
University of Genoa

DRIM
Ph.D. Program of National Interest in Robotics and Intelligent Machines

Administrative Headquarters: Università di Genova

Towards Fully Autonomous Inspection with
Quadruped Robots in Unstructured and

Safety-Critical Environments
by

Zoe Betta

Thesis submitted for the degree of Doctor of Philosophy (38◦ cycle)
December 2025

Antonio Sgorbissa Supervisor and Head of the PhD program
Carmine Tommaso Recchiuto Supervisor

Thesis Jury:
Vincent Frémont, Ecole Centrale de Nantes External examiner
Nak Young Chong, Japan Advanced Institute of Science and Technology External examiner
Emanuele Menegatti, University of Padua Internal examiner

Dipartimento di Informatica, Bioingegneria, Robotica e Ingegneria dei Sistemi



Declaration

I hereby declare that except where specific reference is made to the work of others, the
contents of this dissertation are original and have not been submitted in whole or in part
for consideration for any other degree or qualification in this, or any other university. This
dissertation is my own work and contains nothing which is the outcome of work done in
collaboration with others, except as specified in the text and Acknowledgements. This
dissertation contains fewer than 65,000 words including appendices, bibliography, footnotes,
tables and equations and has fewer than 150 figures.

Zoe Betta
August 2026



Acknowledgements

I am deeply grateful to my supervisor, Professor Sgorbissa, for their guidance, encouragement,
and creativity throughout this research journey. I would also like to thank my co-supervisor,
Professor Carmine Recchiuto, for their support and constructive feedback.

I would like to extend my sincere appreciation to the organizations and institutions with
which I had the privilege of collaborating during this project.

I am particularly grateful to Dr. Robin Murphy for hosting me during my visiting period at
Texas A&M University and for generously sharing her extensive experience in the real-world
deployment of search-and-rescue robots, as well as the challenges associated with their use
in emergency response scenarios.

I would like to thank all the staff of ANPAS (National Association of Public Assistance),
the Civil Protection Department of the Umbria Region, and the Foligno Fire Brigade for their
expertise, patience, and willingness to work with us in designing a feasible application. Their
concerns, feedback, and insights were invaluable to this research.

I am also grateful to the Port Authority of Genoa for facilitating interactions with the
various port terminals and for providing us with this opportunity. My sincere thanks also
go to Terminal IMT, Terminal C. Steinweg - GMT S.r.l., and Terminal Rinfuse Genova for
welcoming us and our robotic platforms, and for sharing their knowledge of the operational
challenges within their environments.

Finally, I would like to thank Manolis Chiou, Tianshu Ruan, and Georgios Tzoumas for
their expertise, collaboration, and the opportunity to contribute to the collection and analysis
of insights from first responders around the world.



Abstract

Inspection operations in industrial and search-and-rescue (SAR) environments often expose
workers to hazardous conditions, including unstable terrain, confined spaces, and partially
inaccessible areas. In this context, autonomous robotic systems represent a promising solution
for reducing human exposure to risk while increasing operational efficiency. Among mobile
robotic platforms, quadruped robots offer significant advantages due to their mobility and
ability to operate in complex and unstructured environments.

This thesis investigates the problem of autonomous inspection using quadruped robots in
hazardous industrial and emergency scenarios. The work begins with a stakeholder-driven
analysis involving first responders and industrial operators, with the objective of identifying
operational requirements, expectations, and potential robotic applications for inspection tasks.
Based on the collected requirements, the research focuses on the development of autonomous
exploration and feature detection strategies for inspection-oriented missions.

To support autonomous inspection in multi-floor environments, the thesis proposes an
exploration strategy aimed at maximizing environmental coverage under time constraints
while accounting for the costs and risks associated with traversing different floors. In parallel,
a probabilistic feature detection and localization framework is introduced to support the
identification of relevant environmental features in inspection and SAR scenarios. The
proposed method prioritizes robust and operationally meaningful detections over highly
precise localization, reflecting the practical needs of first responders operating in time-critical
conditions.

The thesis further investigates the integration of autonomous exploration and seman-
tic feature detection, evaluating the influence of different exploration strategies on both
environmental coverage and detection performance. The results demonstrate that explo-
ration policies can significantly affect explored area coverage while maintaining comparable
detection effectiveness.

To address more realistic operational conditions, the work proposes scenarios involving
uneven terrain, dynamic obstacles, and task-level planning constraints. In particular, the
thesis introduces a navigation framework that accounts for terrain slope and robot safety



iv

during path planning, as well as an emotionally modulated local planner for navigation in
dynamic environments. Finally, a PDDL-based planning framework is proposed to support
inspection tasks in multi-floor emergency scenarios involving blocking obstacles and task
coordination requirements.

The proposed approaches are validated through extensive simulation experiments and
real-world testing with the Spot robot. Overall, the results demonstrate the feasibility
of autonomous inspection using quadruped robots under realistic operational constraints,
including limited time, partial observability, uneven terrain, dynamic obstacles, and high-
level planning requirements. Collectively, this thesis contributes toward the development
of autonomous quadruped robotic systems capable of supporting inspection operations in
safety-critical real-world environments.
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Chapter 1

Introduction

1.1 Problem statement

Inspection operations are essential in several application domains, including industrial
maintenance, infrastructure monitoring, [117] and search-and-rescue (SAR) missions [143].
These activities often require operators to work in hazardous, inaccessible, or unstable
environments, exposing personnel to significant safety risks. Industrial inspection scenarios
may involve confined spaces, elevated structures, toxic substances, or damaged facilities.
For example, [52] details a solution in which the Spot robot is deployed to inspect the
small tunnels of the Paris metropolitan system. In this case, the robot has to traverse small
tunnels to detect structural and thermal anomalies; the use of a mobile robot ensures that
operators are not directly exposed to risks. On the other hand, SAR environments are
frequently characterized by debris, uneven terrain, reduced visibility, and uncertain structural
conditions [145]. As a result, improving worker safety during inspection tasks has become
an increasingly important research topic in robotics and autonomous systems.

The growing demand for frequent and reliable inspection procedures has further increased
interest in robotic solutions capable of operating remotely in dangerous environments. By
increasing the physical distance between human operators and hazardous sites, robotic
inspection systems can reduce direct human exposure to risk. Furthermore, autonomous
robotic systems can enhance operational efficiency by performing tasks alongside trained
personnel, enabling human workers to focus on higher-level decision-making and specialized
interventions.

In inspection scenarios mobility is crucial, and depending on the environment, different
robotic platforms have been deployed. Crawling robots, [6] have been deployed when the
robot has to traverse very small passages. Wheeled robots [190], even if frequently deployed,
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pose some challenges when the environment is not flat, and there is a need to move on top of
obstacles. Unmanned Aerial Vehicles (UAV) [144], instead, provide very fast coverage of
areas, but are limited by the current regulations in several environments, are not adequate for
indoor environments, and require distance to humans. Among the various mobile robotic
platforms, quadruped robots have emerged as a promising solution for inspection applications
due to their advanced mobility capabilities. Unlike wheeled robots, quadruped platforms
can traverse uneven terrain, climb obstacles, and operate in unstructured environments that
are commonly encountered in industrial and SAR scenarios. Their locomotion capabilities
enable deployment in areas that may be inaccessible to traditional robotic systems, making
them particularly suitable for inspection tasks in complex real-world environments.

Despite recent advances in autonomous robotics, enabling quadruped robots to per-
form fully autonomous inspection missions remains a significant challenge. Inspection
tasks require more than simple navigation through an environment. A robotic system must
autonomously explore unknown areas while simultaneously detecting, localizing, and record-
ing relevant environmental features or points of interest. This requires the integration of
autonomous exploration, perception, localization, and environment understanding under
uncertain operating conditions.

Existing research on autonomous exploration has primarily focused on generic explo-
ration tasks, often limited to structured indoor environments or single-floor scenarios. Many
approaches prioritize coverage of unknown areas without considering the specific require-
ments of inspection missions. In addition, current exploration strategies are frequently not
optimized for operational constraints such as limited mission duration. As a result, exist-
ing systems may successfully explore an environment while failing to provide meaningful
support for real-world inspection workflows. Similarly, in vision-based systems for feature
detection, the primary focus is often on precise spatial localization rather than on maximizing
the probability of correctly detecting the presence of relevant features or objects in the
environment. More importantly, in literature, it is not mentioned the advantage of knowing
that an area is correctly identified as empty is not mentioned, an important requirement for
SAR scenarios, where First Responders (FRs) can safely ignore empty areas.

Therefore, there remains a need for autonomous robotic systems capable of performing
inspection-oriented exploration in hazardous and unstructured environments. In particular,
further research is required to enable quadruped robots to autonomously navigate unknown
environments while detecting and localizing inspection-relevant features in a manner that
supports both industrial inspection and SAR operations.
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1.2 Research Objectives

This work focuses on the development of strategies to enhance inspection processes in
both industrial settings and challenging, unpredictable environments such as post-disaster
scenarios. Given the specialized nature of these applications and the need for close interaction
with domain experts and field operators, the first stage of this research involved identifying
the operational needs and requirements of each application through direct collaboration with
practitioners.

Interviews with field operators revealed that autonomous exploration combined with envi-
ronmental information acquisition is a fundamental requirement in both SAR and industrial
inspection scenarios. In particular, a critical capability in these contexts is the detection and
spatial localization of relevant environmental features during operation.

The first objective of this research is to design an efficient exploration strategy for multi-
floor buildings and to analyze how different system parameters influence the coverage and
efficiency of the exploration process. The second objective is to develop a vision-based
approach capable of robustly localizing relevant features in 3D space during autonomous
exploration.

To address these objectives, we propose a framework based on a layered probabilistic
grid-based semantic map that is incrementally updated as new detections are acquired. The
proposed mapping system enables the fusion of spatially consistent observations while
increasing confidence through repeated detections over time.

During the development of the proposed framework, several challenges and potential
improvements emerged. Traditionally, robotic navigation is divided into two main compo-
nents: global navigation and local navigation. Global navigation assumes knowledge of the
environment map and computes an optimal path toward a target location. Local navigation, by
contrast, focuses on the robot’s immediate surroundings and is responsible for path following
and obstacle avoidance.

Conventional global navigation approaches often model the environment as a two-
dimensional space and do not explicitly account for terrain traversability. To address this
limitation, this thesis, in the third objective, investigates a navigation strategy capable of
considering hazardous slopes and non-traversable areas during path planning.

Local navigation methods must ensure progress toward the assigned goal while maintain-
ing safe distances from static and dynamic obstacles, such as moving people. In unpredictable
environments, robots may become trapped, fail to reach their target, or exhibit unsafe behav-
iors leading to collisions. To mitigate these issues, this research explores a local navigation
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strategy based on Artificial Potential Fields (APF) modulated through an emotion-inspired
mechanism aimed at improving the robot’s survivability and adaptability in uncertain con-
ditions. Objective four is to evaluate whether emotion-inspired modulation can effectively
influence the behavior of a non-social robot, enabling safer and more robust navigation in
dynamic and unpredictable environments.

Finally, the analysis of tasks identified in collaboration with field operators showed
that autonomous exploration and spatial feature detection represent only part of the overall
operational requirements. In realistic scenarios, multiple tasks may need to be coordinated
and executed simultaneously. Even during simple exploration, a quadruped robot may
encounter a closed door or an obstacle blocking its path that can be removed by planning
appropriate actions, for example, using an external robotic arm to operate the door handle
and push the door open. For this reason, this thesis, objective five, also investigates whether a
classical planning-domain formulation can adequately model and manage complex, dynamic,
and unpredictable environments such as those encountered in SAR operations.

1.3 Thesis structure

This thesis is divided into two main parts. Part I presents the core contributions of the thesis,
focusing on the proposed methodology for collecting the requirements of specialized workers
and designing autonomous robotic inspection strategies tailored to their operational needs.
Part II, instead, presents additional contributions aimed at extending and improving the
proposed approaches by considering more challenging and unstructured environments.

Part I begins with Chapter 2, which reviews the state of the art in robotic inspection
applications, with particular focus on autonomous exploration, feature detection, semantic
mapping, and localization techniques relevant to industrial and SAR scenarios.

Chapter 3 presents the analysis of stakeholders’ requirements, perceptions, and opera-
tional needs regarding the use of robotic systems for inspection tasks in partially structured
environments. In particular, this chapter details the methodology adopted for collecting
feedback from specialized workers and discusses the resulting operational requirements that
guided the development of the proposed robotic solutions.

Based on the requirements identified through stakeholder analysis, Chapter 4 introduces
an autonomous exploration strategy specifically designed for multi-floor buildings (objective
1). The proposed approach focuses on maximizing environment coverage within a limited
mission time while accounting for the costs and risks associated with traversing different
floors.
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Chapter 5 proposes a strategy for the detection and localization of relevant environmental
features (objective 2). The approach is based on probabilistic representations of the environ-
ment and integrates information from multiple detections to improve robustness. In particular,
the strategy prioritizes reliable approximate localization over highly precise but potentially
less robust detections, reflecting the practical requirements of inspection and SAR operations.

Finally, Chapter 6 presents the integration of autonomous exploration and feature de-
tection within a unified inspection framework. The proposed system is evaluated in rep-
resentative application scenarios, analysing the interaction between exploration strategies,
environmental coverage, and detection performance.

