluttered environment for the flying robot only, and r = 1.25 m in a totally cluttered en-
vironment.

For each experiment, both video streams were post-processed frame by frame and
off-board on an external laptop, using YOLOv8n. For the ground robot, (4.3) and (4.4)
were employed to determine the position of the volleyball in the reference frame de-
picted in Figure 4.11. For the flying robot, (4.3) was sufficient to determine the position
of the volleyball. Since the ground and flying robots recorded videos at, respectively,
15 fps and 30 fps, the frames were aligned before inputting the measured locations to
the Kalman filter. The Kalman filter was updated at 30 fps, i.e., without any measure-
ments from the ground robot in half of the updates, due to the halved frame capture
rate. The estimated trajectory was compared with the ground truth per setting.

4.3.4. EXPERIMENTS FOR ESTIMATION OF THE GROUND ELEVATION

In these experiments, the flying robot carried and dropped a signaling object where the
elevation of the terrain was to be determined. A remote air-dropping system was in-
corporated into the setup and a thrower was attached to the bottom of the flying robot.
Whenever the object needed to be released, a remote control was manually operated.
Even though the maximum payload of the airdrop system is 750 g, weights above 150 g
seriously jeopardize flight stability. Therefore, a tennis ball weighing 58 g was selected
as the signaling object and boxes with varying heights were used to model the terrain
elevation (see Figure 4.15). The ground robot was positioned at different distances from
the signaling object and 12 images were captured via the camera of the ground robot for
distances 1,2, 3,4 m and for elevations 25,50,75 cm. These images were then processed
off-board, considering 2 options: First, the ground robot estimated the terrain elevation
on its own, as explained in Section 4.2.4. Second, the ground vehicle received its distance
from the tennis ball via the flying robot.

4.3.5. RESULTS AND DISCUSSIONS
Next, we present and discuss the results of our experiments.

RESULTS FOR DISTANCE ESTIMATION VIA GROUND IMAGES

After batch-processing the images, the average, maximum, and minimum distances,
along with their upper and lower dispersion, were obtained. Only 5 of 336 images (i.e.,
less than 1.5%), did not result in detecting a human above a confidence threshold of 20%.
For the rest, the results were divided based on the body pose and the distance from the
camera (see Figure 4.16).

From the plots, the distance to the camera appeared to have the largest impact when
the participant was standing. When the person was closer to the camera, the results
were promising given the proximity to the ground truth, the small upper and lower dis-
persion, and the non-substantial errors in the extremum. For larger distances, however,
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Figure 4.16: Average values, standard deviations, and extremum for estimation of the distance for 1.5 m (left)
and 3 m (right) ground truth distances.

these metrics degraded. When the participant was sitting or lying on the floor, the pat-
tern seemed to be consistent, regardless of the distance of the participant to the ground
camera. A possible explanation is the lens distortion (i.e., the optical anomalies in cam-
era lenses that result in deviations from ideal light projection), since this effect is not
considered in modeling a simplified pinhole camera.

The worst cases appeared when the distance was estimated in excess, rather than in
defect. This is compatible with the fact that the participants were, on average, taller than
the reference values, which increases the estimated distance. Therefore, the reference
values should be adapted depending on the average height of the participating people.

Remark 9. When the height of the victims is considered as the reference value for deter-
mining their distance from the ground robot, errors may occur especially whenever the
height of a victim varies significantly from the values that have been used in the calibra-
tion. In fact, the distance of a person with a significantly larger height may by mistake be
estimated smaller than it really is and vice versa. In order to mitigate such errors, instead
of the height, the relative distance between other key points of the body that is not sub-
ject to significant variations among different people may be considered, e.g., the relative
distance of the eyes or other key points in the face.

The standing poses appeared to be, on average, the least prone to errors. While their
error pattern changed significantly with the distance from the camera, the average dis-
tance remained close to the ground truth. Sitting and lying poses appeared to be more
challenging. In fact, whenever the participants have a wider range of motion and poses
where a smaller measurement is taken to compare against the reference (e.g., shoulder-
to-shoulder distance as opposed to the height) are more prone to uncertainties. For
instance, the participants stood still in a similar fashion while standing. However, while
sitting, they placed their legs more openly or closely, and curved their back to different
extents. The same goes for lying positions, where the participants tilted their bodies and
stretched their arms and legs to different degrees.

The average relative errors of the estimated distances per pose across all participants
and for an arbitrarily chosen participant are given in Figure 4.17. As expected, the curves
kept the same pattern except for the standing poses. Moreover, the sitting and lying
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poses generally displayed larger relative errors, than the standing poses. The slight dis-
crepancy in the pattern for the standing poses is because the faces of some participants
standing 1.5 m from the camera were not captured in the image. Thus, the position of
their faces was estimated by the algorithm, giving rise to larger errors. Nevertheless, sit-
ting in profile and lying face-up still appeared to be the most challenging cases.

The average across all poses for the relative errors is 13.73% and 9.67% for ground
truth distances of, respectively, 1.5 m and 3 m. This 4.06% discrepancy was because
the participants did not always place themselves in the exact expected distance from
the ground robot. These slight displacements of a few centimeters have a larger impact
on the average relative errors when the distance is smaller. Assuming that this is the
only external source of the error, the misplacement amounts on average to 12.18 cm.
This implies that the actual relative error resulting from the algorithm itself ranges from
around 4% to 10%.

Indeed, most of the relative errors lie between < 1% to 12%. Moreover, the relative
errors appear to have no or negligible correlation with the distance from the camera. For
the arbitrarily chosen participant, the relative error is suspected to arise from the physi-
cal discrepancies of the participant, as well as the slight deviations from the desired pose.
The participant had a height of 1.83 m, shoulder-to-shoulder distance of 40 cm, and a
shoulder-to-elbow distance of 31 cm, which are, respectively, 7.65%, 5.26%, and 3.33%
above the reference values. Therefore, poses that rely on the height of the participant,
i.e., poses 1,2,3,6,7, are more prone to errors compared to other poses.

Finally, the average relative errors were shown to be distance-independent, which
means that the absolute errors varied linearly with the distance from the camera. The
relative errors varied from < 1% to > 20%, depending on the pose and the physical char-
acteristics of the participant. In 10 runs of the algorithm, the 336 images needed 83.38 s
to 93.43 s to be processed, averaging to 0.248 s to 0.278 s per image.

RESULTS FOR TRACKING A MOVING OBJECT
The volleyball trajectories obtained after analyzing the videos were compared with the
ground truth, based on various performance metrics, including the root mean square
error (RMSE), extreme deviation, and area ratio. The RMSE shows how close the esti-
mated volleyball trajectories are on average to the ground truth trajectories. Extreme
deviation spots where these estimates and the ground truth stray the farthest. The area
ratio reflects the percentage of the area enclosed by the ground truth that is also covered
by the estimated trajectory, thus the match between the overall shapes. Considering the
three metrics provides a more comprehensive insight about how accurate the estima-
tions are. Using a volleyball instead of a human increased the difficulty of the tracking
task for the flying robot, due to the smaller size and a less distinctive pattern of move-
ment. Thus, in the presence of a cluttered environment with shadows, the flying robot
had difficulty detecting the volleyball. The analysis was performed for a turning radius
of r =0.75,1.0,1.25 m with unobstructed views for both the flying and the ground robots,
and for r = 1.25 m with obstacles placed for only for the flying robot.

The performance metrics for cases with only the ground robot, only the flying robot,
and both robots are shown in Table 4.3, where the best performance per metric and sce-
nario are shown with bold fonts. Moreover, Figures 4.18-4.21 illustrate the estimated
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Figure 4.17: Average relative errors for a 1.5 m and 3 m distance to the ground robot across all the participants
and for an arbitrarily chosen participant.

r (m) RMSE/r (%) [-] Extreme deviation [m] Area ratio (%) [—]

G F G&F | G F G&F | G F G&F
0.75 77.218 89.492 88.090 1.5811 1.5600 1.5600 39.769  97.895 96.557
1.0 93.440 79.492 85.697 | 2.1608 1.7575 19561 | 64.832 86.568  93.551
1.25 95.028 62.681 79.992 3.4031 1.7921 2.3525 55.183 26.980 65.447

1.25-obstacles  95.028 100.946  98.035 | 3.4031  3.6800  2.4621 | 55.183 37.896  78.164

Table 4.3: Performance metrics for different setups and trajectories (G: Ground robot alone; F: Flying robot
alone; G & F: Collaboration of both robots).

trajectories for r = 0.75,1,1.25 m and for r = 1.25 m with obstacles placed for the fly-
ing robot only. As expected, the metrics were degraded with increasing the radius of the
trajectory in cluttered environments.

From Table 4.3, the RMSE for the 4 scenarios with the collaborating robot lies be-
tween the RMSE when the robots are used solely. However, not the same robot always
performed the best. In fact, the standalone performance of these robots depended on
their measurements, making it impractical to predict beforehand robots should be ap-
plied to an unknown scenario. Therefore, using a collaborative team of a ground and a
flying robot is the most promising for handling an unknown scenario.

Regarding the extreme deviations from the ground truth, the flying robot produced
the best results, whenever its view was unobstructed. This is because the camera of
the flying robot has a larger fps, capturing points closer to each other, which prevents
large errors by the Kalman filter. Nevertheless, when the view of the flying robot was
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Figure 4.18: Estimated object trajectories for r = 0.75 m, with ground robot alone (left), flying robot alone
(middle), and collaboration of both robots (right).
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Figure 4.20: Estimated object trajectories for r = 1.25 m, with ground robot alone (left), flying robot alone
(middle), and collaboration of both robots (right).
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Figure 4.21: Estimated object trajectories for r = 1.25 m when obstacles were placed in the sight of the aerial
robot, with ground robot alone (left), flying robot alone (middle), and collaboration of both robots (right).
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Figure 4.22: The algorithm draws the red point where the tennis ball touches the ground, the blue point where
the tennis ball would touch the ground if the ground was flat, and the line connecting these points. The re-
duced quality of the image is because the ground robot captured it while moving.

obstructed, due to the missing measurements the estimated trajectory deviated signif-
icantly from its ground truth. Therefore, for an unknown SaR scenario, including the
ground robot next to the flying robot can significantly improve the estimations for track-
ing a moving object.

For the area ratio, the team of both flying and ground robots stood out the most.
The figures show that the estimated trajectories remained close circular shapes. For r =
1.25 m with an unobstructed view, the metric degraded since none of the robots detected
the volleyball in the first instants. Thus, the volleyball was assumed to be at the center
of the CyberZoo, impacting the final shape of the estimated trajectory of the volleyball.
These findings are supported by the results presented in Section 4.3.

In 10 runs of a 10 s video for the ground view, it took between 19.41 s and 22.30 s
to obtain the trajectories. Similarly, it took between 20.16 s and 22.68 s to process the
aerial videos. For the team of robots, the procedure took between 36.68 s and 42.19 s.
This is the time that the algorithm takes to process the edited videos, excluding the time
that is needed to edit them. The editing has been done in advance, as addressed in Sec-
tion 4.3.3.

RESULTS FOR ESTIMATION OF THE GROUND ELEVATION

Unless specified, the algorithm assumed by default that the flying robot did not pro-
vide assistance in the elevation estimation. An example of the output of the algorithm
is shown in Figure 4.22. In this frame, the ground distance of the point, for which the
elevation should be estimated, from the ground robot is 2 m and the elevation is 20 cm.
The algorithm estimates a distance of 2.091 m and an elevation of 18.13 cm, indicating
relative errors of, respectively, 4.55% and 9.35%.
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Figure 4.23: Distance distribution (top, left) and relative errors (top, right), elevation distribution (bottom, left)
and relative errors (bottom, right), solely by the ground robot.
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Figure 4.24: Elevation distribution (left) and relative errors (right), assuming that the flying robot provides a
precise estimation of the distance for the ground robot.
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Figure 4.23 illustrates the distribution of the measurements and relative errors for
different distance and elevation values, when the ground robot had to estimate the el-
evation alone. From the top left plot, the distribution of the distance estimated by the
ground robot follows the perfect estimate closely. For smaller (larger) distances, the al-
gorithm slightly overestimates (underestimates) the distance. This may be related to lens
distortion, reduced resolution for larger distances, or the need for more precise calibra-
tion for larger distances. The curves for the relative errors show inverse trends, i.e., while
the relative errors for the distances tend to increase with decreasing the distance, the
relative errors for the terrain elevation tend to increase with increasing the distance, and
more specifically, with decreasing the elevation. Both of these trends are according to
the expectation. For smaller distances, any deviation from reality has a higher impact
on the relative error of the estimated distance. Since the estimate for the elevation de-
pends on the estimate for the distance, the errors for the elevation are a consequence of
both error sources. Even though for larger distances, the relative errors for the distance
typically decrease, the absolute errors slightly increase as shown in the figure. This error
propagates and has a higher impact on the elevation relative error when the elevation is
small. As shown in the 3D graphs, the relative errors for the distance range from around
2% to 25%, whereas the elevation relative errors range from around 0% to 35%.

Figure 4.24 shows the elevation distribution and relative errors for the same scenar-
ios as before, this time with the assistance of the flying robot in providing the distance
values. Although the median values for the estimates of the terrain elevation did not
change, the dispersion of the elevations around the mean value was significantly re-
duced. In this layout, the average relative errors were also notoriously mitigated. Except
for one data point, the relative errors were lower than 13% in all instances. The data
point corresponding to an elevation of 25 cm and a distance of 4 m appears to be an out-
lier, where nearly no error was mitigated. This may be because the homography matrix
responsible for mapping the distance into real-world coordinates was calibrated using
reference points up to distances of 3 m.

Finally, in 10 runs, the processing of the images took on average between 0.54 s and
0.62 s.

4.4, CONCLUSIONS AND FUTURE RESEARCH

We leveraged the complementary capabilities of flying and ground robots, in order to
deliver affordable, effective solutions based on image processing for unknown SaR envi-
ronments. In particular, the following SaR tasks were considered: estimating the location
and distance of a human from the ground robot based on the images captured by the
robot, tracking the trajectory of a moving object by applying data fusion and a Kalman
filter, and estimating the terrain elevation. In order to ensure a simplistic setup with low
hardware costs, these tasks are performed via visual depiction only, through images and
videos.

We performed real-life experiments in order to validate the proposed approaches,
which are founded on YOLO. The experiments proved the efficiency of the proposed
methods in the accurate estimation of the position of humans in various poses from
their images. In fact, the average relative errors remained mainly below 10%. In track-
ing the trajectory of a moving object, the advantage of deploying a collaborative team of
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a flying and a ground robot was evident, especially in properly re-generating the over-
all shape of the trajectory. Furthermore, this setup is more fault-safe in keeping a low
root mean square error and in preventing large deviations from the ground truth, espe-
cially in cluttered environments. In fact, for the widest trajectory simulated and in the
presence of obstacles to the aerial view, compared to the best-performing robot, the col-
laboration of the robots resulted in a reduction of 28% in the extreme deviation from the
true trajectory, and an increase of 42% in the area covered ratio. Finally, the estimation of
the terrain elevation was prone to two primary sources of error: error in the estimation
of the distance and error in the subsequent elevation estimation. The distance estima-
tion inaccuracies stem from simplified camera models and low image resolution, which
impact object detection, compounded by occasional object occlusion. The elevation er-
rors result from poor homography calibration in specific regions, which is exacerbated
by the double application of the simplified camera model. Without the assistance of the
flying robot in providing the distance of the human from the ground robot, the relative
errors in estimation of the terrain elevation were up to 35% in some cases. This error was
reduced to less than 13% when the flying robot estimated the distance for the ground
robot.

In summary, these results represent notable progress in leveraging visual data and
robotic capabilities for SaR. Since calibrating the homography matrix is expected to im-
prove with the number of reference points, which slows down the computations, it is
crucial to investigate the optimal number of reference points that provides a trade-off
between accuracy and computational burden. Furthermore, the results hint that im-
plementing a simplified pinhole camera model may result in significant errors. Thus,
including a more realistic camera model that captures optical phenomena, e.g., lens dis-
tortion and parallax, is worth looking into. As an extension to the current work, the pro-
posed algorithm for locating the victims should also be validated for non-conventional
poses of the victims that are much different from the 7 poses that have been shown in
Figure 4.16 and that are not common in the COCO dataset. Moreover, it will be advan-
tageous to make the flying robot autonomously capable of identifying the regions of in-
terest for scanning, in collaboration with the ground robot. This may require further
interaction and exchange of data/information between the two robots. Finally, validat-
ing our proposed approaches in various real-life SaR scenarios, where a combination
of pose estimation, victim localization, victim tracking, and terrain elevation mapping
should be conducted, is a topic for further future work.







M2PFC: MULTI-AGENT
HIERARCHICAL MPC-TUNED
Fuzzy LOGIC CONTROL FOR
CONTEXT-AWARE ADAPTATION AND
REAL-TIME RESPONSIVENESS

Multi-agent robotic systems offer significant potential for autonomous operation in dy-
namic and uncertain environments. This allows for scalable coordination and efficient
decision making. In high-stakes applications, including Search-and-Rescue (SaR), au-
tonomous robots can significantly enhance the mission efficiency by accelerating localisa-
tion and rescue of the trapped victims. However, coordinating such robots to autonomously
map dynamic, unstructured environments without human supervision poses consider-
able decision making, robustness, and computational challenges. We introduce a novel
hybrid, two-layer control architecture, called Multi-agent Model-Predictive Fuzzy logic
Control (M2PFC), for autonomous mission planning in multi-robot systems, particularly
suited for SaR missions. M2PFC integrates Fuzzy Logic Control (FLC) for real-time, local
decision making, and Model Predictive Control (MPC) for global, event-triggered or pe-
riodic tuning of the FLC parameters. While MPC is typically computationally intensive,
M2PFC avoids this bottleneck by decoupling high-level planning from low-level control:
(i) The FLC layer executes control actions at a high frequency with minimal computa-
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tional overhead, and (ii) the MPC layer, triggered less frequently, refines the FLC parame-
ters using predicted global information. This architecture offers four main advantages: (1)
Real-time efficiency through lightweight FLC decision making. (2) Global coordination
and optimisation via the MPC layer, which adjusts local behaviour to align with mission-
level objectives. (3) Hybrid intelligence, where heuristic FLC decisions benefit from MPC-
guided parameter tuning, which enhances local performance, without sacrificing scala-
bility. (4) Enhanced robustness, achieved by integrating the uncertainty-handling capa-
bilities of FLC, the structured planning of MPC, and the inherent distributed nature of
M2PFC — together improving resilience of M2PFC in dynamic, uncertain environments.
We validate M2PFC using a MATLAB-based agent-level simulator for disaster scenarios,
built on a discrete grid environment model. Results obtained from extensive simulations
demonstrate that M2PFC outperforms purely decentralised FLC in mission performance,
while requiring substantially fewer computational resources and possessing enhanced ro-
bustness compared to fully centralised MPC. M2PFC, thus, achieves a favourable trade-off
between autonomy, optimality, robustness, and computational efficiency in multi-robot
SaR operations.
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5.1. INTRODUCTION

OBOTS have been increasingly deployed in recent years to enhance safety and effec-

tiveness of Search-and-Rescue (SaR) missions by contributing to various tasks, in-
cluding mapping unknown environments and locating victims [14], [15], [19]. The main
benefits of employing SaR robots include reduced operational cost, improved time ef-
ficiency, and lower risks for the SaR crew. While human operators rely on heuristics to
handle uncertain and dynamic SaR environments, robots offer the potential to optimise
mission planning and to systematically explore unknown areas using formal mathemat-
ical frameworks.

In this chapter, we introduce a novel mission planning framework for multi-agent
systems, particularly designed for a team of autonomous robots that are tasked with
mapping an unknown SaR environment. Our proposed approach introduces a two-layer
control architecture, called Multi-agent Model-Predictive Fuzzy logic Control (M2PFC),
which leverages heuristic-based, intelligent decision making and integrates coordinated
multi-agent planning within a systematic optimisation-based framework. At the lower
layer, Fuzzy Logic Control (FLC) — using expert-defined fuzzy rules — steers the local
path planning of individual agents. At the top layer, Model Predictive Control (MPC) per-
forms global coordination by dynamically tuning the parameters of the local FLC con-
trollers of the agents in real time. This hierarchical integration of MPC and FLC enhances
prediction and collective performance of the agents.

To evaluate the proposed control architecture, we develop a detailed mathematical
model capturing the dynamics of outdoor disasters and SaR operations. Based on this,
we construct an agent-based simulation environment that allows to model diverse SaR
scenarios. These simulations are used to assess the effectiveness of M2PFC in steering
multi-robot teams to autonomously and efficiently map environments that are affected
by disasters.

5.1.1. MOTIVATIONS

Efficient, well-performing mission planning is vital for enabling autonomous robots to
operate effectively in SaR scenarios. This section elaborates our main motivations for
introducing M2PFC as an autonomous mission planning architecture for multi-robot
SaR systems.

Deploying Robots for SaR: Natural and man-made disasters typically cause rapid
and extensive damage across a widespread area, often leaving numerous victims trapped
in hazardous situations. SaR operations aim to locate and safely rescue trapped victims
as quickly as possible. Therefore, reducing the SaR mission time and increasing the area
coverage to the utmost possibility are both critical SaR objectives [160]. However, sev-
eral challenges complicate SaR missions: disaster zones may span very large areas, the
locations of victims are typically unknown, and the SaR environment may involve dy-
namic and life-threatening hazards, such as fires, explosions, and unstable structures.
Additionally, certain SaR regions may be inaccessible for human responders. These fac-
tors render SaR operations resource-intensive, time-consuming, and hazardous for hu-
man operators. Robots, when designed and equipped with appropriate algorithms for
real-time response in uncertain SaR missions, offer a promising alternative to human
involvement in such scenarios [18], [19].
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Control Methodologies for SaR Robots: Robotic systems have the potential to sig-
nificantly support SaR missions, especially by automating routine tasks, enhancing ef-
ficiency in resource allocation, and reducing the exposure of human operators to haz-
ardous situations [300], [301]. In doing so, robots free human operators to focus on less
risky, crucial tasks, e.g., providing medical assistance and coordinating logistics [302].
This underscores the need for advanced robotic control algorithms that ensure reliable
autonomy and enhance effectiveness in disaster response.

FLC is a heuristic-based control method capable of incorporating expert knowledge
into control systems without requiring precise mathematical models of system dynamics
or large datasets. FLC is particularly effective for real-time decision making in systems
that possess nonlinear, complex dynamics and that are prone to uncertainties. FLC of-
fers low computational overhead, while maintaining interpretability as a white box ap-
proach [45].

In contrast, MPC provides a systematic framework for incorporating constraints into
decision making and optimising multiple — often conflicting — objectives across a pre-
diction horizon [20]. The complementary strengths of FLC and MPC make them well-
suited for autonomous control of SaR robots.

Novel Hybrid Control Architecture for Multi-robot SaR: In this chapter, we intro-
duce M2PFC, a hybrid architecture that exploits the intuition and responsiveness of
FLC with the predictive, constraint-guaranteeing, and optimisation-based capabilities
of MPC. Our main goal is to develop an intelligent, flexible, and time-efficient control
strategy that enhances autonomy and performance of multi-robot SaR missions, partic-
ularly in systematic mapping of unknown or partially known environments.

Multi-agent systems are controlled through centralised, decentralised, or distributed
control architectures [59]. Each architecture offers distinct trade-offs. Centralised con-
trol can yield globally optimal solutions, but is computationally intensive, especially for
large-scale systems, and is vulnerable to single-point failures [60]. Decentralised control
is more scalable and robust, but often lacks coordination when inter-agent dynamics
are non-negligible, leading to sub-optimal system behaviour [61]. Distributed control
seeks a balance by enabling local decision making with limited communication among
agents that exhibit significant inter-agent dynamics. Distributed control, however, typ-
ically imposes high communication overhead and requires complex coordination algo-
rithms, both being highly challenging in SaR contexts, where bandwidth and reliability
are usually limited.

Our proposed M2PFC architecture addresses these limitations by integrat-
ing the strengths of centralised and decentralised paradigms through a two-layer struc-
turing. Local autonomy is maintained using FLC, with global coherence achieved via
MPC-based tuning, offering a scalable and robust dynamic mission planning method
for multi-robot SaR that maintains high-performance functionality under adverse con-
ditions.

5.1.2. MAIN CONTRIBUTIONS AND STRUCTURE OF THE CHAPTER
The main contributions of this chapter are outlined next:

* We introduce Multi-agent Model-Predictive Fuzzy logic Control (M2PFC), a novel
hybrid two-layer control architecture for multi-agent systems, which integrates
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Figure 5.1: Roadmap for the sections of the chapter.

decentralised Fuzzy Logic Control (FLC) systems with a centralised Model Predic-
tive Control (MPC) layer for periodic or event-triggered tuning of FLC parameters.
M2PFEC balances real-time responsiveness, leveraging human-inspired reasoning
of FLC and computational efficiency of decentralised control, with strategic adap-
tation and coordination enabled by the global MPC layer. It effectively bridges the
gap between scalable, context-aware, and robust autonomy in dynamic, uncertain
environments.

* Akey innovation of M2PFC lies in its hierarchical structure and time-scale separa-
tion: MPC does not directly generate control actions, but facilitates context-aware
adaptation of local FLC controllers by re-optimising their parameters. While pre-
serving decentralised autonomy, this indirect coordination mechanism reduces
computational overhead and enhances robustness and extensibility to large-scale
systems.

* We conduct a comprehensive case study for evaluating M2PFC in both centralised
and decentralised configurations. We compare M2PFC with conventional MPC-
only and pre-tuned FLC systems. The study includes multiple prediction strate-
gies and extensive sensitivity analyses. Results demonstrate that M2PFC achieves
a favourable trade-off between autonomy, optimality, robustness, and computa-
tional efficiency across diverse disaster scenarios and under varying environmen-
tal conditions.
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The remainder of the chapter is organised as follows, and as outlined in the roadmap
in Figure 5.1. Section 5.2 reviews the existing literature relevant for multi-agent con-
trol systems. Section 5.3 formulates the problem addressed in this chapter and details
mathematical modelling of the disaster environment and agents, as well as the formula-
tion of M2PEC. Section 5.4 describes the case study developed to evaluate the proposed
approach. Section 5.5 presents and discusses the simulation results of the case study.
Finally, Section 5.6 summarises key findings of the chapter and outlines directions for
future research.

For reference, Table 5.8 in Appendix 5.7 lists the mathematical notations frequently
used throughout the chapter, while Table 5.9 includes the abbreviations used in the
chapter.

5.2. BACKGROUND

This chapter focuses on mission planning for a team of SaR flying robots, involving path
planning for mapping the environment, detecting victims, and identifying hazards. Ac-
cordingly, this background section covers topics relevant for multi-robot SaR systems.

5.2.1. MULTI-AGENT CONTROL ARCHITECTURES

For multi-robot systems, effective coordination of robots is essential. Control strategies
for mission planning of multi-robot systems are, generally, divided into centralised, de-
centralised, and distributed.

Centralised control manages all agents via a supervisory system and is suited when
full system data is available and computationally intensive tasks should be offloaded to
a ground station. Centralised control may yield larger area coverage, but often suffers
from scalability issues in dynamic environments and communication constraints [60],
[303]-[306].

With decentralised control, robots act independently based on local sensing. Decen-
tralised control is preferred when communication and intense centralised computations
are unreliable or costly, e.g., in environments with limited bandwidth or energy. While
simple and scalable, decentralised methods may struggle with low sensor range and lack
of global coordination [307]-[313].

Distributed control offers a middle ground where agents steered by local controllers
share information to maintain coordination. Distributed control is well-suited for com-
plex SaR tasks, but introduces additional computational complexity, due to the need for
coordinating decisions of local controllers [30], [181], [314]-[319].

5.2.2. OPTIMISATION-BASED CONTROL STRATEGIES
Optimisation-based control approaches have demonstrated high effectiveness in con-
trolling both single-robot and multi-robot systems in SaR missions [1], [25], [41]. These
methods allow systematic optimisation of the mission objectives, e.g., minimising the
time to locate victims, maximising the area coverage in unexplored environments, and
minimising energy consumption to extend operational duration.

Within optimal control methods, linear quadratic control (LQC) is suitable for gen-
erating optimal trajectories that ensure safe and fast robot navigation [320]. Moreover,
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stochastic control methods provide a framework for handling probabilistic objectives
and constraints, particularly useful when system dynamics and environmental factors
are uncertain [46], [321]. One example is path integral control, which suits disaster sce-
narios, offering computationally efficient trajectory planning [5].

Among optimal control approaches, MPC stands out as one of the most effective.
MPC not only performs optimisation, but also allows systematic integration of hard and
soft constraints — e.g., maintaining specific velocities or avoiding obstacles — into de-
cision making [2]. MPC incorporates models of the robotic system and the SaR environ-
ment to predict future states of the system and to make informed decisions [1], [30]. Ro-
bust variants of MPC have been established [41], allowing reliable operation under un-
certainties — an intrinsic challenge in dynamic and partially known SaR environments.

5.2.3. INTELLIGENT CONTROL STRATEGIES

Intelligent control methods play a crucial role in autonomous SaR robotics. These meth-
ods enable robotic teams to efficiently handle uncertainties, adapt to dynamic environ-
ments, and make real-time decisions. For instance, heuristic methods based on Fuzzy
Logic (FL) have been proposed for prioritizing high-risk SaR regions during mapping the
environment, allowing dynamic adjustment of the mission based on the likelihood of
visiting victims [182]. Reinforcement learning, particularly in multi-agent frameworks,
has shown promise in establishing cooperative operation of robots [185].

A wide range of heuristic methods has been adapted for multi-agent control sys-
tems. Bug algorithms [172], for instance, provide simple, effective strategies for obsta-
cle avoidance and reaching targets. Potential field methods [173] offer reactive obstacle
avoidance and target approaching by treating hazards as repellers and targets as attrac-
tors. Particle swarm optimisation (PSO) exploits the emergent coordination of swarms
to optimise objectives of SaR missions, e.g., area coverage, energy efficiency, and target
navigation [137]. FLC [48] handles imprecision and uncertainties in data by encoding
existing expert knowledge into fuzzy rules. This makes FLC well-suited for complex SaR
scenarios where precise models of the environment are unavailable.

FLC is often used for navigating robots. For example, authors in [322] propose a
dual FLC framework for real-time path tracking and dynamic obstacle avoidance. FLC
is chosen for this problem to handle the dynamic aspects of the navigation, since it has
a responsive and adaptive behavior. Therefore, the proposed framework demonstrates
adaptive trajectory generation. In addition, by decoupling the motion control into two
dedicated fuzzy controllers, the method should also create collision-free trajectories,
even if FLC does not provide hard constraints satisfaction. In fact, a limitation shown
in the simulations is the ability to handle dynamic obstacles that only move in straight
lines, making it difficult to generalize to real-world scenarios where obstacles have more
complex trajectories. Sousa et al. [323] integrate fuzzy logic with a Convolutional Neural
Network (CNN) to achieve obstacle avoidance for mobile robots in human-robot inter-
action contexts, enabling real-time adaptability and safe navigation near humans. The
CNN performs object detection to define a dynamic safety zone for the robot, while fuzzy
logic determines the speed of the robot accordingly. Therefore, FLC is employed in order
to reactively adjust the robot velocity and orientation in order to avoid obstacles, sim-
ilarly to [322], and although the system is supposed to account for dynamic obstacles,
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this happens for relatively simple scenarios, thus further improvements in environmen-
tal complexity and obstacle diversity are needed for wider use of the approach. In [324],
fuzzy logic is combined with A* path planning to design controllers for multiple au-
tonomous vehicles that navigate unknown environments with dynamic obstacles. Com-
pared to existing approaches, including particle swarm optimization, genetic algorithm,
and artificial potential fields, the introduced combined framework shows improved per-
formance in terms of path efficiency and mission time for a vehicle to reach its destina-
tion, in accordance with the nature of A* that generates shortest paths. Nonetheless, this
framework has not been tested in highly cluttered environments with an increased num-
ber of obstacles, limiting the demonstrated robustness of the approach, therefore artifi-
cial potential fields method may continue to be preferable to FLC for obstacle avoidance.

5.2.4. HIERARCHICAL AND HYBRID ARCHITECTURES

Hierarchical and hybrid control systems involve, respectively, more than one layer of
control and an integration of various decision making strategies. They, thus, enable
combinations of various control categories (centralised, decentralised, distributed) and
systematic and intelligent control strategies [63]. These architectures are particularly
well-suited for complex SaR environments, where modularity and flexibility are essen-
tial.

Hierarchical control systems typically employ top layers for global planning and co-
ordination of multi-agent systems, while lower layers manage local execution and reac-
tive behaviour of agents. This results in enhanced scalability and operational robustness.
Hybrid control architectures combine complementary methods to exploit their respec-
tive strengths. In particular, hybrid FLC-MPC systems have shown to improve perfor-
mance over purely centralised systems [25]. A key reason is that FLC provides fast, in-
terpretable, and computationally efficient responses to local uncertainties, while MPC
enables constraint handling and long-term planning for global optimisation. As such,
hybrid FLC-MPC systems effectively balance reactivity and foresight in multi-agent con-
trol. In this chapter, we also adopt a hybrid FLC-MPC architecture, introducing a novel,
highly efficient, and operationally robust integration framework.

5.3. PROPOSED MULTI-AGENT CONTROL ARCHITECTURE:
M2PEC

This section outlines the proposed Multi-agent Model-Predictive Fuzzy logic Control
(M2PFC) architecture.

We first define the problem, including the key assumptions and the mathematical
models used for the environment and robotic agents. We then formulate M2PFC in de-
tail.

5.3.1. PROBLEM STATEMENT

We consider a discrete-space, discrete-time setting for both modelling and control. Let
n™P denote the number of flying robots that are tasked with exploring and mapping an
outdoor SaR environment. After discretisation, the environment is represented by grid
&, which contains a given number of static and dynamic elements, e.g., victims, spread-
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Figure 5.2: Illustrating a SaR environment: (a) 2D satellite image, (b) 2D representation discretised spatially
into cells of identical size, and (c) 2D grid modelling with cells of varying sizes (merging cells with homoge-
neous or partially similar characteristics).
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Figure 5.3: Different time scales used for modelling the SaR environment: All local time steps kP that fall in
between the global simulation time steps k and k + 1 are included in set K™P (k).
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ing fire, and debris (see Figure 5.2). Variable n"'°™ represents the maximum number of
victims per cell in &.
Time is discretised at two levels (see Figure 5.3):

1. Local sampling time T™P, with step counter k™P, governs the simulation of
individual robot dynamics.

2. Global sampling time T, with step counter k, governs the evolution of the SaR
environment model.

For simplicity, as is illustrated in Figure 5.3, we assume that T is an integer multiple of
7™, and that the local and global step counters are initially aligned. All local time steps
kP between two consecutive global time steps k and k + 1 are indexed by set K™P (k).

Each flying robot is represented by a state vector that includes its position and head-
ing angle (i.e., counter-clockwise orientation from east) per time step, and is equipped
with sensors capable of scanning the cells. At each local time step k™P, a robot performs
either of the tasks “traverse” or “scan” based on its current cell and action plan. If “scan”
is performed, the robot generates a local map of the sub-area in &. The scan duration
depends on the capabilities of robot sensors and on the size of the scanned area.

Key assumptions used throughout this section include:

Al The environment, thus grid &, has finite dimensions.

A2 Robots incorporate no victim motion model, i.e., they assume that victims re-
main stationary throughout the entire SaR mission.

A3 The amount and distribution of debris remain unchanged during the SaR mis-
sion.

A4 Robots use a cellular-automaton-based model of fire propagation (detailed in
Section 5.3.2) to update fire states of each cell — based on the perceived mate-
rial properties and ignition time — categorised into five levels: non-flammable,
flammable, igniting, burning, extinguished.

A5 Cells holding fire state “extinguished” do not reignite.

A6 Eachrobot, indexed r, travels across a straight line, with its maximum velocity
vy (+), from its current cell to a given target cell, flying at altitudes high enough
for avoiding debris, obstacles, and other robots.

A7 When close to each other, robots fly at a different altitude to prevent collisions,
where this action does not affect the mission planning.

A8 From any location in the environment, at least one feasible path to any other
target cell exists for robots.

A9 When tasked with “scan”, each robot scans exactly one cell per sampling time.
A10 Each time, a cell is scanned by maximum one robot.

Al11 Robots have perfect self-localisation and state awareness at all time steps.
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5.3.2. MODELLING THE SAR ENVIRONMENT

The SaR environment is discretised into a 2D grid & composed of individual cells. Fig-
ure 5.2a shows a satellite image of such an environment, which, in Figure 5.2b, is discre-
tised into equally sized cells. As shown in Figure 5.2c, cells may vary in size after the final
discretisation. In other words, the process begins with an initial uniform discretisation
into equally sized cells (Figure 5.2b). These cells are then refined by clustering neigh-
bouring cells — particularly those expected to be of similar importance for exploration
and which, when merged, still fall within the scanning range of robots — into larger,
composite cells.

h

The environment is modelled using an n" x n¥ matrix M8d called the grid matrix,

grid
(&,])
with the horizontal él(’l. i and vertical Z‘(’i i dimensions of the corresponding cell. When
h

with each element my; . storing the coordinates (x;, y;) of the centre of cell (i, j), along

cells vary in size — as in Figure 5.2c — the size n" x n" of the grid matrix M#19 is chosen
based on the maximum number of cells along the horizontal and vertical directions. Grid
elements that do not correspond to an actual cell in the discretised environment are
assigned a value of zero.

SaR robots incrementally build and update a map of the environment that is rep-
resented through several matrices of size n" x n¥. These matrices encode information
relevant to each cell every time step.

The following matrices define the environment map. Except for the first one, i.e., the
“structure matrix”, which is static, other matrices evolve in time.

STRUCTURE MATRIX

The structure matrix M3™"t is time-invariant and its element (i, j), i.e., m?}rj‘.l)“, defines
the combustibility score of cell (i, j) € &, based on the materials present in the cell and
their relative proportions.

The combustibility scores range from 0 — fire-proof — to 1 — fully combustible —
with 0.6 indicating fire-resistant materials. For cells embedding heterogeneous materi-
als, the combustibility score is estimated as the product of the proportion of the most
dominant material and its combustibility score. For example, a cell composed of 80%
combustible and 20% fire-proof material has a combustibility score of 0.8.

SCAN CERTAINTY MATRIX
In the scan certainty matrix M*@" (k), the element (i, j) at time step k represents the scan
certainty m?f‘}l; (k) € 10,1] for cell (i, j).

The scan certainty matrix is dynamic and is initialised at zero. The update rule for
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elements m{;<} (k) of this matrix, with i € {1,..., nP}and je{1,...,n"}, follows:

max {m (k- 1) - 0,0}

if cell (i, j) is not scanned at simulation

time step k

i k)= 4 max{ i (k=1 -} oD
if cell (i, j) is scanned at simulation

time step k by a SaR robot, for which

the sensor accuracy is 7

Here we assume that, due to environmental dynamics, the scan certainties decay by a
fixed ratio o per time step, unless the cell is re-scanned. Moreover, 7 € [0, 1] denotes the
sensor accuracy of the scanning robot. The second branch of (5.1) ensures that when the
sensor accuracy is lower than the current certainty, this higher certainty is restored.

VICTIM PROBABILITY MATRIX

The victim probability matrix MV°i™ (k) includes the perceived likelihood of finding vic-
tims in cells of & at time step k. This dynamic matrix is initialised at zero and is updated
every time step k for i € {1,...,n"} and j € {1, ..., n"} according to:

percelve( )
("1 ) msean ()
pvictim (l J)
if cell (i, j) is scanned at time step k and
perceive
@,/
perceived in the cell

g9 = 1= 1 52

if cell (i, j) is scanned at time step k and no

perceive _
(i,)) (k) =

(k) > 0 number of victims are

victim is perceived in the cell, i.e., n
scan k)
VlCtlm(k 1 ", )
(l 7 msean
mg, 7 (k—1)

if cell (i, j) is not scanned at time step k

perceive
@p
. perceive victim
k, with G (k) e{1,...n }
According to Assumption A2, the robots rely only on the information perceived through
their sensors about victims and do not incorporate any pedestrian dynamics model into
the update equations for MVI€UM ().

Here n (k) represents the perceived number of victims within cell (7, j) at time step

DEBRIS OCCUPANCY MATRIX

The debris occupancy matrix M4€PTS (k) captures the perceived proportion o(;, k) €
[0,1] of each cell (i, j) that is occupied by debris (e.g., rubble, walls, buildings.).
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Although, according to Assumption A3, status of debris in & remains unchanged,
perception through sensors may be refined over time. Thus, the debris occupancy matrix
is updated per time step k forall i € {1,..,n"} and j € {1,..., n"} according to:

o, j) (k) mffa]“)l (k)
if cell (i, j) is scanned at time step k and

o(i, ) (k) > 0 debris proportion is perceived

1- mfl“f)‘ (k)
,e}))ns(k) =4 if cell (i, j) is scanned at time step k and (5.3)
no debris is perceived, i.e., o, j) (k) =0
scan (k)
Eieb)rls (k-1 ", )
1 scan
! (z 7 (k 1)

if cell (i, j) is not scanned at time step k

WIND VELOCITY MATRIX

The wind velocity matrix M¢1°%% (k) holds the magnitudes of the wind velocity, with
velocity
(.))

We assume that the magnitude of the wind velocity is externally measured and pro-
vided to robots every time step.

This matrix is required for modelling the fire spread, as explained in Section 5.3.2.

(k) denoting the wind velocity in cell (i, j) at time step k.

WIND DIRECTION MATRIX
The wind direction matrix Mdrection k) stores the wind angle m?iiyr?)“ion(k) in degrees —
measured counter-clockwise from the east — in each cell (i, j) at time step k.

As with the wind velocity, we assume that the direction of the wind is externally mea-
sured and provided to robots per time step.

Similarly, this matrix is required for modelling the fire spread, as explained in Sec-
tion 5.3.2.

FIRE STATE MATRIX

Element m?l.“]’.) (k) of fire state matrix M (k) represents the fire state of cell (i, j) at time

step k. Each fire state is encoded as one of the five values listed in Table 5.1: 0 (non-
flammable), 1 (flammable), 2 (igniting), 3 (burning), and 4 (extinguished).

At the beginning of the SaR mission, fire states are mainly initialised to 0 or 1, de-
pending on whether or not the cell is flammable. A small number of cells are initialised
to fire state 2, representing ignition points where the fire begins. The fire states are then
dynamically updated using the model explained next.

The fire propagation is modelled using a discrete cellular automaton approach based
on Ohgai et. al. [151] and Freire and DaCamara [150]. The probability 7" (k) that

@), (L)
fire spreads to cell (i, j) from a neighbouring cell (/, g) at time step k is given by:

T i,0,0 () =armii 06, () fu ) (K)- (5:4)

exp (@28 ((, @), G, ) + @374 1,90 (k) + @4 B3 1,0) (K) COSW s,y (1, ()
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Table 5.1: Different fire states per cell

Realisation | State Description

0 Non-flammable | The cell cannot catch fire

1 Flammable The cell is not burning yet, but can potentially catch
fire

2 Igniting The cell has just ignited, but cannot yet spread the
fire

3 Burning The cell is on fire and can spread the fire

4 Extinguished The fire in the cell has been extinguished and can-
not reignite

ER(A))

7
7
7

Figure 5.4: Neighbouring cells ([, g) of cell (7, j), from which fire may spread to cell (i, j) depending on the
velocity ) &, the dotted and lined cells for 1 T <

@q)
(k) =5 %, and the dotted, lined, and grey cells for m‘(’lelqo)Clty

wind velocity, where this includes the dotted cells for m

velocity

m
o) ®>57
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where, depending on the wind conditions, for the neighbouring cell (I, g) we have:

* (I, q) belongs to the set of dotted cells in Figure 5.4, when m?’le lqo)cny(k) <1 %

* (1, @) belongs to the set of dotted and lined cells in Figure 5.4, when 1 ¥ < mz’zlqo)city k) <
5 I
S

velocity k) >

* (I, q) belongs to the set of dotted, lined, and grey cells in Figure 5.4, when LI

5%

In (5.4), a1, a2, a3, ay are tuning parameters, 0 : &% — R is a distance metric between
the source and target cells of fire spread, 7(; j),,4) (k) is the average magnitude of the

wind velocity between cells (i, j) and (/, g) at time step k (i.e., mean of mvelocjty(k) and

(Lg)
E’;lj(;my(k)), Wi, j),a.q (k) is the angle between the average wind direction (i.e., mean of

m?lir;)mon(k) and mgir;’)mon(k)) and the direction of the fire propagation, and f; 4 (k) is

the spreading potential of cell (/, g) to its neighbouring cells, including cell (i, j), at time
step k. This function is computed via:

m

_ fire burnt-out _ spread
4(kT t(l'q))+0'2t(l,q) 4'2t(l,q)
sburnt-out _ tspread
9 ,q)
if tspread + flire < T < .2 burnt-out 4 g tspread 4 fire
fogy=3 " o e T TG Slug g 5.5)
' gburnt-out _ e 4 ghire
1.25

[UY)) q)
tbumt—out _ tspread
(L,q) L,q)

: burnt-out spread | _fire
if O'Zt(z,q) +0-8t(1,q) + t(l,q

burnt-out fire
< <
)~ kT = t(l,q) + t(l,q)

where t?lp ;‘;ad and t(blul;;“'om are the elapsed time (in the continuous domain) after ignition

ofcell (/, g), when it becomes able to spread the fire and when it is burnt out, respectively.
Based on [151], £P% and fbumt-out gre get to, respectively, 2 minutes and 10 minutes.

g )
Moreover, t(ﬁlrg) is the time instant (in the continuous domain) when cell (/, g) ignites.
Finally, the fire state mg“;) (k) of cell (i, j) is updated via:
fi fi fi fi
it (k) = £ (mfye (o), myS (k- 1) = (5.6)
2 If mgfj.) (k-1)=1 andﬁ m?lf‘;) (k)=3
re

and TG a) (k)>¢

3 If m(ﬁir‘;:)(k—l) =2 and
X kT = t(f;“]?) + t(sf’;’ad
4 If mgr‘]*.)(lc— 1)=3 and
fire burnt-out

kT = t(l.’j) + t(l.'j)

mgr*]{) (k—1) otherwise

where ( is the ignition threshold.
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Fire Risk Time: We define the fire risk time t(rllsjk) (k) for all cells (i, j) that possess fire
fire
(i)
tgr;’) indicates the real time of ignition for cell (i, j), the fire risk time t(rllsjk) (k)isa
prediction about this ignition time made at time step k, considering the worst case, i.e.,
the soonest possible ignition.

The fire risk time is determined based on the fire states of all neighbouring cells of
cell (i, j) (see Figure 5.4), their distance from cell (i, j), and the average wind velocity in
the region that embeds cell (i, j) and its neighbouring cells, as illustrated in Figure 5.4
(see Appendix 5.8, Algorithm 4, for estimating the fire risk time for our example case
study assuming ¢ = 0, i.e., when cells are assumed to immediately ignite upon the reach
of fire). For all other cells with fire state non-equal to 1, the fire risk time is set to zero.

state m "%, (k) = 1 at time step k, as the time estimated until cell (i, j) ignites. Note that

while

Remark 10. Translating Local Maps into Global Maps: Within the multi-robot SaR sys-
tem, each robot r € {1, e n”’b} locally scans and updates information related to the cells
assigned to it by its local controller to scan along its path. As such, these robots update
their local maps according to (5.1)-(5.6) within their local time setting.

Then, the global environmental matrices at global time step k are constructed by ag-
gregating these local updates, where this aggregation is mathematically represented by:

€ €,local [ 1.rob rob
m;. (k)=wu;." (k ), k'’ = max « 5.7
(t,])( ) #(z,]),r xek 9D (k) 6.7

with e € {scan, victim, debris, fire} and uf;.’h;)czl(kr by denoting the value of element (i, j) in
the corresponding local matrix maintained by robot r at the most recent local time step
k™ belonging to set K"P (k).

Note that (5.7) reflects the scanning rationale explained in Assumption A10.

5.3.3. MODELLING DYNAMICS OF SAR ROBOTS
This section explains modelling the task execution and motion dynamics of SaR robots.

TASK EXECUTION

Each SaR robot re{l,...,n™"} positioned at (o (k), p¥ (k™)) is assigned a
target cell (7 (k™), 7Y (k™)) by its local controller at control time step k.  For
brevity, we define notations 7 := (¢! (k°), 7Y (k™)) and p := (b (k™) ¥ (k°1)),
for coordinates of the target cell and current position of robot r, respectively.

The objective of the robot is to reach this target cell as quickly as possible in order to
perform a scan. Based on Assumption A6, it travels across a straight line from its current
location p to the target cell T, moving at its maximum feasible velocity v, (kmb), with kP
the local time step corresponding to the current control time step k!, Along its path,
the robot performs the action “traverse”, unless it is located at the target cell, where the
action is “scan”.

Suppose that the robot is given a maximum of 7, (kmb) € N sampling times of du-
ration T™P to reach its target cell. This number should be selected to ensure feasibility
for reaching the given target with any admissible velocity profile for the robot. The set
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Average wind velocity
mvelocny(krob )

= direction (fTob
Robot actual velocity m ( )
v (k)

Robot target cell

e;:orrectlon (krob T

Robot nominal velocity

17rr10m (krob )

nom

6" (7o)

Robot current cell N

Figure 5.5: Corrected heading angle for achieving a desired velocity for the flying robot that, despite the wind
flow, allows the robot to fly in the desired direction (aligned with the nominal velocity).

[Efeasible (3rob) of cells that robot r can feasibly reach within this given time from its cur-

rent position p is given by:
Efeasitle (b} =7, jy e 8|6 (G, ), 0) = vr (k7P -y 0P) - 7o (5.8)

where v, (kmb) is the maximum velocity of robot r at local time step kP and 6(,-) isa
distance metric. We must have 7 € Efeasible (rob),
When executing the “scan” action, the robot remains in the target cell 7 for a duration
given by:
gen (ko) = 7, €8 0 (5.9

where 7, is a finite magnitude for the robot-specific scan time per unit area, and ZIT‘ and
/7 are, respectively, the horizontal and vertical lengths of the target cell. Each robot
r scans its target cells using a sensor with accuracy 7, € [0,1] to update its local scan
certainty matrix M;¢" (k™P), explained in Section 5.3.2.

MOTION DYNAMICS
Flying robots follow a 2D motion model adapted from [325], where the position of the
robot is represented by the cell over which the robot flies. This section describes how the
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state vector of each robot — including its position and heading angle, as introduced in
Section 5.3.1 — is updated.

Upon assignment of a new target, the robot moves with its maximum velocity v, (k“’b),
which is influenced by wind conditions and is derived from its nominal velocity v"°™ (k™P).
The average wind velocity and direction over the area corresponding to the feasible set

[feasible (rob) of cells for robot r are obtained through the following averages:
fvelocity (krob) — mean { zflel](;th(k) } (5.10)
(i,]) €Eﬁeamble (krob) ’
mdirection ( krob) — mean { mglyr]e)ctlon (k) } (5.11)

(,) EEgealsible (kmb)

with k the most recent global time step associated with local time step k™P. Additionally,
the values of m;/lek;my(k) and mdire“i"“(k) are obtained from the wind velocity and wind
direction matrices, explained in Sectlons .3.2 and 5.3.2. Then, the actual, maximum

velocity of the robot, using the law of cosines based on Figure 5.5, is computed by:
v, (krob) :( (mvelocity (krob))2 + (Vilom (kmb))z _
2o () ypom 109) cos o 4] | .12

where the angle 6 (k™) between the nominal velocity of the robot and the average wind
angle is given by:

0 (k.rob) —180° — (n—,ldirection (krob) _ e?om (k.rob)) (5.13)
Suppose that at local time step k™, robot r is located at p := (p" (kmb) pY (kb)) and

is targeting cell T := (71 (k™P), 7V (k™P)) € Efeasible (grob) Then, Hnom (k™P), which is the
desired direction of motion in absence of wind, is given by:

nom ( yrob| _ Tr ‘r]
0, (Ic ) = arctan(rlrl(kmb) —p}}(kmb) (5.14)

heading ( k‘mb)

The actual heading 0, of the robot (measured counter-clockwise from

east; see Figure 5.5) is computed via:
H?eading (krob) — 9?0m (krob) + Htﬁorrection (krob) (5.15)

correction ( j.rob
where 6¢ (k™)

ence, is given by:

, which accounts for deviation due to including the wind influ-

mvelocity ( krob)

Q(r:orrection ( krob) (kmb)
Ur

= arcsin( -sin (9?0”‘ (kmb) — ypdirection (kmb) )) (5.16)
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Objective
function

Optimisation variables

Model of Predicted states L.
robots and Optimiser

environment

Environment states

: Atﬁraction 1 Robot states
State 1 FLC 1 " Robot 1
I B .
! ob Attraction n" .
L b FLC n Robot n™
State n

Figure 5.6: M2PFC architecture at time step k" with two layers specified by dashed rectangles: The FLC
controllers control the multi-agent system directly, in a decentralised way. The model predictive control layer
tunes, with a frequency that is generally lower than the control frequency, the parameters of the local FLC
controller in order to improve the global performance of the multi-agent system.

Finally, the time t}f*}"el (kr"b) required by the robot to reach the target cell is:

&(p.7)
t 1 b) _
trr,e;ve (kro ) _ Wrob) (5.17)

which allows to update the position of the robot to T at local time step
kb 4 [t}f‘i"el (k™P) /T™P7, where [] generates the smallest integer larger than or equal
to a given real number.

5.3.4. ADAPTIVE, TIME-EFFICIENT STRATEGY OF M2PFC

The proposed M2PFC architecture is a two-layer hierarchical system designed to bal-
ance computational efficiency with effective coordination in multi-agent systems, par-
ticularly multi-robot SaR (see Figure 5.6). M2PFC integrates local, real-time decision
making with global, predictive optimisation.
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At the lower layer, each robot is governed by a decentralised FLC controller, which
enables fast, heuristic-based decision making and navigation. Each FLC controller op-
erates autonomously and independently at every control time step, exploiting its current
local information.

The higher layer consists of a centralised MPC module, which tunes decentralised
local FLC controllers based on system-wide performance metrics. This layer leverages
a global map of the environment and a model of the multi-agent system over a finite
prediction horizon.

The hybrid structure of M2PFC preserves real-time responsiveness at the local level,
while enabling global strategic adaptation and coordination.

Next, we detail the components and operation of the M2PFC architecture and its two
layers.

For the multi-robot SaR system, the main goal of M2PFC is to maximise the number
of cells that are visited, with higher chances of embedding victims and holding higher
risks of catching fire.

CONTROL ARCHITECTURE
M2PFC (see Figure 5.6) operates within a discrete-time framework, with a control sam-
pling time denoted by T and a corresponding control time step index k. For sim-
plicity, we assume that 7°" is an integer multiple of the local (i.e., robot-level simula-
tion) sampling time T™P.

At the lower layer, path generation is performed locally and independently for each
robot, at every control time step using its associated FLC controller.

In contrast, at the higher layer, MPC tunes specific parameters of local FLC con-
trollers, either periodically or in response to certain performance criteria. This tuning
is based on a globally optimal perspective over a finite prediction horizon, and occurs
less frequently than local control updates. This allows to reduce computational load of
M2PFC, while enhancing performance.

DECENTRALISED FLC LAYER

Each robot is equipped with its own local FLC controller for path planning, operating
in a decentralised way, without communication or coordination with local controllers of
other robots.

A target cell T := (7 (k™), 7Y (k1)) per robot r is determined every control time
step k! via its FLC controller, based on the “attraction” of cells within feasible region
Efeasible (k10b) of the robot. The attraction value a, , (k™) of candidate target cell T €
feasible (getd) for robot r at control time step k°™ is generated based on c¢; 7, (k°), the
input value for characteristic i of the cell, for all i € {1,..., 1M with n" the total number
of cell characteristics that define its attraction.

In the context of SaR multi-robot systems, cell characteristics injected into local FLC
systems include:

1. Cell Response Efficiency - identified by 14" (k°™) and 15" (k“™): Time re-
quired for robot r at control time step k™' — computed by (5.17) — to reach
cell 7, and to perform scan — computed by (5.9) — when assigned as a task to
the robot;
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2. Cell Priority — identified by m¥°™ (k°™): The probability of a victim being
present in cell T at time step k", given by (5.2) (see Section 5.3.2);

3. Cell Fire Risk Time - identified by tI** (k""): The remaining time until cell
T is expected to ignite, as explained in Section 5.3.2 (also see Algorithm 4 in
Appendix 5.8);

4. Cell Scan Certainty - identified by mi" (k" l): A measure of how confidently
cell T has most recently been scanned, evaluated using (5.1).

Using a type-1 Takagi-Sugeno-Kang (TSK) fuzzy inference system [326], these input
cell characteristics are mapped onto a linear output surface. The fuzzy rules are param-
eterised to support adaptability, with each rule indexed by ¢ formulated as:

Ifciz,r (k™) is Ave and...and cpen . (k™) is A, ,, then cell attraction is all) (k™).

Here A; ; represents a fuzzy set that associates input characteristic i with a verbal term
(e.g., “low response efficiency” or “high priority”), and the superscript (¢) on the attrac-
tion output denotes the contribution of fuzzy rule ¢ to the final estimate of this variable.
Considering fgT SK(.) as the output generator of the rule, we have:

a(rlj)r (kctrl) _ fl;[SK (Cl,r,r (kctrl) eves Ceh (kctrl) 0,/ (kctrl)) (5.18)

where 0, (k") € R+ is the vector of all output parameters of rule ¢ within the TSK-
FLC system used by local controller of robot r. This vector is in general time-varying,
tuned via the supervisory MPC layer for enhanced performance of local TSK-FLC con-
trollers.

The overall cell attraction a, , (kml) is then computed by aggregating the outputs of
all applicable fuzzy rules, weighted by their respective normalised firing strengths [326]
that add up to unity, as per the TSK methodology.

CENTRALISED MPC LAYER
Within the M2PFC framework, global coordination of decentralised robots is achieved
by MPC, which plays a supervisory role by re-tuning the parameters of local FLC con-
trollers assigned to each robot. The MPC layer within the M2PFC framework is struc-
tured around two key components: an optimiser, which seeks the best possible configu-
ration of local FLC tuning parameters to maximise a predefined objective function, and
a prediction model that informs the optimiser about the impact of candidate configura-
tion parameters on the objective function within the prediction window (see Figure 5.6).
At every control time step k°), the prediction model receives the current states of all
robots, as well as the updated environmental matrices (see Section 5.3.2 for details). The
optimiser proposes a candidate vector 6 (kml) including tuning parameters for all local
FLC controllers. These parameters affect the behaviour of each robot, and the prediction
model evaluates their influence on the global objective across the prediction horizon.
In environments with inherent uncertainty, predictions generated by this model may
not be perfectly accurate. To address this, robust MPC variants designed to account for
model imperfections and environmental uncertainties, may be deployed [31], [220].
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When re-tuning is triggered, the M2PFC supervisory layer solves the following con-
strained optimisation problem at control time k°"!:

P 1)t () = s "5 (k) s

such that for x = k™ ... k™ + NP andforr =1,...,n™P

7:= (7P (0), 7} (1)) € Efeasible ()

r™P (k) is updated following the motion dynamics

explained in Section 5.3.3

ay., (x|k°™) is obtained by aggregating a%). (x| ket
computed by (5.18) for all rules using 6 (k™)

6k e6

Here r™P (k™) is a vector that includes the updated position (o (k™P), p¥ (k™P)) for all
robots at current control time step k™ and . (k°™) includes all updated environment
matrices. Notation JMPC™ (roP (k) _z (k1)) denotes the optimal value of the MPC
objective function determined via the MPC optimisation problem for the given control
time step. Parameter NP is the prediction horizon. The optimisation variable @ (kml)
includes all tuning parameters 6, (kml) used in (5.18) to determine the output attrac-
tion values per TSK-FLC rule. Function f¢¢!! () represents a stage-wise objective. The hat
symbol indicates the predicted value of a variable and the notation (:|k) implies that the
prediction is made at time step k; we also have a, , (k") = 4, . (k). The admis-

. b, ch . . s .
sible set ® < R ("*+1) ensures that tuning parameters remain within feasible bounds,
safeguarding the system against unsafe or unstable behaviours.

5.3.5. STABILITY OF M2PFC

Here we provide insights about the stability considerations and boundedness of the over-
all closed-loop system under M2PFC. In the context of M2PFC, stability refers to the
property that robot states (i.e., position and heading), control inputs (i.e., attraction
values), and tuning parameters remain bounded under all operating conditions. Note
that boundedness of the attraction values are crucial to prevent robots from repeatedly
switching targets erratically and the MPC optimisation problem (5.19) from becoming
ill-conditioned, leading to unreliable or oscillatory tuning.

Although the primary focus of M2PFC is to provide real-time adaptability and context-
aware coordination of local controllers, its design inherently embeds mechanisms to
avoid the specified types of instability.

More specifically, since robots operate within a grid & of finite dimensions (Assump-
tion A1), yield bounded heading angles within [, 7] (see (5.14)-(5.16)), follow a bounded
velocity (as per Assumption A6), and possess bounded travel times (as per (5.17)), all pa-
rameters related to robot dynamics are ensured to remain bounded.
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Figure 5.7: Roadmap for the categories of analyses and simulations performed in the case study.

Local prediction maps

Type-1 vs Type-2 FLC

Considering the task parameters, the travel times, scan times (as per (5.9)), victim
probabilities (as per (5.2)), fire risk time — upper-bounded by fire propagation dynam-
ics, and scan certainty (as per (5.1)) are bounded, thus all input quantities fed into the
local FLC layer are inherently bounded by the problem formulation. Each local FLC
controller operates with a rule base consisting of finite number of rules, each gener-
ating an output through the TSK inference mechanism given by (5.18), which possesses
Bounded-Input-Bounded-Output (BIBO) stability. In other words, the output a{’) (k")
of each rule ¢ is an affine combination of bounded input quantities. Since the overall
value of the output is obtained via convex aggregation of these rule outputs weighted by
their associated normalised firing strengths adding up to 1, the mapping executed per
control time step via each local FLC controller is BIBO stable.

Consequently, stability requires that the hierarchical tuning between the FLC and
MPC layers does not induce unbounded or oscillatory behavior. For stability under MPC
tuning, we know that this layer updates parameter vector 6 (kcm) within a restricted, ad-
missible set © (see (5.19)). This bounded parameter space is designed to preserve the
monotonicity and smoothness of the surfaces generated through fuzzy inference mech-
anisms, thereby preventing abrupt changes in these parameters that may destabilize
the local FLC controllers. Furthermore, the MPC optimisation problem (see (5.19)) in-
herently respects constraints on robot dynamics, hence ensuring that each tuning step
maintains the feasibility and stability of the underlying multi-robot system.

In summary, the hybrid structure of M2PFC may be viewed as a hierarchical system,
where the fast, low-level FLC loop ensures immediate bounded responses to the envi-
ronment, while the slower, supervisory MPC layer introduces gradual parameter adjust-
ments that converge towards optimal, coordinated behavior. The time-scale separation
between the fast-operating FLC controllers and slower MPC layer further ensures that
tuning occurs gradually. This separation of time scales aligns with classical stability re-
sults for hierarchical and supervisory control frameworks, where slow tuning of bounded
parameters preserves the stability of the underlying closed-loop dynamics [327], [328].

5.4. CASE STUDY

This section presents an extensive case study to evaluate the effectiveness, adaptability,
and scalability of the proposed M2PFC architecture within a simulated SaR multi-robot
environment. The performance of M2PFC — under both centralised and decentralised
supervisory architectures — is compared against two alternative control approaches:
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centralised and decentralised MPC-only system, and decentralised pre-tuned FLC con-
troller. These comparisons aim to highlight the added value of the hybrid design offered
by M2PFC, as well as its hierarchical tuning mechanism.