Part II begins with Chapter 7, which reviews relevant literature in robotic navigation,
traversability analysis, local path planning, and symbolic task planning for autonomous
robotic systems operating in complex environments.

Chapter 8 introduces a navigation framework for environments containing slopes and
uneven terrain (objective 3). The proposed approach explicitly accounts for robot safety
constraints and traversability considerations in the path-planning process, with the objective
of improving navigation robustness in challenging conditions.

Chapter 9 presents an emotionally modulated local path-planning strategy based on APF.
The chapter analyses the influence of different emotional states on navigation behaviour and
evaluates the proposed method in the presence of dynamic obstacles (objective 4).

Chapter 10 proposes a Planning Domain Definition Language (PDDL) domain designed
according to the operational requirements identified from FR (objective 5). The chapter
demonstrates the feasibility of symbolic task planning for robotic inspection missions in
realistic multi-floor emergency scenarios through extensive simulation experiments.

Finally, Chapter 11 concludes the thesis by summarizing the main contributions, dis-
cussing the limitations of the proposed approaches, and outlining possible directions for
future work.

1.4 Contributions and publications

Robotic inspection refers to the deployment of autonomous or semi-autonomous robotic
systems to systematically examine environments, infrastructure, or objects in order to detect
anomalies and collect data. These tasks require several core components of a robotic
framework to operate together. Robots must be able to navigate safely in environments with
a strong human presence while simultaneously collecting various types of data or performing
specific tasks that improve access to relevant information.
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Given the specific requirements of each application, the first step in developing an inspec-
tion framework was to gather insights from workers by collecting their needs and expectations.
In particular, we aimed to obtain a comprehensive list of the tasks that humans—and, in the
future, robots—must perform during inspection activities. I was responsible for designing a
semi-structured interview protocol, conducting the interviews, and analyzing the resulting
data. Using a similar procedure, we interviewed both FRs regarding inspection tasks in
SAR environments, as well as harbor workers, to capture a more industrial perspective
on inspections specific to harbor operations. The results from the interview with FR are
published in [18], while the results from the interviews with FR have been presented as a
Work in Progress to UR2025, [17]. I also had the opportunity to collaborate on the design
and administration of a questionnaire aimed at collecting insights into the role of semantic
information in emergency scenarios; the results are published in the following [165].

After conducting these interviews, I focused on developing the core capability compo-
nents required for autonomous inspections. In particular, I was responsible for the design,
experimental procedures, and analysis of the results for the following components:

• Autonomous Exploration

After a building evacuation, it cannot be assumed that the map of the building is known;
some areas may be inaccessible due to closed doors or fallen debris. Similarly, in
industrial environments, the map is not always fully known a priori. Materials can be
moved, causing areas to appear different—particularly in harbor environments, where
containers are moved daily, continuously changing the surroundings. For this reason,
an autonomous exploration algorithm is required. In particular, a system that can
account for multiple floors and support different exploration strategies based on the
specific requirements is needed. The results have been published in [22].

• Probabilistic Semantic mapping

While moving through the environment, the robot must recognize and localize relevant
features. We propose a probabilistic semantic mapping algorithm that uses computer
vision to detect features relevant to SAR environments and localize them, while
accounting for the increased confidence afforded by multiple detections. The results
are presented in [23].

• Integration of autonomous exploration and semantic mapping

We integrated the autonomous exploration algorithm with the probabilistic seman-
tic mapping framework to study the feasibility of the approach. In particular, the
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performance of the semantic mapping was evaluated by comparing it with different
exploration behaviors. This work has been submitted to the Journal of Field Robotics,
and is currently under review (major revision submitted) [21].

During my visiting period at Texas A&M, at Robin Murphy’s Laboratory, I had the
opportunity to work on the task of autonomous navigation in the presence of unpredictable
environments. During an inspection task, especially in the context of SAR, the environment
is not known, and people are frantically moving around, not considering the presence of the
robot. For this reason, we focused on the development of a robust and safe local navigation
algorithm in SAR contexts.

• Robust navigation in unpredictable environments

When navigating in unknown environments, classical navigation algorithms may be
insufficient, especially in the presence of dynamic obstacles. Inspired by the survival
function of emotions, we developed a local navigation algorithm based on Emotionally
Modulated Artificial Potential Fields (EMAPF). This algorithm enables the robot to
move toward a goal without relying on a previously known map while reacting to
dynamic obstacles. The results have been accepted to the Simulation of Adaptive
Behavior 2026 conference [20].

Additionally, I had the opportunity to collaborate with several Master’s thesis students
who worked on developing other core capability components. I was responsible for collabo-
rating with them on the design of the applications, supporting them during the experimental
phases, and contributing to the preparation and presentation of the work for publication for
the following components:

• Slope-aware navigation

While navigating the environment, the robot may encounter steep slopes that could
lead to malfunctions. Traditional navigation algorithms typically assume flat terrain
and full traversability. By collecting information from the Light Detection and Ranging
(LiDAR) sensor and representing it in an elevation map, we developed a planner that
enables the robot to maintain safe slope levels while traveling toward the desired goal.
This has been published in [210].

• Planning system for SAR scenarios

As mentioned earlier, inspection tasks generally consist of multiple sub-tasks that
must be coordinated. We propose a PDDL-based framework to fully simulate a SAR
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scenario. The goal was to evaluate the performance and limitations of the planning
framework in a SAR environment with multiple requirements. This is under review
(major revision) for Robotics and Autonomous Systems [19].

Finally, I assisted my colleague with experiments for his work, which aimed to improve
inspection tasks through immersive teleoperation rather than autonomous capabilities. From
this collaboration, we have one work published [209] and one under review for Transportation
Research Interdisciplinary Perspectives [211].



Part I

Autonomous Exploration and Semantic
Mapping for Inspection



Chapter 2

Related Works

This chapter presents an analysis of the literature relevant to the first part of this thesis. It
begins with a review of robotic inspection applications in both industrial and emergency-
response scenarios. The chapter then examines existing approaches for assessing stakeholders’
perceptions and acceptance of robotic solutions. Subsequently, the literature on autonomous
exploration in hazardous environments is reviewed. Next, works addressing the detection
and localization of environmental features are discussed, focusing on both the proposed
methodologies and the metrics used for their evaluation. Finally, a structured review of
studies that integrate autonomous exploration and feature detection within SAR contexts is
presented.

2.1 Robotic Inspection

In Italy, 590,215 occupational injuries were reported in 2023, including 1,147 fatal cases [1].
To reduce the consequences of workplace accidents, research efforts have increasingly
focused on robotic systems for autonomous infrastructure inspection [63, 207]. Various
robotic platforms have been adopted for industrial inspection tasks, including wheeled robots,
aerial drones, legged systems, and purpose-built devices. Certain robotic solutions are highly
application-specific—for instance, those developed for pipe inspection [101, 148]—and
are therefore not easily transferable to other contexts. Wheeled robots and aerial robots
face significant limitations in their range of application, specifically requiring quasi-flat
terrain and open aerial spaces that are free from people and obstacles. Quadruped robots, in
contrast, are frequently highlighted for their versatility, terrain adaptability, and locomotion
capabilities [182, 151]. As an example, the Spot robot was deployed in 2022 at Austria’s
largest power plant to improve operational safety [2], autonomously patrolling predefined
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routes and reporting detected anomalies. Similarly, the Spot robot is used in the metro
network of Paris to inspect hard-to-reach tunnels, evaluating the presence of cracks or
structural damages [52].

While robotic inspection in civil environments has expanded in recent years, other
domains have not been equally considered. This work, following the PNRR RAISE project
in which I was involved, explores harbor settings—particularly landside ground operations—
that remain relatively underexplored. Lattanzi et al. [117] provide a survey of inspection
applications in domains such as buildings, bridges, and tunnels, yet harbors are not explicitly
addressed. Other studies, such as those by Choi et al. [37] and Tani et al. [185], focus on
underwater robotic systems for inspecting submerged port infrastructure. Santos et al. [173]
propose a cooperative inspection approach involving drones and underwater robots, in which
drones autonomously land on a surface vehicle after completing their tasks.

2.1.1 Search and Rescue applications

A subcategory of inspection concerns post-disaster scenarios, particularly in the context of
SAR operations. Compared to industrial applications, these environments are significantly
more challenging, as they involve higher uncertainty, dynamic conditions, and stricter
operational requirements.

After a catastrophe such as an earthquake or fire, there is an urgent need to respond
quickly and effectively due to the hazardous conditions faced by those affected. Tragically,
many lives are often lost during rescue operations because of the limited time available to
act, leaving individuals trapped or without sufficient time to escape the disaster. For example,
Ritchie et al. [159] reports that in the last 10 years on average, 40,000 to 50,000 people die
each year from natural disasters. On the other side, rescuers themselves are often affected by
unpredictable events that occur during rescue operations. For instance, according to [150],
232 fire and rescue workers in the U.S. suffered fatal work injuries between 2011 and 2015.

Emergency scenarios are typically characterized by uneven, unfamiliar terrain and nu-
merous uncontrollable obstacles that can impede escape or directly endanger lives. While
professionals, such as firefighters, respond as quickly as possible, their primary priority is en-
suring their own safety before initiating rescue operations. This, coupled with the difficulty of
locating victims, underscores the importance of prioritizing the rescue of survivors. However,
this is not always straightforward, as identifying and reaching survivors can be challenging,
particularly if they are trapped under debris or severely injured. Therefore, despite the best
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efforts of rescuers, additional technological tools–such as robots–are essential to enhance
performance and reduce the number of fatalities and injuries.

In these tasks, robots can be either teleoperated [132] or autonomous [126]. In both
cases, robots must prioritize human safety, ensuring that their actions do not introduce
additional risks to people [43]. Teleoperated robots rely on reliable communication between
the controller and the robot to efficiently transmit commands and information[196]. However,
this can introduce latency, which may be mitigated by placing the operator closer to the
robot; however, such proximity poses safety risks for the operator. Autonomous robots
have the advantage of not relying on a communication link with operators but have more
demanding requirements in terms of onboard capabilities, including artificial intelligence
(AI) and machine learning (ML) algorithms for data processing and planning [180].

Either teleoperated or autonomous, different types of robots are suited to various en-
vironments and conditions. One category is underwater robots, which have been used to
find drowned victims after the 2011 Tohoku Earthquake and Tsunami [91]. The demand for
robots in such situations is high due to extreme conditions, including low temperatures and
poor visibility.

Another type of robot used in SAR situations is aerial robots, also known as UAVs, ‘aerial
drones,’ or simply ‘drones’ [129]. Among these, quadcopters are the most well-known for
SAR operations, equipped with various sensors that enable them to efficiently cover large
areas, albeit with limitations due to battery constraints. Thanks to their ability to fly, drones
can rapidly survey vast regions, making them particularly useful for SAR operations in large
outdoor environments. An example is the use of drones to detect and localize victims of
avalanches proposed by Mimmo et al. [139].

The last category of robots used in SAR operations are Unmanned Ground Vehicles
(UGVs), or simply ‘ground robots’. While they are generally slower than drones, UGVs are
better suited for indoor environments where precise navigation in confined spaces is essential.
Due to their larger battery capacity, UGVs can operate for extended periods without needing
recharges, which makes them ideal for long-duration missions. Moreover, ground robots
can be equipped with a variety of sensors to support SAR operations, including LiDAR,
high-resolution cameras, speakers, and thermal cameras [51]. Up until 2014, ground robots
were the most frequently used robots in SAR scenarios [143]. The main challenge for ground
robots in emergency scenarios is mobility. Several missions failed due to mobility issues; for
example, the first configuration of the iRobot Packbot could not climb a steep metal staircase
to access the environment after the Fukushima nuclear disaster [145]. With the development
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of quadruped robots, notable improvements in mobility in hazardous terrains can be seen
[205].

These robots are particularly promising for SAR missions because their legged structure
enables them to climb stairs, maneuver through narrow or low-height spaces, and traverse rub-
ble, mud, or water. Their versatility, adaptability to various terrains, and ability to be equipped
with advanced sensory systems [42] make them the preferred choice in environments where
ground conditions are highly uncertain due to disaster damage.

2.1.2 Perception of stakeholders

Due to the challenges inherent in inspection tasks—particularly in SAR scenarios—it is
essential to involve end users in the design process of the proposed solutions. In the SAR
context, several studies evaluate robotic systems from the perspective of end users, namely
FRs. These works typically present an engineering solution that is subsequently tested and
assessed through user-based evaluations.