The case study consists of three main categories of analyses, including:

1. Performance evaluation of M2PFC
2. Sensitivity analysis of M2PFC
3. Design space exploration for M2PFC configuration

Each category is further divided into sub-experiments, as outlined in the roadmap in
Figure 5.7.

5.4.1. CASE STUDY ASSUMPTIONS
In addition to the assumptions outlined in Section 5.3.1, the following assumptions, in-
dexed by CS-A (Case Study Assumption), hold throughout the case study:

CS-Al The 2D environment grid consists of identical cells.

CS-A2 All sampling times, at the global, local, control, and tuning levels have equal
durations, and their corresponding time steps are synchronised. Only in some
sensitivity analyses run in this case study, the control and tuning sampling times,
while equal, may differ from other sampling times.

CS-A3 Wind velocity and direction remain constant across the entire environment, so
do the elements of matrices MVel°CY (k) and prdirection (f).

CS-A4 Unless specified otherwise, the wind velocity denoted by m?el](;mty(k) is always

less than 1 m/s, restricting fire spread to dotted neighbouring cells shown in
Figure 5.4.

CS-A5 The value of threshold ¢ in (5.6) is set to zero, meaning that a cell ignites imme-
diately once the fire reaches it.

CS-A6 For computational efficiency, robots operate using coarsened environment ma-
trices, where the environment is divided into larger, aggregated cells.

CS-A7 Eachrobot maintains one additional parameter representing its location within
the coarsened cell, that is used to determine the travel time between non-coarsened
cells.

CS-A8 The FLC controllers employ a type-1 TSK fuzzy inference system [329].

CS-A9 The supervisory MPC layer is invoked periodically to update the tuning param-
eters 0 (k°™) of the FLC controllers.
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5.4.2. COMPARISON APPROACHES AND MECHANISMS
To assess the effectiveness and adaptability of the M2PFC framework, we compare it
against alternative control strategies and architectural setups commonly used in multi-
agent robotic systems. This section outlines the different control approaches/architec-
tures used in the comparison study.

Note that based on Assumption CS-A2, in the case study we simply use the notation
k to represent the local, simulation, control, and tuning time steps.

MPC-ONLY SYSTEM

In the MPC-only system, robots are assigned a queue of target cells to visit and scan. The
key difference in the optimisation problem compared to (5.19) is that, in this case, there
is no mapping from attraction values to the objective through a parameterised function
to be tuned. Instead, the optimisation variables of MPC are the cell coordinates planned
for robots. The design details for the MPC-only system used in the case study are given
in Sections 5.4.4 and 5.4.6.

Algorithm 5 in Appendix 5.8 illustrates how robots select and execute actions based
on the queue of cells generated by MPC. While this queue-based scheduling allows robots
to anticipate future tasks, it lacks the real-time efficiency of FLC and the adaptability of-
fered by the M2PFC framework.

PRE-TUNED FLC SYSTEM
The pre-tuned FLC system involves decentralised FLC controllers with fixed, pre-set pa-
rameters. Unlike M2PFC, this approach does not include a supervisory controller for
dynamic tuning of local controllers and relies instead on static control rules.

The details of the design of pre-tuned FLC controllers are given in Sections 5.4.5 and
5.4.6, while Algorithm 6 in Appendix 5.8 illustrates how robots select and execute actions
with pre-tuned FLC controllers.

CENTRALISED AND DECENTRALISED ARCHITECTURES

For comparison purposes, both centralised and decentralised architectures are imple-
mented for the M2PFC framework and for the MPC-only system. This setup allows eval-
uation of the impact of coordination strategies on performance and scalability.

In the centralised implementation, a single MPC system is responsible for tuning all
local controllers in the M2PFC framework or for directly controlling the robots in the
MPC-only system.

In contrast, the decentralised implementation assigns each local controller its own
dedicated supervisory MPC system in the M2PFC framework, and each robot an inde-
pendent local MPC controller. These MPC systems operate in a fully decentralised man-
ner, meaning no information is exchanged among them.

5.4.3. COARSENING OF THE ENVIRONMENT MATRICES

In accordance with Assumption CS-A6, the environment matrices are coarsened using
a coarsening factor ¢ in order to improve computational efficiency in real-time decision
making. Specifically, in order to reduce the number of variables involved in the pre-
diction and optimisation steps of the M2PFC framework and the MPC-only system, the
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environment parameters sensed by robots are consolidated from a ¢ x ¢ block of cells
in the environment model into a single cell in the internal measurement model of the
robot. Whenever ¢ = 1, the measurement model of robots corresponds exactly to the
environment model with a one-to-one mapping of cells.

In line with this, a generic environment matrix M, representing any of the matrices
defined in Section 5.3.2 for simulating the environment, is coarsened for decision mak-
ing via:

1 £ £ .
iy 0 = _2;;1m(é(i—1)+p,€(j—1)+q)(k) e

where m(l (k) denotes an element of the coarsened matrix, with e €

{scan, victim, debris, fire}. The same coarsening method is applied during the decision
making to the structure matrix, which, however, is time-invariant. Moreover, ¢ is the
coarsening factor determining the resolution reduction for computationally efficient de-
cision making, such that the original environment grid of dimensions n" x n" is reduced

to a coarsened grid of (n"/¢) x (n'/¢) cells.

Remark 11. Based on Assumption CS-A3 the matrices defining the state of wind in the

-

reglon, as outlined in Section 5.3.2, remain constant.

5.4.4. MPC-BASED CONTROLLERS

This section presents the design and implementation of MPC-based strategies used in
the supervisory layer of the M2PFC framework and within the MPC-only system. These
controllers coordinate robot actions over a prediction horizon of size NP by solving an
optimisation problem that incorporates environmental forecasts and task priorities. The
optimisation problem is a nonlinear constrained optimisation, solved with pattern search
or genetic algorithm solvers (see also Section 5.4.6). A central component of these con-
trollers is the objective function, which is explained next.

OPTIMISATION OBJECTIVE FUNCTION

In the case study, the MPC layer uses a tailored objective function based on (5.19) that
has been designed to steer robots towards high-priority areas with larger attraction, while
considering fire hazards. This objective function is formulated via:

k+NP prob

M=y Z et (xlk) (5.21)

xk=k 1=

where the cell-wise objective function is formulated via:
]gfell x|k) =7 v1ct1m (x|k) scan x|k - ( —w» mhazard (x| /C)) (5.22)

In (5.22), T = (Tlrl (x),TY (K)) is the target cell assigned to robot r at time step k. The
coefficients w; and w» balance the trade-off between scanning high-priority cells and
avoiding fire-prone regions.

The term rh};azard (x|k) denotes the predicted value of a dynamic variable derived
from the hazard matrix, M2 (k) At time step k, Mhazard jy encapsulates the com-
bined effect of the relative proximity of each cell that is burning or igniting and the
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wind direction, thereby capturing both the potential of directional spread and proximity-
based hazard. Its elements are normalised to [0, 1] based on the map dimensions and are
updated following Algorithm 7 in Appendix 5.8, using two components: hazard direction
and hazard distance.

The hazard direction matrix MP32ad.dir (k) has elements given by:

hazard,di _ velocity h d
m(l.y]Z.) 'O (k) =exp (m(l.’j) (k)(c1 azard . (5.23)
chazard ( cos [mgiyrﬁmon(k) - ega]z)a 1 (k)) - 1)))
where cﬁmard and cgazard are constants, and Hgajz.f‘rd(k) is the angle between cell (i, j) and
the closest cell (I(k), g(k)) which is burning at time step k, defined as:

(5.24)

i—1(k
HE?JZ.)ard(k) =arctan(] ( ))

i—q(k)

The elements of the hazard distance matrix MPazarddist (k) ynder Assumption CS-A1, are
given by:

mg?]z.)ard,dist(k) =1- \/(l —1(k)* + (- q(k))Z (5.25)
(nh)? + (n¥)2

Note that when the cells are coarsened for efficient decision making, the hazard matrix

is estimated according to (5.20).

In summary, the objective function given by (5.21) and (5.22) captures a key trade-off
in SaR: prioritizing likely victim locations, while avoiding areas at risk due to fire spread.
To compute this objective, future values of victim priority, scan, and hazard matrices
should be predicted within the prediction window. How to do so is explained next.

PREDICTION MODES FOR MPC-BASED LAYERS

Prediction modes represent two approaches for estimating future environmental states
within the predictive controllers, i.e., the supervisory layer of the M2PFC framework and
the MPC-only system.

Two distinct prediction modes are employed to forecast future states of the environ-
ment: the probability threshold mode and the exact mode. These modes are incorpo-
rated into the comparisons executed for the case study to assess the overall performance
and robustness of the control systems. The probability threshold prediction mode is
used as the default prediction mechanism in all simulations, based on the practical as-
sumption that future states can, in general, not be known with certainty. However, se-
lected simulations also explore the use of the exact prediction mode, which serves as an
idealised baseline for comparative purposes.

In the probability threshold prediction mode, it is assumed that the most probable
state transition occurs at all time steps. For a system with state vector x(k) and a state
transition function & (:), the next predicted state is given by:

X(k+1lk) =% (x (k) (5.26)
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where % (:) is a deterministic function that maps the current state x(k) to the most likely
successor state x(k + 1|k).

In contrast, the exact prediction mode assumes perfect knowledge of future states,
thereby removing uncertainty from the prediction process. In this mode, the prediction
function & (-) is assumed to map the current state x(k) precisely to the state that will
actually take place, i.e., it perfectly reflects the actual system dynamics. Although this
level of foresight is not practically achievable, the exact prediction mode serves as an
idealised benchmark for evaluating the performance of the probabilistic approach.

In our case studies, within the exact prediction mode, predictive controllers are pro-
vided with the true future states of cells, as dictated by the simulations. In contrast,
under the probability threshold prediction mode, these future cell states should be esti-
mated within the prediction window. How to do so forms the focus of the next section.

ESTIMATING ENVIRONMENTAL MATRICES WITHIN THE PROBABILITY THRESHOLD MODE
This section describes how key environment matrices are estimated within the case study
simulations under the probability threshold prediction mode. These estimations inform
both the local decision making of individual robots and the global reasoning performed
by the supervisory controllers.

Prediction of the Victim Probability Matrix: For predictive controllers, the elements
of the victim probability matrix estimated at time step k for any future time step x within
the prediction window, when cell (i, j) is planned to be visited, are estimated by:

VlCtlm
(t ) (k)

if cell (7, j) has ever been scanned
pop 21(11 J)F(Il b (1- 06, &)

if cell (i, j) has never been scanned

2 v1ct1m (Kl k)

M, (5.27)

where cP°P is the average population density of the disaster environment, while Z}l.l i and
[‘l.’j denote spatial parameters of the cell. The value of mz’l.ic;)im(k) used when the cell has
already been scanned is obtained based on (5.2). Moreover, o, j (k) € [0,1] is the most
recent value for the perceived proportion of cell (i, j) occupied by debris, as defined in

(5.3).

Prediction of the Hazard Matrix: The elements of the hazard matrix at each future
time step x > k within the prediction horizon are predicted at time step k by:

m?la]zard x|k) = fhazard (Mﬁre | k)) (5.28)
where M (x| k) denotes the matrix of predicted fire states m(ﬁlre) (x|k) at future time step
K, as predicted at time step k for all cells (/, g) within the simulation environment. The
function f1@2d(.) implements the fire propagation mechanism as described by (5.23)-
(5.25), following the procedure outlined in Algorithm 7 (see Appendix 5.8). Note that
wind velocity and direction are required for computing the hazard influence in (5.23)—
(5.25), where in accordance with Assumption CS-A3, these parameters are assumed to
be constant and known throughout the simulations.



5.4. CASE STUDY 143

Table 5.2: Parameter values for FLC input membership functions illustrated in Figure 5.8.

Name  Type Parameters

low Triangular [0, 0, 0.5]
medium Triangular [0,0.5,1]
high Triangular [0.5,1,1]

The fire state in cell (/, g) at time step x > k within the prediction horizon, is predicted
at time step k via:

mie cl) = F° (e (i), me) oc—11k)) (5.29)
where ff'®(.) is a function that executes (5.6), (A,7) is a neighbouring cell for cell (1, g),

and 7if}'s) (k1K) = m{}'s) (k).

5.4.5. LoCAL FLC CONTROLLERS

The time efficiency, priority, fire risk time, and scan certainty of a cell serve as inputs to
the FLC systems, as described in Section 5.3.4. In the case study, these values should be
adapted for decision making in accordance with the coarsened cell structure.

COMPUTING FLC INPUTS
For priority and scan certainty of a cell, the coarsened values are computed by applying
the aggregation method in (5.20) to the corresponding fine-grid values.

For response efficiency, the overall travel time is computed according to (5.17), as-
suming that the robot moves with its maximum feasible velocity as per Assumption A6
and the scan time (when the assigned task is “scan”) is computed according to (5.9).

For fire risk time, as explained in Section 5.3.4, Algorithm 4 given in Appendix 5.8
is employed. This algorithm takes the coarsened fire matrix, computed via (5.29), and
generates the fire risk time.

The values of the first three inputs are normalised to the range [0, 1] prior to being
passed to the associated FLC controller, while the fourth is not, since using a larger range
for this input with active fires has been found to be more effective.

After the cell attractions are computed by the local FLC controllers, each robot selects
the target cells it should travel to and scan. Due to cell coarsening, it is necessary to
track the remaining travel or scan time after every sampling time. This adjustment is
required is because coarsened cells are larger, and robots may not be able to fully traverse
or scan such cells within a single sampling time. The procedure for action selection and
execution per robot is detailed in Algorithm 6 in Appendix 5.8.

FLC MEMBERSHIP FUNCTIONS

For local controllers, as stated in assumption CS-A8, TSK-FLC controllers are deployed.
In the FLC controllers, all input membership functions are defined as triangular func-
tions, uniformly distributed across the range of each input variable. The choice of trian-
gular membership functions is motivated by the simplicity of design, the computational
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Figure 5.8: Input membership functions for local FLC systems. The first three inputs are normalised, while
the fourth is not, since it has been found that using a larger range for the fourth input with active fires is more
effective.

Table 5.3: Default parameter values for FLC output membership functions illustrated in Figure 5.9. As illus-
trated in the figure, the first four values are the coefficients of a particular input of the four inputs, respectively,
while the fifth is a constant.

Name Type Parameters (coefficients)

low linear -1,1,-1,-1,0
medium linear -1,1,-1,-1,0.5
high linear -1,1,-1,-1,1
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Figure 5.9: Parallel coordinate plot of default output membership functions for local FLC systems.
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Figure 5.10: Simplified example illustrating the inputs and outputs of an FLC system: The colours from blue to
yellow are based on a heat-map, representing the value of each variable for the given SaR scenario within the
grid.
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Table 5.4: General simulation parameters used in the case study.

Parameter Value Equation(s) using the parame-
ter

Simulation sampling time (7) 15 time units | (5.5) and (5.6) and also used in
Algorithms 5 and 6

Cell coarsening factor (&) 5 (5.20)

Objective function weight 1 (w;) | 1 (5.22)

Objective function weight 2 (w,) | 1 (5.22)

efficiency, and mostly the common usage in robotic control systems, such as for speed
control [330]. These initial configurations are listed in Table 5.2, where the parameters
represent the vertices of each membership function, corresponding to Figure 5.9, there-
fore the first four values are the coefficients of a particular input of the four inputs, re-
spectively, while the fifth is a constant. The complete set of input membership functions
is illustrated in Figure 5.8.

In contrast, the output expressions for these TSK-FLC controllers are chosen to be
an affine combination of the inputs and a constant, offering a piecewise approximation
that facilitates gradient-based tuning. These are initialised as shown in Table 5.3 and are
visually represented using a parallel coordinate plot in Figure 5.9.

To illustrate the operation of the FLC systems, Figure 5.10 provides an example sce-
nario for an arbitrary robot r. The disaster environment in this example is represented
as a 4 x 4 grid. The input matrix fire risk time, M"*¥(k), indicates that cells in burning fire
state are concentrated in the centre of the grid. The current position of the robot within
cell (1,1) is highlighted in the cell response efficiency matrix M, ﬁesmnse (k), since it has the
colour corresponding to the lower value.

The output matrix M2t (k) reveals that the robot prioritises cell (3,2) as its next tar-
get. Interestingly, this decision may appear as counter-intuitive, since cell (3,2) already
exhibits a high scan certainty. Such behavior reflects the flexible, adaptive decision mak-
ing by the M2PFC framework. Based on the prevailing context, M2PFC may determine
that the robot should contribute to increasing the weighting of the scan certainty, while
reducing the emphasis on the response time — potentially leading to the selection of cell
(3,2) as the next target of the robot.

5.4.6. SETUP
This section outlines the setup of the simulations, hardware specifications, parameter
configurations, and the performance metrics used in the case study.

Additionally, to provide further insight into the fire propagation model and robot
motion under varying wind conditions, we have included illustrative simulations in Ap-
pendix 5.9.

The case study is implemented in MATLAB, with all simulations executed on a ma-
chine equipped with an AMD Ryzen 5 3500U CPU. Each simulation is configured via
a dedicated set of scripts that define all relevant parameters; these scripts are publicly
available in the 4TU repository [331] and the associated GitHub repository [332].

For a better match with the meaning of the objective, i.e., a measure of the risk to
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Table 5.5: Environment configuration parameters used in the case study.

Parameter

Value

Equation(s) using the parame-
ter

Environment cell lengths (¢

and 4; ]))

(i,))

10 space units

(5.9) and (5.27)

Ignition time (gspready

120 time units

(5.5) and (5.6)

Burnout time (zPUrnt-out)

600 time units

(5.5) and (5.6)

Max number of victims per | 5 (5.2)
search map cell (n"i¢im)

Fire spread constant 1 (a;) 0.2 (5.4)
Fire spread constant 2 (@) 0.08 (5.4)
Fire spread constant 3 (a3) 0 (5.4)
Fire spread constant 4 (a4) 0.1 (5.4)
Wind model constant 1 (c{‘azard) 0.1 (5.23)
Wind model constant 2 (cgazard) 0.1 (5.23)

Table 5.6: Robots configuration parameters used in the case study.

Parameter Value Equation(s) using the parameter
Maximum velocity (v, (k) for all | 5ms™! (5.12)

time steps k)

Scan time per square meter (£4") | 0.01sm™2 | (5.9)

Sensor accuracy (1) 0.9 [-] (5.1)

Scan certainty loss per time step | 0.01 [-] (5.1)

(0)

the victims, we have reformatted the objective function given by (5.21) by using a mi-
nus sign, so that a lower value is considered better, therefore all optimisations become
minimisations, since the purpose is to minimise the risk.

Unless stated otherwise, a standard set of parameters is applied across all simula-
tions, where these values are given in Table 5.4. The primary exceptions are the number
of robots, the size of the disaster environment, and the MPC sampling time and predic-
tion horizon, which vary in the sensitivity analyses performed in Section 5.5.2.

ENVIRONMENT CONFIGURATION
The standard configuration of the environment model is defined by a set of parameters
listed in Table 5.5. The wind velocity mzll?l]F;CIty(k) issetto 1 %

“with-wind”, and to 0 in scenarios specified by “no-wind’.

in scenarios specified by

RoBOTS CONFIGURATION
The standard configuration of the robot model is defined by the parameters listed in
Table 5.6.

All robots are initially assigned task of “scan”. Under the M2PFC framework, the
initial target cell per robot is set to its current position, i.e., we have (T}; (k),Ty (k)) =
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(o (k), pY (k). In contrast, for the MPC-only system, since at the start of the simulations
only one cell (with the robot location) is available as target, the initial target cells are set
to the current position of the robot, but subsequent entries in the target cell sequence are
initialised to one, that indicates a neutral or default placeholder that will be overwritten
at the subsequent iterations.

LocAL MAPPING CONFIGURATION

With regard to the matrices that robots build as local environmental maps (see Sec-
tion 5.3.2), the debris occupancy matrix MAebris (1 s initialised with all elements set to
0.5, while the structure matrix M°"™ is initialised with all elements set to 1. For the vic-
tim probability matrix M¥I°i™ (k), the initialisation is random, where the distribution of
victims over the environment varies with the simulation seed.

For “no-wind” conditions, the fire state matrix Mf' (k) is initialised with all elements
set to 1 to ensure that there is no fire spread during the simulation.

In contrast, for “with-wind” conditions, the fire state matrix M (k) is initialised with
a uniform distribution of flammable cells, and a subset of cells is assigned a burning fire
state 3 (the number of such cells is selected randomly from the range 2-4).

All robots are initially positioned in a row of adjacent cells located in the bottom-left
corner of the disaster environment.

Three distinct simulation scenarios are considered in the case study, namely basic
no-wind, basic with-wind, and complex with-wind. The primary differences among
these simulations lie in the absence or presence of wind (thus fire spread), and the prob-
ability distribution of matrices M5t and M9€Pis(k) that is closer to or farther from
uniform. Further details regarding the design of these simulations are provided in Ap-
pendix 5.10.

CONFIGURATION OF DIFFERENT CONTROL SYSTEMS
This section details the configuration of control approaches considered for comparison
in this case study, as explained earlier in Section 5.4.2.

In real-time optimisation-based control applications, a key constraint is the time
available to compute a solution for the optimisation problem before the next control
time step, as dictated by the sampling time. Accordingly, a finite iteration budget is im-
posed on the optimisation problems to ensure that each optimisation process completes
within the allowed computation time.

Configuration of M2PFC: The M2PFC framework employs a classical pattern search
algorithm for optimisation. This method is selected due to its robustness in solving non-
smooth, nonlinear, and discontinuous optimisation problems without requiring gradi-
ent information. These characteristics make it particularly suitable for the probabilistic
and complex nature of the environment model in the simulations.

Key parameters used in the optimisation toolbox of MATLAB for the M2PFC frame-
work include: maximum number of function evaluations 100, maximum number of it-
erations 100, optimisation lower bounds all —1, and optimisation upper bounds all 1.

For local FLC controllers, the configuration outlined in Section 5.3.4 is deployed.

Configuration of MPC-only System: The MPC-only system uses a genetic algorithm
for optimisation. This algorithm is preferred over pattern search for this controller be-
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cause of its better performance in the cases of complex (non-linear, discontinuous) dis-
crete optimisation problems.

Key parameters used for the optimisation problem include: maximum number of
function evaluations 100, population size 100, optimisation lower bounds [1, 1], whereas
upper bounds are set to the coarsened environment dimensions.

Configuration of Pre-tuned FLC System: The pre-tuned FLC system is configured as
described in Sections 5.3.4 and 5.4.5. Its parameters remain fixed throughout the sim-
ulations, offering a baseline for evaluating the performance of simple, local rule-based
controllers in the absence of global re-optimisation.

PERFORMANCE METRICS

Metrics used to evaluate the performance of various controllers in this case study are the
global objective function JMPC(k), defined by (5.21), and the optimisation time #°P!(k)
required to solve the control problem per time step k.

Given the probabilistic nature of both the environment model and the optimisation
algorithms, the performance of the multi-robot system may vary significantly across
simulation runs. To capture this variability properly, we report the mean values and con-
fidence intervals of performance metrics over multiple simulations. Considering n*™
total number of simulation runs, the mean of the objective function is computed by:

sim

n
LY JMRC (g (5.30)
s=1

nsim

7MPC k) =

Moreover, the mean optimisation time at each control time step is given by:

1 nsim
—opt _ opt
Rl = > (k) (5.31)
s=1
To represent the uncertainty in these estimations, we calculate 95% confidence in-
tervals using the standard error of the mean (we show the corresponding function by

SEM(:)). These intervals are represented via (71(;/.[52(;5(]6),72/.[;’7(;5(16)) for the objective func-
tion, and via (?8%;5(16),;8%75(]6)) for the optimisation time. The bounds for these inter-
vals at time step k are computed via 7MPC (k)£1.96 SEM (7MPC (k)) for the objective func-

tion, and via 7" (k) + 1.96 SEM (?OP ' (k)) for the optimisation time.

To ensure fair comparisons among different controllers, we define a fixed sequence
of random seeds. Each controller uses the same seed per simulation run, guaranteeing
that the stochastic components of the environment are consistent across all simulations.

STANDARD RESULTS FORMAT

Simulation results are visualised using curve plots for each controller and scenario. To
ensure visual consistency, we define a standard curve and colour format, as shown in
Figure 5.11. Results corresponding to the pre-tuned FLC system, the M2PFC framework,
and the MPC-only system are shown, respectively, in green, orange, and purple. A solid
curve represents an MPC-based controller embedded within a centralised architecture,
while a dashed curve represents a decentralised implementation.
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Figure 5.11: Curve styles used to show the simulation results.
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Figure 5.12: The values of the mean of the objective function J(k) over time for a two-robot system in a small
static disaster environment of size 40 x 40 cells, across 5 simulation runs, each simulated over 5000 time units.

5.5. RESULTS AND DISCUSSIONS

This section presents the results of the simulations in the case study, illustrated via plots
that show the evolution of performance metrics over time for each controller type. The
results are organised into three categories of analysis related to the M2PFC framework,
including performance analysis, sensitivity analysis, and design exploration.

Following the presentation of results, a detailed discussion and interpretation of the
observed patterns and outcomes for these results is provided.

5.5.1. RESULTS FOR M2PFC PERFORMANCE ANALYSIS
In the performance analysis, the M2PFC framework is assessed against MPC-only and
pre-tuned FLC systems. Starting with simple simulation cases, we enable isolating the
control performance from the modelling complexities. More complex simulations are
introduced gradually and systematically.

Basic Scenarios: Details that describe this category of simulations are presented in
Appendix 5.10.

Figure 5.12 presents the values of the mean objective function over time for cen-
tralised implementation of the M2PFC framework and the MPC-only system and decen-
tralised implementation of the pre-tuned FLC system, for a two-robot system for a no-
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Figure 5.13: The values of the mean optimisation time 7°P" (k) over time for a two-robot system in a small static
disaster environment of size 40 x 40 cells, across 5 simulation runs, each simulated over 5000 time units.
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Figure 5.14: The values of the mean of the objective function J(k) over time for two-robot system in a small
dynamic disaster environment of size 40 x 40 cells, across 5 simulation runs, each simulated over 5000 time
units.
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Figure 5.16: The values of the mean of the objective function J(k) for a four-robot system in a small dynamic
disaster environment of size 40 x 40 cells, across 5 simulation runs, each simulated over 5000 time units.
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Figure 5.17: The values of the mean optimisation time T°PY (k) for a four-robot system in a small dynamic
disaster environment of size 40 x 40 cells, across 5 simulation runs, each simulated over 5000 time units.

wind condition within a grid environment of 40 x 40 identical cells (see Assumption CS-
Al), across 5 simulation runs, each simulated over 5000 time units. Figure 5.13 shows the
evolution of the corresponding mean optimisation time for both MPC-based controllers
over time.

Figure 5.14 presents the evolution of the mean objective function over time for the
centralised implementation of the M2PFC framework and the MPC-only system and the
decentralised implementation of the pre-tuned FLC system for a two-robot system for a
with-wind condition within a grid environment of 40 x 40 cells, across 5 simulation runs,
each simulated over 5000 time units. Figure 5.15 shows the evolution of the correspond-
ing mean optimisation time for both MPC-based controllers over time.

Finally, Figure 5.16 presents the results for the evolution of the mean objective func-
tion over time for similar environment, wind conditions, and controller implementation
as before, but with the number of robots increased to n™° = 4. Figure 5.17, likewise,
shows the evolution of the corresponding mean optimisation time for both MPC-based
controllers over time.

Decentralised vs Centralised M2PFC Architectures: Maintaining the same basic
with-wind scenario, centralised and decentralised implementations of the M2PFC frame-
work are compared next.

Figure 5.18 presents the evolution of the mean objective function over time for both
centralised and decentralised architectures for a two-robot system and the basic with-
wind conditions, across 5 simulation runs, each simulated over 5000 time units. Fig-
ure 5.19 shows the evolution of the corresponding mean optimisation time for both
MPC-based controllers over time.

Figure 5.20 presents the results of the evolution of the mean objective function over
time for the same scenario and implementation of controllers, where the number of
robots is increased to n™P = 4. Figure 5.21, likewise, shows the evolution of the corre-
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Figure 5.18: The values of the mean of the objective function J(k) over time for a two-robot system in a small
dynamic disaster environment of size 40 x40 cells with centralised vs decentralised M2PFC, across 5 simulation
runs, each simulated over 5000 time units.
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Figure 5.19: The values of the mean optimisation time 7°P (k) over time for a two-robot system in a small
dynamic disaster environment of size 40 x40 cells with centralised vs decentralised M2PFC, across 5 simulation
runs, each simulated over 5000 time units.
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Figure 5.20: The values of the mean of the objective function J(k) over time for a four-robot system in a small
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runs, each simulated over 5000 time units.
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Figure 5.21: The values of the mean optimisation time 7°PL (k) over time for a four-robot system in a small
dynamic disaster environment of size 40 x40 cells with centralised vs decentralised M2PFC, across 5 simulation
runs, each simulated over 5000 time units.
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Figure 5.22: The values of the mean of the objective function J(k) over time for a two-robot system in a complex
dynamic disaster environment of size 40 x 40 cells, across 5 simulation runs, each simulated over 5000 time
units.

sponding mean optimisation time for both MPC-based controllers over time.

Complex Scenarios: In the previous performance analysis simulations, the environ-
ment variables were simplified as much as possible to isolate controller performance in
a controlled environment. In complex scenarios, which are all under with-wind condi-
tions, we analyse controller performance under more complex conditions by introduc-
ing environmental parameters that more significantly involve the impact of wind and fire
spread, as well as a non-uniform distribution of matrices M5t and M4€brs (k). Further
details about the design of these complex scenarios are presented in Appendix 5.10.

Figure 5.22 illustrates the evolution of the mean objective function over time for
these complex scenarios, across 5 simulation runs, each simulated over 5000 time units.
Figure 5.23 shows the evolution of the corresponding mean optimisation time for both
MPC-based controllers over time.

5.5.2. RESULTS FOR M2PFC SENSITIVITY ANALYSIS
The objective of the sensitivity analysis is to investigate the performance of the supervi-
sory MPC-based controller over a range of values for given design parameters.

The analysis is performed individually for four parameters — number of robots, size
of the environment, sampling time of MPC, and prediction horizon of MPC — across a
defined range of values, as given in Table 5.7.

Number of Robots: Figure 5.24 presents the values for the normalised mean objec-
tive function over time for decentralised and centralised implementations of the MPC-
only system and the M2PFC framework — based on running 5 simulations, each for 5000
time steps — with the number of robots varying within the range n™P = {2,3,4}. Vary-
ing the number of robots from 2 to 4 is enough to obtain information on the scalability
of the multi-robot system, as explained in the subsequent discussion section (see Sec-
tion 5.5.5). The values for the mean objective function are normalised against the results
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Figure 5.23: The values of the mean optimisation time 7°P (k) over time for a two-robot system in a complex
dynamic disaster environment of size 40 x 40 cells, across 5 simulation runs, each simulated over 5000 time
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Table 5.7: Sensitivity analysis parameters.

Parameter Range
Number of robots (1n°P) 2,3,4
Size of the environment (n! and n") 20,40,60

MPC sampling time (7°")

30,75,225,450,675,900 (given in time units)

Prediction horizon (INP)

30,45,60,75 (given as number of time steps)
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Figure 5.24: Sensitivity, represented for the normalised mean objective function J(k) over time, with respect to
the number of robots, running 5 simulations per parameter value, each simulated over 5000 time units.
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Figure 5.25: Sensitivity, represented for the mean optimisation time 7°P " (k) over time, with respect to the num-
ber of robots, running 5 simulations per parameter value, each simulated over 5000 time units.

for the pre-tuned FLC system, given as the percentage difference from the value of the
mean instantaneous objective function for the pre-tuned FLC system.