In [121], a mobile robot was deployed and teleoperated inside tunnels, with FRs tasked
to qualitatively evaluate the utility of 2D and 3D maps in a real-world scenario. A frequent
drawback of these methodologies is the lack of involvement of responders in the design
phase; they are brought into the process only after the system’s implementation, rather
than engaging in a collaborative design approach from the outset. In [104], the authors
developed two interfaces for robot teleoperation: one based on a computer and the other
utilizing a joystick. To evaluate these, 100 firefighters were enlisted to test both systems
and subsequently complete a questionnaire assessing the ease of use, usefulness of both
systems, and the requirements for remote controllers in emergency scenarios. However, this
approach once again excludes end users from the design process, as it measures the users’
perceptions of system usability only after full development. Similarly, the authors of [194]
delve into the comprehensive design of a mobile robot and its control interface. To assess
its effectiveness, they outline a method for evaluating (i) the workload, (ii) the degree of
telepresence (i.e., the sensation of being physically present in the environment observed
by the robot), and (iii) Situational Awareness (SA). For this assessment, 70 participants,
including some firefighters, were tasked with conducting a simulated SAR operation. They
were required to navigate through an unsafe building to locate casualties over a period of 30
minutes. To assess factors (i), (ii), and (iii), different questionnaires were administered to the
participants after the simulation concluded. Notably, SA was evaluated both during the task
and after its completion.
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Additional crucial factors to consider are those affecting rescuers’ trust in the robot, with
trust being defined as the confidence in the robot’s capability to successfully perform the
necessary operations. In [102], the study examines the dynamics of end-users’ or rescuers’
trust in robotic systems as influenced by variations in system latency and autonomy levels.
The research involved 80 participants who were tasked with completing objectives within
a simulation game, under conditions of either remote control or semi-autonomy for the
robot, and with varying degrees of communication latency. Following the task, participants
completed questionnaires designed to assess the robot’s trustworthiness, usability, and the
perceived workload experienced during the operation. This approach aims to understand the
factors that can impact rescuers’ confidence in the robot’s ability to successfully execute
required operations.

From the viewpoint of individuals being rescued, it is essential to assess their acceptance
of robot intervention and their opinions on the use of robots for such purposes. Both [187]
and [50] delve into public perceptions regarding the deployment of drones, whether remotely
operated or autonomous, focusing specifically on those who, while not controlling the
drones, would benefit from their assistance. In [50], the researchers distributed a 25-item
questionnaire to beachgoers following the demonstration of a drone rescue operation via
a video presentation. Meanwhile, [187] engaged participants through an online survey,
presenting two variations of the questionnaire: one referencing ‘drones’ and the other
‘unmanned aerial vehicles.’ This survey aimed to evaluate various dimensions of subjective
drone perceptions influenced by prior knowledge, identification, and classification of drones,
emphasizing the emotional response to drones used for general assistance or specific tasks
like SAR. Also, it collected opinions on particular controversial and problematic use cases.

In all the examples mentioned above, evaluations were conducted through video record-
ings of operations or system simulations rather than having visual observation of the robot
operating.

2.2 Autonomous Exploration

An essential capability in inspection scenarios—where a map may be unavailable or incom-
plete—is autonomous exploration. This allows the robot to generate an updated map that can
subsequently be used for further operations.

Autonomous exploration with mobile robots has been studied extensively. One of the
most commonly used approaches is frontier-based autonomous exploration [208]. This
methodology relies on identifying the boundary areas between known and unknown regions
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of the map. Frontiers are then evaluated based on the expected information gain from
reaching a given frontier [193], the distance of the frontier from the robot’s current position
[62], or a combination of both metrics [55, 90].

Tranzatto et al. [188] propose a frontier-based exploration approach for robots, both
UGVs and UAVs, tasked with exploring harsh underground environments. In their work,
frontiers are evaluated based on the volumetric expected information gain along the path
to reach each frontier. The method also accounts for the finite duration of the exploration
mission, estimating the remaining mission time when evaluating each frontier. Due to
the high computational overhead, the system is controlled by a base computer with WiFi
communication. In a SAR scenario, however, it cannot always be assumed that a centralized
controller is available or that a WiFi connection can be established. Among other works
[60, 186, 69], Zhang et al. [213] propose a topological map that evaluates detected frontiers
based on both the topological relationship between the frontier and the robot’s position, as
well as the Euclidean distance, to better estimate exploration cost. This approach does not
consider the information gain in reaching the frontier. Wang et al. [200] propose an algorithm
that evaluates frontiers based on the information gain of the entire path to reach them. While
this is an effective approach, it also entails high computational overhead.

In the aforementioned works, exploration was limited to a single floor: the robot op-
erated in an enclosed environment entirely on the same level. However, when developing
applications for indoor buildings, it is important to account for the presence of staircases and
multiple levels.

The work presented in [164] focuses on the exploration of an environment by two robots
using a leader-follower paradigm that leverages their different capabilities. Only one of the
robots is capable of moving on uphill ramps; consequently, when an elevation change is
detected, this robot is tasked with exploring the different level. In the work of Kudriashov
et al. [110], the focus is on constructing a map that accounts for the multiple floors of a
building. A common focus in multi-floor autonomous building exploration is the strategy
for traversing staircases and reaching the next floor. In particular, Garret et al. [72] propose
a teleoperated robot capable of autonomously switching gaits when approaching stairs to
complete the task of changing floors. Another study [162] presents a system that can detect
stairs and evaluate their traversability. In this system, the robot autonomously explores one
floor of the environment and climbs the stairs to a new floor only after the current floor
has been fully explored. This analysis shows that, to our knowledge, there are no efficient
multi-floor strategies in the literature. The task of exploring a multi-floor building is treated
as a sequence of single-floor explorations, without considering the building as a whole.
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2.3 Feature detection and localization

While operating in the environment, it is essential to acquire information about application-
relevant features in real time, thereby enabling prompt responses in the event of emergencies.

In the past years, due to the development of neural networks, such as R-CNN (Region-
Based Convolutional Neural Networks), Fast R-CNN, and variants, several different solutions
have been developed for the recognition of objects with real-time capabilities, e.g. [66, 65, 34].
Among the most popular solutions in robotics due to its real-time performance is YOLO
[157], You Only Look Once, a family of algorithms that allows for accurate object detection
with real-time performance. YOLO algorithms can perform two kinds of tasks: object
detection and object segmentation. Both of them aim at detecting objects in the scene and
classifying said objects; the main difference is that object detection algorithms only return
the bounding box containing the object while segmentation returns the mask of the pixels
belonging to the detected object. Segmentation then allows for much more information to be
retrieved, but as a result, is computationally heavier when compared with object detection
tasks. The YOLO algorithms have been employed for several tasks. For example, the work of
Kucukayan et al. [109] is targeted at developing a new model specifically designed for indoor
people recognition using drones. This model improves people detection in SAR scenarios
where the visibility may be suboptimal. However, the main drawback of this application is the
lack of a method to localize the detected people, since the method only allows classification.

Some studies propose strategies for exploring an environment with the specific goal
of locating human survivors in the shortest possible time. For example, [178] describes a
strategy for exploring an unknown environment that considers several application-specific
risk factors. In particular, when evaluating the next frontier, the strategy takes into account
not only the typical factors considered in frontier-based exploration, but also the estimated
likelihood of confirming a survivor’s presence.

Other studies focus on the detection of people in an area using drones [181, 171, 216].
Sruthi et al. [181] describe a YOLO-based approach for detecting people in the area covered
by a teleoperated drone, with an emphasis on precise localization using GPS coordinates.
Similarly, Sambolek et al. [171] propose a YOLO-based model to detect a single person in
the environment, localize them, and predict their trajectory if they are moving. Another line
of research focuses on improving detection of people who are partially occluded by obstacles
in disaster scenarios [216] and the detection of people using thermal images [29].

It is important to note that none of these works consider repeated detections of people—or
other relevant features—to build a grid-like probabilistic map of the environment that updates,
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through subsequent detections, the probability that a person is actually present rather than
representing sensor noise.

A map that incorporates the representation of objects’ meaning and purpose within an
environment is typically referred to as a semantic map. Semantic maps merge the spatial
information of obstacles in the environment with semantic information regarding the objects’
nature [112, 30, 212]. Recognizing objects in the scene can be meaningful for enabling the
robot with advanced navigation capabilities that go beyond the usual movements on almost
flat surfaces.

For example, the author of [138] proposes a system capable of extracting information
about terrain traversability and the presence of stairs from the point cloud data. The authors
showed that their approach ensures more precise loop closures while also providing the
possibility to remove dynamic obstacles from the map by exploiting the segmentation map
generated from the model.

Object segmentation has been used in the work of Schonberger et al. [177] to improve
localization. By employing a 3D representation of the environment and a semantic map,
the robot can localize itself more accurately while navigating, adapting to changes in the
environment while correctly computing loop closures.

In the work proposed by Canh et al. [31], a UAV aims at improving the metric map
by incorporating information about encountered obstacles. Obstacles are classified using a
YOLO-based model and object-specific attributes, such as the height of a chair, are merged
into the navigation map.

In the aforementioned works, information derived from semantic maps has primarily been
exploited to enhance the robot’s locomotion capabilities, either by improving localization
and mapping performance or by enabling additional capabilities, such as stair climbing.

2.3.1 Measurement for object detection

In the SAR scenario considered here, identifying empty areas is almost as important as
locating relevant features, as it helps save FRs’ time. Unfortunately, similar works aimed at
detecting and tracking the location of relevant features focus on evaluating errors without
accounting for the benefit of recognizing empty spaces in the environment. In computer
vision applications, the primary metric for segmentation problems is the Intersection over
Union (IoU) [158], which could ideally be used to measure the overlap between a grid-like
semantic map of the environment and a corresponding ground-truth map reporting the exact
locations of features to be detected. However, this metric relies on highly precise feature
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Table 2.1 Classification of recent SAR robotic works according to functional and operational
characteristics. Rows are hierarchically ordered from left to right: for each criterion, entries
without a checkmark precede those with a checkmark, while preserving the ordering estab-
lished by the preceding criteria.

Paper SAR-specific Visual feature Feature Exploration Multi-floor Multi-floor Victims-and-cleared
detection Localization capable aware space evaluation

[164], [162] – – – ✓ ✓ – –
[98] – – ✓ ✓ – – –
[206] – ✓ – ✓ – – –
[179] – ✓ ✓ – – – –
[14], [103] – ✓ ✓ ✓ – – –
[147] [188], [178], [120], [176], [94], [47], [90], [4], [214] ✓ – – ✓ – – –
[138], [12] ✓ – – ✓ ✓ – –
Ch. 4 ✓ – – ✓ ✓ ✓ –
[70] [29], [83], [89], [39], [75], [11], [169] ✓ ✓ – – – – –
[192] ✓ ✓ – ✓ – – –
Ch. 5, [141], [166] , [181], [171], [216], [126], [59], [149], [195], [116], [168], [74] ✓ ✓ ✓ – – – –
[199] ✓ ✓ ✓ ✓ – – –
[198] ✓ ✓ ✓ ✓ ✓ – –
Our Work ✓ ✓ ✓ ✓ ✓ ✓ ✓

localization and assumes that the size and shape of the detected area in the semantic map
match those of the ground truth. In the proposed scenario, the focus is not on the exact
dimensions of detected features or their precise localization in space—since FRs require
only approximate information to later visually inspect the scene—making IoU an inadequate
metric.

Berclaz et al. [16] present a fixed-camera system that detects the positions of people in
the environment on a grid map. Evaluation is based on the Multi-Object Detection Accuracy
(MODA) metric, which accounts for the number of errors relative to the total number of
objects to be detected in a single video frame. Similarly, Chavdarova et al. [35] describe a
system that collects images from multiple static cameras and detects the locations of people
in the environment, also relying on MODA to measure detection performance. Martin et al.
[134] propose a benchmark for a system in which a mobile robot collects images using a
depth camera while moving, and evaluate different tracking algorithms using MODA.

All of these works use MODA to evaluate object detection performance by assessing
detections in each frame rather than against the final ground truth. More importantly, MODA
focuses on detected objects and significantly underestimates the importance of correctly
identifying empty areas—i.e., regions where no people in need of help or other relevant
features are present—which could otherwise be safely ignored by FRs.

2.4 Comparative Analysis Methodology

To further investigate the literature relevant to our proposed robotic inspection approach, we
conducted a systematic survey to identify and analyze pertinent studies.
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We searched the Scopus database and the IEEE Xplore Library using the following
query: (“search and rescue” OR “disaster response”) AND (“unmanned ground vehicle”
OR UGV OR “ground robot” OR “mobile robot”) AND (“autonomous exploration” OR
“frontier-based exploration” OR “object detection” OR “visual perception” OR “computer
vision” OR “semantic mapping”). This search returned 131 results from Scopus and 66
results from the IEEE Xplore Library.

Papers published before 2015 were excluded to ensure that only recent works were
considered. In addition, review articles and papers not primarily focused on autonomous
exploration or the visual detection of relevant features were excluded. We then identified
seven relevant characteristics, which are reported in Table 2.1. Papers presenting fewer than
two of these characteristics were also excluded to avoid generic studies focusing on basic
problems, such as visual feature detection or exploration. This selection process resulted in a
final set of 42 works, summarized in Table 2.1.

The first characteristic, shown in the second column, is SAR-specific, which identifies
research works tailored to robots operating in SAR environments and addressing the specific
challenges of such scenarios. Works not marked in this column may mention possible
SAR applications—typically in the introduction—but do not focus on this application in
depth. The third column is Visual feature detection, which marks works in which the robot
detects relevant features using a camera. Articles are marked in the fourth column, Feature

localization, when the detected features are also localized in space with respect to the
robot. The fifth column focuses on Exploration and is marked when the authors propose
a solution for autonomously or semi-autonomously exploring and mapping an unknown
environment. The sixth column, Multi-floor capable, indicates whether the robot presented in
the paper can move between different floors of a building. By contrast, the seventh column,
Multi-floor aware, is marked only when the robot is not only capable of moving across
different floors but also explicitly accounts for their presence and for the risks associated
with traversing staircases during the exploration phase. Finally, the last column, Victim-and-

cleared-space evaluation, identifies papers in which performance assessment accounts for
both the localization of affected individuals and the identification of areas verified to be
empty, as noted in Remark 7.