The individual data points for each set of simulations are denoted by coloured dots
in Figure 5.24, following the same standard format explained in Section 5.4.6. Moreover,
the 95% confidence intervals are represented by error bars. To differentiate between
controller architectures in illustrations, results for the centralised implementation are
displayed using circular points and wider error bar tips, while, for the decentralised im-
plementation, results are displayed using square points and narrower error bar tips.

A first-order polynomial trend line has been fitted to the results of the sensitivity
analysis per case, in order to approximately visualise the correlation with the number
of robots. This is done in MATLAB, using the function polyfit, which performs the
least square error minimisation for a polynomial of a chosen order. Note that the choice
of the order of the polynomial depends on the number of data points (for orders larger
than one see, for instance, Figure 5.28 for the sensitivity analysis concerning the MPC
sampling time).

Finally, Figure 5.25 shows the values for the corresponding mean optimisation times
over time.

Disaster Environment Size: Figure 5.26 presents the normalised values for the mean
objective function over time, for centralised implementation of the MPC-only system
and the M2PFC framework for varying number of cells in the disaster environment,
across 5 simulation runs, each simulated over 5000 time units.

While changing the size of the environment, for all simulations only one ignition
point is considered, whereas the amount of victims increases, and they are always dis-
tributed differently, because they are randomly located.

Figure 5.27 shows the values of the corresponding mean optimisation time over time.

MPC Sampling Time: The MPC sampling time, according to Assumption CS-A9,
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Figure 5.28: Sensitivity, represented for the normalised mean objective function J(k) over time, with respect to
the MPC sampling time, running 5 simulations per parameter value, each simulated over 5000 time units.
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Figure 5.30: Sensitivity, represented for the normalised mean objective function J(k) over time, with respect to
the MPC prediction horizon, running 5 simulations per parameter value, each simulated over 5000 time units.

determines when parameters of the FLC controllers are updated. In this section, we
present the results for a sensitivity analysis when the MPC sampling time, T, varies,
while the prediction horizon is maintained as NP = T°! + 15 time units.

Figure 5.28 presents the mean objective function over time, across 5 simulation runs,
each simulated over 5000 time units. These values have not been normalised, because
the FLC has not this parameter (sampling time), therefore a normalisation is not done
since otherwise it would be done against the same value for all the simulations.

Figure 5.29 shows the mean optimisation times over time for this sensitivity analysis.

MPC Prediction Horizon: In this section, the prediction horizon NP varies, while
the MPC sampling time remains constant, i.e., Tt = 30 time units.

Figure 5.30 presents the mean objective function over time, across 5 simulation runs,
each simulated over 5000 time units. These values have not been normalised either for a
similar reason to the sampling time sensitivity analysis.

Figure 5.31 shows the mean optimisation time over time for this sensitivity analysis.

5.5.3. RESULTS FOR M2PFC DESIGN EXPLORATION

This section explores potential design choices for M2PFC that may enhance its perfor-
mance (with respect to metrics given in Section 5.4.6), computational efficiency, or our
insight about pros and cons of various configuration options for the M2PFC framework.

Design factors considered include the choice of the prediction mode, FLC controllers
(Type-1vs Type-2), and mapping strategy for robots (i.e., global, computationally expen-
sive mapping vs local, computationally efficient mapping).

Prediction Modes: As explained in Section 5.4.2, two prediction modes are incorpo-
rated into the case study, namely the probability threshold mode and the exact predic-
tion mode.

These prediction modes are compared in this section for a two-robot system in a
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Figure 5.32: The values of the mean of the objective function J(k) over time for a two-robot system in a small
dynamic disaster environment of size 40 x 40 cells for the prediction modes, el = 30 time units, across 5
simulation runs, each simulated over 5000 time units.
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Figure 5.33: Sensitivity, represented for the normalised mean objective function J(k) over time, with respect to
the MPC sampling time for the prediction modes, running 5 simulations per parameter value, each simulated
over 5000 time units.

small dynamic disaster environment of 40 x 40 cells. A relatively large MPC sampling
time is chosen (TCtrl = 30 time units), resulting in a larger prediction window for a fixed
prediction horizon. Such a design allows to better understand the reliability of the prob-
ability threshold prediction mode, which unlike the exact prediction mode has no access
to real values of future states, and its prediction errors accumulate over time within the
prediction window.

Figure 5.32 shows the evolution of the normalised mean objective function over time,
across 5 simulation runs, each simulated over 5000 time units. These values have been
normalised against the performance of the pre-tuned FLC system.

To understand the relative difference in controller performance between these two
prediction modes, a sensitivity analysis is run against 7°"! for centralised M2PFC in the
range [30 time units, 60 time units], and it is presented in Figure 5.33.

Type-1 vs Type-2 FLC: In this simulation, we implement M2PFC within a grid en-
vironment of 40 x 40 cells under with-wind conditions, with local Type-2 TSK-FLC con-
trollers, which model two — instead of one — level of fuzzy uncertainties. We compare
the performance of this framework against the original design of M2PFC including local
Type-1 TSK-FLC controllers.

Type-1 FLC controllers use one level of membership functions, where each input is
associated with a single degree of fuzziness. This simplicity allows for efficient compu-
tations and straightforward implementations. In contrast, Type-2 FLC controllers em-
ploy a primary and a secondary membership function, i.e., each input is associated with
two levels of fuzziness. While Type-1 FLC controllers consider no uncertainty about the
fuzziness degree, Type-2 FLC controllers model the level of uncertainty about the fuzzi-
ness degree. This potentially enhances reliability of the system when dealing with un-
certain variables, at the expense of increased computations.

Figure 5.34 presents the evolution of the normalised mean objective function over



5.5. RESULTS AND DISCUSSIONS 165

5000

——Centralised M2PFC, Type 1 FLC mean: 2114.09

4500 - - - -Centralised M2PFC, Type 2 FLC mean: 2120.14

J
N
o
=]
S

Objective function,
N N w w
o o o a
o o o o
o o o o

1500

1000 . . . . .
0 50 100 150 200 250 300

Simulation timestep, k

Figure 5.34: The values of the mean of the objective function J(k) over time for a two-robot system in a small
dynamic disaster environment of size 40 x 40 cells for Type-1 vs Type-2 FLC in M2PFC architecture, across 5
simulation runs, each simulated over 5000 time units.
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Figure 5.35: The values of the mean optimisation time 7°P (k) over time for a two-robot system in a small
dynamic disaster environment of size 40 x 40 cells for Type-1 vs Type-2 FLC in M2PFC architecture, across 5
simulation runs, each simulated over 5000 time units.
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Figure 5.36: The values of the mean of the objective function J(k) over time for a two-robot system in a small
static disaster environment of size 20 x 20 cells for neighbourhood radius rl‘)cal, across 3 simulation runs, each
simulated over 5000 time units.

time, across 5 simulation runs, each simulated over 5000 time units, while Figure 5.35
shows the evolution of the mean optimisation time over time.

Local Prediction Maps: The optimisation time for M2PFC increases with the size of
the environment and dimensions of corresponding maps (see Figures 5.26 and 5.27, as
well as Section 5.5.5).

Due to the configuration of the control problem introduced in this case study, robots
prioritise nearby cells over distant cells to reduce their response time. Therefore, local
controllers may not analyse cells outside a neighbourhood of radius 7'°°@ of the robot.

Accordingly, to make optimisations more efficient, local map models are proposed to
limit predictions to local cells within radius 71°@ of a robot. Predictions run only for the
zone that is composed of all cells within distance 7'°° from the robot (see Figure 5.40 for
an example, where r1°% includes a one-cell distance). In case the cells are coarsened,
the original cell size is still used for finding the zone with radius r'°. A local attraction
map is then calculated per robot and is restored to the global map before assigning a
target cell to the robot, in order to update the corresponding local information within
the global map.

Considering local maps for robots, as explained above, enables to effectively decou-
ple the computational complexity of M2PFC from the size of the environment.

First, the performance of the local map model is analysed for a two-robot system in a
basic no-wind scenario with a grid environment composed of 20 x 20 cells. We simulate
the M2PFC framework and the pre-tuned FLC system, using both global and local map
models with r1°¢ = 5 cells. Figure 5.36 presents the normalised mean objective function
over time while Figure 5.37 shows the mean optimisation times over time, in both cases
across 3 simulation runs, each simulated over 5000 time units.

Next, we repeat the simulations for a range of values for plocal including 3,5, 7, within
a larger environment of size 200 x 200 cells, under with-wind conditions. Figure 5.38
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Figure 5.38: The values of the mean of the objective function J (k) over time for a
dynamic disaster environment of size 200 x 200 cells for neighbourhood radius r
each simulated over 5000 time units.
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Figure 5.39: The values of the mean optimisation time 7°P " (k) over time for a two-robot system in a large
5 dynamic disaster environment of size 200 x 200 cells for neighbourhood radius rlocal, across 3 simulation runs,
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presents the normalised mean objective function over time and Figure 5.39 shows the
mean optimisation times over time, in both cases across 3 simulation runs, each simu-
lated over 5000 time units.

5.5.4. DISCUSSION OF RESULTS FOR M2PFC PERFORMANCE ANALYSIS
Next, we discuss the results of the M2PFC performance analysis.

Basic No-wind Scenarios: In these scenarios (see Figure 5.12), the objective function
starts around 5000, then rapidly decreases as robots scan more cells, and stabilises once
most cells have been observed. This illustrates the effect of the sensor accuracy com-
ponent of M€ (k) (see (5.1)) in the objective function (see (5.21)). It has a significant
overall contribution to the objective function at the start of the simulation as all cells
begin unscanned, and reaches a stable state when there is a balance between the rate
that robots scan cells and the rate of degradation of M3“" (k) due to the scan certainty
decay. The pre-tuned FLC system demonstrates the poorest mean performance at 2925,
followed by the centralised M2PFC with 2705 (—7.5 %) and the centralised MPC-only sys-
tem with 2440 (-16.6 %). Note that the initial performance of the pre-tuned FLC system
is very close to the centralised M2PFC, suggesting that the initial tuning of the FLC is al-
ready proper. Although centralised M2PFC does not outperform centralised MPC-only
system, most of the difference in performance is during the first 1000 time units of the
simulation, where the centralised MPC-only system is able to optimise the initial cells,
while both stabilise around a similar value of the objective function over the remainder
of the simulation. Additionally, the confidence intervals for centralised M2PFC are much
tighter. From Figure 5.13, centralised M2PFC has a mean of 48 time units, almost half of
the mean of 93 time units corresponding to the centralised MPC-only system. The opti-
misation time remains stable for both control methods over the simulation.

Figure 5.14 reflects the effect of the fire propagation on the objective function, with
the number of cells possessing a burning fire state reaching its peak at around
120 time units, and most cells possessing an extinguished fire state around 230 time units.
In this case, the centralised MPC-only system has a mean objective function of 2618,
followed by the pre-tuned FLC system with 2490 (—4.9 %) and the centralised M2PFC
framework with 2375 (-9.3 %). With the introduction of the uncertain fire spread com-
ponent (i.e., with respect to the previous scenario), the performance of the centralised
MPC-only system has degraded relative to the pre-tuned FLC system, while the cen-
tralised M2PFC framework achieves the best performance.

From Figure 5.15, centralised M2PFC has a mean optimisation time of 56 time units,
while centralised MPC-only system has as optimisation time of 122 time units (+118 %).
The optimisation times for all control methods are higher due to the additional complex-
ity of predicting the fire spread. Unlike the static case, the optimisation time is highly
variable for the centralised MPC-only system, while centralised M2PFC maintains a sta-
ble optimisation time over the course of the simulation.

As shown in Figure 5.16, the pre-tuned FLC system demonstrates the poorest mean
performance at 2176, followed by the centralised MPC-only system with 2044 (6.1 %)
and centralised M2PFC with 1849 (-15.0%). By introducing more robots in the same
disaster environment, the objective function values decrease. Robot dynamics becomes
more closely coupled and the performance of the MPC-only system and the M2PFC
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framework is improved relative to the pre-tuned FLC system, as they are able to op-
timise individual robot behaviours against predicted future states. Figure 5.17 shows
that centralised M2PFC has a mean optimisation time of 97 time units, while centralised
MPC-only system has as optimisation time of 148 time units (+53 %). Compared to the
two-robot case, the optimisation time for the centralised MPC-only system is closer to
that of centralised M2PFC. This is due to the larger number of optimisation variables for
centralised M2PFC versus the centralised MPC-only system.

Centralised vs Decentralised M2PFC: From Figure 5.18, the pre-tuned FLC system
demonstrates the poorest mean performance at 2599, followed by decentralised M2PFC
with 2320 (—10.7 %), and the centralised M2PFC framework with 2275 (—12.5 %). In this
case both architectures achieve a similar performance, but there is a trade-off between
the number of optimisation variables due to the number of robots in the system. Fig-
ure 5.19 shows that the centralised M2PFC framework has a mean optimisation time of
601 time units, while the decentralised M2PFC framework has as optimisation time of
604 time units (+0.5%).

As shown in Figure 5.20, the pre-tuned FLC system demonstrates the poorest mean
performance at 2176, followed by the centralised M2PFC framework with 1849 (-15.0 %)
and the decentralised M2PFC framework with 1807 (-17.0%). Likewise, Figure 5.21
shows that the centralised M2PFC framework has a mean optimisation time of 97 time units,
while the decentralised M2PFC framework has as optimisation time of 93 time units
(—4%). In this case, the decentralised M2PFC framework outperforms the centralised
M2PFC framework in both metrics despite the fact that the behaviour of the robots is
more coupled. This likely comes down to a trade-off between the degree of coupling be-
tween robot actions and the number of optimisation variables, which for the centralised
M2PFEC framework scales with the number of robots in the system.

Two-robot System in Complex Dynamic Disaster Environment: As shown in Fig-
ure 5.22, the pre-tuned FLC system demonstrates the poorest mean performance at 7181,
followed by the centralised MPC-only system with 6437 (—10.4 %) and the decentralised
M2PFC framework with 6283 (—12.5 %). The centralised MPC-only system achieves more
stable performance over the entire simulation. This may be due to the MPC-only system
having direct control over robot target cells, which allows it to always respond to cells
with burning fire state regardless of the positions of the fires or robots, while M2PFC can
only control robot actions indirectly via the output parameters of the FLC. This high-
lights the importance of the design of the FLC. For instance, by choosing alternative in-
put parameters, it may be possible for M2PFC to tune robots to prioritise certain geo-
graphical areas of the disaster environment.

5.5.5. DISCUSSION OF RESULTS FOR M2PFC SENSITIVITY ANALYSIS
This section discusses the results of the sensitivity analyses performed for the M2PFC
framework, as illustrated in Section 5.5.2.

Number of Robots: As shown in Figure 5.24, all predictive controller configurations
outperform the pre-tuned FLC system as the number of robots (n™P) increases. Consis-
tent with previous observations, the decentralised implementation of the M2PFC frame-
work demonstrates slightly better performance than its centralised counterpart, with a
similar trend observed for decentralised and centralised MPC-only systems.
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Across the tested range of n™P, the centralised implementation of the M2PFC frame-

work consistently yields approximately 10 % better performance than the centralised
MPC-only system, while the decentralised M2PFC framework maintains an approxi-
mately 5 % improvement over its MPC-only counterpart.

Figure 5.25 shows that optimisation times for the decentralised architectures remain
stable as the number of robots increases. However, since each robot performs a separate
optimisation, the computational benefit hinges on the ability to parallelise these opti-
misations. The variability in optimisation times is significantly lower for M2PFC-based
architectures compared to MPC-only systems, as reflected in the narrower confidence
intervals.

Disaster Environment Size: Figure 5.26 indicates that M2PFC maintains a consistent
performance advantage of 10 % over the pre-tuned FLC system across varying environ-
ment sizes. Interestingly, the MPC-only system appears to perform relatively better in
large environments than in smaller ones. However, this observation is influenced by the
normalisation process, i.e., in absolute terms the mean objective function increases with
the environment size, due to the larger number of cells and increased complexity.

The performance trend for the MPC-only system does not align linearly with all data
points. For example, the confidence intervals at 1600 cells are not intersected by the
trend line. This suggests a potentially nonlinear relationship.

From Figure 5.27, both controller types exhibit a linear increase in optimisation time
with respect to environment size, and neither controller demonstrates a clear scalability
advantage over the other in this respect.

MPC Sampling Time: Figures 5.28 and 5.29 show that performance of the controller
remains relatively stable within the range of 10 time units to 25 time units for 7°. Be-
yond this range, the performance degrades by increasing the control sampling time.
Optimisation time shows a strong linear correlation with the control sampling time, as
larger values for T reduce the frequency of optimisations, while increasing the com-
plexity of each one. These results suggest that an optimal value for the control sam-
pling time that balances computational cost and performance lies within the range of
10 time units to 25 time units. Minimising 7" within this range may yield the best ob-
jective function outcomes while avoiding excessive computational demand.

Prediction Horizon: Figure 5.30 shows no strong correlation between the global
mean objective function with the prediction horizon. Meanwhile, Figure 5.31 demon-
strates a clear linear relationship between the prediction horizon of MPC and the opti-
misation time. This suggests that extending the prediction horizon offers very limited
benefit in the current simulation context, while incurring a significant computational
cost.

5.5.6. DISCUSSION OF RESULTS FOR M2PFC DESIGN EXPLORATION
This section discusses the results for the M2PFC design exploration presented in Sec-
tion 5.5.3.

Prediction Modes: As shown in Figure 5.32, the predicted values for the mean objec-
tive function remain consistent across both prediction modes, with overlapping confi-
dence intervals.

The probability threshold prediction mode performs slightly better overall, achiev-




172 5. M2PFC: MULTI-AGENT MODEL-PREDICTIVE FUZZY LOGIC CONTROL

ing a mean objective function of 2191.77, compared to 2211.91 for the exact prediction
mode. The most noticeable discrepancy between the two prediction modes occurs at
the beginning of the simulation, particularly within the first 60 time units of the simu-
lation, corresponding to the first two times that MPC is called for tuning, when rapid
fire spread dominates. During this initial phase, the exact prediction mode yields supe-
rior performance, likely due to its access to perfect foresight about the environmental
dynamics.

This early advantage does not persist and leads to less favourable performance in
subsequent stages. Figure 5.33 shows that both prediction modes achieve a similar rela-
tive reduction in the mean objective function of around 15 % at 30 time units, degrading
to around 14 % at 60 time units, although wide confidence intervals suggest variability.
The observed degradation reflects the accumulation of prediction errors over time.

Overall, the close correlation between the two prediction modes suggests that the
probability threshold prediction mode is a viable and practical alternative to the ide-
alised exact prediction mode.

Type-1 vs Type-2 FLC: The comparison between Type-1 FLC and Type-2 FLC con-
trollers indicates no significant difference in performance for the selected simulation
scenario. This suggests that under the current level of environmental uncertainty (stochas-
ticity in fire spread only), the additional complexity of a Type-2 FLC controller offers lim-
ited benefit.

However, a Type-2 FLC controller may be advantageous in scenarios that involve
more pronounced uncertainties or more complex relationships between fuzzy param-
eters and system behaviour.

Local Prediction Maps: Figure 5.36 shows that in the given small static disaster en-
vironment, M2PFC with local prediction maps achieves comparable performance to a
pre-tuned FLC controller that uses global maps, while the mean optimisation time is
significantly reduced from 48.2 time units to 40.7 time units (which offers a reduction of
16%).

Moreover, the optimisation times are more consistent with local maps, highlighting
improved computational stability. These findings support the potential of local maps to
reduce computational overhead without compromising decision quality.

In the larger dynamic environment, as shown in Figure 5.38, the mean objective
function increases steadily due to the scale of the disaster environment and early fire
propagation, which overwhelm the capacity of the multi-robot system. In this context,
M2PFC using global maps yields the best mean objective function (70923), while vari-
ants with local maps show varying results, i.e., a mean objective function of 71163 for
rlocal = 3 (je., —0.3 %), with other configurations performing worse than the pre-tuned
FLC.

Despite the lack of a clear performance trend with respect to 71°¢@, all M2PFCs frame-
works that use local maps achieve performance comparable to or better than the pre-
tuned FLC system, while significantly reducing the optimisation time (see Figure 5.39).

These results indicate that the use of local maps is a promising approach for imple-
menting M2PFC in a scalable way, especially in large environments where global map-
ping is computationally prohibitive.
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5.6. CONCLUSION AND RECOMMENDATIONS FOR FUTURE WORK

In this chapter, we introduced Multi-agent Model-Predictive Fuzzy logic Control (M2PFC),
a novel hierarchical control architecture for mission planning in multi-robot Search-
and-Rescue (SaR) systems in dynamic and uncertain disaster environments. This two-
layer control architecture integrates decentralised Fuzzy Logic Control (FLC) for real-
time decision making with a supervisory Model Predictive Control (MPC) layer for peri-
odic or event-triggered tuning of FLC parameters. A key innovation lies in the indirect
role of MPC, which optimises the parameters of local FLC controllers, rather than inject-
ing direct control actions into the multi-agent system. The resulting control architec-
ture preserves decentralised autonomy and balances responsiveness, offered by the FLC
layer, and scalable, context-aware coordination of the robots, provided by the MPC layer.

Beyond the control architecture, we introduced a rich and realistic modelling frame-
work for the SaR environment, including dynamic matrices for fire propagation, victim
probability, debris occupancy, and scan certainty. The fire model incorporates wind
velocity and direction, combustibility scores, and a cellular automaton-based spread
mechanism to enable context-aware hazard prediction. Robot dynamics is also mod-
elled with time-scale separation, wind-influenced motion, and task execution logic. This ﬂ
allows for accurate simulation of traverse and scan actions under environmental con-
straints.

We validated M2PFC through a comprehensive case study involving both centralised
and decentralised implementations, and compared it against conventional MPC-only
and pre-tuned FLC systems, across diverse dynamic and uncertain scenarios. The case
study included different prediction strategies and extensive sensitivity analyses across
varying environmental conditions, control parameters, and architectural configurations,
with or without access to global maps at local levels. Results show that M2PFC consis-
tently achieves a favourable trade-off between autonomy, optimality, robustness, and
computational efficiency. It outperforms pre-tuned FLC systems in mission performance,
implying that re-tuning local parameters guarantees a close-to-optimal performance. It
also outperforms MPC-only systems in computational load, where it maintains respon-
siveness without sacrificing scalability.

These findings demonstrate the potential of M2PFC as a flexible and robust con-
trol framework for multi-agent robotic systems. Future work may explore extension of
M2PFEC to learning-based tuning, integration with real-world sensor data, and deploy-
ment in other domains, e.g., as environmental monitoring or cooperative exploration.

We also aim to incorporate additional sources of uncertainty, e.g., wind velocity and
direction, which may require robust or stochastic MPC formulations.

Further research can focus on enhancing the modelling and simulation of the disas-
ter environment and robotic agents, including the development of continuous 3D mod-
els and integration of sensor models, measurement errors, environment geometry, and
structural damage.

Advancements in the design of the M2PFC architecture are also envisioned, includ-
ing refinement of input and output selection, membership functions, and rule bases for
the FLC layer, as well as improvements to the objective function and optimisation solver,
and incorporation of probabilistic prediction models within the MPC layer.
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DATA AVAILABILITY
The code used to perform the simulations of the case study is publicly available in the
4TU.ResearchData repository [331].
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5.7. APPENDIX: FREQUENTLY USED MATHEMATICAL NOTATIONS
In this appendix, Table 5.8 is given including the mathematical notations frequently used
throughout the chapter, together with their definitions.

Moreover, Table 5.9 includes the abbreviations used in the chapter.

Variable

‘ Description

a(i,j) (kctrl)
Eieasible ( krob)

&
fuqp ()
k

kctrl
krob

Krob (k)

¢ Ez'.j)

"

" o
M, )
’”gﬁ;) (k)
mhazard (k)
mhazard,dir ( k)
mhazard,dist ( k)

scan
my; 5 (k)

msgruct

(l,l/‘) "
velocity
m (K

victim
mg oy (K)
M debris ( k)
Mdirection (k)
Mﬁre (k)
Mp8rid
Mhazar d ( k)
Mhazard,dir (k)
Mhazard,dist (k)

MSCElIl ( k)
MStl’uCt

Mvelocity (k)
Mvictim ( k)
nh

nrob

perceive
i K
nV

attraction value for cell (i, j) at k!

feasible part of the environment for robot r within
2D grid discretised SaR environment

spreading potential of cell (/, g) to its neighbouring cells

global time step counter

control time step counter for the controller(s)

local time step counter

set of local time steps that occur between global time steps k and k+1
length of side x of the cell (i, j)

Trob

length of side y of the cell (i, j)

(i, )1 element of M9ePris (k)

(i, )™ element of pydirection f)

(i, )1 element of M'™e (k)

(i, )1 element of Mhazard )

(i, )" element of Mhazard.dir ()

(i, /)1 element of phazard.dist )

ij )t element of M50 (k) i.e., scan certainty state of cell (i, j) at
global time step k

(i, )™ element of Msruct

(i, )1 element of MVelocity (k)

(i, )1 element of MVictim (f)

debris occupancy matrix at global time step k

wind direction matrix at global time step k

fire state matrix at global time step k

grid matrix

hazard matrix at global time step k

hazard direction matrix at global time step k

hazard distance matrix at global time step k

scan certainty matrix at global time step k

structure matrix

wind velocity matrix at global time step k

victim probability matrix at global time step k

2D grid x dimension (horizontal)

number of SaR robots

perceived number of victims in cell (i, j) at global time step k

2D grid y dimension (vertical)
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pVictim maximum number of victims in each cell

o, j (k) perceived proportion of each cell (i, j) that is occupied by debris

t(ﬁlri) global time step when cell (i, j) catches fire

gean (kr"b) time required for robot r to scan a cell at time step k™P

glravel (grob) time required for robot r to reach the target cell at time step k™P

T sampling time for the simulation of the SaR environment dynamics

reul control sampling time for the controller(s)

T7ob sampling time of the dynamic model per robot(s)

Uy (kmb) maximum possible actual velocity of robot r at time step kP

ynom (rob) nominal velocity of robot r at time step k™P

Ui, jy,1,q) (k) average magnitude of the wind velocity between cells (i, j) and (/, g) at
time step k (i.e., mean of mzlle lqo)my(k) and mzsljt;mty(k))

X; x coordinate of the cell (i, j)

Vi y coordinate of the cell (i, j)

6 distance metric

4 ignition threshold

nr sensor accuracy for robot r

0, (ki vector of all tuning parameters for the FLC controller corresponding to
robot r, and optimisation variables of the MPC problem

n?l“j) ) (k) probability that the fire spreads to cell (i, j) from a neighbouring cell (I, q)
at global time step k

pk) current robot position at global time step k

o scan certainty decay per global time step k

T (k) target cell for the robot at global time step k

Vi, ), ,q (K) angle between the average wind direction (i.e., mean of mg{r;)cﬁon(k) and
mg.i’r]?)"ﬁon(k)) and the direction of the fire propagation

Table 5.8: Table of frequently used mathematical notation.

Abbreviation

BIBO Bounded-Input-Bounded-Output
FL Fuzzy Logic

Meaning

FLC Fuzzy Logic Control
MPC Model Predictive Control
M2PFC Multi-agent Model-Predictive Fuzzy logic Control

SaR Search-and-Rescue
TSK Takagi-Sugeno-Kang

Table 5.9: Table of used abbreviations.
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5.8. APPENDIX: ALGORITHMS

This appendix presents core algorithms used in the case study for computing certain

dynamic variables related to the fire model, robot model, and task execution.
Algorithm 4 shows how fire risk time — introduced in Section 5.3.2 and used in Sec-

tion 5.3.4 — is computed. The cell fire risk time t(rllsﬁ (k) for cell (i, j) depends on its vicin-

ity to the nearest cell (/, ) with an igniting fire state, i.e., m?lr‘;) =2 —adopting a burning

fire state in 2 minutes. This is based on the assumption that fire spreads immediately

when the corresponding state becomes 3 (which in fact happens when n?i“;.) u q)(k) is

above threshold ¢), and it is based on the wind velocity. The fire risk time t(rlls]k) (k) is set

fire

to 100 (a high value) when the cell is non-flammable (.e., mgs

falsely being influenced by burning cells.

= 0) to prevent it from
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Algorithm 4 Calculate fire risk time at time step k

1: Input: Fire matrix M fire jy wind velocity matrix MVelocity
2: Output: Fire risk time matrix M tisk )
3: Initialise M"$X(1) as a matrix of size n
4: for each cell (i, j) do
5 if m?.re. (k) =3 then

L))
6 t(rl%f;.‘) (k+1)—0
7: else if m?l“;) (k) # 3 then
8
9

x nY with all elements being 100

for pe{1,2,3} do
Get neighbour cells (/, g) that are p cells distant from cell (i, j)
10: Extract valid neighbours within grid bounds
11: Apply fire rules:
12: if E'flj.‘;my(k) <12 then
13: if any neighbour cell (/, g) that is 1 cell distant has m?lrz) (k) =3 then
. ris| -
14: t(i,j) (k+1)<—0
15: else if any neighbour cell (/, g) that is 1 cell distant has mgr‘z’) (k) =2 then
. risk —mi risk ;
16: t(i,j) (k+1) mm{t(i,j) (k),2 mlnutes}
17: else if any neighbour cell (/, ) that is 2 cells distant has mgr‘;) (k) =3 then
. risk —mi risk ;
18: t(i,j) (k+1) mln{t(l.,j) (k),2 mlnutes}
19: else if any neighbour cell (/, ) that is 2 cells distant has m?l“;) (k) =2 then
. risk —mi risk ;
20: t(i,j) (k+1) mm{t(l.,j) (k),4 mmutes}
21: else if any neighbour cell (/, ) that is 3 cells distant has mgrz) (k) = 3 then
. risk —mi risk 2
22: t(i,j) (k+1) mln{t(l.,j) (k),4 mmutes}
23: else if any neighbour cell (/, ) that is 3 cells distant has mgrz) (k) = 2 then
. risk —mi risk i
24: £138K (k+ 1) — min { 15K (k)6 minutes}
25: end if oci
26: elseif 1 < m‘(’f;;my(k) <52 then
27: if any neighbour cell (1, ) that is < 2 cells distant has m?lr‘;) (k) =3 then
. risk -
28: t(i,j) (k+1) <=0
29: else if any neighbour cell (/, ) that is < 2 cells distant m?lr‘;) (k) =2 then
. risk —mi risk ;
30: t(i’j) (k+1) mln{t(l.'j) (k),2 mmutes}
31: end if oci
32: else if mz]le ]%Clty(k) >5% then
33: if any neighbour cell (/, g) that is < 3 cells distant has m?lrz) (k) =3 then
. risk -
34: t(i,j) (k+1)—0
35: else if any neighbour cell (/, ) that is < 3 cells distant has m(ﬁlrfn (k) =2 then
. risk —mi risk 2
36: t(i,j) (k+1) mln{t(l.,j) (k),2 mmutes}
37: end if
38: end if
39: end for

40: end if
41: end for
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Algorithm 5 shows the selection and execution of tasks by robots, when the MPC-
only system is used for determining target cells for the robots. In this algorithm, the
binary task variable f, (k) determines the task that should be executed by robot r, where
Br(k) =0 and B, (k) = 1 correspond to “traverse” and “scan’, respectively. Moreover, T
represents the sampling time, g is a local variable in the algorithm that indicates the
position index of a cell within the target queue cells that is generated by the MPC layer
for robot r, i.e., the ordered list of all cell indices for the robot to scan across the MPC
prediction horizon. Finally, (T},‘ PO 29 (k)) indicates the target cell corresponding to g

in the target queue.

Algorithm 5 Robot action selection and execution at time step k when target cells are
determined using MPC-only system

e h v scan travel
Require: (70 (k),7} (k)), Br(k), 5" (k), t(rl;(k),ry(k)),r(k)’ q,k

g1
. i — travel
2: if B, (k) =0and t(r?(k),r‘,’(k)),r(k) > 0 then
. travel _ ytravel _
3 t(rb(k),rym),r(k 1 t(r?(k),ry(k)),r(k) T
. 3 — travel
4: elseif B, (k) =0 and t(r‘}(k),r‘,’(k))r(k) <0 then
5: Brik+1)—1
6 (oM e+, pY (k+ ) (th (0,73, (R)
7: qg—q+1
8: travel k+1) — ptravel k
(i) F D (TI}‘q(k),r‘r’,q(k)),r( )

9: elseif §,(k) =1 and £°®" (k) > 0 then
100 15Nk 4 1) — SN (k) — T

11: else if B, (k) = 1 and £;°*" (k) < 0 then
12: qg—q+1

13: Brlk+1)—0

14 SO (k4 1) — 30 (k)

15: end if
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Similarly, Algorithm 6 shows the selection and execution of actions by robots after
determining the target cells using either the M2PFC framework or the pre-tuned FLC
system. In this algorithm, the simplified notation “argmax{A; (k)}” is used for returning
the indices of the cell with the maximum value in the attraction matrix A,(k), which
contains attraction values Az 1)), (k) for all cells per time step k.

Algorithm 6 Robot action selection and execution at time step k when target cells are
determined using M2PFC or pre-tuned FLC system

Require: A, (k), (7 (k), 7} (K)), B, (k), £ (k), tg';iv(;j) IO

.3 — travel

1: if B, (k) =0 and t(Tl;l(k)’mk)),r(k) > (0 then

travel  flravel _
t(ﬂ;(k),ry(k)),r(k 1 t(r‘:(k),r¥<k)),r(k) T

. i — travel

3: elseif B, (k) =0 and t(r}}(k),r‘r'(k)),r(k) <0 then

4: Brik+1) —1

T (2 (k+1), py (k+ 1) — (r‘,; (k), 7Y (k)
. trave! _ flrave

& t(rl}(k),r‘,’(k)),r(k-’- ) t(rl;‘(k),r‘,’(k)),r(k)

7. else if B, (k) =1 and £7°*" (k) > 0 then

8 (k4 1) — SAN(k) — T
9: elseif 8, (k) =1 and £,°®" (k) < 0 then
10: Brlk+1) <0
11: (r}r‘(k+1),r‘,’ (k+1)) — argmax{A, (k)}
12 SNk 1) — 1590 (k)
13: end if
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Algorithm 7 shows how the hazard matrix introduced in Section 5.4.4 required for
computing the objective function of the MPC-based systems via (5.22)—(5.21) is com-
puted. Here, 1y, indicates a matrix of all ones with dimension m x n.

Algorithm 7 Calculate hazard matrix at time step k

Require: Mfire k), nh, pv
Ensure: Mhazard(j)

1: Initialise M"2#ad (k) as a zero matrix of size n
2: for i =1to n" do

3:  forj=1ton'do

4 if mgrj) =2or mg“;) =3 then > Igniting or burning fire state
?;]Z')ard,dir( k) and milizyi]z.)ard,dist

hxnv

5: Calculate m
tion (5.25)

(k) using Equation (5.23) and Equa-

6 m{l;jz.)ard( k+1) = max { mge'l]z.)ard( k), mg?];;ird,dir( K- mgtj.;;i.rd,dist ( k)}
7 end if
8: end for
9: end for
10: MM (e 4 1) = 1y = MP225 () > Invert the hazard effect

11: return Mhazard jy
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Extinguished
Burning
Catching Fire
Flammable
Non-flammable

Figure 5.41: Colour scheme used for illustrating states of the fire matrix Mfire (k).

5.9. APPENDIX: EXAMPLE SIMULATIONS

This appendix presents example simulations for fire spread and robot motion based on
the wind velocity and structural characteristics of the cells. For visualisation of the fire
states, the colour scheme in Figure 5.41 is adopted.

Figure 5.42 displays the correlation between fire spread and M3"! within an en-

vironment of 20 x 20 cells, assuming that all cells have the same structure state under

constant wind velocity mvelj(;my 0. Cells with a burning fire state are shown in red and

those with an extinguished state are shown in black. As it is observed in these plots,

larger values for msm’Ct significantly increase the spread of fire.

(i,j
In Figure 5.43, variations in the fire spread probability nf(il.“;.) ) (k) is shown within

velocity
@)

across cells and time — illustrated for three different values of mzelj(;my The central cell

of the environment is initialised with fire state “burning”, i.e., mﬁre) (1) = 3. In this exam-

(5,5
ple, we set m?“]e)mon Z rad and r"‘“;‘d = 3 cells, where r("‘“;‘d (i.e., the wind spread radius)

determines the number of cells around one with a “burning” fire state that are affected
by fire spread. We also observe from the plot that fire does not spread further than 3 cells

from the burning cell.

Figure 5.44 demonstrates the relationship between fire spread and wind velocity mz’le l};my
within a grid environment of 20 x 20 cells. In this simulation, the fire is initiated with Ya
“burning” state within the central cell of the environment, with the wind direction set
to mgiff)mon = 7 rad and the structural characteristic of all cells set to m'; = 0.2 for
i,j=1,...,20. It is observed that the correlation between fire spread and wind direction
is more significant for higher wind velocities, whereas this behaviour may be tuned by
adjusting constants «ay,..., a4 defined in (5.4). In this example, we have used @; = 0.1,
az=1.2,a3=0,and ay =1.

Finally, Figure 5.45 shows an example of the variation of travel time of a robot across
a grid environment of 10 x 10 cells, as a function of wind velocity mE’;ﬂ;;CHy

sumed to remain constant across cells and time. In this example, the velocity of the robot

issetto vy (k) = % and the wind direction is mg.ir]?)“i‘m = % rad. The robot, represented
by ared dot in the figure, is positioned in cell (5, 5).

an environment of 9 x 9 cells — as a function of wind velocity m , which is constant

, which is as-
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Figure 5.42: Fire spread over time within a grid environment of 20 x 20 cells, as a function of structural char-
acteristics of cells, encapsulated via M5!, which is constant across cells and time. Each row in the figure
represents the fire spread state corresponding to a specific structural characteristic across two stages, each in-
cluding 20 time steps.
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Figure 5.43: Variation of & (k) — values for all cells included in matrix I1(k) — within a grid environment

velocity

G which is constant across cells and time, illustrated for three

different values of m
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Figure 5.44: Fire spread over time within a grid environment of 20 x 20 cells, as a function of wind velocity
velocity
[OW))

sponding to a specific wind velocity across two stages, each including 20 time steps.

, which is constant across cells and time. Each row in the figure represents the fire spread state corre-
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Figure 5.45: Variation of robot travel time 2Vl (k) to different cells within a grid environment of 9 x 9 cells,
velocity

as a function of wind velocity m , which is constant across cells and time, illustrated for three different

()
Velomy. The red dot in the central cell shows the current location of the robot.

values of m(i,j)
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Figure 5.46: Single instance of environment setup for basic small disaster environment, with red dots indi-
cating robot positions. Each subplot represents the value of the labelled environmental state variable for the
corresponding cell, from the lower limit (dark blue) to upper limit (yellow) of the parameter range. Debris oc-
cupancy and victim probability matrices are coarsened with a factor ¢ = 5.

5.10. APPENDIX: SCENARIOS

This appendix presents the three main categories of SaR scenarios that have been used
in the case studies of this chapter.

Basic No-wind and Basic With-wind Scenarios: The first category of scenarios con-
sists of a basic small disaster environment of 40 x 40 cells. Figure 5.46 shows an initial-
isation (at time step k = 1) of the environment parameters for this scenario, including
four robots. As shown, uniform distributions for the structure matrix M3"™¢t and the
debris occupancy matrix M9€P1S(1) are considered, whereas for the victim probability
matrix, MVi¢iM (1) the distribution is random across the environment, varying per sim-
ulation seed. These matrices are coarsened by a factor { = 5. The robots, shown as red
dots in the figure, are initialised in a row of adjacent coarsened cells in the bottom left
corner of the disaster environment.

For basic no-wind scenarios (i.e., with wind velocity equal to zero and no fire spread),
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Figure 5.47: Example simulation for fire spread progression for a basic dynamic scenario.

the fire matrix M (k) is initialised with elements mg“]?)

are no cells with a burning fire state, fire does not spread.

In basic with-wind scenarios, the fire matrix Mf™ (k) is initialised using a uniform
distribution for flammable cells, and one cell is initialised with a burning fire state. This
setup ensures that fire keeps spreading during the simulation, rather than extinguishing
prematurely (see Figure 5.47, where fire starts to propagate from cell (20,21), for which

fi —
m(zrg,zn(l) =3).

(1) = 1 for all cells. Since there

Complex With-wind Scenarios: The second category of scenarios involve an environ-
ment of 60 x 60 cells, with more complex parameters. Figure 5.48 shows an example of
such an environment, set up for one simulation seed. The structure matrix MS*Ut jg
initialised using as a Perlin noise matrix to emulate clusters of buildings with different
flammabilities. The debris occupancy matrix M9I€is (k) is initialised using the following
three probability density functions:

PDF, (7, /) = 0.5-exp (- ((1-0.2% + (j-03)) 1 (2-0.22)),
PDF, (i, /) = 0.5-exp (1= 0.7+ (j - 0.4)°) / (2-0.2%)),

PDF3(i, /) = 0.5-exp (i 0.5)% + (j - 0.8)°) / (2-0.2%)),

which represent various population centres (i.e., the means of the probability distribu-
tion) across the environment. )

The wind velocity and direction are set to m?’;lj(;my =1 %“ and mgi'r]%“i"“ = % rad, re-
spectively. The fire model is configured to increase the influence of wind direction and
velocity on fire spread and to slow down fire spread throughout the simulation. This
is achieved by setting the constants of the fire and wind models to a; = 0.8, ay = 2.25,
a3 = —3.5,and a4 = 1.5 (see (5.4) in Section 5.3.2). The fire matrix, Mire (), is initialised
with exactly two, randomly chosen, cells being set to the burning fire state.

Figure 5.49 shows the fire spread over time for a single simulation seed. In this case,
one sees that several fire fronts form and spread more strongly with the wind direction
to the Northeast, while some cells do not catch fire due to their low flammability. In this
simulation, fire spread occurs over the entire simulation, and does not have a clear peak
early on unlike previous simulations.
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Figure 5.48: Single instance of environment setup for complex disaster environment, with red dots indicat-
ing robot positions. Each subplot represents the value of the labelled environmental state variable for the
corresponding cell, from the lower limit (dark blue) to upper limit (yellow) of the parameter range. Debris oc-
cupancy and victim probability matrices are coarsened with a factor ¢ = 5.
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Figure 5.49: Single instance of fire spread for complex disaster environment.
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Figure 5.50: Disaster environment setup for local map simulation, red dots indicate robot positions.

The third scenario, shown in Figure 5.50, also involves two robots in a larger complex
with-wind disaster environment of dimensions n" = n¥ = 200. The initialisation of the
environment and robot states is shown in Figure 5.50, where red circles represent initial
locations of the robots. The building matrix, M debris 1y s initialised with two population
centres with Gaussian distributions; the structure matrix, M3%U“!, is fixed to ones; and
the victim matrix, MVI°™ (k), is initialised randomly taking into account the building
distribution.

The fire matrix is initialised by setting the state of the cells in the bottom left corner
to burning fire. The progression of fire spread during one of the simulations is shown in
Figure 5.51. Due to the size of the disaster environment and the building matrix, the fire
rapidly propagates out from the initial cell with burning fire with a wide radial burning
fire front.
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Figure 5.51: Fire spread progression for local map simulation, example simulation.
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TASK HIERARCHICAL CONTROL
FOR MULTI-UAV AUTONOMOUS
COORDINATION AND REAL-TIME

VISUAL SUPPORT IN DYNAMIC
OCCLUDED ENVIRONMENTS

Wildfire suppression is a complex and dangerous task that poses significant risks to hu-
man operators. The deployment of robotic teams for wildfire management offers a promis-
ing alternative, enhancing safety and operational efficiency in tasks, e.g., fire detection,
monitoring, and suppression. However, real-time coordination and motion planning for
these robots remain challenging. We propose a task hierarchical control architecture for
autonomous navigation of aerial robots, called auxiliary UAVs, that assist human op-
erators who remotely control suppression UAVs. Auxiliary UAVs, equipped with onboard
cameras, must maintain best visual coverage of the main UAV, providing the operator with
an uninterrupted and occlusion-free view. We incorporate a novel line-of-sight occlusion
avoidance method that dynamically determines the best viewpoints for each auxiliary
UAV, ensuring continuous visibility of the main UAV. Additionally, path integral control
is incorporated to generate optimal motion trajectories for the auxiliary UAVs towards
their target positions. We evaluate the proposed framework through an ablation study in
simulation environments that have been developed using Matlab and Unity. The results

Parts of this chapter are under review in Robotics and Autonomous Systems.

M. Baglioni contributed to the conceptualization and the methodology, performed the simulations, assessed
the results, and wrote the first draft of the chapter. A. Patil contributed to the conceptualization and the
methodology, implementation of the simulations, and review of the first draft. L. Sentis and A. Jamshidne-
jad contributed to the conceptualization and the methodology, assessed the results, edited the final draft, and
performed supervision.
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demonstrate that our full control framework significantly outperforms baseline configura-
tions that exclude one or more of the components. In particular, the line-of-sight occlusion
avoidance task yields up to 44.0% improvement in maintaining visibility. Moreover, the
use of path integral control improves the motion trajectory efficiency by up t0 39.2%.
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6.1. INTRODUCTION

SING robots in severe wildfire is expected to reduce the risks to firefighters’ lives
U and to accelerate the firefighting process [19]. Robots can contribute to rapid sup-
pression of the fire by accessing areas that are inaccessible to humans, while enhancing
safety, time-efficiency, and affordability. Among various types of robots, flying robots
(also referred to as unmanned aerial vehicles (UAVs)) are particularly promising for wild-
fire suppression due to their high maneuverability, ability to provide aerial views, and
capacity to cover large areas quickly [14], [15], [333]. These robots can be teleoperated
by humans without requiring the operator to approach the fire scene closely. This, how-
ever, necessitates an autonomous system that continuously provides the best viewpoints
of the suppression robots for the human operator. To support effective wildfire suppres-
sion, a team of auxiliary UAVs equipped with cameras may be deployed to follow the
main suppression UAV, ensuring continuous, occlusion-free visual coverage of the sup-
pression UAV. This continuous visibility is crucial, as the suppression UAV—steered by a
human operator—should promptly and safely reach and position itself above the fire.

Ensuring real-time visual support in such dynamic environments poses significant
challenges. The auxiliary UAVs should autonomously coordinate in real time, adapting
their motion in order to maintain occlusion-free views of the suppression UAV while
avoiding collisions and navigating efficiently [334], [335]. Addressing these challenges is
key to enabling robust, autonomous assistance for fire suppression missions.

To this end, we introduce a control architecture that integrates optimization and
reactive control strategies to fully automate the behavior of auxiliary UAVs [25], [161],
[162], [336]. Specifically we employ task hierarchical control (THC) [66] to execute mul-
tiple concurrent tasks with different priority levels, including maintaining occlusion-free
views and ensuring safe navigation. For tasks requiring optimal trajectory tracking, e.g.,
closely following the suppression UAV, we use path integral control (PIC) [21], a stochas-
tic optimal control approach well suited for real-time applications. Additionally, to de-
termine optimal viewpoints of the suppression UAV in cluttered wildfire environments,
we adopt the state-of-the-art best viewpoints method from [83]. The main contributions
of this chapter are the following:

* We achieve a consistently occlusion-free field of view (FoV) centered on the sup-
pression UAV over extended periods by introducing a novel line-of-sight (LoS) ob-
stacle avoidance method. Unlike traditional approaches focused solely on colli-
sion avoidance, our method actively maintains LoS to track the suppression UAY,
while ensuring clear visibility and safety.

* We determine optimal viewpoints for auxiliary UAVs by integrating a state-of-the-
art best viewpoints method for obstacle-prone environments with our approach,
which synergizes THC and PIC. This fusion creates a novel architecture that con-
tinuously enhances both the visibility of the main UAV and the coordination of the
auxiliary UAVs.

* We apply the resulting THC-PIC-Best-Viewpoint architecture in a pioneering case
study, marking the first use of fully autonomous UAVs working alongside human
operators in fire monitoring and suppression.
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In Section 6.2 we discuss the related background; Section 6.4 explains the proposed
control architecture and methods; in Section 6.5 we present the results of a case study
that are analyzed and discussed in Section 6.6; Section 6.7 concludes the chapter and
suggests topics for future work. In Appendix 6.7, Table 6.7 gives the mathematical nota-
tions frequently used in the chapter.

6.2. BACKGROUND

In multi-UAV wildfire suppression, UAVs should simultaneously handle collision avoid-
ance, reach target viewpoints, and navigate safely. By prioritizing costs, UAVs should
efficiently optimize multi-objective tracking performance. This highlights the relevance
of hierarchical control and active perception for this chapter. Below, we provide the nec-
essary background discussions.

6.2.1. TASK HIERARCHICAL CONTROL (THQC)

Task Hierarchical Control (THC) [66] is well-suited for high-dimensional systems to opti-
mize multi-task tracking based on prioritized objectives. The method proposed in [337]
handles both strict and non-strict priorities of an arbitrary number of tasks, simulta-
neously achieving multiple priority re-arrangements. In [338], a passivity-based hier-
archical tracking control system with strict priorities has been introduced to handle an
arbitrary number of conflicting tasks, proposing a new control objective for autonomous
tracking of locally optimal trajectories. These methods, however, leave gaps in compu-
tational efficiency, applicability to robots with multiple degrees of freedom, and han-
dling singular configurations. THC is employed by De Benedittis et al. [339] to manage
task priorities in multi-robot systems facing multiple conflicting objectives. By assign-
ing a separate Model Predictive Control (MPC) system to each task, the framework is en-
hanced with task-specific optimality, while enforcing a hierarchical structure, managed
by the THC framework, to resolve conflicts. The proposed method is validated through
computer-based simulations and is compared to a state-of-the-art baseline approach
that handles all tasks simultaneously without prioritizing them. The results demonstrate
improved task coordination, but only in static environments. However, leveraging the
proposed hybrid framework for dynamic environments with moving obstacles remains
challenging, because the computation time of MPC is high even when just one static
obstacle is considered in the constraints.

THC has been successfully applied to various robotics domains, e.g., industrial ma-
nipulators [337], [340], legged robots on uneven terrains [341], UAV formations [342],
and motion planning of space robots [343]. However, maintaining an occlusion-free
LoS for UAVs is often excluded from the task hierarchy when controlling these com-
plex robotic systems. Moreover, optimality of the trajectories remains unaddressed, as
THC typically relies on proportional-integral-derivative (PID) controllers or their indi-
vidual components, whereas replacing PID with path-integral-control-based systems is
expected to enhance optimality.
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6.2.2. PATH INTEGRAL CONTROL (PIC)

Path integral control (PIC) [21] is a sampling-based stochastic optimal control method.
PIC has been extended to enhance smoothness of the generated control inputs, which
traditionally are prone to significant chattering due to the stochastic nature of PIC. It
has also been effectively used to robustly handle uncertainties in the dynamic models
of controlled systems [344], [345]. These methods, however, can be computationally
intensive and require simplified system dynamics.

PIC has been applied across diverse robotics domains, e.g., in path following via mo-
bile robots [346], for jumping of quadruped robots, for opening a door by humanoid
robots [347], for robotic arm manipulations [345], and in autonomous path tracking with
obstacle avoidance [348]. Despite optimality, these approaches face challenges in avoid-
ing local minima. Alternative learning-based methods also struggle with learning effi-
ciently. Furthermore, while PIC has been applied to relatively simple robots, extending it
to complex systems with high degrees of freedom, e.g., multi-UAV suppression systems,
remains an open challenge.

6.2.3. ACTIVE SENSING AND BEST VIEWPOINTS APPROACH

In wildfire suppression missions, a group of auxiliary UAVs monitors a fire-suppression
UAV and provides occlusion-free visual frames to assist a human operator. This setup in-
troduces an active sensing challenge that bridges control and perception, requiring UAVs
to adapt their behavior to actively gather relevant information [3], [349]. Such adapt-
ability is crucial for firefighting UAVs to effectively explore disaster scenes and to plan
appropriate actions [25], [72].

A fundamental factor in addressing this challenge is the precise determination of
the viewpoints of the auxiliary UAVs, which significantly affects the overall performance
of the multi-UAV system. State-of-the-art viewpoint selection includes the method in
[83], where 31 expert operators were tasked with guiding a robot through various nav-
igation scenarios from different viewpoints. The highest-scored viewpoints were iden-
tified as the “best viewpoints”. They, however, did not account for environments with
obstacles—a limitation addressed by our proposed control architecture. Additionally,
existing methods have not been applied to the specific problem of wildfire suppression,
a gap this chapter fills.

6.2.4. LINE-OF-SIGHT (LOS) OBSTACLE AVOIDANCE

Existing methods for line-of-sight (LoS) obstacle avoidance include [350], which relies
solely on the UAV-obstacle LoS angle as feedback, providing collision avoidance in sit-
uations where the position and velocity of the obstacle cannot be measured. In [351]
and [352], LoS-based guidance is used for obstacle avoidance deploying, respectively,
a fuzzy-logic-based reactive controller for autonomous underwater vehicles and a PID
control strategy based on the distance of the vehicle from the obstacle [352].

LoS can also be leveraged for predicting collisions. In [353], LoS is used for proba-
bilistic prediction of collision risks in autonomous vehicles, whereas [354] proposes an
algorithm to detect and prevent potential collisions beyond the LoS. These approaches,
however, focus on generating warnings for possible collisions rather than proactively
controlling the system to avoid them. In summary, a crucial gap in literature is that LoS



196 6. TASK HIERARCHICAL CONTROL FOR MULTI-UAV COORDINATION AND SUPPORT

is typically used for obstacle avoidance or for collision predictions, but not for tracking
targets. To the best of our knowledge, our method is the first to leverage the distance be-
tween an obstacle and the LoS to a moving target to guarantee both collision avoidance
and occlusion-free visual tracking, while simultaneously maintaining the target (i.e., the
suppression UAV) within the field of view (FoV) of the system (i.e., auxiliary UAV). This en-
ables a more complex and integrated task, i.e., target tracking with guaranteed collision
avoidance.

6.2.5. UAVS FOR WILDFIRE SUPPRESSION

UAVs are increasingly being used to support wildfire management missions, which typi-
cally involve three main phases: detection [355], monitoring [356], [357] and suppression
[358]. Most existing works focus on a specific phase. For instance, [356] presents a multi-
UAV coordination strategy for reducing uncertainty in fire boundary estimation during
the monitoring phase. In [359], a scheduling approach for monitoring and suppression
tasks is introduced, addressing the dynamic nature of wildfire environments to improve
fire containment and area coverage. For the suppression phase, [358] proposes an opti-
mal controller that enables a UAV to perform risky maneuvers beyond its nominal flight
envelope, in order to drop fire extinguishing agents onto the fire. In [67], the authors in-
troduce an architecture that combines a single detection UAV with multiple suppression
UAVs. Reinforcement learning is employed to optimize the strategy of the detection UAV
for informing the suppression UAVs about fire locations.

All these approaches, however, assume that UAVs operate above the trees, where ob-
stacle avoidance is not required. Moreover, none of them considers auxiliary UAVs that
track and support the extinguishing UAV during its operation, an essential component
that has been introduced in this chapter.

6.3. PROBLEM STATEMENT
The modeling and control paradigms of this chapter are developed for a 3D continuous
space within a continuous time framework with time variable . We consider a multi-
UAV system composed of one main UAV—used for fire suppression—and n®* auxiliary
UAVs. Each auxiliary UAV is equipped with a camera characterized by a conic FoV with
view angle 0, and is assumed to have perfect perception. The main UAV is teleoperated
by a human, flying over the fire to drop fire suppression materials. The auxiliary UAVs
autonomously monitor the main UAV, ensuring that it remains within the FoVs of their
cameras. The images captured by these cameras are relayed to the human operator to
support effective teleoperation.

Let qmain(t) € R3 denote the configuration (i.e., 3D position) of the main UAV, and
qa* (1) e R3 denote the configuration of auxiliary UAV indexed a, for a =1,..., n®"*.

We also consider n° number of static, convex-shaped obstacles modeled as spheres.
Each obstacle o is described by its center g2P® € R® and radius P € R, with 0 = 1,..., n°".

The dynamics of each auxiliary UAV is governed by:

G20 = £ (a2 0) + g (43 (1) ud™ () 6.1)

where g3"™(t) denotes the state vector (i.e., the configuration) of auxiliary UAV a at time
t, ud™(t) is its control input (i.e., the acceleration of the auxiliary UAV), and f(-) and
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g () represent the nonlinear state and input functions of the system, respectively. In fact,
(6.1) describes how the position of the auxiliary UAV evolves over time, where its velocity
is influenced by the acceleration, i.e., the control input of the dynamic equation. We
assume that in reality the auxiliary UAVs are guided via velocity commands, thus each
auxiliary UAV a receives the value of §3"(¢) to move accordingly.

Remark 12. We assume that each auxiliary UAV has perfect knowledge of its own state,
as well as access to the state of the main UAV with bounded uncertainty. This information
allows to estimate the desired distance p™™ between auxiliary UAVs and the main UAY,
knowing the radius (uncertainty in the main UAV state) of the cone base. The desired
distance should guarantee that the visibility of the main UAV remains within the FoV of
the auxiliary UAV, even under the presence of estimation uncertainties.

6.4. PROPOSED METHODOLOGIES

Next, in Section 6.4.1, we elaborate our proposed approaches. Then in Section 6.4.5, we
present a theorem that guarantees our novel LoS occlusion avoidance method ensures
continuous, non-occluded visibility of the main UAV by the auxiliary UAVs.

6.4.1. AUTONOMOUS CONTROL OF AUXILIARY UAVS
In the fire suppression mission, each auxiliary UAV should simultaneously pursue multi-
ple objectives—including navigating to effective viewpoint locations, avoiding collision
with obstacles and other UAVs, and maintaining a safe, yet sufficiently close, distance
from the main UAV. To this end, the auxiliary UAV follows a trajectory determined by
a PIC controller that steers the UAV towards designated locations, referred to as way-
points. These waypoints are generated in response to the trajectory of the main UAV, as
influenced by the human operator.

At the current waypoint, the autonomous control system performs the following 3
key actions:

Action 1 Determining the next waypoints for all auxiliary UAVs using state-of-the-art
heuristic best viewpoints method

Action 2 Executing prioritized tasks using THC to enable the auxiliary UAVs to simul-
taneously manage multiple objectives

Action 3 Localizing the fire and the main UAV based on perceived data, ensuring ac-
curate positioning and tracking by auxiliary UAVs.

In the following sections, we explain how each of these actions is performed.

6.4.2. ACTION 1: DETERMINING THE NEXT WAYPOINTS

To position themselves at the best viewpoints, auxiliary UAVs should account for the task
that s currently being performed by the main UAV. Two tasks are considered for the main
UAV:

° Reachability—when the main UAV is navigating towards its target position above
the fire
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Figure 6.1: Illustration of approximate areas that include the best viewpoints for the auxiliary UAVs, based on
the front, top, left, or right views from the main UAV.

° Manipulability—when the main UAV is performing the fire suppression action by
releasing fire extinguishing material

Based on the findings in [83], the most informative viewpoints vary depending on these
tasks. For reachability, the front and top views allow the human operator to effectively
perceive the approach and trajectory of the main UAV. For manipulability, the right and
top views offer the clearest visual access to the suppression actions (see Figure 6.1 for an
approximate illustration). In symmetric settings, left views may equally be effective for
manipulability.

These viewpoint preferences are deployed to guide the auxiliary UAVs in real time.
To this end, the following simple algorithm is utilized to determine waypoint py? (#) for
auxiliary UAV q, for all a € {1, ..., n®} and starting from a = 1:

Step 1 Determine areas that provide the best viewpoints with respect to the main UAV,
using the heuristic approach based on [83]

Step 2 Select one area that has not yet been selected and assign it to “current area”
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Task 1: collision avoidance

o 2o
93 % q

g0 — gDl + 7
> llgs(1) — q,(®)]|

g = gDl +7
<llg;() = g, |

llg,® — g, @Il
> llgs() — q; )l

Task 2: maintaining the distance

'

Task 3: LoS occlusion avoidance

| Task 4: moving to next waypoint i<

;

compute and apply control input ‘

Figure 6.2: Flow chart of the THC framework, for all the UAVs at a given time ¢.

Step 3 Determine the centroid of “current area” and assign it to variable p}" (£)

Step 4 If a # n®, then go to Step 2

6.4.3. ACTION 2: EXECUTING PRIORITIZED TASKS USING THC
High-dimensional or redundant systems can effectively be controlled using THC [66],
enabling them to simultaneously perform multiple tasks by prioritizing objectives. Us-
ing the null space projection method [360], tasks are arranged based on a hierarchy.
Higher-priority tasks utilize major capabilities of the controlled system, whereas lower-
priority tasks are executed within the remaining degrees of freedom of the controlled
system, ensuring that they will not interfere with the execution of higher-priority tasks.
Nevertheless, all tasks are performed in parallel, to the extent that is possible by the re-
dundancy of the controlled system.

In our framework, THC automates a team of auxiliary UAVs for tracking and moni-
toring a fire suppression UAV. We design a four-level hierarchy of tasks for the auxiliary
UAVs, executed in descending order of priority (see Figure 6.2):
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Collision
avoidance

—>| increment o in 1, ..., n°% |
—)‘ increment a in 1,...,n%% |

a3 - (g™ - g2 0)
>0

g2 - g2
<v

update Jacobian, pseudo-inverse of
the Jacobian, and control input

yes

update projection matrix

Figure 6.3: Flow chart of Task 1 (collision avoidance) within the THC framework. The symbol - represents the

scalar product.
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Task 1 Avoiding collisions with obstacles, e.g., trees

Task 2 Maintaining a constant distance (p™™) from the main UAV and a safe distance
(= p*) from other auxiliary UAVs

Task 3 Avoiding occlusion along the LoS that connects the auxiliary and main UAVs
Task 4 Moving towards the the next waypoint

These tasks are explained in the following sections.

TASK 1. COLLISION AVOIDANCE
Task 1 focuses on maintaining a safe distance from all obstacles. This task is triggered
whenever the auxiliary UAV approaches an obstacle closer than a defined threshold v,
and its velocity vector points in the direction of that obstacle (see Figure 6.3).

The control input qf}’;‘(t) (i.e., the 3D velocity vector) of auxiliary UAV a correspond-
ing to Task 1 at time £ is given by:

G0 = wi,a) (21,0 (42%(0)) e1,a(0) (6.2)

where 2, ,(q2"*(1)) denotes the forward kinematics function that maps the configura-
tion space into the task space for Task 1, and is formulated by:

21 4(42(0) = 11 g2 (1) - g°™| (6.3)

Moreover, J*(-) is the pseudo-inverse of the Jacobian matrix function with respect to
q3*™* (1), and w4 is a tunable positive weight guaranteeing that the task error e () for
auxiliary UAV a will converge to zero. This task error is defined by:

e1,a(t) = 1% +y - 2y 4 (2™ (1)) (6.4)

TASK 2. MAINTAINING A CONSTANT DISTANCE FROM THE MAIN UAV AND A SAFE DIs-
TANCE FROM OTHER AUXILIARY UAVS

Task 2 ensures that a constant distance p™" > 0 is maintained between each auxiliary
UAV and the main UAV (see Remark 12 for the criteria on choosing this costant value).
In other words, all auxiliary UAVs move along the surface of a spherical shell of radius
p™" centered at the configuration ™" (¢) of the main UAV (see Figure 6.4). Moreover,
auxiliary UAVs are constrained to remain outside spherical caps (also illustrated in Fig-
ure 6.4), each centered on another auxiliary UAV and with radius p#"**. These constraints
guarantee that, whenever Task 2 is active, auxiliary UAVs maintain safe separation and
avoid collisions with one another.