SAR-specific

Although all these works mention SAR as a possible application scenario, only some of them
address the challenges of SAR in depth whereas others only mention SAR as among their
potential applications. For instance, [103] proposes an improved frontier-based exploration
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approach and highlights its potential use in SAR; [179] presents a visual object-detection
system and identifies SAR as a possible application; and [162] incorporates robust staircase
detection and traversal based on 3D LiDAR, enabling exploration across multiple floors.
However, none of these systems is specifically designed for or evaluated in SAR scenarios.
As a counterexample of work specifically focused on SAR, [178] present a strategy explicitly
tailored for natural disaster environments, where the main objective is the rapid localization
of survivors while accounting for environmental conditions that could affect the robot’s
performance. In their approach, the selection of the next frontier is determined according
to seven criteria: frontier length, the ratio of unknown cells surrounding the frontier, the
distance between the robot and the frontier, the estimated travel time to reach the frontier, the
distance from the frontier to the robot control station, the estimated danger level along the
path, and the probability of confirming the presence of survivors..

Visual Feature Detection and Localization

Some studies focus on the detection of people in an area using drones [181, 171, 216].
Sruthi et al. [181] describe a YOLO-based approach for detecting people in the area covered
by a teleoperated drone, with an emphasis on precise localization using GPS coordinates.
Similarly, Sambolek et al. [171] propose a YOLO-based model to detect a single person in
the environment, localize them, and predict their trajectory if they are moving. Another line
of research focuses on improving detection of people who are partially occluded by obstacles
in disaster scenarios [216] and the detection of people using thermal images [29].

Some approaches employ wheeled robots [199, 192, 149, 195, 168] or tracked platforms
[198, 74], while others use quadruped robots [126] or heterogeneous teams composed of
ground and aerial robots [59, 116, 89] to detect and localize relevant features with respect to
a fixed reference frame in the environment.

Several works propose novel datasets or detection pipelines specifically designed to
address the challenges of SAR environments [29, 83, 39, 75, 11, 169]. For instance, [75]
presents a system for human detection in smoke-filled environments, while [39] trains a
model capable of identifying partially occluded individuals.

Other research works exploit semantic maps for localization purposes [138, 103]. A
semantic map encodes not only the spatial arrangement of elements within an environment,
but also their semantic meaning and functional role. These representations combine geometric
information about obstacles with semantic labels describing the nature of detected objects
[112, 30, 212]. However, only a limited number of works address the integration of localized
relevant features into semantic maps. For example, Tranzatto et al. [188] propose a solution
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in which the positions of detected elements are directly annotated on the generated map.
Among the others, [98] proposes a semantic mapping strategy that does not rely on visual
data but instead uses a linear solenoid as an actuator to tap walls, objects, and other surfaces.
Microphones record the resulting impact sounds to classify the materials based on their
acoustic responses.

It is important to note that none of these works addresses the advantage of correctly
evaluating empty space together with the detection of victims, as reported in the eighth
column, which is a key characteristic in the context of SAR.

Exploration

Some works focusing on autonomous exploration are tailored to the SAR scenario [176,
4]. For example, [178] describes a strategy for exploring an unknown environment that
considers several application-specific risk factors. In particular, when evaluating the next
frontier, the strategy takes into account not only the typical factors considered in frontier-
based exploration, but also the estimated likelihood of confirming a survivor’s presence.
Similarly, Tranzatto et al. [188] propose a frontier-based exploration approach for robots,
both UGVs and UAVs, tasked with exploring harsh underground environments. In their work,
frontiers are evaluated based on the volumetric expected information gain along the path
to reach each frontier. The method also accounts for the finite duration of the exploration
mission, estimating the remaining mission time when evaluating each frontier. Due to
the high computational overhead, the system is controlled by a base computer with WiFi
communication. Similarly, the exploration of an unknown environment with multiple robots
collaborating [120, 214] is computed with a base computer and a stable WiFi connection.
The work in [147] combines frontier-based exploration with deep reinforcement learning for
autonomous exploration of unknown cluttered environments. Authors show that, compared
with other frontier-based methods, it explores a larger area earlier, potentially enabling the
detection of more victims during the initial, time-critical phase.

Other works address the problem of exploration and feature detection, with or without
feature localization [199, 192, 14], but focus on a single floor, and the robot is not able to
move between floors.

Multi-floor capable

In the aforementioned works, exploration was limited to a single floor: the robot operated in
an enclosed environment entirely on the same level. However, when developing applications
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for indoor buildings, it is important to account for the presence of staircases and multiple
levels. For example, the work of Kudriashov et al. [110] focuses on constructing a map that
accounts for the multiple floors of a building; however, it is not included in the table because
the system is teleoperated.

A common focus in multi-floor autonomous building exploration is the strategy for
traversing staircases and reaching the next floor. In [164], a cooperative exploration strategy
involving two heterogeneous robots is proposed: since only one robot is able to traverse
inclined ramps, it is assigned to investigate elevated areas whenever a change in floor level
is encountered. The work of Roh et al. [162] addresses multi-level exploration through a
system capable of detecting staircases and assessing whether they can be traversed, but the
traversing is completed only when the current floor is fully discovered. The system described
in [138] extracts properties related to terrain traversability and identifies staircases directly
from point cloud data.

This survey shows that, to our knowledge, there are no efficient multi-floor strategies
in the literature. The task of exploring a multi-floor building is treated as a sequence of
single-floor explorations, without considering the building as a whole. Other works, in
outdoor confined spaces, account for different levels, and staircases, by only evaluating their
traversability [12].

The work most closely related to our developed system is that of Wang et al. [198],
in which the authors propose a complete system that enables the robot to autonomously
explore the environment while locating relevant features. In addition, the robot is able to
move between floors, with a specific focus on Wi-Fi connectivity. However, the robot is
teleoperated to a lower floor, after which exploration is completed only on that floor. The
exploration process therefore does not consider when it would be convenient to move to a
different floor in order to fully explore the building. Moreover, detections are evaluated only
in terms of positive detections, without considering the quality of empty-space identification.

Multi-floor aware and Victims-and-cleared-space evaluation

The present work is the only one to address the two problems mentioned in columns seven
and eight, i.e., taking into account the presence of multiple floors as an input to optimize
autonomous exploration, and assessing performance by accounting for both the localization
of affected individuals and the identification of areas verified to be empty.

Regarding multi-floor-aware exploration, Chapter 4 introduced the concept of Stair

Frontiers as a new type of frontier that not only separates known and unknown space, but
also provides access to a different floor. This concept accounts for the expected information
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gain obtained by reaching the new floor, the risks associated with climbing the stairs, and
the time required to complete the stair-climbing operation. Furthermore, given a limited
exploration time, we evaluated the trade-off between moving toward unexplored floors and
thoroughly exploring the floor on which the robot is currently operating. It should be noted
that Chapter 4 completely ignored the problem of people detection, which is integrated in
the present work for the first time through experiments in an actual building that evaluate
how exploration strategies affect both coverage and the support provided to FRs in detecting
victims and assessing cleared space.

2.5 Conclusion

This chapter reviewed the state of the art in robotic inspection, autonomous exploration,
and environment perception, with a focus on harbor and search-and-rescue scenarios. The
literature highlights the growing adoption of robotic systems in these domains, while also
revealing several limitations that hinder their deployment in realistic operational settings.

The review showed that the requirements of first responders and other stakeholders
are often insufficiently considered during system design, and that robot performance and
trust are frequently evaluated through video-based studies rather than direct interaction.
In autonomous exploration, frontier-based methods remain the predominant approach, but
most solutions are designed for single-floor environments and lack explicit awareness of
multi-level structures. Similarly, existing feature detection and localization systems do not
fully exploit repeated observations to increase confidence in detections and often overlook
the importance of correctly identifying empty space.

These findings reveal a gap between current approaches and the requirements of realistic
inspection scenarios. This thesis addresses this gap by developing an inspection framework
that is aware of the spatial structure of multi-level environments, supports reliable feature
detection through repeated observations, and explicitly accounts for the identification of
empty space.



Chapter 3

Qualitative Analysis of Stakeholder
Requirements

Even if work to implement robotic inspections started in the early 1980s [117], inspection
tasks are generally completed by specialized workers. As a consequence, there are two
challenges in developing robotic systems for inspections: robots and their developers must
be aware of the different tasks completed by workers, and the workers must accept robots.
For these reasons, we first decided to gather insights from specialized workers, completing
inspection missions as their duties. The aim was to answer this research question:

What are their needs and expectations regarding the use of a quadruped robot in

inspection tasks?

In this thesis, inspection tasks are divided into two categories: industrial inspection and
emergency inspection. Emergency inspections are carried out after a disaster and typically
require specialized robotic operations in environments with limited prior information. In
contrast, industrial inspections take place in better-known environments and are performed
more frequently.

Given the significant differences between these two application domains, insights from
workers were collected and analyzed separately. Additionally, for industrial inspection, the
focus was placed on the harbor environment, which is highly dynamic and presents several
challenges.

To gather these insights, we conducted three separate studies. The first was carried out in
person with FRs in Foligno in April 2023, the second consisted of an online questionnaire
administered to FRs between March and July 2025, and the third was conducted in person at
several terminals in the Port of Genoa, between March and December 2024.
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This section describes the methodology and results of the semi-structured interviews
conducted with FRs, along with a questionnaire administered to gather insights into the
required SA. It also presents the semi-structured interviews carried out with harbor workers.
The findings are then reported separately for each group.

3.1 Study 1: Search and Rescue

3.1.1 Methodology

As a first step, we aimed to assess rescuers’ perceptions of the robot’s capabilities and how
these could be utilized in a SAR mission. To effectively evaluate the robot’s motion capabili-
ties, we chose to demonstrate it operating in an unstructured environment, highlighting both
its limitations and potential.

For this reason, the interviews were conducted at the Civil Protection and ANPAS
(National Association of Public Assistance) training camp in Foligno, shown in Figure 3.1.
This facility, opened in July 2022, is primarily used for training canine units. At the Foligno
training camp, we carried out two main activities:

• two testing sessions to evaluate performance across different terrains and motion
strategies;

• a semi-structured interview to gather insights into potential applications of a quadruped
robot in SAR missions.

To avoid any preconceptions about robots, we deemed it important to first demonstrate to
FRs, many of whom had never seen a robot before, the actual motion capabilities of a mobile
robot. For this reason, the first two testing sessions had the dual objective of both showing
what the Spot robot from Boston Dynamics could do and gathering insights on the perceived
performance across different terrains.

Motion evaluation

To measure the perception of the mobility of the robot from the perspective of FRs, a
questionnaire was designed, as reported in Table 3.1. To prevent misunderstandings, the
questionnaire was translated into Italian. A total of N=7 rescuers from ANPAS, Civil
Protection, and Fire Fighters agreed to participate in this study. The testing was completed
at the training camp of Foligno, which presents four zones that simulate different collapse
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Figure 3.1 ANPAS and Civil Protection’s Training Camp.

types, shown in Figure 3.1: (1) partially collapsed building, (2) reinforced concrete ceiling
collapse, (3) pancake collapse, and (4) complete collapse. In these 4 zones, we identified
seven areas that presented different challenges for the robot’s mobility.

1. House: In the partially collapsed building, a room filled with debris to test the robot’s
ability to move on top of small, unstable obstacles.

2. Grass: According to the Spot user guide, the robot may encounter challenges when
moving through tall grass outdoors, especially if obstacle avoidance is activated. To
investigate this, we tested the robot both moving alongside and over grassy areas.

3. Big Blocks: To evaluate the robot’s ability to traverse a set of varied obstacles arranged
together, we teleoperated it over a group of large, stable blocks.

4. Small rocks on flat ground: To analyze the robot’s stability in the presence of ground
that may shift under its weight, we teleoperated the robot to traverse a patch of small
rocks located on mostly flat ground.

5. Small rocks to climb: Similarly, to study the capability of the robot to traverse small
mounds of unstable debris, we teleoperated the robot to ascend and subsequently
descend a small pile of bricks.

6. Tunnel: To test the robot’s obstacle avoidance functionalities, the robot was teleoper-
ated through a tunnel.

7. Dark room: The robot bases its obstacle avoidance capabilities on the mounted
cameras. To evaluate performance in conditions of reduced lighting, we teleoperated
the robot inside a room with small rocks on the ground. Once the robot entered, we



3.1 Study 1: Search and Rescue 27

closed the door to obstruct most of the external light. FRs were able to observe the
robot move through a small opening in the walls.

(a) House (b) Grass (c) Big Blocks (d) Small rocks on flat
ground

(e) Small rocks to climb (f) Tunnel (g) Dark room

Figure 3.2 Data collection locations to evaluate the perceived motion abilities of the Spot
robot from Boston Dynamics.

Additionally, two different locomotion modalities were identified: the walk gait, where at
least two legs are on the ground during motion, and the crawl gait, where at least three legs
are always in contact with the ground during motion.

After establishing the seven areas for the teleoperation and the two gait modalities, we
formulated two hypotheses regarding the perception of the robot’s motion capabilities:

• H1: There are differences in rescuers’ perceptions of the robot’s capabilities when it is
teleoperated in different environments.

• H2: There are differences in rescuers’ perceptions between the crawl and walk loco-
motion modes when the robot is teleoperated in different areas.

Based on the Spot User guide, we anticipated the grass area to receive the more negative
evaluations, while the crawl locomotion would receive the more positive evaluations.

The first testing session aimed at evaluating H1; we teleoperated the robot in the seven
areas, with the crawl gait, since we expected it to achieve optimal performance. We asked
rescuers to assess the robot’s mobility using the questionnaire for each area.

The second testing session, instead, aimed at testing H2; we selected four areas out of
the seven previously studied, and we teleoperated the robot twice, using both gaits, without
disclosing the teleoperation mode to participants to avoid biases. We then asked participants
to assess the robot’s performance using the questionnaire. The four selected areas are ‘Grass’,
‘Small rocks on flat ground’, ‘Small rocks to climb’ and ‘Tunnel’.
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Table 3.1 Questionnaire items related to the i-th area

Not stable Very stable
1 2 3 4 5

Not quick Very quick
1 2 3 4 5

It doesn’t risk falling It frequently risks falling
1 2 3 4 5

It doesn’t stop for obstacles It often stops for obstacles
1 2 3 4 5

It does not avoid or climb obstacles It avoids well or climbs well obstacles
1 2 3 4 5

Semi-structured interview

Following the two testing sessions, we gathered all participants in the same room to collect
their feedback on the experiments and, more importantly, to gain insights into best practices
in rescue operations and their views on how the robot could be used to support such activities.
The interviews were transcribed verbatim and subsequently analyzed to extract relevant
insights.

We started by presenting the goals of our project: the robot is designed to autonomously
explore a building in order to locate victims and assess the safety of the environment. We
then asked about the current procedures used by rescuers to carry out these tasks and whether
they considered that the robot could improve these processes. When the answer was positive,
we further explored how they would envision adapting these procedures to integrate a robotic
system.

3.1.2 Results

First, we present the results of the motion evaluation; then, we describe the results of the
unstructured interviews. It is important to note that, while teleoperating the robot, we
observed several faults. In the case of a severe fault, such as a fall, the robot ceases all
operations, turning off all motors until an operator manually restarts it. For this reason,
since the presence of an operator cannot be guaranteed near the robot during autonomous
operations, it is important to understand when faults may occur and to work toward safer
motion strategies that prevent them.
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As expected, the most common faults happened while navigating through grass, as
explained by the Spot User manual, grass can be mistaken for an obstacle. The robot,
attempting to move away from collisions, moves quickly, losing stability, and leading to
falls. Another significant fault happens when the robot attempts to climb over obstacles.
When descending on the other side, the ground can become unstable, or there could be an
unexpected elevation, different from the starting one, leading to the robot losing its balance
and falling.

Motion evaluation

To evaluate the rescuers’ perceptions during the first session, we combined the scores from
the five items associated with each area, yielding a single score per participant for each area.
Since not all seven participants completed the questionnaire for every area, the ‘Small Rocks
on Flat Ground,’ ‘Small Rocks to Climb,’ and ‘Dark Room’ conditions each contain only six
responses. Figure 3.3a illustrates the resulting values for the various areas, averaged across
participants.

(a) Scores in different areas, averaged over par-
ticipants - first testing session.

(b) Scores for different gaits and in different areas
- second testing session.

Figure 3.3 Results for the motion evaluation

To evaluate Hypothesis 1, namely whether significant differences exist across areas, we
employed a non-parametric approach given the small sample size. The Kruskal–Wallis H
test, with α = 0.05, revealed a statistically significant effect of the area on the dependent
variable, χ2(6) = 31.55, p < .001. The mean rank values were 35.64 for ‘House’, 15.79 for
‘Grass’, 6.07 for ‘Big blocks’, 25.58 for ‘Small rocks on flat ground’, 13.67 for ‘Small rocks
to climb’, 33.93 for ‘Tunnel’, and 34.25 for ‘Dark room’.
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Post-hoc comparisons were conducted using Dunn’s test with a Bonferroni-adjusted
significance level of 0.0024. The results showed significant differences between the following
pairs: ‘Big blocks’ vs. ‘House’, ‘Big blocks’ vs. ‘Tunnel’, and ‘Big blocks’ vs. ‘Dark room’.

During the second testing session, the rescuers evaluated the robot’s mobility using either
the walk or crawl gaits in four of the seven areas: ’Grass,’ ’Small rocks on flat ground,’
’Small rocks to climb,’ and ’Tunnel.’ The questionnaires were completed by 6 rescuers
because one of them had to leave earlier. We summed the points from the 5 items associated
with each area to obtain one score per participant, per area, and per gait type.

To test hypothesis 2, a Mann-Whitney U test was performed with alpha=0.05. The results
indicated that, for ‘Grass’, crawl had a significantly lower score than walk, U = 3.5, p = .018.
For ‘Small rocks on flat ground’, crawl had a significantly lower score than walk, U = 4,
p = .029. For ‘Small rocks to climb’, there was no significant difference between the score
of crawl and walk, U = 26.5, p = .194. For ‘Tunnel’, crawl had a significantly lower score
than walk, U = 4, p = .026.

Semi-structured interview

Table 3.2 reports the results of the interviews conducted with rescuers, summarizing the
different topics discussed based on verbatim transcripts. The first column lists the tasks to be
performed, while the second describes how these tasks are currently executed according to
the procedures and protocols of the Italian Civil Protection. The third column presents the
rescuers’ suggestions on how an autonomous quadruped robot could support and potentially
improve the implementation of these procedures.

3.1.3 Discussion

Perceived Performance

The results support Hypothesis 1. They indicate that the robot’s perceived performance
changes depending on the terrain, performing more effectively in some conditions and less
effectively in others, with “Big blocks” emerging as the most difficult environment. During
the design phase, it may therefore be useful to consider strategies that limit exposure to
particularly challenging terrains in order to improve perceived reliability and trust. Issues
encountered while the robot moves across grass or climbs small rocks appear to negatively
influence rescuers’ evaluations, as illustrated in Figure 3.3a. However, for “Grass” and “Small
blocks to climb,” it remains difficult to identify clear differences compared to other terrains,
likely due to the relatively small number of participants who completed the questionnaire.
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Table 3.2 Summary of unstructured interviews

Task to be accomplished How the task is accomplished
now Suggestions on how to do it with Spot

Checking safety of the scene

Door evaluation, if collapsed or
not
Look for parts of plaster or ceil-
ing on the floor Obstacle detection

Gas sensors to evaluate the pres-
ence of explosives Gas sensors mounted onboard

Gas sensors to evaluate oxygen
percentage Gas sensors mounted onboard

Gas sensor to verify and exclude
the presence of harmful gasses
such as for example CO2

Gas sensors mounted on board

Temperature of the room Thermometer mounted onboard

Visual evaluation of cracks and
crevices

Computer vision and ML to decide
what are important elements to save
(i.e. cracked wall, crevices, etc.)

Load tests for stairs

Checking consciousness

Calling them to assess response
to call

Speaker and microphone onboard, Nat-
ural Language Processing

Touching them to assess touch re-
sponse Using the robot’s arm, if present, or leg

Pressing on the shoulder nerve to
assess pain response

Checking health Parameters Body temperature Thermal cameras
ECG sensors to retrieve informa-
tion on the circulation and the
heart

Stable contact of the body for 10 sec-
onds with a sensor

Detecting people
Explore the area and stop for each
person before moving forward

Explore without stopping and sending
information to rescuers that will stop
for each person

Look around and listen with care
in the case that people might be
scared and hidden

Infrared sensors mounted onboard to
recognize human shape

Finding a path to reach people

Manually evaluate the safest path
with the information from the
evaluation of the safety of the
scene

Save the robot trajectory so that it can
be followed by rescuers when they
reach the person

Retrieving information from
the scene Physically enter the building

Control room outside the building with
a simplified interface to acquire and
visualize data
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The findings also support Hypothesis 2, though in the opposite direction to what was
initially expected: the “crawl” locomotion mode is rated less favorably than the “walk”
mode. While the Spot User Guide suggests that walking is suitable for general mobility and
crawling provides greater stability on uneven terrain, the experimental results do not fully
align with this guidance. The walking gait received higher average scores than crawling on
“Grass,” “Small rocks on flat ground,” and “Tunnel,” whereas crawling only showed better
performance on “Small rocks to climb”. This difference, however, is not statistically strong
due to the limited sample size. Overall, rescuers rated walking as preferable in three out of the
four environments. One possible explanation is that the crawl mode leads to overly cautious
behavior, causing exaggerated corrective actions and occasional loss of balance. These
observations highlight the importance of conducting practical evaluations when deploying
such systems in real emergency contexts.

This study has several important limitations that should be considered.
First, the number of rescuers involved was relatively limited. It is worth noting that

rescuers are a highly valuable and time-constrained group, making it difficult to involve them
in activities such as observing and evaluating Spot’s performance.

Second, a more thorough evaluation would benefit from allowing rescuers to observe
the robot over a longer duration. As discussed previously, the robot experienced failures
in certain environments, which may have negatively influenced participants’ judgments.
Providing more time for observation, with repeated task execution, could potentially lead to
different perceptions.

Finally, combining subjective evaluations with objective performance metrics—such as
task completion time—would provide a more complete understanding of how the robot’s
behavior affects rescuers’ impressions. This dimension was not explored in the present study.

Unstructured Interviews

An analysis of Table 3.2 reveals that, for certain tasks, the FRs did not propose any robotic
solution—for example to assess the response to pain. It is important to emphasize that this
interview focused solely on the application of a quadruped robot, specifically the Spot robot
from Boston Dynamics, as observed during the previous testing phase. Therefore, it is not
possible to conclude that no robot is suitable for this task, nor that the Spot robot, with
potential modifications, could not be adapted to perform it. The only conclusion that can
be drawn is that the Spot robot, in its current form as observed during the demonstration,
was considered inadequate for certain tasks. When first entering a building after a disaster,
the initial step is to evaluate the safety of the scene. FRs proposed integrating gas sensors
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and thermal cameras into the robot to assess air quality, as well as to determine whether
specialized equipment is needed. Additionally, the development of specialized computer
vision techniques has been proposed to evaluate for the presence of obstacles and to identify
said obstacles to provide a better understanding of the structural stability of the building.

Once the structural stability of the building has been verified, the other main task of
FRs is to detect people in the environment. FRs mentioned that for this operation, it is not
sufficient to rely only on sight, and consequently on cameras in the case of robots, since
people may be hidden from view. There is a need to integrate information from other sensors,
such as infrared sensors, as well as microphones, to detect human sounds.

When people are found in the environment by the robot, it has to communicate to FRs
both their position and a safe path to reach them. Additionally, it is considered useful for
the robot to retrieve some health parameters. In particular, the robot should assess the level
of consciousness by using a speaker and microphones to detect responses to calls, and by
tapping the person to evaluate their response to touch. Other relevant health parameters to
assess include the person’s temperature, using thermal cameras, and circulation. This last
task can be completed with an Electrocardiogram (ECG) sensor, which needs to be placed on
the body for 10 seconds with stable contact, achievable with a robotic arm mounted on top of
the robot.

With SAR operations, our initial assumption was that the robot would function au-
tonomously to collect information before rescuers reached the site, after which it would be
directly controlled by them during the intervention. However, this view was not supported by
the rescuers we consulted. They argued that teleoperating a robot in emergency situations is
neither practical nor efficient, and instead suggested that robotic systems should continue
operating autonomously alongside their activities.

Although perspectives may differ among individuals, the concerns raised deserve atten-
tion. The rescuers pointed out that training all personnel to effectively teleoperate a robot
would require substantial time and resources. Maintaining proficiency would also demand
frequent use, as occasional training would not be sufficient for reliable operation in critical
situations. In addition, when rescuers locate a victim—especially one who is injured—they
must dedicate time to assessing the person’s condition and the severity of injuries. During
this time, it would be more effective for the robot to keep exploring the environment and
collecting information autonomously, rather than remaining idle until an operator becomes
available.

Based on these considerations, the proposed approach is for the robot to begin its mission
autonomously before FRs arrive and to continue operating independently alongside them. In
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doing so, it can continuously gather relevant data, including updates on evolving conditions,
and provide this information to support rescuers in their tasks.

3.2 Study 2: Situational Awareness survey for FRs

3.2.1 Methodology

While collaborating with researchers from Queen Mary University of London, the University
of Birmingham, and the University of Bristol in the field of SAR robotics, we decided to
investigate how FRs acquire SA and whether they would be open to using robots that provide
semantic information to support and improve the decision-making process. Situational
Awareness has been defined by Endlsey [57] as the understanding of the environment and
is divided into three levels - i) the perception of the elements in the environment within a
volume of time and space, ii) the comprehension of their meaning, and iii) the projection
of their status in the near future. To this end, we conducted a survey and collected insights
and demands through online and paper questionnaires. To reach field experts in different
countries, the questionnaires were translated from English into Italian, Greek, and Chinese
by members of our multi-national research group, by using the back-translation technique.
This helps to minimize any misunderstandings caused by second-language users, particularly
given the abstract concepts in the questionnaire. The questionnaire consists of three sections:
Background and basic demographic information, General attitudes towards robots, and
Situational awareness and use of semantic information.