Note that remaining close to the main UAV must be handled entirely by the au-
tonomous control system of the auxiliary UAVs through the THC framework, without
assistance from the human operator in adapting the position of the main UAV. The cor-
responding control input g5'7(¢) (i.e., the contribution of Task 2 to the 3D velocity vector
of auxiliary UAV aq) is given by:

G55 (1) = wo,oJ" (22,4 (q5™(1)) €2,4(1) (6.5)
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W
Main UA\\/\.\
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Figure 6.4: Illustration of a spherical cap of radius p?"* and centered on an auxiliary UAV, where this cap spec-

ifies a forbidden area for other auxiliary UAVs at the given time.

with 25 (g3 (1)) the forward kinematics function mapping the configuration space
into the task space for Task 2, formulated via:

254 (45™(0) = 1450 - g™ )] (6.6)
The corresponding task error for auxiliary UAV a given by:
e2,a(t) = ™ — 9, 4 (2™ (1)) 6.7)

When w4, which is a tunable gain used in (6.5), is chosen to be positive the task error is
ensured to asymptotically converge to zero.

TASK 3. AVOIDING OCCLUSION ALONG THE LOS
The activation of the higher-priority tasks, particularly Task 2, ensures that auxiliary
UAVs do not occlude each other’s FoVs, as they maintain separation while flying on the
same spherical shell around the main UAV.

After positioning themselves on a spherical shell around the main UAV, Task 3 guar-
antees that the LoS—defined as the line segment that connects points p3™(¢) and p™"(¢)



6.4. PROPOSED METHODOLOGIES 203

(i.e., the points representing 3D position of, respectively, auxiliary UAV a and the main
UAV at time f)—also remains free of occlusions potentially caused by obstacles.

For this, a minimum clearance distance y should be sustained between the conic FoV
of the auxiliary UAV and any obstacles. This is enforced by maintaining a safe separation
between the following points: Point p»(¢) is one where the line perpendicular to the LoS,
passing through the center p°P of the obstacle, intersects the surface of the conic FoV of
the auxiliary UAV, whereas point ps(?) is the corresponding intersection point with the
surface of the obstacle (see Figure 6.5 for a visual representation of the points).

The control input g5'7(), which includes the 3D velocity vector of auxiliary UAV a

a
corresponding to Task 3 at time ¢, is formulated through:

430 () = w3 aJ" (23,4 (q5™(1)) e3,a(1) (6.8)

The expressions for the corresponding forward kinematics function 23 , (3**()) and
the task error es (1), as well as conditions for tunable gain w3 , for ensuring the asymp-
totic convergence of the error to zero are discussed in detail in Theorem 1, Lemma 1, and
Lemma 2.

TASK 4. MOVING TOWARDS THE NEXT WAYPOINT

In Task 4, each auxiliary UAV navigates towards its next designated waypoint (which
has been determined as explained in Section 6.4.2) following a trajectory that is gen-
erated using PIC [21]. PIC operates over a receding time horizon and exploits a Monte
Carlo sampling strategy to estimate an optimal control input trajectory through a cost-
weighted averaging of perturbed trajectories.

The core idea is to induce stochastic perturbations into candidate control inputs and
to evaluate their impact on the cost function. This allows to approximate the gradient of
the cost function numerically, and to iteratively steer the system to lower-cost solutions.
Unlike many classical gradient-based approaches, PIC does not require linearization
and is thus suited for nonlinear systems. Moreover, thanks to its parallelizable nature,
PIC can be executed in real time using available GPU resources.

The PIC problem for auxiliary UAV a, which at time ¢ should move towards a way-
point of configuration g," (¢), is formally stated as:

rﬂpin E
rpaux
iy, (1)

t+T T
f ((q;"}“"(r) -q,°(0) Qg5 @) — g5 (1)
t

+udT () Rug (1))
+(g2(T) - g (1) " P (q2(T) - 42 (1) (6.9)

In (6.9), T, which denotes the time horizon, is given and represents the desired duration
for auxiliary UAV a to reach its assigned waypoint. The trajectory planning is guided
by a stage cost comprising state and input penalties, weighted by matrices Q and R, re-
spectively. These costs ensure that the UAV steadily reduces its distance to the waypoint,
while also regulating fluctuations in the injected control inputs. Furthermore, a termi-
nal cost weighted by matrix P promotes proximity to the waypoint at the end of the given
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P

Figure 6.5: Illustration of occlusion avoidance along the LoS: In this figure, pmain(t) and p?* (1) denote the 3D
points representing the positions of, respectively, the main and the auxiliary UAVs at time ¢. Point pObS is the
center of obstacle ©. The imposed distance between the auxiliary and main UAVs is pmain, and 6 represents
the FoV angle of the camera of the auxiliary UAV. Points pj(t), p2(t), and p3(¢) are intersection points used in
the geometric reasoning for the LoS occlusion avoidance.

time horizon. The control inputs are subject to stochastic perturbations by a Brownian
random motion process. Consequently, the control input is perturbed from the nominal
input u§" ¥ (¢) dz by an additive noise. Due to this stochastic nature, the expected value
operator E[] is used in estimation of the expected cumulative cost over the time horizon.
Note that a tilde symbol is used for the optimization variable in (6.9) to indicate that the
PIC optimization generates the trajectory of control input uj'; () corresponding to Task
3 during [t, £+ T1.

To compute (6.9), the PIC framework should predict the evolution of the state trajec-
tory over the interval 7 € [t, £ + T], which is done via:

dgi™ (@) = f (5™ @) dr + g (g5 (D) - (1" () A7 + sdw (1)) (6.10)

where the functions f(-) and g(-) correspond to, respectively, the system state dynamics
and control input mapping, as defined in (6.1). w(¢) is the Brownian random motion
process, with diffusion coefficient s € R. sdw(¥) is the additive noise that perturbs the
control input. The optimal control input trajectory determined by (6.9) is then used in
(6.1) to compute the corresponding velocity trajectory f]jzx(t) of the auxiliary UAV that
is given to the UAV as the input to its actuators.

THC COMPOSITION USING PROJECTION MATRICES
The control input (i.e., 3D velocity vector) of each auxiliary UAV a at time ¢ is determined
via the THC framework, based on the four components §'*(¢), §5'7(¢), 45X (¢), and
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P P P

Figure 6.6: When an auxiliary UAV and the main UAV are in the proximity of an obstacle, three potential cases—
illustrated in this figure—exist regarding the relative position of the FoV of the auxiliary UAV and the obstacle
(specified via ©). These cases depend on the distance between the central axis of the conic FoV and the obsta-
cle, compared to a threshold y. Points p™"(£) and p?"(¢) in the figure correspond to, respectively, the main
and the auxiliary UAVs, whereas point p°®® is the center of obstacle ©. The angle of FoV is 6 and p1 (£), p2 (1),
and ps3 (1) are points where a perpendicular line segment to the axis of the conic FoV that crosses through p° obs
intersects with, respectively, the axis, the surface of the conic FoV, and the obstacle.

obs :

q4 p UX(¢) computed via, respectively, (6.2), (6.5), (6.8), and plugging the solution of (6.9)
into (6.1). To do so, the null spaces (i.e., the set of joint-space motions that do not affect
the task) for the Jacobian matrices of all higher priority tasks must be determined. In
the THC framework, projection matrices project the commands corresponding to lower-
priority tasks to the null space of higher-priority tasks, ensuring that the lower-priority
tasks never interfere with higher-priority tasks. The projection matrix into the null space
of a higher priority task i + 1 is defined via:

P (2i.a (45" (D)) = 2 (2i-1,4(42™(1)) - 6.11)
[/ (2110 (42(0)) 2 (2110 (42(0)) )
[/ (@110 (a5 (0) 2 (21, (43 0))

where 22(-) is the projection operator. In our case with 4 tasks, we have i € {2,3,4}. For i =
1, i.e., for the highest-priority task within the THC framework, we have 2 (2, , (q3"*(1))) =
I, with I the identity matrix. Finally, the overall control input (i.e., overall 3D velocity
vector) of auxiliary UAV a dictated by the THC framework at time ¢ is computed by:

(1) = G100+ P (22,4 (45 (D)) - G555 (1) +
P (25,4 (g5 1)) 457 0+
P (24,4 (5™ D)) 450D (6.12)

6.4.4. ACTION 3: LOCALIZING THE FIRE AND THE MAIN UAV

The positions of the fire and the main UAV can be estimated using computer vision tech-
niques applied to the images that are captured by the auxiliary UAVs. In this chapter, we
do not focus on this technical aspect and instead assume that these positions are already
available to the auxiliary UAVs.
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6.4.5. THEOREM: LOS OCCLUSION AVOIDANCE

In this section, we present a theorem demonstrating that, with the proposed control
method, a single auxiliary UAV always maintain an occlusion-free view of the main UAV
within their FoVs.

Note. For notational simplicity, since the theorem concerns a single auxiliary UAV, we
omit index a in the following statements (e.g., we use q*"*(t) instead of q5"*(t)).

While the theorem is stated for a single auxiliary UAV, it generalizes to multi-UAV
systems. This is because Task 1 (collision avoidance) has the highest priority in the THC
architecture, and Task 2 ensures that all auxiliary UAVs maintain a safe distance from
each other. Consequently, when LoS occlusion avoidance is triggered via Task 3, each
auxiliary UAV independently satisfies the required distance constraints with respect to
obstacles.

Let g2™(t), g™ (¢) € R® denote the configurations of, respectively, the auxiliary and
the main UAVs at time ¢, and p®*(£) and p™@"(¢) be their corresponding points in 3D
space. The line segment paU(¢)p™ain(z) (where p,pp generally denotes the segment
connecting arbitrary points p, and py,) represents the LoS, which also serves as the prin-
cipal axis of the conic FoV of the auxiliary UAV, with vertex at p®**(¢) oriented towards
the main UAV (see Figure 6.5). Moreover, let p"bS denote the center of the spherical ob-
stacle @. we define 7 °" as the (continuous) set of all points comprising the outer surface
and interior of the obstacle, and 7V (r) as the corresponding set for the FoV cone of the
auxiliary UAV.

Theorem 1. By incorporating Task 3, i.e., ‘avoiding obstacles on the LoS’, into the THC
framework, the FoV of the auxiliary UAV remains occlusion-free at all times. In other
words, the FoV does not intersect with any obstacles, i.e., V¥V (£) N 7°P = @, and a mini-
mum distance of at leasty is maintained between the FoV and the obstacle.

Proof. Let p; (1) be the closest point on the line segment p2"X() p™2in(¢) to the obstacle

center p°PS. Define p; (1) p°Ps as the line segment perpendicular to paux(¢) pmain(¢) that
intersects both p; () and pObS. Let p2(1) € ¥FV(£) and ps(t) € 7°bs be the closest points
to each other on p; (£) p°b (see Figure 6.5). Since obstacle @ is convex-shaped (also see
Remark 14), its intersection point p3(£) with p1 () p°Ps is unique.

Let q1 (1), q2(1), q3(2) be the configurations corresponding to the points p; (1), p2 (), p3(?),
respectively. Given a threshold value y > 0, three distinct cases can arise (illustrated in
Figures 6.6 and explained via Figure 6.2):

Casel [lg2() —q1 (D +y <lq3(2) — g1 (D)l
Case2 [lg2(t) —qi1 (D < llg3(t) — g1 ()] and || g2(2) — g1 (DI +y > g3 (t) — q1 (D)l
Case3 llq2(0) —q1(D)l > g3(t) — q1 (D)l

In Case 1, it is clear that 7FV(1) n 7°PS = @ and ||q3(f) — g2(£)|| > y. Therefore, Theo-
rem 1 holds.
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In Case 2, while || g2 (1) — q1 (D) ]| < l1q3() — q1(2) || ensures that the FoV and the obstacle
volumes are not intersecting (i.e., V() n 7°PS = @), the safety margin condition is
violated, since we have || g3(f) — g2 (?)|| <y (also see the middle plot in Figure 6.6).

In Case 3, neither condition holds, i.e., [[g2(£) — g1 (D)l > | g3(t) — g1 (#) || implies that
VFV (1) N 7P £ @, meaning that p; (1) € 7°P8 (see the third plot in Figure 6.6).

In both Case 2 and Case 3, Task 3 (i.e., LoS occlusion avoidance) is activated. Due to
the prioritized nature of THC, this implies that both Task 1 (i.e., collision avoidance) and
Task 2 (i.e., maintaining distance from the main UAV) are already in effect.

Define the task error for Task 3, “avoiding occlusion along the LoS”, by:

es(t) =y —Ilgqs(2) — q2 (1) (6.13)

We will show in Lemma 1 that the following control input vector (including the 3D ve-
locity vector of the auxiliary drone) will guarantee the convergence of the task error, i.e.,
e3(t) — 0. In other words it ensures that || g3(?) — g2 (?)|| — ¥, and thus the achievement
of both occlusion-free visibility and the minimum safety distance y:

G5 (0 = wsJ " (lgs(t) — q2(D)1)) e3 (1) (6.14)

where J*(-) is the pseudo-inverse of the Jacobian of the given function with respect to
g™ (1), and ws is a tunable positive weight. O

Remark 13. Theorem I is stated for a single obstacle. However, our control architecture
also handles scenarios with multiple obstacles: The contributions of multiple obstacles are
addressed in the THC framework by incorporating sub-tasks of Task 1 and Taslk 3 into an
extended projection matrix. In this way, each obstacle is treated independently, but all are
avoided simultaneously through coordinated task prioritization.

Remark 14. Theorem I holds for convex-shaped obstacles. Nevertheless, in the case of
non-convex obstacles, their convex hulls can be computed and used as approximations.
Our THC approach can then be applied to these convex hulls in the same manner. There-
fore, to ensure the validity of Theorem 1, obstacles should be represented by their convex
hulls.

Next we give Lemma 1, which provides the control input vector that ensures an occlusion-
free LoS for all n®"™* auxiliary UAVs in vicinity of a static obstacle.

Lemma 1. Control inputs for Task 3 “avoiding occlusion along the LoS’, guaranteeing
convergence of the task error to zero: Let the configuration of the entire system at time t,
including all auxiliary UAVs indexed a = 1,...,n*"*, the main UAV, and an obstacle O that
is currently in the vicinity of the main UAV, be defined as:

. T
qtot(t) _ [qmamT(t)’ q?UXT(t),---, q:‘l%(T(t),qObST]

Moreover, let 23 (q'°'(1)) denote the forward kinematics function that maps this configu-
ration space into the task space via:

tot T
24(q° (1)) = [ 1431 (0= @21 (D1, 1 G, powx (1) = oo (1)1 (6.15)
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where q»,4(t) and qs,,(t) generalize the notations for the points q3(t) and q»(t) introduced
in Figure 6.5, and the second subscript ‘a’ corresponds to each auxiliary UAV.

The total task error eg‘“(t) e R™™ for Task 3 (avoiding occlusion along the LoS) is de-
fined as the difference between the desired task vectorT € R™", with all elements equal to
the threshold distancey, and the current task-space vector 23 (g'°'(1)) € R™™. Thus, we
have:

tOt(t) ( tot(l,)) (616)

To guarantee that a minimum distance of at leasty is maintained between the FoV of
each auxiliary UAV and obstacle G, we define the total control input vector uy"'(t) € R,
corresponding to the velocities of all auxiliary UAVs for Task 3 via:

@' () =T (25(4°' () W€ (1) (6.17)

where J* () is the pseudo-inverse of the Jacobian of the forward kinematics function, and
Ws is a tunable gain matrix of size n®™ x n®X. To ensure convergence of the task error,
matrix W3 must be chosen such that all its eigenvalues have positive real parts. In practical
applications, this condition can be satisfied by selecting W3 as a diagonal matrix with
strictly positive diagonal elements.

Proof. We begin by deriving the dynamics of the total task error ef’'(¢). Using the chain
rule, we have:

tOt(t) ( IOt(t))

= —1(93 (4" 1)) 45" @

=—J(25(q"' (1)) T (23 (9" (1)) Wsey (1)

= -Wse' (1) (6.18)
Since — W3 is a tunable gain matrix that can be designed to be stable (i.e., all its eigenval-
ues have negative real parts, e.g., when designed as a diagonal matrix with strictly posi-
tive diagonal elements), the above linear error dynamics is exponentially stable. There-
fore, the task error ef’'(f) asymptotically converges to zero, ensuring that a minimum

distance of at least y is maintained between the FoV of each auxiliary UAV and obstacle
0.

Note. Defining a positive definite candidate Lyapunov function via:
V (eX'(0) = el (1) " Lelt (1) (6.19)

with ‘L’ a positive definite matrix, and taking the derivative of this function along the
trajectories of the total error dynamics (replacing €5 (1) from (6.18)) yields:

V (el(n) = —2e (1) LWz el (1) (6.20)

One can show that for a negative definite Lyapunov derivative function, the following
must hold:
LWs+ W3 L>0 (6.21)

which is true if —Wj is a stable matrix, i.e., all eigenvalues of gain matrix W3 must only
have real positive parts.
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O

Note. Since the expressions that define the control inputs for tasks 1, 2, 3 (see (6.2) and
(6.5) and (6.8)) follow the same rationale, the convergence of the corresponding task errors
to zero can be ensured in a similar way.

Next, we present Lemma 2, which provides the expression of the forward kinematics
function 23 (qmt(t)), which in Lemma 1 was given as an expression based on virtual
point p»(t) and ps3(1).

Lemma 2. Forward kinematics function for Task 3 as a function of the total configu-
ration of the system: Function 23 (q"'(1)), which has been expressed in (6.15) based on
virtual points py 4(t) and p3 4(t) with non-measurable configurations q,,,(t) and qs,4(t)
for auxiliary UAVs a € {1,...,n*}, can be obtained based on measurable configurations

(i.e., total configuration q'°'(t) of the system). For a=1,...,n*" we have:
2,a(D) = 4°°° + Lo (Diia (1) (6.22)
3,a(0) = q°°° + r°iig (1) (6.23)

where A, (t), which is the distance between points p"bs and po,4 (1), is given by:
Aa(t) = lqr,a(D) — 4| = | qu,a(t) — g2 ()] tan (6.24)

The coordinates q,,(t) of point p1,4(1), i.e., the foot point of the perpendicular line from

p°Ps o line segment p2™ (1) p™ain (1) (see Figure 6.5), is obtained using the following scalar

projection function:

7all) = ||qgu><(t)n_a:;am(t)”z (6.25)
where
Na(t) = (xObS - xmai“(t)) (x2%(f) — x™ain (1)) 4
(o5 = ymainga)) (ya o) - y™an (o) +
(207 = 2" ) (20 - 2™ o) (6.26)
Then we have:
41,a(0) = 45(0) +0,4(0) (45 (1) = ™" (1)) 6.27)

Note that for the coordinates of points py,q(t) and ps 4(t), which are located at distances,
respectively, Aq(t) and r°° beyond point p°® in the direction from p°® to py 4(t) (see
Figure 6.5), the corresponding unit vector ii,(t) is given by:

_ 0bs
fig(p) = —AbaD =4 6.28)

\ 1 q1,a() — qObs||2

Proof. The proof of Lemma 2 follows directly from basic geometric constructions and
trigonometric relationships among the points and line segments. O
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Auxiliary UAV 2

Main UAV | Auxiliary UAV 1

Figure 6.7: Illustration of the scenario simulated in Unity: From left to right, the 3D view of the simulated out-
door environment (a), the top view (b) and the side view (c) of the environment, and the views of the cameras
of the auxiliary UAV 1 (d) and the auxiliary UAV 2 (e). The main UAV has cyan color, the auxiliary UAVs have
red and orange colors.

6.5. SIMULATIONS AND RESULTS

This section presents a case study conducted to evaluate the proposed approach de-
scribed in Section 6.4, detailing the implementation of each task in the THC framework
and discussing the corresponding results.

6.5.1. SETUP

All algorithms, including the THC controller used in this case study, were implemented
in MATLAB (R2021a version), and 3D simulations of the UAVs operating in outdoor en-
vironments were developed in Unity (2021 version). An overview of the simulated envi-
ronments is provided in Figure 6.7. All experiments were run on a PC equipped with an
Intel Core i7 processor (4 cores, 1.80-2.30 GHz) and 16 GB of RAM.

The simulations were conducted within discrete time with a sampling time of 0.1 s
setup involved 2 auxiliary UAVs operating in a cubic outdoor environment of dimen-
sions 22 x 22 x 22 m®, containing between 1 and 3 spherical obstacles. The obstacles
represented trees or other UAVs and had radii ranging from 1 m to 2 m. The scenarios
included 3 to 9 waypoints, where the time for the UAVs to move from one waypoint to
the next one was 10 s. The trajectories of the main UAV were provided to the auxiliary
UAVs directly in the computer simulations. However, in real-life deployments, this infor-
mation is typically obtained through real-time image processing.

The angle of the FoV of the onboard cameras of the auxiliary UAVs was set within the
range g rad to {5 rad. The desired distance between each auxiliary UAV and the main
UAV (.e., pmai“) was set to 8 m. The UAVs were modeled as double integrators, with
velocity used as the input injected to their actuators.

Comparisons were conducted across 6 different scenarios:
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Figure 6.8: Comparison of the evolution of the intersecting volume between the FoVs and any obstacles, cor-
responding to Comparison 1, across all scenarios. The plots for when Task 3 is activated versus not activated
are shown in, respectively, blue and red.

Scenario # H Task 3 inactive | Task 3 active H Improvement

Scenario 1 40.25% 30.25% -10.00%
Scenario 2 44.00% 0.00 -44.00%
Scenario 3 41.50% 1.50% -40.00%
Scenario 4 44.75% 12.75% -32.00%
Scenario 5 13.56% 8.56% -5.00%
Scenario 6 17.62% 7.75% -9.87%

Table 6.1: Comparing the percentage of the total mission time during which the FoV of at least one auxiliary
UAV was occluded by obstacles, across all scenarios and corresponding to Comparison 1—when Task 3 for
LoS occlusion avoidance was versus was not active. The bold values indicate the best outcome, i.e., smaller
interval with LoS occlusion.

Scenario 1 Static tree obstacles: Trees were modeled as stationary spherical obstacles
for auxiliary UAVs.

Scenario 2 Flying obstacles: Other UAVs flying in the shared airspace were modeled as
dynamic obstacles.

Scenario 3 Tall ground obstacles: Trees or structures taller than the altitude of the UAV
and thus closer to it compared to Scenario 1 were included.

Scenario 4 Task switch for main UAV: The main UAV dynamically switched between reach-
ability to manipulability tasks, requiring high adaptation from the auxiliary
UAVs.

Scenario 5 Figure-eight maneuver: The main UAV moved in a figure-eight trajectory
around a tree, posing a challenge for continuous visibility.

Scenario 6 Slalom maneuver: The main UAV performed a slalom between trees, requir-
ing precise and responsive behavior from the auxiliary UAVs to maintain an
occlusion-free LoS.

6.5.2. SIMULATION RESULTS
To evaluate the performance of our proposed THC framework, we performed an abla-
tion study comparing an implementation of the entire THC framework against versions
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where specific components of the THC framework were disabled. We additionally com-
pared our optimal control strategy based on PIC against a widely used conventional con-
trol approach based on PID control.

Our evaluation was performed across three categories of comparisons, for each of
the six scenarios explained above (i.e., Scenario 1-Scenario 6):

Comparison 1 Activating versus deactivating Task 3, i.e., LoS occlusion avoidance

Comparison 2 Activating versus deactivating Task 2, i.e., distance maintenance among
different UAVs

Comparison 3 Activating versus deactivating the use of PIC in Task 4, i.e., waypoint-
reaching task

We next present the results of the case study.

Table 6.1 shows the percentage of the total mission time during which the FoVs of
the auxiliary UAVs were occluded by obstacles, corresponding to Comparison 1, across
all scenarios.

Figure 6.8 illustrates how the intersecting volume between the FoVs and any obsta-
cles evolves over time, corresponding to Comparison 1, across all scenarios.

Figure 6.9 presents the distances between the main UAV and each auxiliary UAV over
time, corresponding to Comparison 2, across all scenarios.

Tables 6.2 and 6.3 show the maximum and average deviation, respectively, from the
desired distance between the main and the auxiliary UAVs, for each auxiliary UAV corre-
sponding to Comparison 2, across all scenarios.

Table 6.4 compares the total path length traveled by each auxiliary UAV, correspond-
ing to Comparison 3, across all scenarios.

Lastly, Table 6.5 the percentage of the total mission time during which the FoVs of
the auxiliary UAVs were occluded by obstacles, corresponding to Comparison 3, across
all scenarios.

6.6. DISCUSSION OF THE RESULTS

In this section, we analyze and compare the performance of the proposed THC frame-
work, based on the results presented in Section 6.5.2.

From Table 6.1, it is evident that the proposed THC framework maintains an unob-
structed view of the main UAV for a larger portion of the mission time. Note that viola-
tion of the unoccluded view still occurs when Task 3 is activated because of the nature of
THC: when the capabilities of the system only allow to execute the higher priority tasks,
i.e., Task 1 and Task 2, the view can be occluded. Activating the LoS occlusion avoidance
task leads to improvements across all scenarios, with gains reaching up to 44.00%. This
improvement is particularly significant in Scenario 2 and Scenario 3, where the obsta-
cles are more critical due to their proximity to the trajectories of the UAVs.

Likewise, Figure 6.8 shows that significant volumes of intersection between the FoV
and obstacles occur in Scenario 1 when Task 3, the LoS occlusion avoidance, is active
(see the blue curves), due to a wider configuration of the obstacles. In the remaining
five scenarios, the intersection volume remains negligible. Without the LoS occlusion
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Figure 6.9: Comparison of the evolution of the distances between the main UAV and auxiliary UAV 1 (top plots)
and between the main UAV and auxiliary UAV 2 (bottom plots), corresponding to Comparison 2, across all
scenarios. The plots for when Task 2 is activated versus not activated are shown in, respectively, blue and red.
The black dashed lines indicate the desired distance pmai“ between the main UAV and each auxiliary UAV.

avoidance task (see the red curves), the intersection volume consistently reaches higher
values in all six scenarios, reinforcing the importance of Task 3.

Regarding the distance maintenance task, i.e., Task 2, Figure 6.9 demonstrates that
activating the task generally improves the ability of auxiliary UAVs to maintain the de-
sired distance of p™" from the main UAV. This effect is especially pronounced in Sce-
nario 5 and Scenario 6, where the distances of the UAVs tend to diverge. Without the
distance maintenance task, auxiliary UAVs focus solely on preserving an unobstructed
view and tend to drift away, with no mechanism encouraging them to return to a closer
position relative to the main UAV.

Supporting this observation, Table 6.2 shows that the maximum distance errors are
typically lower when the distance maintenance task is activated. Exceptions are seen in
only two cases, where higher peak errors occur due to oscillatory behavior induced by
the control input responsible for distance regulation. This is also visible in Figure 6.9)
with more noticeable oscillations. Table 6.3 confirm that the average distance errors
are consistently lower when the distance maintenance task is included. This implies an
overall improved tracking performance due to Task 2.

Finally, we evaluate the impact of using PIC versus a traditional PID controller for
the task of reaching the next waypoint (Task 4). Table 6.4 shows that, in general, PIC
generates (close-to) optimal trajectories (i.e., shorter paths to target waypoints), achiev-
ing path length reduction of up to 39.58% compared to PID. In a few exceptions, e.g., in
Scenario 3 and Scenario 4, PIC does not outperform PID. This is because in those sce-
narios, the second auxiliary UAV encounters fewer obstacles along its trajectory, where a
more sophisticated control strategy, such as PIC, does not provide added values (as both
controllers yield relatively short paths). In Scenario 5, the more challenging trajectory
of the main UAV, closely turning around obstacles, forces the auxiliary UAVs to make
larger movements to maintain visibility for the main UAV. This results in longer paths
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Scenario # | Auxiliary UAV # H Task 2 inactive | Task 2 active H Improvement

X Auxiliary UAV 1 1.14m 0.57m -50.00%
Scenario 1 —
Auxiliary UAV 2 0.99 m 0.79m -20.20%
. Auxiliary UAV 1 0.71m 0.46 m -35.21%
Scenario 2 —
Auxiliary UAV 2 0.67m 0.78 m +16.42%
. Auxiliary UAV 1 0.99 m 0.53 m -46.46%
Scenario 3
Auxiliary UAV 2 1.20 m 1.18 m -1.67%
. Auxiliary UAV 1 243 m 1.66 m -31.69%
Scenario 4 —
Auxiliary UAV 2 0.78m 1.03m +32.05%
. Auxiliary UAV 1 181.50 m 3.24m -98.21%
Scenario 5 —
Auxiliary UAV 2 45.18 m 2.24m -95.04%
X Auxiliary UAV 1 2477 m 0.50 m -97.98%
Scenario 6
Auxiliary UAV 2 11.86 m 0.19m -98.40%

Table 6.2: Comparing the maximum deviation in meter from the desired distance between the main and the
auxiliary UAVs, per auxiliary UAV and across all scenarios, corresponding to Comparison 2—when Task 2 for
distance maintenance among different UAVs was versus was not active. The bold values indicate the smaller
maximum deviations.

and highlights the need to for a balanced performance trade-off between maintaining
visibility and minimizing the path length in complex scenarios.

Lastly, Table 6.5 further illustrates that PIC improves performance by reducing the
time during which the FoV intersects with obstacles. An exception is found in Scenario
1, where the total intersection time is slightly smaller with PID. A breakdown reveals that
with PID, the two auxiliary UAVs experience 73 and 88 time steps of intersection, respec-
tively, while with PIC the values are 5 and 121, yielding a lower total number of intersec-
tions, as one can see from Table 6.6. This suggests that PIC more suitably distributes the
effort of maintaining visibility across the auxiliary UAVs.

6.7. CONCLUSIONS AND TOPICS FOR FUTURE RESEARCH

In this chapter, we proposed a task hierarchical control (THC) framework for a multi-
UAV system. This framework integrates the best viewpoints for consistent monitoring of
amain UAV, line-of-sight (LoS) occlusion avoidance guaranteeing a consistently occlusion-
free view of the main UAV, and path integral control (PIC) for optimal trajectory planning
of auxiliary UAVs. The results of a case study performed via computer simulations with
one main and two auxiliary UAVs demonstrated that the LoS occlusion avoidance can
bring up to 44.0% improvement in maintaining visibility, while with PIC the generated
trajectory length improves by up to 39.2%.

Although the work is motivated by the XPRIZE Wildfire Challenge [361], which fo-
cuses on fire suppression using UAV systems, our framework is adaptable to a wide range
of real-life multi-agent monitoring and coordination applications.

To enable real-time performance, future work will focus on implementing GPU ac-
celeration for the PIC component of our THC framework.

Alternatively, the trajectory optimization task in THC can be implemented and com-
pared to its current structure, using model predictive control (which allows for system-
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Scenario # | Auxiliary UAV # H Task 2 inactive | Task 2 active H Improvement

. Auxiliary UAV 1 0.55m 0.16 m -70.91%
Scenario 1 —
Auxiliary UAV 2 0.40 m 0.17m -57.50%
. Auxiliary UAV 1 0.42 m 0.16 m -61.90%
Scenario 2 —
Auxiliary UAV 2 0.43 m 0.31 m -27.91%
. Auxiliary UAV 1 0.33m 0.23m -30.30%
Scenario 3
Auxiliary UAV 2 0.44m 0.39m -11.36%
. Auxiliary UAV 1 0.56 m 0.53 m -5.36%
Scenario 4
Auxiliary UAV 2 0.40 m 0.35m -12.50%
. Auxiliary UAV 1 48.09 m 0.74m -98.46%
Scenario 5 —
Auxiliary UAV 2 12.38 m 0.31 m -97.50%
. Auxiliary UAV 1 3.76 m 0.16 m -95.74%
Scenario 6
Auxiliary UAV 2 2.23m 0.06 m -97.31%

Table 6.3: Comparing the average deviation in meter from the desired distance between the main and the
auxiliary UAVs, per auxiliary UAV and across all scenarios, corresponding to Comparison 2—when Task 2 for
distance maintenance among different UAVs was versus was not active. The bold values indicate the smaller
average deviations.

atic incorporation of constraints), as explored in prior work [1], [41].