In the questionnaire, we investigate the FRs’ backgrounds from two key dimensions:
personal information and experience with robots. This section comprises 17 questions. The
first four questions aim to investigate basic demographic information such as age, education
level, and geographical location. The following five questions focus on experience in SAR
environments, specifically the respondents’ roles in missions and the experience they have
gained during FR operations. Finally, the last eight questions investigate the use of robots in
SAR missions, both in terms of the respondents’ previous experience and their expectations
for future applications.

Next, we propose a validated questionnaire, General Attitudes Towards Robots (GAToRS)
[107], as they may affect how FRs perceive domain-specific robotics. The Italian version of
the GAToRS has been translated following the validated translation provided by Carradore et
al. [33]. The questionnaire is composed of 25 items investigating the general attitude towards
robots, and subsequently the general acceptance of robotic applications.



3.2 Study 2: Situational Awareness survey for FRs 35

In the questionnaire section Situational Awareness and Use of Semantic Information,
we first define SA and semantic information to avoid any misunderstanding. Subsequently,
through 15 questions, both multiple-choice and open-ended, we survey FRs regarding their
usage, experience, expectations, and overall opinions on SA and semantics. In particular, we
aim to understand which information is available at the beginning of a mission and how FRs
enhance their understanding using semantic information. Finally, we investigate how AI can
support missions and what level of accuracy is required for FRs to trust the intervention of
an AI agent.

By leveraging our professional networks and contacts, we successfully invited 22 FRs
from eight countries to participate in the survey. All FRs are safety and emergency pro-
fessionals with relevant experience, covering multiple countries and emergency roles, e.g.
firefighters, emergency medical personnel, technical operators, on-site commanders, opera-
tional scientists, vehicle drivers, and others.

3.2.2 Results

(a) Field experience distribution by age.
(b) Robot deployment level distribution by
age.

Figure 3.4 Distributions of field experience and robot deployment level by age group. Robot
deployment level refers to the frequency of using robots in the mission. Higher level means
higher frequency.

The recruited FRs come from China, Japan, Germany, Iraq, Italy, Greece, the UK, and
the USA. While there is an unavoidable imbalance in regional representation, it is difficult
to recruit FRs globally or achieve equal numbers. However, all participants share similar
standards of training and operational procedures in the field, so this imbalance is expected to
have limited impact on the findings.

Demographically, females are underrepresented, with only three female FRs participating.
This likely reflects the physically demanding nature of many FR roles, which are still
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predominantly male in most countries. In terms of age, FRs under 35 make up about half of
the sample; they typically serve on the front line, while older FRs tend to hold senior roles
such as commanders or scientific advisors providing guidance.

Educationally, FRs generally do not require very high formal qualifications, with over
70% holding below a master’s degree or equivalent. Nevertheless, all roles require specialized
training, skills, experience, and domain knowledge to handle emergencies effectively.

Regarding experience levels, the sample is relatively balanced: junior (<3 years), interme-
diate (4–10 years), and senior (>10 years) FRs account for 27%, 42%, and 31%, respectively.
The study also collected information on their robotics experience and current perspectives on
robot deployment in the field.

From the distributions in 3.4, the opinions of both older and younger FRs on current
robot deployments in the field converge. Most FRs feel that robot deployments are still not
very advanced, and few of the deployed robots can operate fully autonomously.

The scale of the General attitude towards robot section differentiates i) comfort and
enjoyment around robots, ii) unease and anxiety around robots, iii) rational hopes about
robots in general (at the societal level), and iv) rational worries about robots in general (at
the societal level). Hence, the questionnaire is divided into four dimensions: personal-level
positive attitudes (P+), which capture positive emotions such as feeling relaxed, trust, and
friendliness toward robots; personal-level negative attitudes (P-), which reflect negative
emotions such as anxiety, fear, or discomfort; societal-level positive attitudes (S+), which
relate to expectations that robots can benefit society by assisting humans and operating in
hazardous environments; and societal-level negative attitudes (S-), which concern broader
social risks such as unemployment, regulatory challenges, and changes to social structures.

The distributions of FR’s attitudes are presented in 3.5. The y-axis refers to the negative
view, and the x-axis refers to the positive view. In 3.5a, most points are close to or below
the diagonal line (in the green zone), where positive views are more than negative views.
In other words, most of the FRs demonstrated more positive personal views than negative
personal views. Only one FR who flies the drone in the field shows more negative personal
attitudes than positive attitudes. Apart from them, most FRs indicate a certain degree of trust,
relaxation, and welcome towards robots. At the same time, they have some concerns and
reservations. However, these are fewer than their positive views. In 3.5b, the participants
show greater concern about robots at a societal level. Comparing with the 3.5a, we notice that
most points cluster in the upper right of the green area. This suggests that most participants
are confident about the positive influence of robots on society. However, they are more
concerned about the negative impacts of robots on society than about the negative impact on
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(a) Personal Level Attitude (b) Societal Level Attitude

Figure 3.5 Distribution of general attitudes towards robots on personal and societal levels.
Most points are under the diagonal line (in the green zone). This indicates that most FRs
have positive attitudes towards robots in both personal and societal contexts.

individuals. Moreover, there are three FRs above the diagonal line, i.e. three participants
(13%) indicated stronger concerns about the impact of robots on society in general. In
summary, most FRs are willing to trust and use robots without having very strong concerns
about societal impact.

In the section Views about SA and use of semantic information, the numerical questions
with a marking scale and open-ended questions are provided to obtain more specific ideas on
different occasions, e.g. different task backgrounds. Specifically, the numerical questions are
listed below:

• How much do you have an estimation of the Situational Awareness before the mission?
(Q43)

• How often do you experience loss of concentration, fatigue, and cognitive overload?
(Q47)

• To what extent do you think having semantic information is useful in building Situa-
tional Awareness? (Q49)

• To what extent is semantic understanding and reasoning used during missions? (Q50)

• Can semantic information and semantic scene understanding help predict or mitigate
an emergency that was not predicted or foreseen before the mission? (Q53)
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• Imagine you have some AI agent assisting in your mission (e.g. in a robot, in a
computer, others). How much do you agree with the statement "It is helpful if the AI
agent can process an understanding of the situation"? (Q54)

These questions are answered on a Likert scale [96] from one to five, where one refers to
a low level (e.g. totally disagree, low frequency etc.), and five refers to a high level (totally
agree, high frequency etc.). The results of the numerical questions are shown in 3.6.

Figure 3.6 Score distributions of numerical questions.

The open-ended questions covered a wide range of topics. They have two types of
formats: fill-in questions and multiple choice (additional choices not listed are supported
by adding after the last choice option). Below, we summarise the answers provided by
participants. Where digits are given in brackets, these refer to the number of FRs who aligned
with certain choices and options in their answers. Moreover, the answers to fill-in questions
are presented with no preference, i.e. we do not rank the importance of the information from
participants. The information known before a mission (Q42) includes the type of event (e.g.,
location, hazardous materials), its extent, the people or animals involved and their distribution,
required interventions and task goals, weather forecasts, information from emergency call
centers based on onsite reports, and the availability of nearby resources such as medical
centers and airlifting services. Methods used to obtain SA (Q44) include cameras/images
(16), sensor readings (14), communication with people on site (such as civilians and team
members) (16), in-person exploration (16), and, less frequently, comparison with previous
data sources such as Google Maps (1). Challenges in obtaining SA (Q45) involve unstable or
slow communication with sensors, delays in team communication, malfunctioning perception
devices, rapidly changing environments, difficulties in data integration and incomplete data,
complex terrain and debris, low visibility or darkness, conflicts in air traffic control for drone
deployment (e.g., interference with helicopters), lack of sound or 360-degree vision, and false
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or inaccurate information. The top three important semantics (Q46) include the type of event
and affected entities, spatial-temporal positioning of entities and resources (e.g., estimating
paths and schedules), and interactions between entities such as obstacles blocking ambulances
or risks from hazardous materials, as well as task-relevant location information and resource
availability (e.g., medical centers, airlifting services). Reasons for fatigue and cognitive
overload (Q48) include long 24-hour shift rotations, chaotic and high-pressure environments,
fragmented and uncertain information, communication and coordination difficulties, high
responsibility and fear of error, harsh physical conditions (e.g., heat, protective gear, injuries),
technological and infrastructure limitations, and multitasking across conflicting demands.
Finally, current methods for delivering semantics (Q51) primarily use vision (20) and sound
(15), with limited use of haptics (4) and vibration (4), while ideal methods (Q52) increase
reliance on vision (21), sound (19), and also greater use of haptics (7) and vibration (11).

Finally, two questions about semantics accuracy were surveyed: the accuracy threshold
for having trust in semantics, and the accuracy threshold for usefulness of semantics (See
3.7). Only 20 participants gave a specific accuracy. The other two participants provided
individual insights about this comparison. One participant thinks any accuracy is fine, as
long as FRs are informed about the reliability of the accuracy. Another participant feels that
the accuracy requirements vary depending on different occasions. But this participant feels
that such sensors should show better performance than human perception and inference. The
mean accuracy threshold for achieving trust in semantics is 74.6% (i.e. participants will trust
the semantics if it has over 75% accuracy), and the mean accuracy threshold for usefulness is
67.8% (i.e. participants will use the semantics if it has over 68% accuracy). In 3.7, it can
be seen that the trust threshold is generally higher than the usefulness threshold for most
participants. It indicates that having semantics can be useful even if participants do not feel
they can completely trust them. In other words, FRs are eager and expecting to see increasing
amounts of semantic information being used in a useful way in the field, but it will take
longer before these are fully trusted

3.2.3 Discussion

Due to the number of FRs in this study, we briefly analyze their feedback by discussing their
mean, median, and distribution. We analyze their feedback by involving the related topic
together with numerical and open-ended questions.

FRs use a variety of methods to obtain SA (Q44). Communication with other people
from the site, and in-person exploration, are the most popular ways to obtain information,
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Figure 3.7 Accuracy threshold values for achieving trust and usefulness: light blue bars
refer to the accuracy threshold for achieving trust, and dark blue bars refer to the accuracy
threshold for achieving usefulness.

suggesting that human perception still dominates in obtaining SA. FRs have not yet deeply
depended on robot sensors such as cameras. However, such sensors are still welcomed in
many deployments and gained 15 votes out of 21. Based on the feedback of (Q46) that aimed
to understand the most important semantics, we find many of them are low-level semantics
that can be obtained by robots e.g., location, distance. Some of them are high-level semantics
e.g., risk. And many of them are context, e.g. medical center, emergency infrastructure.

Combining the Q49, Q50, Q51, Q52 and Q53, about FRs’ views on semantic information.
Most FRs feel semantics has a positive effect on obtaining SA (mean 3.6 on a score from
one to five, median 4, see Figure 3.6). Most FRs have the consensus that semantics help to
predict the situation (mean 3.9 on a score from one to five, median 4, see 3.6). In terms of the
delivery methods of semantics, current methods are mostly a combination of vision and sound
(from fixed or robot cameras at the base camp). Haptics and vibrations are used in a few
special tasks from the joystick, e.g. the deployment of drones. Hence, these answers denote
that multimodal is the best option to build SA. FRs who operate the drones are expecting
to see an increase in haptics and vibration in other robotic tasks, along with the increasing
application of semantics in the future.

Q54 indicates FRs have the consensus that AI understanding is valuable in the mission
(mean 4 on a score from 1-5, median 4). They probably expect the AI-generated SA to help
them reduce the cognitive workload and avoid potential risks. Based on the feedback from
Q55 and Q56, we compare the background of FRs who have a higher accuracy threshold for
usefulness than for trust. Moreover, some FRs believe the threshold of trust and usefulness
in this context is the same concept. I.e., if they are willing to use a certain type of semantic
information, it means that they already trust it. We assume the difference might come from
variation in the different types of tasks that each participant performs in their work. Some
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tasks and decisions might have much stricter requirements on data accuracy than others.
Hence, these FRs might emphasize the accuracy of the semantics more highly.

We gained some additional insights from FR comments in the open-ended questions. For
instance, one FR highlights the importance of distance to the object (e.g. distance to the
gas tank), which could help reduce potential risks. One senior FR with experience in robot
deployments, especially drone deployment, feels that the acceptance accuracy for trustworthy
and useful semantics varies according to different missions and scenarios. By analysing his
background, we found that he was the leader of the squad and participated in many different
types of response missions.

In summary, most FRs across a variety of backgrounds are willing to apply semantics to
help them build SA. On one hand, senior FRs have more experience in using semantics to
obtain SA, and show higher expectations for using semantics-based SA in the future. On the
other hand, they do not feel so dependent on assisted SA compared with other groups. They
have sufficient expertise and experience to leverage information from multiple sources and
mitigate or overcome the impact of system errors or incomplete information.

3.3 Study 3: Harbor inspection

3.3.1 Methodology

We had the opportunity to collaborate with the Port Authority of Genoa within the context
of the PNRR RAISE Project. Through this collaboration, we aimed to introduce robots
into the harbor environment and integrate them into routine operational activities. Genova’s
harbor, the largest port in Italy, has a terrain extension of 7,000,000 m2. Given the large scale
and outdoor environment, a drone might initially seem like a suitable solution. Drones are
capable of moving rapidly between locations and can offer perspectives that are not easily
accessible to workers on the ground. However, they are constrained by limited battery life
and often require special permits, which may not always be obtainable in certain ports—for
instance, in the harbor of Port of Genoa due to its proximity to the airport and the associated
flight restrictions. Furthermore, drones can pose safety risks when operating near personnel
or within confined spaces where the likelihood of collisions is higher. In contrast, quadruped
robots provide longer operational autonomy and are designed to function safely in close
proximity to workers without the need for special permits.
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The harbor is composed of multiple terminals, each dedicated to handling different
types of goods. Among these, we identified three terminals where a quadruped robot could
potentially enhance operational efficiency.

• Terminal IMT: specializes in handling containerized goods, providing also storage for
hazardous materials.

• Terminal C. Steinweg - GMT SRL: focuses on aluminum products, for example, slabs
and coils.

• Terminal Rinfuse Genova; stores bulks goods in open-air containers.

To collect the requirements in each of the terminals, we completed a semi-structured
interview. A total of N=10 people agreed to participate in this study, 5 people from Terminal
IMT, 3 people from Terminal C. Steinweg,and 2 people from Terminal Rinfuse Genova. At
each terminal, we selected interview participants covering a variety of roles and professional
backgrounds. Specifically, we involved a coordinator in charge of workforce management,
the safety manager, and several operational workers. In addition, the Head of the Health and
Safety Inspection Department of the Genoa Port Authority, who is responsible for overseeing
safety within the port area, was present at every interview.

Each interview was comprised of three phases:

• Preliminary: aimed at understanding the workflow and pinpointing potential critical
issues within each terminal.

• Demonstration: during which we showcased the capabilities of the Boston Dynamics
Spot robot.

• Design: in which we collaborated with participants to explore potential applications,
based on their impressions and feedback on the robot.

During this process, we decided to discuss our previous research only after the interview
was completed to avoid bias. The aim was to collect the creative input of workers, to
ensure that their ideas would not be influenced by discussing previous implementations. All
interviews were audio-recorded and transcribed verbatim for analysis.

3.3.2 Results

From the first phase of the interviews, we aimed at identifying the recurring themes. In
Table 3.3, the findings are reported. In the first column of the table, we include an identifier
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to facilitate further discussion. In the second column, we have a brief description of each
discussed problem. In the third column, we classify the critical areas based on the specific
needs and the locations where the robot might operate. The fourth column reports the priority
assigned to the different problems. Based on the amount of time devoted to each issue during
the interviews and the language used by participants to express the urgency of addressing
it, each problem was classified as high, medium, or low priority. Column five indicates the
expected frequency of inspections. This classification distinguishes between inspections that
are carried out regularly, such as on a daily basis, and those that are performed at specific
moments following an event, for example, when a ship arrives at the harbor.

Looking at the third column, it is possible to notice that three different areas have been
identified: storage yards (60%), ships’ hold (27%), and cranes (13%). The storage yard is
located in several terminals and is used to store both containers, as illustrated in Fig. 3.8a,
and bulk goods, as shown in Fig. 3.8b. It serves as a temporary storage area for all materials
and goods received at the port that must be held before being transported to other destinations,
either by ship or by land.

In some cases, inspections must be carried out onboard vessels, typically in the ship’s
hold, shown in Fig. 3.8c. This is required because, upon arrival at the harbor for unloading,
workers may lack information about the internal safety conditions (e.g., due to adverse
weather in the preceding days). A similar situation occurs when personnel need to work in
confined spaces during ship repair operations, where the safety conditions are also unknown
in advance.

Finally, during the interviews, while gathering information on the safety challenges
encountered by workers, the topic of aerial operations was raised. This category encompasses
all tasks that require an operator to work at height using cranes, an example of cranes
requiring maintenance is in Fig. 3.8d.

We then moved on to the next phase, in which we examined each problem and reviewed
the interviews to identify the possible solutions mentioned for each case. For every proposed
solution, we determined the most suitable robot, as reported in Table 3.4.

In the first column, we provide the identifier associated with the corresponding problem. It
is important to note that all solutions were proposed in collaboration with workers. Although
each problem is paired with a solution, not all of them fall within the scope of this study.

The second column describes the proposed solution, while the third column reports the
robot preferred by the workers. While the study primarily focuses on applications involving
a quadruped robot, workers also suggested some use cases for drones.
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(a) Spot robot inspecting a container at the
Harbor of Genova, Terminal Messina.

(b) Terminal Rinfuse Genova storing bulked
goods (coal).

(c) Spot robot walking beside a ship’s hold at
the Terminal Messina.

(d) Cranes to move containers at the Terminal
Messina.

Figure 3.8 Examples of locations at the Harbor of Genova where the robot can operate.

Finally, the fourth column indicates the level of autonomy expected by the workers.
Based on their descriptions of the tasks, we classified the applications into three categories:
teleoperation, shared autonomy, and full autonomy.

3.3.3 Discussion

A different perspective emerged from the interview with harbor workers, where it was
possible to find a solution for every emerging problem. We begin by examining which tasks
in the storage yard can be effectively carried out by a quadruped robot.

In hazardous goods areas, activities such as detecting chemical leaks (2), monitoring
radiation levels (3), and identifying fire hazards (4) are well-suited to this type of platform.
Thanks to its ability to traverse uneven terrain, step over obstacles, and operate in proximity
to people, a quadruped robot can access locations that are difficult to reach with other
systems. Its capacity to move close to ground-level elements and operate within confined
spaces enables detailed inspection near potential sources of risk, improving the accuracy of
detection. To perform these operations, the robot must be equipped with appropriate sensing
technologies, including gas detectors, radiation sensors, and thermal imaging devices.

Regarding the monitoring of self-heating phenomena in bulk storage areas (6), the
interviewed operators indicated a preference for quadruped robots over drones. This is



3.3 Study 3: Harbor inspection 45

Table 3.3 Emerged Problems

Problems Location Priority Check repetition
1 Custom inspection Storage Yard Low When needed
2 Chemical leaks in the hazardous good park Storage Yard High Repeated
3 Radioactive materials in hazardous good park Storage Yard High Repeated
4 Fires at the hazardous goods park Storage Yard High Repeated
5 Incorrect piling of containers Storage Yard Medium Repeated
6 Self-combustion of bulk storage (e.g. coal) Storage Yard High Repeated
7 Unauthorized people in restricted access areas Storage Yard Low Repeated
8 Wrong application of train seals Storage Yard Low Repeated
9 Poor air quality in ships’ holds Ships’ hold High When needed

10 Unstable cargo due to weather adversities or incor-
rect loading Ships’ hold High When needed

11 Poor air quality in naval repairs Ships’ hold High When needed
12 Radioactive materials in naval repairs Ships’ hold High When needed
13 X-ray inspection of cranes Cranes Low Repeated
14 Inspection of cranes with penetrating liquids Cranes Low Repeated
15 The Twist-mechanisms of containers get blocked Storage Yard Medium When needed

mainly due to the robot’s ability to physically move across the surface of the material,
allowing more accurate temperature measurements when equipped with thermal cameras.
Furthermore, when fitted with high-resolution cameras and an inertial measurement unit
(IMU), a quadruped robot can better evaluate container stacking conditions (5), both in terms
of alignment and stability relative to gravity. In contrast, aerial systems may be more affected
by environmental factors such as wind.

For surveillance tasks like controlling access to restricted zones (7) and verifying the
correct placement of train seals (8), both drones and quadruped robots can be effective if
equipped with suitable cameras. Drones offer faster coverage and broader data collection,
whereas quadruped robots provide higher precision in identifying individuals and analyzing
specific details such as seals.

For operations inside ship holds, the robot must carry additional sensing equipment, such
as radiation detectors, gas sensors, and 3D LiDAR systems.

In the case of bulk cargo inspections (9) or Ro-Ro (Roll-On Roll-Off) inspections upon
vessel arrival (10), LiDAR technology enables the creation of detailed three-dimensional
models of the environment. These models support the evaluation of cargo stability, for
example, by identifying damaged securing elements or displaced loads. A quadruped robot
is particularly advantageous in this context, as it can navigate beneath structures and traverse
irregular surfaces within the hold.
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Table 3.4 Possible Solutions

Design solutions Preferred robot Autonomy Level
1 Moving inside the container to verify the contents Drone Teleoperated

2 Inspection to verify the presence of chemicals near
the containers Quadruped robot Autonomous

3 Inspection to verify the presence of radioactions
in the hazardous goods park Quadruped robot Autonomous

4 Inspection to verify the presence of fires in the
hazardous goods park Quadruped robot Autonomous

5 Visual inspection to verify correct piling of con-
tainers Quadruped robot Autonomous

6 Inspection to monitor the temperature of the bulk
goods Quadruped robot Autonomous

7 Inspection to verify the presence of people in re-
stricted areas

Quadruped robot/-
drone Autonomous

8 Visual inspection of train seals Quadruped robot/-
drone Autonomous

9 Inspection to verify the percentage of CO2 and O2
in the ships’ holds Quadruped robot Mixed Autonomy

10 3D map of the cargo to verify its positioning Quadruped robot Mixed Autonomy

11 Inspection to verify the percentage of CO2 and O2
during naval repairs Quadruped robot Mixed Autonomy

12 Inspection to verify the presence of radioactions
during naval repair Quadruped robot Mixed Autonomy

13 X-Ray sensors on drones Drone Autonomous

14 Drones equipped with penetrating liquids and high
resolution cameras Drone Autonomous

15 Visual inspection of the Twist mechanism Drone Teleoperated

For naval maintenance scenarios (11 and 12), the sensing requirements are more limited,
typically involving gas and radiation monitoring. Here, the robot is primarily used to access
confined or hazardous areas before personnel begin their work.

In both ship unloading and maintenance applications, the robot’s size and maneuverability
are critical. It must be compact and agile enough to operate effectively within restricted and
cluttered spaces.

Additional noteworthy applications were identified, although they do not involve quadruped
robots. For customs inspections (1), the objective is to use a highly agile robotic system
capable of navigating inside partially empty containers to inspect their contents. In this
context, a drone represents a suitable solution, as it can move within the container without
applying pressure to potentially delicate items.

Furthermore, the interviewed workers highlighted the need to enhance crane inspection
processes through robotic technologies. At present, these inspections are performed by
personnel suspended at height, who apply penetrant liquids to detect cracks or conduct X-ray
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analyses on specific areas. As a possible improvement, the use of drones was suggested (13
and 14). The issue related to failures of the twist-lock mechanism is not addressed here, as
its complexity would require additional information to develop a viable solution (15).

By looking at the fourth column of Table 3.4, it is possible to see that workers were not
against the use of the robot, in a mixed autonomy paradigm. In particular, tasks that require
repeated execution in time, (2) through (8), are a better fit to implement complete autonomous
behavior. Additionally, due to the highly dynamic nature of harbor environments, relying
on fixed navigation routes is impractical. Instead, the system should be equipped with core
autonomous robotics capabilities, such as environment exploration, mapping, path planning,
and the detection of relevant features. On the contrary, tasks (1) and (9) through (12), must
be performed as needed, either immediately after the ship arrives for unloading or prior to
maintenance activities; the use of teleoperation could be considered. In the case of Ro-Ro
vessels, for instance, the robot might be remotely guided to the far end of the hold to gather
data. However, the presence of obstacles and congestion in such environments can interfere
with operation. For this reason, adopting a hybrid autonomy strategy would be more effective
in maintaining continuous functionality. The robot could operate under direct control when
communication is reliable and transition to autonomous modes whenever the connection
degrades.

3.4 Conclusion

We propose three different studies to investigate both the perception of stakeholders towards
robotics, as well as what is needed in each scenario. In particular, we propose two semi-
structured interviews to design possible robotic applications with both FRs and harbor
workers, and an online questionnaire to gather insights on what could be useful to increase
SA during a rescue mission.

During the interviews with both rescuers and harbor workers, the expectation about the
autonomy level of the robot emerged. FRs mainly imagined a completely autonomous robot,
while, on the other hand, harbor workers were more interested in a mixed autonomy paradigm,
where the robot is able to complete repetitive tasks in autonomy but can be controlled, if
needed, for more specific tasks that are to be completed sporadically.

During the interviews, most FRs and workers showed strong interest in the use of robotic
technologies to enhance workplace safety, although some reservations were also expressed.
In particular, a few workers raised concerns about possible job displacement. Moreover, there
were doubts about whether robots could match human precision in certain tasks, potentially
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affecting safety outcomes. Involving the end users throughout the development process
is essential to fully understand and address these concerns during the design stage. This
approach can help ensure that robots are seen not as substitutes for human labor, but as tools
that support workers and contribute to safer working conditions.

Analysing the results from the online questionnaire, we gathered insights on the type of
information that FRs need to increase SA. Additionally, we discovered that in general, FRs
are willing to apply semantics to help them build SA; additionally, they think that having
additional semantics is useful even when they cannot fully trust the system.



Chapter 4

Autonomous Exploration of Multi-Floor
Buildings

Following the interviews both with FRs and with harbor workers, detailed in Chapter 3, the
need for autonomy emerged for both robotic applications. At different levels, both disaster
management and industrial environments pose challenges for operational planning; disaster
sites are often unpredictable due to structural damage and furniture collapse. On the other
hand, the organization of industrial sites is more predictable, but at the same time, large
obstacles are moved around daily, for example, containers in the port environment.