We also plan to extend our work to real-world deployments, validating the effective-
ness of the proposed THC framework beyond computer-based simulations. In scenarios
that involve non-spherical obstacles, complex object geometries can be approximated
using multiple spheres to represent their 3D volume (see [193] for inspiration).

Finally, future research will address challenges in handling partially or completely
known obstacle information, including the position, size, and number of obstacles.

APPENDIX: TABLE OF NOTATIONS
This appendix contains the table with most used and important mathematical notations.
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Scenario # | Auxiliary UAV # H Task 4 using PID | Task 4 using PIC H Improvement

. Auxiliary UAV 1 25.71m 20.57 m -19.99%
Scenario 1
Auxiliary UAV 2 32.76 m 22.06 m -32.66%
. Auxiliary UAV 1 17.76 m 16.31 m -8.16%
Scenario 2 -
Auxiliary UAV 2 23.55m 18.89m -19.79%
. Auxiliary UAV 1 27.31m 22.44m -17.83%
Scenario 3 —
Auxiliary UAV 2 22.58m 24.98 m +10.63%
. Auxiliary UAV 1 48.16 m 29.29 m -39.18%
Scenario 4
Auxiliary UAV 2 23.07m 27.32m +18.42%
. Auxiliary UAV 1 89.06 m 105.11 m +18.02%
Scenario 5 —
Auxiliary UAV 2 55.20 m 68.57 m +24.22%
. Auxiliary UAV 1 70.07 m 63.35m -9.59%
Scenario 6 —
Auxiliary UAV 2 52.52m 46.45 m -11.56%

Table 6.4: Comparing the total path length in meter traveled by each auxiliary UAV, per auxiliary UAV and
across all scenarios, corresponding to Comparison 3—when Task 4 for using PIC for waypoint-reaching was
active versus was not active. The bold values indicate the shorter paths.

Scenario # H Task 4 using PID | Task 4 using PIC H Improvement

Scenario 1 27.00% 30.25% +3.25%
Scenario 2 4.67% 0.00 -4.67%
Scenario 3 5.25% 1.50% -3.75%
Scenario 4 34.50% 12.75% -21.75%
Scenario 5 10.80% 8.56% -2.24%
Scenario 6 10.75% 7.75% -3.00%

Table 6.5: Comparing the percentage of the total mission time during which the FoV of at least one auxiliary
UAV was occluded by obstacles, across all scenarios and corresponding to Comparison 3—when Task 4 for
using PIC for waypoint-reaching was active versus was not active. The bold values indicate the best outcome,
i.e., smaller interval with LoS occlusion.

Scenario # H Task 4 using PID | Task 4 using PIC H Improvement

Scenario 1 13.25% 1.25% -12.00%
Scenario 2 0.00 0.00 0.00
Scenario 3 0.00 0.00 0.00
Scenario 4 0.00 0.00 0.00
Scenario 5 0.00 1.67% +1.67%
Scenario 6 0.00 0.00 0.00

Table 6.6: Comparing the percentage of the total mission time during which the FoVs of both auxiliary UAVs
were occluded by obstacles, across all scenarios and corresponding to Comparison 3—when Task 4 for using
PIC for waypoint-reaching was active versus was not active. The bold values indicate the best outcome, i.e.,
smaller interval with LoS occlusion.
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Table 6.7: Table of frequently used mathematical notations

Notation ‘ Description

e; Error of task i of THC
et Total error of task 3 of THC
edt Time derivative of e}*
J Jacobian matrix function
Jt Pseudo-inverse of J
naux Number of auxiliary UAVs
nobs Number of obstacles
o Generic obstacle
p A point in the 3D space
pa(n) Position of auxiliary UAV a at time ¢
p™a%(r) | Position of main UAV at time ¢
obs Position of the center of the obstacle
par(t) Position of waypoint for auxiliary UAV a at time ¢
@ Projection operator
PaPb Line segment connecting points p, and py,
qa*>x (1) Configuration of auxiliary UAV a at time ¢
qf“;" Velocity of auxiliary UAV a at time ¢ corresponding to task i of THC
g™ " () | Configuration of main UAV at time ¢
q°"s Configuration of the obstacle
gt Total configuration of main UAV, auxiliary UAVs and obstacle at time ¢
q." (1) Configuration of waypoint for auxiliary UAV a at time ¢
2i,a Forward kinematics function for auxiliary UAV a corresponding to task i
of THC
robs Radius of the obstacle
t Continuous time variable

ui' (1) Control input of auxiliary UAV a at time ¢ corresponding to task i of THC

ug"t Total control input vector of task 3 of THC

v Volume of a solid object

x3™(1) x coordinate of p3**(¢)

x™0(£) | x coordinate of p™ain(r)

x0bs x coordinate of p°P

ya(e) y coordinate of p3™(¢)

y™an(£) |y coordinate of p™ain(z)

yobs y coordinate of p°°

zZ3"(1) z coordinate of p3™(¢)

ZMain() | zcoordinate of p™"(f)

z0bs z coordinate of p°Ps

pmain Desired distance between each auxiliary UAV and the main UAV
= Desired distance between various auxiliary UAVs







FUZZY LOGIC AND EXPLAINABLE
Al FOR TRUSTWORTHY
HUMAN-ROBOT COLLABORATION
DURING FIREFIGHTING

In firefighting scenarios, robots are used to substitute humans in dangerous tasks but are
often tele-operated. Therefore, approaches to increasing robot autonomy while maintain-
ing meaningful human control and situational awareness are urgently needed. In this
chapter, we apply the socio-cognitive engineering methodology to propose such an ap-
proach that integrates fuzzy logic control for robot decision making on autonomous nav-
igation with explainable artificial intelligence for robot communication. This approach
ensures meaningful human control and situational awareness by keeping firefighters in
the loop. We first elicited foundational design requirements and preferences during discus-
sions with firefighters from the Rotterdam Fire Brigade (The Netherlands). This enhanced
our approach by specifying a control system that receives inputs from both the human and
the environment and determines the best possible target destinations for robot navigation.
The human then selects the preferred target destination using a graphical user interface
that visualizes crucial information about the possible destinations and the inputs used to
determine them. This approach should be evaluated through 1) user studies assessing hu-
man situational awareness, workload, and trust and 2) comparisons with state-of-the-art
robot navigation methods. Finally, our approach should be iteratively refined by repeating

This chapter outlines the core idea developed through a research collaboration with Ruben Verhagen, con-
ducted within the research line of the AI*MAN lab, which is part of the TU Delft Al Labs programme.

M. Baglioni and R. Verhagen contributed to the conceptualization and the methodology, performed the ex-
periments, assessed the results, and wrote the first draft of the chapter. A. Jamshidnejad, M. Tielman and M.
Neerincx contributed to the methodology, assessed the results, edited the final draft, and performed supervi-
sion.
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the foundation, specification, and evaluation phases of the socio-cognitive engineering
methodology.
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7.1. INTRODUCTION

UMANS often need to collaborate in teams to execute complex tasks such as fire-

fighting. However, human-only teamwork is sometimes limited or even impossible,
for example, when it is too dangerous for firefighters to enter burning buildings. Explore
and extinguish robots, deployed in human-robot teams, can substitute firefighters in
life-threatening tasks [362]. These robots are currently often teleoperated by a firefighter
from outside the building. This is challenging because the robot is beyond the percep-
tion field of the firefighter, mainly in poorly visible conditions. In addition, teleoperating
the robot adds another burden to the already substantial workload of firefighters. There-
fore, enhancing robot autonomy is highly desired to improve human-robot collabora-
tion efficiency and reduce firefighter workload [362].

Such an increase in autonomy will raise important challenges for trustworthy human-
robot collaboration during firefighting. For example, how to ensure meaningful human
control over these increasingly autonomous robots [363], what to communicate with
humans to maintain sufficient human situational awareness, and how to balance robot
autonomy and human desires to build trust in these high-risk scenarios. This chapter
presents our approach that addresses these challenges by combining fuzzy logic control
(FLC) and explainable artificial intelligence (AI) for trustworthy human-robot collabora-
tion during firefighting. We follow the socio-cognitive engineering methodology to first
document firefighter requirements before working towards an initial prototype of our
approach [364]. This approach incorporates FLC to determine temporary navigation
destinations for the robot and explainable Al to support human-in-the-loop decision
making. Overall, the main contributions of this chapter are the following:

1. Integrate FLC with explainable Al for human-robot collaboration.

2. Propose a human-in-the-loop approach that increases robot autonomy in fire-
fighting scenarios.

3. Advance the development of trustworthy human-robot collaboration in high-
risk environments.

4. Establish a foundation for future evaluations in real-world scenarios.

7.2. BACKGROUND

7.2.1. HUMAN-ROBOT TEAMWORK FOR FIREFIGHTING

Firefighting generally involves four possible deployment tactics on two axes: inside ver-
sus outside and offensive versus defensive. The defensive outside deployment aims to
limit (environmental) damage by preventing the fire from spreading to adjacent areas
and limiting the effects of smoke. The offensive outside deployment is used when it
is unsafe for firefighters to enter a building. This tactic aims to improve the survival
conditions of potential victims, enable a safe entry for firefighters, prevent fire spread,
and extinguish the fire. The defensive inside deployment aims to provide an evacuation
opportunity, prevent fire and smoke spread, and limit damage. Finally, the offensive
inside deployment aims to fight the fire and rescue people. Introducing explore and ex-
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tinguish robots into human firefighting teams allows for an offensive inside deployment
even when conditions are unsafe for firefighters.

These explore and extinguish robots are usually provided with several sensors (e.g.,
temperature, LiDAR, explosion danger, RGB cameras, and thermal imaging) and other
equipment (e.g., fire hose and water shield protection) to enable detection, localiza-
tion, mapping, navigation, protection, and extinguishing [365]. These sensors provide
crucial information that helps firefighters decide the deployment tactic or localize the
fire source. The collaboration between firefighters and explore and extinguish robots
demonstrates how human-robot teams can potentially combine the strengths of both
parties to execute tasks that neither can execute alone [366].

On the one hand, (semi-)autonomous robot behavior is desirable to reduce the work-
load of firefighters by eliminating the need for continuous teleoperation [362]. On the
other hand, it is important to actively keep firefighters involved in enhancing the robot’s
decisions during the mission [362]. While recent works have enhanced robot autonomy
during urban search and rescue operations [367]-[369], results show that human opera-
tors used (semi-)autonomous robot behavior less than expected. In fact, they often took
control over the robot due to a lack of transparency on its autonomous decision making,
which is necessary for understanding robot behavior, situational awareness, and trust in
the robot [367].

7.2.2. SITUATIONAL AWARENESS

Situational awareness (SA) is defined as the perception of elements in a situation, the
comprehension of their meaning, and the projection of their status in the future [370].
The quality of this awareness in humans can be influenced by their training, capabilities,
experience, and workload [371]. SA is a critical prerequisite for human decision making
and action execution, making it essential for effective teamwork [371]. This importance
even led to developing teamwork-centered SA concepts such as feam SA and shared SA
[372], [373].

Bi-directional communication is crucial in human-robot teams to develop and main-
tain SA [374]. This communication of relevant information can create a shared mental
model between team members [375]. Graphical user interfaces can effectively facilitate
such communication between humans and robots [367]. Human perception, compre-
hension, and projection can be achieved through transparent and explainable Al [374],
[376]-[378]. However, this transparency and explainability should not reduce SA through
information overload [371], [379], [380].

Human-robot communication can be facilitated using button-clicking behavior in
graphical user interfaces to provide human input to robots [374]. However, it is difficult
to achieve robot SA for all three levels (i.e., perception, comprehension, and projection)
based on human communication only. Robots also need learning and reasoning capa-
bilities to ensure comprehension and projection of situational elements. Finally, robots
require proper sensors to perceive and map environments accurately.

Building and maintaining sufficient SA is not only essential for effective human-
robot teamwork, but also for ensuring meaningful human control during the collabo-
ration [365], [381]. Without proper SA, humans cannot effectively understand, predict,
correct, or change the actions and behavior of robot teammates [365], [381]. However,
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SA is insufficient for meaningful human control as it also requires human understanding
of their moral responsibility for outcomes resulting from robot behavior and teamwork.

7.2.3. MEANINGFUL HUMAN CONTROL

Meaningful human control implies that humans should ultimately remain in control of,
and thus morally responsible for, the behavior of (semi-)autonomous robots [363]. In
addition to transparency and SA challenges, increasing robot autonomy during firefight-
ing also raises challenges for meaningful human control during human-robot collabora-
tion [363]. Since firefighting involves morally sensitive situations and decisions, mean-
ingful human control is crucial to ensure humans can be held accountable for (semi-
)autonomous robot behavior [382]. This, however, requires that humans are both aware
and equipped to act upon their moral responsibility [381].

Recent works have proposed several actionable solutions for ensuring meaningful
human control in human-robot teams. For example, value-sensitive design to respect
human values and norms [381], [383], team design patterns to shape meaningful hu-
man control [381], [384], and having humans-in-the-loop to allow human control and
responsibility [379], [385]. Value-sensitive design is a design approach for technological
systems that accounts for human values by identifying and eliciting them from stake-
holders such as firefighters [383]. Meaningful human control can be ensured if these
technological systems respect those values. Team design patterns are reusable solutions
to recurring problems during human-robot collaboration [384]. They are used to design
how tasks are distributed among team members over time and in response to situational
task requirements [386]. Team design patterns have also been developed for teams oper-
ating in morally sensitive situations to ensure meaningful human control, for example,
by allocating all moral decisions to humans [365], [387]. Finally, having humans-in-the-
loop requires informed human decision making about robot behavior, for example, hu-
man decisions on robot navigation during firefighting [365], [388]. This active human
involvement allows explicit human control and responsibility.

7.2.4. DECISION MAKING WITH HUMAN-IN-THE-LOOP

Autonomous robots can decide how to navigate environments using systematic control
techniques [389]. While these techniques mostly aim to remove human intervention,
control approaches in which humans intervene in decision making also exist. These
approaches can incorporate human feedback in the control architecture for robot nav-
igation in several ways. For example, a unified control system called shared autonomy
or shared control is required when robots and humans co-exist and co-work. Such a sys-
tem can integrate the perceptions and actions of humans and robots within a framework
that allows the transition from shared autonomy to complete robot autonomy [390]. An-
other way is by incorporating haptic feedback in the control architecture [391], such as
wearable devices to slow down social robots navigating alongside humans [392]. Human
feedback can also be used as a reward for deep reinforcement learning to teach social
robots to navigate by determining their velocity [393]. Another example based on deep
learning is combining human feedback with large language models to enhance robot
navigation and interaction with the environment in uncertain situations [394]. Finally,
human feedback can also be incorporated using brain-computer interfaces, for example,
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sensory information about obstacles not detected by robots [395], [396].

An ongoing challenge regarding these approaches is enriching human-robot interac-
tion and allowing generalization to different scenarios. We believe this can be achieved
using more communication modalities to ensure richer interactions, such as visual in-
formation displayed on a graphical user interface. Another challenge of these approaches
is that they are computationally expensive and not applicable in real-time/onboard, es-
pecially those based on optimization. This challenge could be addressed by introducing
efficient Al-based control techniques, such as FLC.

7.2.5. Fuzzy LoGIC CONTROL

Fuzzy logic control (FLC) is a heuristic control technique that allows the integration of
human knowledge into a control system. This can be achieved by incorporating rules
provided by human experts into the control system, especially when no data or explicit
physical knowledge of the system is available or complicated to obtain. A major advan-
tage of FLC is that it is an efficient real-time decision making approach with low compu-
tational costs [45]. Thanks to this, FLC has allowed robots to navigate autonomously in
various environments, including avoiding obstacles [397]-[400]. These FLC-based sys-
tems can use different inputs, such as the distance between robot and targets, the dif-
ference between robot orientation and robot angle towards targets, or the distance from
and angle between robot and obstacles. The output determined by these systems often
concerns the velocity of the robot.

Some variants of traditional FLC exist, including approaches that use Z-numbers
[401] or probability theory [402] to address uncertainties and unknown conditions in
robot navigation. FLC for navigation has also been combined with other (Al-based)
technologies, such as neural networks [403], [404] to exploit previous information and
deep reinforcement learning [405] to deal with unknown environments. In addition,
FLC has been combined with proportional-integral-derivative controllers to improve
motion tracking performance [406], particle swarm optimization to create paths of op-
timal length [404], and genetic algorithms to determine an optimal sequence of target
points [322]. A main advantage of FLC-based approaches is that they usually require less
computational time than other control approaches. In contrast, a crucial challenge of
most FLC-based approaches is the effective involvement and incorporation of human
operator decisions during control processes.

7.3. PROPOSED APPROACH

7.3.1. FOUNDATION

We applied the socio-cognitive engineering methodology [364] to develop our (semi-)
autonomous robot navigation and communication approach for firefighting in human-
robot teams. We first elicited foundational knowledge regarding operational demands,
technology, and human factors based on discussions with firefighters from the Rotter-
dam Fire Brigade as direct stakeholders. These discussions provided us with preferences
and requirements regarding robots and human-robot collaboration that we integrated
into our proposed approach. For example, the firefighters specified that enhanced au-
tonomy in navigation is their most significant challenge and desire. They also told us
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that other robot functionalities, such as computer vision to interpret the environment
and detect objects, have lower priority and can be done by them.

Regarding the navigation destinations of the robot, the firefighters emphasized the
importance of identifying and entering doors when exploring burning buildings to search
and rescue victims. Therefore, our approach selects doors as important temporary des-
tinations for the robot. Furthermore, the firefighters told us that the final destination of
a firefighting mission is initially unknown since it depends on initially unavailable infor-
mation, such as the location of victims and fire. Therefore, the robot should consider
and select intermediate target points during the mission, which we call temporary desti-
nations.

Concerning robot mapping of the environment, the firefighters explained that this
should not be a separate initial phase but instead be performed in parallel with navi-
gating and exploring the environment. This way, the firefighting mission is not delayed.
In addition, buildings usually change when a disaster strikes due to destruction, debris,
and fire. Therefore, the robot should update a map of the building (if available) using its
Sensors.

For human-robot collaboration, the firefighters mentioned their preference for stay-
ing actively in the control loop. Robots that autonomously navigate and do not allow
human intervention can create issues when their autonomous decisions are not opti-
mal or suited for the situation, for example, because of environmental or measurement
uncertainties. Therefore, changing the robot’s decisions, restarting the decision making
process, or simply stopping the autonomous controller allows explicit human control.

Lastly, concerning decision making, the firefighters indicated a preference for using
the robot’s controller as a decision-support system. Multiple objectives can be pursued
during a firefighting mission, such as exploring the unknown environment, looking for
trapped victims, and moving to the fire source to extinguish it. Therefore, the firefight-
ers would like the controller to propose multiple target points so they can select their
preferred one according to their perception of current priorities in the mission. Finally,
the firefighters mentioned a preference for visual robot communication of these target
points rather than textual or verbal communication.

7.3.2. SPECIFICATION

Based on this foundational knowledge, we specified our (semi-)autonomous robot nav-
igation and communication approach for firefighting. This approach mainly combines
FLC with explainable AI (see Figure 7.1).

FEEDBACK-BASED Fuzzy LOGIC CONTROLLER

The core of the robot control system is based on FLC. The controller receives two types
of input: inputs from sensing the environment and inputs from communicating with
the human. The inputs from sensing the environment include the time to reach a desti-
nation and the clutter on a path towards a destination. The robot control system deter-
mines these inputs without any human intervention. The inputs from human communi-
cation include the location of victims, doors, and obstacles. The human communicates
these inputs to the robot control system using a graphical user interface, representing
the human feedback to the controller.
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Figure 7.1: Architecture of the proposed control approach. The human is shown in the orange block, and the
robot control system is shown in the blue block. The fuzzy logic controller receives inputs from the environ-
ment and from the human. The fuzzy logic controller then provides three temporary destinations for the robot,
and the human selects one of these as the robot’s real temporary destination. The robot communicates map
and camera images of the environment to the human, which the human uses to identify the objects that the
fuzzy logic controller uses as inputs.

Based on these inputs, the controller selects the best temporary destinations by de-
termining the attraction value of each possible target point within the perception field
of the robot. These attraction values are the output of the controller and reflect the rel-
ative importance of reaching that destination. They are computed using a set of fuzzy
rules designed based on expert knowledge elicited during discussions with the firefight-
ers. For example, target points close to victims and doors, far from obstacles, and quick
and easy to reach have high attraction values.

In our approach, human feedback simplifies the complexity of the robotic system,
the control system architecture, and the algorithms the robot uses to implement its tasks.
A completely autonomous system may require additional robots and sensors, for exam-
ple, tiny drones equipped with cameras to identify victims, doors, and obstacles by em-
ploying computer vision algorithms that perform object recognition [3]. However, there
are challenges associated with using computer vision in firefighting scenarios. On the
one hand, computer vision cannot recognize objects in color images due to smoke that
may occlude the view. On the other hand, thermal images may be used to see shapes
in smoke, but such images may not be reliable for computer vision algorithms. Instead,
the graphical user interface in our approach displays images to the human-in-the-loop
in real time, who then identifies crucial environmental elements that are communicated
back to the system. This eliminates the need for more complex and expensive systems
and algorithms. Moreover, the human’s capability to identify objects based on informa-
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tion from different sensor sources in the graphical user interface can address the chal-
lenges associated with employing computer vision and sensor fusion methods. This
way, having the human-in-the-loop also facilitates meaningful human control during
the mission as the human bears direct responsibility for object identification.

ROBOT TRANSPARENCY AND EXPLAINABILITY

The output of the controller consists of the three possible temporary destinations within
the robot’s perception field with the highest attraction values. The system will then com-
municate these possible target points to the human and ask them to select their pre-
ferred one. Given that the robot’s perception field consists of numerous possible desti-
nation targets with attraction values, it is important to intuitively communicate the top
three options without unnecessarily overloading humans. We believe a heatmap that
overlays all attraction values on the 2D map of the environment will ensure SA and facil-
itate human decision making about the temporary destinations (see Figure 7.2). More-
over, such a plot excellently aligns with the preferences of firefighters for visual commu-
nication with robots over textual or verbal communication.

However, we hypothesize that merely communicating the top three temporary des-
tinations to the human may not provide the sufficient behavioral transparency required
by the human to understand the robot’s decision making, achieve SA, and build trust.
In addition, the system could explain why it selected these three temporary destinations
based on the controller inputs. Contrasting these three against the target point with the
lowest attraction value is hypothesized to further enhance the humans’ predictability
and understanding of the robot’s reasoning process [407]. Given the firefighters” pref-
erence for visual communication with robots, these explanations should be communi-
cated using data visualization techniques, such as a radar chart facilitating rapid com-
parison. As itis crucial to avoid human information overload, making these explanations
more abstract over time or enabling them to appear on demand are important design
considerations.

7.3.3. EVALUATION

The final phase of the socio-cognitive engineering methodology is evaluating the speci-

fied prototype. Our main contribution is this prototype approach, but future work should
focus on evaluating it. Properly evaluating our approach should involve user studies

that compare various levels of robot autonomy in our architecture. For example, our ap-

proach can be compared to one where the robot is fully teleoperated without FLC in its

decision making and another where the robot operates autonomously based solely on

the FLC system and with humans acting only as supervisors. Proper evaluation should

also include studies that compare our approach against other state-of-the-art approaches
for autonomous robot navigation on relevant metrics such as completion time, number

of detected victims, and percentage of area covered.

User studies on the effectiveness of robot transparency and explainability are also
required to evaluate and iteratively refine our approach. For example, whether or not
a heatmap overlayed on the basic 2D map of the environment indeed improves human
understanding, SA, and trust. These assumptions and hypotheses could first be evalu-
ated using non-expert participants and then further validated by expert firefighters. The
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Figure 7.2: Basic example of a heatmap with attraction values overlayed on a recreated 2D environment map.
The top three temporary navigation destinations are also added to the plot. Higher attraction values indicate
a higher relative importance of reaching that destination.

resulting insights could then be used to refine our approach iteratively.

7.4. DISCUSSIONS

7.4.1. ADVANTAGES OF OUR APPROACH

Our proposed (semi-)autonomous robot navigation and communication approach has
several advantages. First, the human-centered design, elicitation of expert knowledge
using fuzzy logic, and integration of explainable Al can facilitate trustworthy human-
robot collaboration. In addition, having a human-in-the-loop can ensure meaningful
human control in these morally sensitive situations. Including the human in the control
loop of our approach also offers the added benefit of reducing system complexity. This
applies to both the number and complexity of robots required for scanning, mapping,
and detecting key elements via sensors and the complexity of the algorithms required to
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process sensed data.

The proposed FLC-based approach also offers advantages over traditional control
approaches. In particular, the computational efficiency of FLC allows real-time deploy-
ment, while its inclusion of human expert knowledge enables it to mimic the human
decision making process. At the same time, the modularity of our approach also allows
substituting the fuzzy logic controller with alternative methods whenever the design re-
quirements differ from ours.

Finally, our approach can also be generalized and translated to different contexts.
For robots working under human supervision, we believe our approach can be applied
to leakage detection in buildings inaccessible to humans, such as in a power plant or
oil platform. Another example could be surveillance or patrolling robots that provide
views of the surroundings of a site more efficiently than humans. For robots working
alongside humans, our approach could be applied to (flying) robots that check if parts
of old buildings or church artworks require maintenance. Another application could be
space exploration, where rovers explore new lands to cover as much area as possible or
to find and extract terrain samples while humans explore other directions. Moreover,
our approach to configuring the inputs to the controller is modular for any possible new
application. Specifically, it allows the design of different inputs derived from humans or
the environment that fit the context of that particular application.

7.4.2. LIMITATIONS OF OUR APPROACH

We acknowledge a few limitations of our approach. First, the human-in-the-loop who
decides the temporary navigation destinations while being supported by robot trans-
parency and explainability might have a workload that is too high. For our approach to
be effective, robot transparency and explainability should not cause information over-
load for the human. The human workload can be decreased using on-demand or adap-
tive explanations. However, the workload can also be decreased by increasing robot au-
tonomy, for example, by implementing reliable computer vision to detect doors, victims,
and obstacles in smoke-filled situations.

Another limitation of our approach concerns the lack of learning in our controller.
In relation to SA, our approach can perceive the environment through the robot’s sen-
sors and human feedback. In contrast, comprehension of the situation is only partially
achieved by the rule base of the controller to reason about the best temporary desti-
nations given the environmental information. However, the controller does not learn
any environmental features that can be used to give specific meaning to sensed data.
This limitation can be overcome by modifying our controller by employing techniques
that combine FLC with machine learning approaches such as neuro-fuzzy systems [408].
However, a drawback of such approaches is the lack of guarantees for stability and safety
in critical scenarios.

In addition, our FLC-based approach is inherently reactive. It can be used to navigate
in real-time by gathering new information while the mission is proceeding, but it does
not have prediction capabilities to be included in decision making. Such capabilities
are suitable when dealing with dynamic environments with moving obstacles or targets,
for example, because of fire spread [150] or victim motion [212]. To handle these dy-
namic elements, the control system requires a model of their dynamics to predict their
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behavior and to anticipate and counteract the motions that may create unsafety, which
would be possible with approaches such as model predictive control [1], [20]. However,
a drawback of employing such techniques is their higher computational complexity.

7.4.3. FUTURE WORK

Future work should involve evaluating our approach through studies like the ones de-
scribed in Section 7.3.3. The three phases of the iterative socio-cognitive engineering
methodology (foundation, specification, and evaluation) should then be repeated by in-
cluding knowledge obtained after completing the evaluation phase. For example, an
updated prototype of our approach could employ different control approaches, such as
neuro-fuzzy control or model predictive control, if the evaluation phase reveals practical
limitations of the current control approach.

Further work might also require tuning the control approach for scenarios in differ-
ent contexts, such as humans and robots working alongside each other. For example,
the control approach might require modifications when humans and robots influence
each other’s decisions by sharing the same space in the environment. In such cases, the
controller could incorporate dynamic safety constraints or human intention recognition
to adjust the robot’s path and avoid interference.

7.4.4. CONCLUSIONS

In this chapter, we addressed the challenge of increasing autonomy in robot navigation
while ensuring meaningful human control and situational awareness during human-
robot collaboration for firefighting. We proposed a novel human-in-the-loop approach
that integrates fuzzy logic control for robot decision making on autonomous naviga-
tion with explainable artificial intelligence for robot communication. This approach in-
creases robot autonomy in firefighting scenarios, enabling firefighters to transition from
teleoperating their robots to collaborating with them. Moreover, our approach lever-
ages robot transparency and explainability to foster the human understanding and trust
necessary for delegating control to the robot. Overall, this work contributes to the devel-
opment of trustworthy human-robot collaboration in high-risk environments and lays
the foundation for future evaluations of its effectiveness in real-world scenarios.



CONCLUSIONS AND FUTURE
RESEARCH DIRECTIONS

In this chapter, we present the concluding remarks of the PhD thesis. We first synthesize
the main contributions and highlight the most significant results and findings derived
from this research. We then revisit the research questions posed in Chapter | of the thesis
and address them based on the outcomes of this PhD research. Afterwards, we discuss
the broader implications of this research, both within the scientific community and in
practical societal contexts. We then examine the key limitations of the work and their
implications. Finally, we outline recommendations and promising directions for future
research building upon the foundations that have been established in this PhD thesis.
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REFLECTING ON CORE CONTRIBUTIONS
OTIVATED by the need to improve the autonomy and efficiency of Search-and-
Rescue (SaR) operations, this PhD thesis has advanced the state-of-the-art in robot
mission planning, control, and perception through the integration of model-based, op-
timal, and human-inspired approaches. Specifically, we have:

* Advanced constrained optimal control for SaR mission planning by introducing
Model Predictive Control (MPC)-based formulations that jointly address compet-
ing objectives of target tracking and area coverage under uncertainty — without
providing reference trajectories — and have validated these formulations in computer-
based simulations and real-world scenarios;

* Developed robust motion planning architectures that, by integrating heuristic plan-
ning and Robust Tube-based Model Predictive Control (robust TMPC), enable au-
tonomous safe navigation in dynamic, cluttered environments;

* Enhanced perception and mapping capabilities of autonomous robots through
vision-based and fusion techniques that leverage affordable sensors, including
methods for victim localization, motion tracking, and terrain elevation estimation
in unknown environments, and have validated them experimentally;

* Proposed scalable and responsive multi-robot hierarchical control frameworks that
integrate predictive optimal control and human-inspired Fuzzy Logic Control (FLC)
to achieve efficient and coordinated mapping in complex SaR settings, supported
by extensive comparative simulations and systematic analyses of parameters sen-
sitivity and design configurations;

* Enabled hierarchically structured and optimal control-theoretic coordination for
Unmanned Aerial Vehicles (UAVs) to enable autonomous wildfire suppression, in-
cluding novel Line-of-Sight (LoS) occlusion avoidance and best-viewpoint track-
ing;

* Proposed trustworthy human-in-the-loop control by integrating Explainable Ar-
tificial Intelligence (XAI) into FLC-based decision making architectures, fostering
autonomy of robots while preserving meaningful human oversight.

KEY FINDINGS

This PhD thesis has advanced the state-of-the-art in autonomous perception and con-
trol of robots, as well as in human-robot collaboration, with a particular focus on SaR.
Through an integrated sequence of methodological developments and experimental val-
idations, it has addressed critical challenges faced by autonomous robotic systems op-
erating in disaster scenarios. The core findings of the thesis collectively demonstrate
how predictive optimal control, human-inspired decision making, and vision-based per-
ception can be systematically integrated to enhance autonomy, robustness, and coordi-
nated behavior in uncertain, dynamic disaster environments, thereby addressing key
gaps in current SaR robotics research.
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* In Chapter 2, we demonstrated (i) the ability of MPC — even when not supported
by reference trajectory planners — to balance victim-focused tracking with ex-
ploratory area coverage, outperforming both purely target-oriented and coverage-
oriented baselines in terms of victim detection, mission time, and coverage effi-
ciency; and (ii) the potential of achieving systematic area exploration through pre-
dictive control, by adapting and embedding force-based pedestrian motion mod-
els — explicitly capturing motion uncertainties and their evolution — directly into
the MPC formulation.

These findings show how MPC offers a principled mechanism for integrating dy-
namic target tracking and area coverage in environments with incomplete or evolv-
ing information, achieving up to 45% higher victim detection and 29% increased
area coverage compared to methods focused purely on one objective.

» In Chapter 3, we extended this line of work to enable autonomous navigation of
robots in dynamic, obstacle-rich environments by embedding obstacle motion
models with uncertainty handling into a robust TMPC formulation. Compared
against heuristic (Artificial Potential Function (APF)) and sampling-based (Rapidly
exploring Random Tree (RRT*)) planners, our approach achieved (i) safe, time-
efficient, and collision-free navigation despite nonlinear obstacle motion; and (ii)
on average, 11% faster mission handling and 8% shorter paths, demonstrating the
superiority of predictive, optimization-based planning over heuristic or sampling-
driven alternatives.

Collectively, Chapters 2 and 3 firmly establish MPC and robust TMPC as founda-
tional tools for rigorous, real-time decision making in highly uncertain and dy-
namic SaR settings, consistently outperforming traditional approaches in both
safety and mission efficiency. Results published in these chapters highlight the
unique capability of MPC to principally unify exploration, target pursuit, and safety
into a single, constraint-aware decision making framework, moving beyond ad-
hoc or sequential planning strategies.

* In Chapter 4, we demonstrated how affordable vision sensors, fused across ground
and aerial robots, can support environment mapping, victim localization, and mo-
tion tracking in challenging, occluded settings.

In particular, (i) extensions of pose estimation based on an existing object detec-
tion algorithm, YOLO (You Only Look Once), enabled robust inference of occluded
victim positions with errors below 10%; and (ii) collaborative multi-robot fusion
significantly improved tracking accuracy and terrain mapping, reducing trajectory
deviation by 28% and terrain elevation error by over 22% compared to single-robot
sensing.

These findings illustrate how multi-modal perception and sensor fusion are capa-
ble of transforming limited onboard sensing into actionable, high-fidelity situa-
tional awareness for SaR tasks.

* In Chapter 5, we developed a hierarchical control architecture integrating local
FLC with supervisory MPC for flying robots engaged in mapping uncertain SaR
environments.



234

8. CONCLUSIONS AND FUTURE RESEARCH DIRECTIONS

This framework delivered (i) the ability to adaptively tune local FLC controllers via
supervisory MPC, preventing performance degradation, enhancing multi-robot
coordination, and improving optimality (up to 17%) over time; and (ii) compu-
tational efficiency gains (up to 68%) over centralized MPC, achieved by delegating
fast, local planning to lightweight decentralized FLC systems, while retaining near-
optimal performance through supervisory MPC oversight.

In Chapter 6, we addressed multi-UAV wildfire suppression, introducing an inte-
grated control framework bridging Task Hierarchical Control (THC) for multi-task
allocation, Path Integral Control (PIC) for trajectory optimality, and best viewpoint
planning enhanced by developing a novel LoS-based occlusion avoidance mech-
anism.

This architecture yielded (i) a 44% improvement in obstacle-free visual coverage
through proactive occlusion avoidance; and (ii) a 39% reduction in path length
for UAVs via PIC-driven trajectory optimization during coordinated suppression
missions.

Collectively, Chapters 5 and 6 establish hierarchical and multi-robot control frame-
works that systematically integrate predictive optimal control, human-inspired lo-
cal decision making, and task coordination strategies to achieve scalable, efficient
autonomy in complex SaR and disaster response scenarios.

In Chapter 7, we proposed a framework that integrates FLC-based robot autonomy
with XAI interfaces for firefighting scenarios. This chapter serves as a forward-
looking contribution, laying the groundwork for trustworthy human-robot collab-
oration and meaningful shared control in safety-critical missions.

While not yet validated in real-world settings, it establishes a principled founda-
tion and design paradigm for future empirical studies and deployment in opera-
tional disaster environments.

ANSWERS TO THE RESEARCH QUESTIONS
Building on the results from Chapters 2-7, the research questions posed in Chapter 1 are
addressed as follows:

1. How can optimal control approaches, particularly, MPC, be extended to en-
able mission planning strategies that balance the competing objectives of tar-
get tracking and area coverage in uncertain SaR environments?

Chapters 2 and 3 demonstrated that MPC can achieve this balance by embed-
ding explicit models of victim motion, search area evolution, and uncertainty
within a unified control framework.

Chapter 2 introduced a multi-objective MPC formulation that systematically

integrates target-tracking and coverage-expansion objectives, showing how control-

theoretic optimization can formalize what are often treated as heuristic trade-
offs in SaR planning.
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Chapter 3 extended this approach by incorporating robustness to dynamic, non-
linear obstacles via robust TMPC, illustrating how predictive control can explic-
itly reason about uncertainty and environmental variability while preserving
safety guarantees.

. How can optimal and human-inspired control methods be generalized to han-
dle dynamic environments involving moving targets, uncertain obstacle be-
havior, and unmodeled disturbances, while providing guarantees of robust-
ness and safety?

Chapters 3 and 5 addressed this question by developing complementary strate-
gies that combine the strengths of predictive optimal control with the flexibility
of human-inspired reasoning.

Chapter 3, in particular, introduced a robust TMPC formulation that explicitly
incorporates uncertain, nonlinear obstacle dynamics into the control problem,
enabling safe navigation with formal guarantees while maintaining efficiency
in complex, evolving environments.

Building on this, Chapter 5 proposed a hierarchical architecture coupling su-
pervisory MPC with local FLC systems. This design fused long-term optimality
of MPC with rule-based adaptability and low computational cost of FLC , al-
lowing rapid local responses to varying conditions, without sacrificing global
mission objectives.

Together, these chapters demonstrate how (robust) predictive control and human-
inspired reasoning can be systematically combined to handle uncertainty, en-
sure safety, and maintain real-time responsiveness in dynamic SaR scenarios.

. How can vision-based perception be advanced and fused across heteroge-
neous ground and aerial robots to enable scalable, cooperative mapping and
target tracking within SaR environments under limited sensing and commu-
nication constraints?

Chapters 4 and 6 tackled this research question by introducing advanced, multi-
robot perception techniques that leverage machine vision, homography, geo-
metrical relationships in 3D models of UAVs, and control-theoretic methods
for enhanced robotic perception.

On the one hand, Chapter 4 demonstrated how RGB camera-based perception
can be leveraged and fused across heterogeneous flying and ground robots to
achieve accurate victim localization, cooperative mapping, terrain elevation es-
timation, and robust target tracking under sensing limitations, extending YOLO-
based detection to infer occluded body keypoints and relative distances, using
tomography estimation, anthropometric proportions, and symmetry.

On the other hand, by deploying occlusion avoidance based on LoS and incor-
porating it into a THC framework, Chapter 6 further enhanced Field of View
(FoV) maintenance and enabled persistent situational awareness, even in clut-
tered or partially observable environments.
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These contributions demonstrate how collaborative visual sensing can com-
pensate for limited onboard capabilities and unreliable communication, offer-
ing a scalable perception framework for complex SaR missions.

. How can optimal and human-inspired control approaches be systematically

integrated into hybrid architectures to exploit their complementary strengths,
ensuring both real-time responsiveness and long-term optimality in SaR mis-
sions?

Chapter 5 addressed this question by proposing a hybrid, hierarchical control
architecture that integrates the long-term planning and constraint-handling
capabilities of supervisory MPC in the higher level, with the fast, heuristic re-
sponsiveness of FLC in the lower layer.

This integration allows the system to adaptively tune control behavior in re-
sponse to evolving mission demands and leverages the predictive power of MPC,
while maintaining the computational efficiency and reactivity of FLC.

Such a hierarchical design, where layers operate at different frequencies and
employ distinct control strategies, allows the resulting layered framework to
outperform both standalone MPC and purely heuristic approaches across mul-
tiple performance metrics, including optimality and computational efficiency.

. How can the proposed control and perception approaches be validated through

rigorous simulation and real-world experiments, and how can their perfor-
mance be benchmarked against state-of-the-art approaches under realistic
SaR scenarios?

The thesis employed a comprehensive validation strategy, combining high-fidelity
computer-based simulations with real-world experiments to benchmark the
proposed frameworks against state-of-the-art methods.

Simulated environments closely replicated important characteristics of disaster
conditions, enabling controlled comparison with heuristic, sampling-based,
and rule-based baselines.

Chapters 2 and 4 further substantiated simulation findings through physical
robot experiments in lab settings, demonstrating consistent improvements in
victim detection, tracking accuracy, and mapping fidelity.

This dual-layer validation confirms both the theoretical soundness and the prac-
tical feasibility of the proposed methods.

. How can explainable and trustworthy human-in-the-loop decision making

be integrated with autonomous SaR robotics to balance human oversight and
robot autonomy in time-critical missions?

Chapter 7 focused on this question by proposing a forward-looking framework
thatintegrates FLC-based autonomy with XAl interfaces to support human over-
sight in firefighting scenarios.
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By leveraging the transparent, linguistically interpretable structure of fuzzy rules,
combined with heuristic decision making inspired by human reasoning, the
framework enables robots to propose understandable navigation strategies that
human operators can evaluate and modify through an intuitive graphical inter-
face.

Although full real-world validation remains a future step, the framework lays
critical groundwork for achieving transparent, trustworthy collaboration in safety-
critical contexts to preserve human moral agency without undermining robotic
autonomy, which is necessary for time-sensitive SaR operations.

SOCIAL AND SCIENTIFIC IMPACT
This section outlines the social and scientific impact of the research presented in this
PhD thesis.

SOCIAL IMPACT
The social impact is related to the improvement of SaR operations, especially for low-
income countries, and firefighting operations.

Enhancing SaR Operations The control frameworks developed in Chapters 2, 3, and
5 have the potential to significantly advance SaR operations, by enabling autonomous
robot control for tasks that are impossible or hazardous for humans. This significantly
improves safety and minimizes human exposure to danger.

For instance, the hierarchical control architecture proposed in Chapter 5 allows to
reduce operational complexity and improve efficiency in joint human-robot missions.

While the initial deployment of robots may increase upfront costs, their expendabil-
ity relative to human life yields a clear net social benefit. Additionally, the proposed ap-
proaches rely on widely available sensors and affordable hardware, such as the camera-
based perception systems from Chapter 4, while Chapter 6 further reduces cost barriers
by minimizing reliance on high-bandwidth communication or heavy on-board compu-
tation.

These contributions altogether make the frameworks of this thesis also accessible for
low-income countries, which bear the brunt of natural disasters [157].

For scenarios with access to higher-end robotic platforms, the MPC-based planning
frameworks, especially the one introduced in Chapter 2, offers superior victim tracking
balanced with exploratory coverage. Meanwhile, the robust TMPC variant proposed in
Chapter 3 ensures safe navigation around dynamic obstacles, enhancing the safety and
reliability of more expensive robotic assets.

Improvement of Firefighting Operations Chapter 6 introduces a control architecture
that enables a team of UAVs to autonomously track primary fire-suppressing UAVs. These
UAVs, tasked with providing optimal viewpoints to human operators that steer the fire-
suppressing UAVs, reduce cognitive workload and improve situational awareness. This
ultimately enhances the efficiency and effectiveness of wildfire suppression operations.
Furthermore, Chapter 7 advances robot autonomy in firefighting missions by in-
tegrating explainable decision making mechanisms that make robotic behavior more



238 8. CONCLUSIONS AND FUTURE RESEARCH DIRECTIONS

transparent and trustworthy for humans. This improves human-robot collaboration by
allowing firefighters to better understand and oversee robotic actions, while reducing
their operational workload and cognitive burden in high-stress scenarios.

SCIENTIFIC IMPACT

The scientific impact of this thesis lies primarily in advancing control approaches, espe-
cially MPC (including robust and hybrid frameworks), human-in-the-loop frameworks,
and perception strategies for autonomous SaR robotics.

Impact on MPC Approaches The control approach proposed in Chapter 2 introduces
a novel application of MPC by extending its traditional role in trajectory tracking to in-
clude area coverage objectives. This integration enables a principled trade-off between
victim tracking and environment exploration through parameter tuning within the MPC
formulation. Therefore, it broadens the scope of MPC in SaR contexts.

For robust MPC, Chapter 3 presents an innovative deployment of robust TMPC for
path planning in dynamic, uncertain environments. Typically, nonlinear robust TMPC
requires two controllers: a nominal controller (which excludes uncertainty) and an an-
cillary controller (which compensates for uncertainty). Here, the nominal controller is
replaced with an MPC-based heuristic path planner that explicitly models moving ob-
stacles, while the ancillary controller addresses uncertainty. This novel pairing demon-
strates how robust TMPC can be adapted for safe, real-time planning in complex SaR
scenarios.

Impact on Hierarchical Control with Combination of FLC and MPC Chapter 5 in-
troduces a novel hierarchical control framework that integrates two distinct paradigms:
FLC and MPC. This architecture exploits the complementary strengths of both approaches.
The supervisory MPC layer enhances the heuristic decisions of FLC with predictive op-
timality and constraint handling, while the local FLC layer provides computationally ef-
ficient, fast responses for time-critical actions. By selectively triggering MPC only when
necessary, the framework reduces computational demands without compromising con-
trol quality, establishing a new synergy between rule-based reasoning and model-based
optimization.

This combination provides opportunities for improving both control approaches: On
the one hand, through a supervisory MPC, the heuristic decision of an FLC controller can
incorporate new levels of optimality; On the other hand, by allowing the regular decision
to an efficient FLC, an MPC can become less computationally expensive, since it can be
activated only when a certain event is triggered.

Impact on Human-in-the-loop Control The human-in-the-loop control framework
presented in Chapter 7 introduces a dual integration of human decision making into the
control loop. First, it allows humans to directly provide control inputs in parallel with
environmental feedback. Second, it enables operators to select among multiple actions
proposed by the controller that have been made interpretable for humans through fuzzy
rules. This approach not only improves transparency and trust in autonomous systems,
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but also empowers human oversight in safety-critical missions and ensures that robotic
autonomy remains accountable to human judgment.

Impact on Perception Approaches The perception-related contributions of this thesis
advance vision-based autonomy for resource-constrained SaR missions.

On the one hand, Chapter 4 extends YOLO to infer occluded keypoints from visible
ones. This enables robust victim localization, even under visual clutter or partial occlu-
sions. It further demonstrates novel applications of object detection in robotics, such
as for victim tracking and cooperative mapping using only affordable RGB cameras. By
incorporating homography-based image fusion and occlusion avoidance, it enables co-
operative mapping and tracking in obstacle-rich environments with limited communi-
cation and sensing. This fusion of geometric vision techniques with multi-robot coordi-
nation establishes new methods for scalable, low-cost perception in disaster scenarios.

On the other hand, Chapter 6 advances multi-robot perception through LoS-aware
viewpoint planning embedded within a THC framework to improve autonomous vi-
sual coverage for firefighting and SaR missions. The LoS-aware viewpoint coordination
mechanism that dynamically assigns UAVs to observation positions maximizes visibility
of target regions, while avoiding occlusions. This is achieved through geometric rea-
soning on LoS constraints and obstacle-aware positioning, and improves operator situ-
ational awareness and target monitoring even in cluttered, obstructed scenarios.

LIMITATIONS

This section outlines the key limitations of the research work presented in this PhD thesis
and links these limitations to directions for future work aimed at addressing the remain-
ing gaps.

First, the predictive models used in Chapter 2 for MPC-based victim tracking rely on
approximated motion patterns of SaR victims. In practice, human behavior in emergen-
cies is highly unpredictable and may deviate significantly from the modeled dynamics,
leading to reduced tracking accuracy. Similarly, the robust TMPC framework in Chap-
ter 3 assumes that obstacle motion can be approximated using predefined geometric
models, including ellipsoidal trajectories. Such trajectories, however, may not capture
arbitrary or erratic obstacle behavior that is often observed in real-world disaster sce-
narios.

Furthermore, both Chapters 2 and 3 handle uncertainty by modeling external distur-
bances as bounded disturbances. In reality, unbounded or highly variable uncertainties
may violate these assumptions, and thus undermine safety guarantees and potentially
compromise mission success in critical SaR deployments.

In Chapter 4, the proposed perception and mapping algorithms operate under the
assumption that ground and aerial robots are either manually positioned or already in
suitable locations. The chapter does not address autonomous coordination or motion
planning for these heterogeneous robots, nor does it enforce inter-robot distance con-
straints. These, however, are vital for safe and efficient cooperative operation in cluttered
disaster environments.

Chapter 5 introduces a hierarchical control approach, but omits local robot-to-robot
communication mechanisms. This limitation restricts coordination during multi-robot




240 8. CONCLUSIONS AND FUTURE RESEARCH DIRECTIONS

tasks (e.g., collaborative area coverage or formation control). Communication will also
be instrumental in failure detection or task reallocation during mission execution, so it
is a crucial aspect in multi-robot missions.

The perception-based collision avoidance strategy in Chapter 6, derived from LoS
geometrical reasoning, is limited to static obstacles. This constraint restricts the applica-
bility of the proposed approaches to ground-level hazards (e.g., trees or collapsed struc-
tures). However, multi-UAV operations in dynamic environments also require avoidance
of aerial obstacles, including other UAVs, birds, or airborne debris. Similarly, obstacles
that move on the ground (e.g., people, animals, vehicles) are common in SaR contexts,
but remain unaccounted for in the framework of Chapter 6.

Finally, the human-in-the-loop framework of Chapter 7 inherently introduces de-
lays in mission execution. While explainability and human oversight enhance safety and
trustworthiness of robots, human decision making in various cases is slower than fully
autonomous control algorithms, as it requires interpreting what is received through the
interface and deliberating on system recommendations.

FUTURE WORK
In this section, we provide recommendations for future work, related to both theory and
application.

THEORETICAL DIRECTIONS FOR FUTURE RESEARCH
This section outlines theoretical research avenues aimed at addressing the limitations
identified in this thesis.

To address the challenge of modeling victim motion, future work should focus on
data-driven motion prediction combined with frameworks that model social interac-
tions, e.g., those based on game theory. Rather than relying on predefined paramet-
ric equations, which may fail to capture realistic pedestrian behaviors, motion models
should be derived from, or enhanced by, empirical data. For victims, datasets can be col-
lected from real-world scenarios, including building evacuations, pedestrian movement
in urban areas, or post-disaster contexts. This requires large-scale, carefully designed ex-
periments that employ diverse sensors for capturing multiple behavioral indicators, as
well as interfaces (e.g., mobile apps) to regularly collect cognitive inputs and interaction
tendencies of participants. Otherwise, such interfaces should be deployed in advance es-
pecially in areas with more risks of disasters, to collect data from real catastrophic events
or pedestrians in urban contexts. Similarly, to enhance modeling obstacle motion, do-
main knowledge may be integrated with machine learning methods to precisely extract
motion patterns in real time.

The limitations related to precise modeling of disturbances and terrain uncertainties
mainly affect ground robots. While integrating domain knowledge and machine learn-
ing, as suggested earlier, is a promising avenue for enhancing such models, a practical
solution is to avoid or reduce ground traversal by deploying flying robots. Although this
extension eliminates challenges related to terrain-induced disturbances and helps to ac-
celerate the mission execution, it introduces new challenges. A main one includes the
need to remodel victim-safe zones from 2D into evolving 3D volumetric envelopes to
prevent collisions with UAVs. For example, obstacle avoidance constraints should en-
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sure that UAVs avoid unwanted contact with the head or raised arms of victims. Inte-
grating safe set formulations with the LoS-based collision avoidance introduced in this
thesis will allow to define repulsive constraints, while maintaining attractive forces to-
ward search areas.

Finally, MPC-based trajectory generation may be integrated within the THC frame-
work proposed in Chapter 6 to replace or complement the existing PIC-based plan-
ner. Additionally, incorporating the robust robust TMPC-based tracking approach from
Chapter 3 enables safe navigation under bounded uncertainties. When further enhanced
by learning-based motion models, MPC-driven planning, and LoS-based collision avoid-
ance, the resulting THC framework yields robustness and generality, allowing SaR robots
to safely operate in highly dynamic, cluttered, and uncertain environments.

APPLIED DIRECTIONS FOR FUTURE RESEARCH
This section discusses future work focused on practical applications.

While the control and perception methods developed in this thesis are tailored for
SaR missions, their underlying principles and control frameworks have broad applica-
bility across multiple other domains, including:

* Environmental monitoring and conservation: The multi-robot coordination, ro-
bust path planning, and active perception methodologies introduced in this thesis
can be employed for tasks such as wildlife monitoring, habitat mapping, or pollu-
tion detection. In such applications, autonomous robots should navigate complex
terrains and dynamically changing environments, while maintaining sensor visi-
bility and avoiding obstacles.

e Agricultural automation: The hierarchical control framework that synergizes MPC
and FLC can enhance precision farming operations, including crop monitoring,
pest detection, and targeted spraying. This can be achieved by enabling UAVs and
ground vehicles to cooperatively cover large fields in efficient and safe ways, while
adapting to dynamic obstacles, e.g., farm workers and animals.

* Industrial inspection and maintenance: Autonomous aerial and ground robots
equipped with the proposed perception and control strategies are suited for in-
specting critical infrastructure (e.g., pipelines, power lines, large ships, industrial
plants). Such robots should provide coordinated viewpoints from detection scenes
and simultaneously adapt their trajectories to avoid obstacles or hazards.

e Security and surveillance: Coordinated teams of aerial and ground robots may de-
ploy the trajectory planning and collision avoidance methods introduced in this
thesis to perform perimeter patrols, crowd monitoring, or search operations in
both urban and industrial settings. Such robots will further benefit from active
perception and robust navigation methods developed in this thesis, especially when
they operate in cluttered and dynamic environments.

* Disaster response beyond SaR: The frameworks may also support tasks, e.g., post-
disaster infrastructure assessment, hazardous material monitoring, and environ-
mental sampling, where autonomous coordination and adaptive responsiveness
under uncertain conditions are crucial.
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° Smart cities and urban management: Coordinated teams of robots can be de-
ployed for traffic monitoring, infrastructure maintenance (e.g., inspecting bridges
or road conditions), waste management, or emergency evacuation guidance, us-
ing the proposed control and perception frameworks to navigate complex urban
landscapes safely and efficiently.

In all these applications, the integration of human-in-the-loop decision making, trans-
parency through explainable autonomy, and scalable multi-robot coordination provides
significant advantages and enables efficient and trustworthy deployment of robotic sys-
tems in diverse, real-world scenarios.
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APPENDICES

A. THEORETICAL BASICS OF MODEL PREDICTIVE CONTROL

Model Predictive Control (MPC) is an optimal control technique in which the control ac-
tions are computed to minimize a cost function over a receding horizon for a dynamical
system subject to constraints.

At each time step, the MPC controller receives or estimates the current state of the
system. It then computes the sequence of control actions that minimizes the cost over
the horizon by solving a constrained optimization problem that uses an internal system
model. The controller then applies to the system only the first computed control action.
In the following time step the process is repeated.

We consider a system, in general nonlinear:

x(k+1) = fx(k), u(k)) M
y(k) = hx (k) )

MPC minimize the following cost function Jy subject to constraints:

min J (%(6), (k) ®
st x(k+1) = fx(k), u(k) @
(k) = h(x (k) ®)
ii(k) e U 6)
X eX Q]
x(N) € X ¢ ®)

where N is the prediction horizon, the symbol ~ is used with a variable to show the se-
quence of that variable within the prediction horizon, so that X is the state sequence with
states for k from 1 to N, # is the control input sequence with control inputs for k from
0,1to N-1,and U, X and X rare the constraint set for the control input sequence, state
sequence and terminal state, respectively.

After that, the first element of (k) is the control action injected to the system, and
then the optimal control problem is repeated.

B. THEORETICAL BASICS OF ROBUST TUBE-BASED MODEL PRE
DICTIVE CONTROL

In Robust Tube-based Model Predictive Control (robust TMPC), an optimal control prob-
lem is solved for systems under constraints and, differently from conventional MPC, with
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uncertainties. The controlled system can be both linear and nonlinear, therefore here we
consider the more general nonlinear case. The uncertain system to be controlled is de-
scribed by a nonlinear difference equation with an additive bounded disturbance:

x(k+1) = f(x(k), u(k) + w(k) )

where x(k) € X and u(k) € U are the state and control input, respectively, with X and U
the state and control admissible sets, and w(k) € W is the disturbance, with W specifying
bounds on the uncertainty.

The nominal system is described by:

z(k+1) = f(z(k), v(k) (10)

where z(k) € Z and v(k) € V are the nominal state and control input, respectively, with
ZcXandVcU.

In robust TMPC, firstly we determine a nominal controller to generate a central nom-
inal trajectory, and secondly we determine an ancillary controller that keeps the state of
the uncertain system close to the nominal trajectory, where due to the disturbance the
real trajectory lies in a region called fube, that includes the nominal trajectory and satis-
fies all state and control constraints for every admissible disturbance sequence.

Therefore, the nominal optimal control problem is solved in the absence of distur-
bances and is the following:

TR (z(k)) = Hﬁl(}cr)l]}bom(i(k), v (k) (11
v* (k) € argmin J"™ (2(k), #(k)) (12)
v (k)

where N is the prediction horizon, the symbol ~ is used with a variable to show the se-
quence of that variable within the prediction horizon, so that Z(k) is the state sequence
with states for k from 1 to N, #(k) is the control input sequence with control inputs for k
from 0,1 to N—1, and /"™ is the nominal cost function.

After that, the ancillary optimal control problem is solved to minimize the cost of the
deviation between the trajectories of the two systems, uncertain and nominal, as follows:

J3< (% (k), (k) = Ip(ikl)lfanc(i(k) —z(k), a(k) — v (k) (13)
u

where J4/'° is the ancillary cost function. This optimization problem generates the con-
trol input:
i* (k) € argmin J*"°(%(k) — Z(k), a(k) — #(k)) (14)
(k)
The first element of the ancillary control input #* (k) will be added to the nominal
input v(k) to control system (9).
For further information, see [217].
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INTEGRATED MODEL PREDICTIVE AND HUMAN-INSPIRED

10.

CONTROL FOR SEARCH-AND-RESCUE ROBOTICS
PERCEPTION, PLANNING, AND MAPPING

by
Mirko BAGLIONI

Model predictive controllers should rely on either simplified models or sub-
stantial computational resources to be deployed in real life (This thesis, Chap-
ters 2, 3, 5 and 6).

Robust control is essential for handling real-world uncertainties, but it can solve
only specific problems because robustness can only be guaranteed within cer-
tain bounds (This thesis, Chapters 2 and 3).

Heterogeneity in teams of robots is a benefit for achieving complex tasks, just
as diversity enhances collaboration in human teams (This thesis, Chapter 4).

Combining both intelligent and classical control approaches will improve such
control approaches by exploiting the benefits of both (This thesis, Chapter 5).

In the future, robots will substitute humans in many dangerous jobs, therefore
safety of workers such as search-and-rescue crews will be improved.

Reproducing the same results from research papers that involve complex algo-
rithms with several parameters is unlikely without access to source code.

Supervising MSc students by a PhD candidate during their PhD journey should
be recommended since it allows the development of management, leadership
and mentoring skills.

Given the proficiency of Dutch people in English, learning Dutch by foreigners
is important for other reasons than communication, similarly to learning an
ancient language such as Latin.

Regarding sustainability, big organizations and companies can contribute with
a more significant overall impact compared to the contribution of a single indi-
vidual.

We should accept and appreciate the good results that we achieve in a lim-
ited time, even if they are not excellent and it would require unlimited time
to achieve them.

These propositions are regarded as opposable and defendable, and have been approved
as such by the promotor Prof.dr.ir. J. Hellendoorn and copromotor Dr. A. Jamshidnejad.






	cover_front
	PhD_thesis
	Summary
	Samenvatting
	List of Acronyms
	Introduction
	MPC for Combined Target Tracking and Area Coverage in Path Planning
	Introduction
	Background

	Proposed Methodologies
	Problem Statement
	MPC for Combined Dynamic Target Chasing and Area Coverage

	Case Study
	Setup
	Comparison
	Results
	Discussion

	Conclusions and Future Topics

	Enabling Robots to Search Dynamic Cluttered Environments
	Introduction
	Main Contributions and Road Map of the Chapter
	Background Discussion
	Problem Statement and Assumptions
	Bi-level Control Architecture for Autonomous  Safe Searching of Dynamic Cluttered Areas
	Motion Planning System: Heuristic Planning
	Optimal Motion Tracking System: Robust Tube-based MPC

	Case Study
	Simulation Results
	Discussion of the Results
	Conclusions and Topics for Future Research

	Camera-based Mapping via Flying and Ground Robots
	Introduction
	Motivations
	Background
	Main Contributions and Structure of the Chapter

	Proposed methods
	Pose Estimation
	Victim Localization
	Victim Tracking
	Terrain Elevation Map

	Case Studies
	Setup of the Experiments
	Experiments for Distance Estimation via Ground Images
	Experiments for Tracking a Moving Object
	Experiments for Estimation of the Ground Elevation
	Results and Discussions

	Conclusions and Future Research

	M2PFC: Multi-agent Model-Predictive Fuzzy logic Control
	Introduction
	Motivations
	Main Contributions and Structure of the Chapter

	Background
	Multi-agent Control Architectures
	Optimisation-based Control Strategies
	Intelligent Control Strategies
	Hierarchical and Hybrid Architectures

	Proposed Multi-agent Control Architecture:  M2PFC
	Problem Statement
	Modelling the SaR Environment
	Modelling Dynamics of SaR Robots
	Adaptive, Time-efficient Strategy of M2PFC
	Stability of M2PFC

	Case Study
	Case Study Assumptions
	Comparison Approaches and Mechanisms
	Coarsening of the Environment Matrices
	MPC-based Controllers
	Local FLC controllers
	Setup

	Results and Discussions
	Results for M2PFC Performance Analysis
	Results for M2PFC Sensitivity Analysis
	Results for M2PFC Design Exploration
	Discussion of Results for M2PFC Performance Analysis
	Discussion of Results for M2PFC Sensitivity Analysis
	Discussion of Results for M2PFC Design Exploration

	Conclusion and Recommendations for Future Work
	Appendix: Frequently Used Mathematical Notations
	Appendix: Algorithms
	Appendix: Example Simulations
	Appendix: Scenarios

	Task Hierarchical Control for Multi-UAV Coordination and Support
	Introduction
	Background
	Task Hierarchical Control (THC)
	Path Integral Control (PIC)
	Active Sensing and Best Viewpoints Approach
	Line-of-sight (LoS) Obstacle Avoidance
	UAVs for Wildfire Suppression

	Problem Statement
	Proposed Methodologies
	Autonomous Control of Auxiliary UAVs
	Action 1: Determining the Next Waypoints
	Action 2: Executing Prioritized Tasks Using THC
	Action 3: Localizing the Fire and the Main UAV
	Theorem: LoS Occlusion Avoidance

	Simulations and Results
	Setup
	Simulation Results

	Discussion of the Results
	Conclusions and Topics for Future Research

	Fuzzy Logic and Explainable AI for Human-Robot Collaboration
	Introduction
	Background
	Human-robot Teamwork for Firefighting
	Situational Awareness
	Meaningful Human Control
	Decision Making with Human-in-the-loop
	Fuzzy Logic Control

	Proposed Approach
	Foundation
	Specification
	Evaluation

	Discussions
	Advantages of our Approach
	Limitations of our Approach
	Future Work
	Conclusions


	Conclusions and Future Research Directions
	Appendices
	A. Theoretical Basics of Model Predictive Control
	B. Theoretical Basics of Robust Tube-based Model Predictive Control

	Acknowledgements
	Curriculum Vitæ
	List of Publications

	cover_back