Given the application’s specificity and stricter requirements, the following section focuses
primarily on the SAR application. Please note that everything can be applied to the harbor
environment by relaxing some constraints and fine-tuning the approach.

Suppose the goal is to develop a robotic solution to support the immediate post-disaster
phase, such as after an earthquake. The robot must perform an initial inspection of a
partially collapsed building, collecting as much information as possible before FRs arrive,
to provide them with an overview of the building’s interior, as mentioned in Section 3. The
information to be acquired is of a different nature, as the robot should gather information
about the state of the building, including both its structural condition and the presence of
people. To further increase complexity, most buildings have multiple floors, highlighting
the need for robots capable of climbing stairs and for dedicated strategies to manage multi-
floor exploration. Given the aforementioned scenario, this chapter proposes a system for
autonomously exploring a previously unknown environment in a time-efficient way. The
proposed framework was implemented on a quadruped robot.
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4.1 Methodology

Figure 4.1 System Architecture.

The system architecture for autonomous exploration of multi-floor buildings is shown in
Figure 4.1. The Exploration Module, highlighted in yellow, represents the core contribution
of this chapter. To explore and map unknown areas of the environment, the Exploration
Module implements a frontier-based strategy [208]. The algorithm, in line with several
similar approaches, uses the Rapidly-exploring Random Tree (RRT) algorithm [191] for
frontier detection and employs a metric based on the expected information gain to select the
next frontier to explore and the estimated risk in reaching it. However, in a multi-floor SAR
domain, several aspects differ from standard exploration and must be addressed.

Firstly, since the application involves multi-floor buildings, it is necessary to identify
frontiers that lead to different floors, hereafter referred to as Stair Frontiers. Unlike standard
frontiers, which separate explored and unexplored areas, Stair Frontiers rely on the system’s
ability to represent stairs as links between different floors and to take their semantic meaning
into account in the exploration strategy. A Stair Frontier leads to a floor that has not yet been
explored and is therefore potentially highly informative in terms of expected information
gain if the robot moves toward it.

Secondly, exploration can be conducted in different styles, with the choice of style
depending on the application domain. In SAR applications, for instance, where the robot
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explores the environment before FRs enter the area, the ability to acquire information within
a limited time frame (e.g., 10 minutes) can be more important than exhaustively exploring
every small recess.

These principles are reflected in the exploration strategy we implemented, which is
designed to achieve the following objectives — of which the last three particularly reflect the
peculiarities of SAR within a limited time frame.

O1. Prioritize frontiers with high expected information gain.

O2. Prefer frontiers located at the boundary between explored and unexplored space that
are sufficiently close to the robot, minimizing travel time and reducing the risk of
selecting unreachable targets.

O3. Avoid selecting spurious frontiers in the immediate vicinity of the robot, which can
typically be explored through in-place sensing or naturally during navigation.

O4. Consider the amount of unexplored space remaining on each floor, avoiding unneces-
sary time spent on floors that are nearly fully explored while preventing overly frequent
floor changes.

O5. Favor straight paths over tortuous ones, promoting the complete exploration of hallways
before entering rooms or deviating to explore lateral branches.

O6. Introduce persistence in frontier selection across consecutive iterations by preferring
frontiers aligned with the robot’s current direction of motion, reducing frequent target
switching before frontiers are reached.

To determine which frontier to visit, each frontier is evaluated against all the criteria
described above, as expressed mathematically in Equation 4.1 (for standard frontiers) and
Equation 4.4 (for Stair Frontiers). In both equations, x f represents the 2D position of the
frontier’s center, and xr represents the position and orientation of the robot at the time of the
frontier evaluation. As defined in previous works, such as [60], the revenue associated with
reaching a frontier is composed of gains, which are added to the revenue, and costs, which
are subtracted.

R = Iw ·h(x f ,xr) · I(x f )−Dw ·D(xr,x f )−Vw ·V (xr,x f )

+Fw ·F(xr)−Cw ·C(xr,x f )+Ow ·O(xr,x f ).
(4.1)
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The first term is the information gain I(x f ), which quantifies the amount of unknown
space near the frontier (corresponding to objective O1). It is computed as the number
of square meters of unknown space within a circular area surrounding the frontier. The
information gain is multiplied by the information weight Iw and the hysteresis gain h(x f ,xr),
both ranging from 0 to 1. Since this application prioritizes the rapid exploration of new areas
rather than the exhaustive coverage of a single area, the information gain is reduced when
the robot is already in the vicinity of the frontier under evaluation, thereby preventing the
selection of spurious frontiers. Specifically, the hysteresis gain is set to zero when the robot is
close to the frontier. Along the same line, the third term is the vicinity cost V (xr,x f ), which
reduces the value of a frontier in inverse proportion to its distance when the robot is within a
5-meter radius of the frontier. The vicinity cost is multiplied by the vicinity weight Vw, which
also ranges from 0 to 1. Together, the hysteresis gain and vicinity cost address objective O3.

The second term in Equation 4.1, the distance cost D(xr,x f ), accounts for the distance
between the robot and the frontier, with greater distances resulting in higher costs (objective
O2). This term reflects the preference, in this application, for visiting frontiers that are not
too far away, ensuring that the travel time remains reasonable while avoiding increased risk.

The fourth term is the floor gain, F(xr), which weights the estimated unexplored space
on the floor where the frontier is located (objective O4). Equation 4.2 shows how the floor
gain is computed: it is the maximum area of the floor Amax(xr), obtained from approximate
knowledge of the building (indicated by the dashed red line in Figure 4.2), minus the currently
explored area A(xr) (shown as the shaded area in Figure 4.2):

F(xr) = Amax−A(xr). (4.2)

The floor gain is multiplied by the floor weight Fw, which is less than one and accounts
for uncertainty in the remaining space to be explored. When comparing frontiers on the same
floor, the floor gain is identical, rendering the effect of this term negligible.

The last two terms are optimization terms; their weight in the evaluation is smaller
compared to the other terms, and they are primarily useful when two frontiers have similar
values, helping to select the frontier that is more promising. Specifically, optimization
requires the curve cost C(xr,x f ) and the orientation gain O(xr,x f ), each weighted by the
respective factors Cw and Ow, ranging from 0 to 1. The curve cost, defined in Equation 4.3,
is calculated as the ratio between the actual path length to reach the frontier L(xr,x f ) and the
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Euclidean distance D(xr,x f ) (illustrated in Fig. 4.2), favoring straighter paths (objective O5):

C(xr,x f ) =
L(xr,x f )

D(xr,x f )
. (4.3)

Whenever the path cannot be computed using the A* algorithm [85], the frontier is
considered unreachable, and the path length L(xr,x f ), and consequently the curve cost
C(xr,x f ), are saturated to a high value. The orientation gain O(xr,x f ) is computed by
evaluating the angle θr between the robot’s heading and the straight line from xr to x f . If
θr lies within the interval [−15◦,15◦], then O(xr,x f ) = 1; otherwise, O(xr,x f ) = 0. This
encourages the robot to continue moving in the same direction (objective O6).

Figure 4.2 Evaluation of x f revenue gain.

Stair Frontiers must be handled differently. Equation 4.4, describing the revenue for a
Stair Frontier, is very similar to Equation 4.1 used for frontiers on the same floor as the robot;
the primary difference is the absence of the information gain I(x f ) when evaluating a Stair
Frontier. Furthermore, the floor gain F(new f loor) is computed not for the floor the robot is
currently on, as before, but for the floor the robot is expected to reach by climbing the stairs:

R = −Dw ·D(xr,x f )+Vw ·Vc(xr,x f )

+Fw ·F(new f loor)+Ow ·O(xr,x f )−Cw ·C(xr,x f ).
(4.4)

When evaluating Stair Frontiers in Equation 4.4, the information gain is completely
replaced by the floor gain computed for the new floor (thus, the equation addresses all
objectives O1–O6). If the new floor is completely unexplored, the expected information
gain from exploring the Stair Frontier corresponds to Amax; otherwise, it corresponds to the
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portion of the new floor that remains unexplored, as defined by Equation 4.2 and computed
for the new floor.

It can be observed that the floor gain affects the decision only when comparing frontiers
on different floors. It also influences the robot’s exploration style: a higher floor gain
corresponds to a “greedier” behavior, where the robot changes floors more frequently, relying
more on the potential information to be gained by moving to a new floor. Conversely, lower
floor gains promote a more cautious strategy, in which the robot attempts to fully explore the
current floor before moving to another.

4.2 Experiments

The experimental procedure aimed at verifying the feasibility of this approach and to analyze
the different behaviors and exploration styles that emerge by changing parameters. Tests are
performed as follows in a four-story building:

• the exploration algorithm is executed for 10 minutes, by recording the area explored
every minute;

• the exploration is repeated 9 times, by changing the values of Fw, Cw, and Ow in Eq.
4.1 and Eq. 4.4.

Even though the building has multiple floors, all experiments were performed on the
same floor, simulating a fixed time of 1 minute to climb the stairs. This approach was adopted
to ensure that differences in the results were not due to variations in accessible areas or the
time required to climb stairs, which could have made the experiment more complex and
less predictable. For the same reason, stairs were detected using Aruco markers, ensuring
precise and reliable localization of the staircases. The building has the maps shown in Figure
4.3. The differences between the various floors have been simulated by opening and closing
doors, thereby making certain areas accessible while blocking others on different floors.

Remark 1. The Spot robot is capable of reliably climbing stairs using the embedded func-

tionalities provided by the manufacturer; therefore, testing this capability is beyond the

scope of this article. In contrast, since we focus on exploration strategies, possible delays or

unexpected events during stair climbing could affect the explored area and the number of

detected people within the allotted 10-minute time frame, making different runs incomparable.
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Concerning parameters in Eq. 4.1 and Eq. 4.4, one experiment is taken as a baseline and
uses only the scores typically used in frontier-based algorithms, i.e. the information gain
I(x f ,xr) and the distance to the frontier D(x f ,xr). The other 8 experiments were done a) by
varying the floor gain Fw (chosen in the set {0.01, 0.05, 0.1, 0.5}, and b) by setting either
zero or a positive value the two weights, Ow and Cw, that score the quality of the frontier
depending on the straightness of the path to reach it.

Figure 4.3 Results of the exploration test: these maps have been created using the most
performing configuration of exploration parameters.

During all experiments, the robot was initially placed on the second floor at the rightmost
side of the corridor, at the location pointed by the arrow in Figure 4.3. The robot was
positioned near a staircase to enable it to recognize the Floor frontier from the start of the
operation. Thanks to this, we avoid the case where the robot never finds a staircase during
exploration: this must be avoided since the main goal is to check how tuning parameters
change the robot’s behaviour, considering the possibility of switching floors. For example,
if the robot were to start on the rightmost side of the corridor on Floor 0, it would have
to completely explore the floor before reaching the staircase, regardless of the choice of
parameters. To maximize the effect of the parameters on the robot’s exploration behavior, it
was therefore decided to start all experiments from the same location, where the robot could
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detect the staircases. Further experiments, with the robot starting from different positions,
not all in proximity to staircases, are analyzed in Chapter 6.

As concerns the weights that account for the information gain Iw and the distance from
the frontiers Dw, they have been kept constant in different experiments since they are not
objects of the analysis.

Figure 4.4 Squared Meters explored changing the Floor Gain of the exploration.

4.3 Results

Figure 4.4 represents the explored area after 10 minutes for each test. Blue columns corre-
spond to setting parameters without aiming to reduce the tortuosity of the path (Ow and Cw

set to 0). Orange columns instead correspond to setting both of them to 1. Please note that
the choice of the optimization weights has been set by performing preliminary experiments
both in simulation and with Spot, such as to ensure that the “reduction of tortuosity” plays a
role only when comparing two frontiers with a similar expected information gain.

Compared with the baseline trial with Fw = 0 the performances increase by setting a
positive value for Fw (blue columns). All parameter configurations achieve a wider explored
area than the baseline trial, with a maximum when Fw = 0.1. With Fw = 0.1, Ow = 1, Cw = 1,
we achieve the maximum explored area in 10 minutes, equal to 595m2. When Fw is too low,
the behaviour will be similar to the baseline, where the robot waits for almost completing the
exploration on each floor before moving to the next one.

Figure 4.5a shows how the explored area increase with time, whereas Figure 4.5b focuses
on the more and the less performing trials by reporting also the time instants when the robot
switches to a different floor (vertical lines). By inspecting Figure 4.5a, it can be noted that
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the run in which the robot explored the biggest area (Fw = 0.1, Ow = 1, Cw = 1) was not the
most performing throughout the entire period but only in the last minutes. This means that,
given a shorter period, a different configuration of parameters might achieve better results.
Figure 4.5b focuses on the best configuration (Fw = 0.1, Ow = 1, Cw = 1) that, after the
second minute, outperforms the baseline one.

(a) Exploration Rate of all Trials. (b) Exploration rate of Best and Worst trial.

Figure 4.5 Exploration rate comparison.

4.4 Discussion

By observing Figure 4.4, we can notice an increase in the area explored as Fw increases, but
if Fw is too high, the robot changes the floor too often, without using the available time for
exploration, but rather for switching between floors. Specifically, when Fw = 0.5, the robot
immediately changes the floor, explores a small area, and changes the floor again, moving
back and forth without actually achieving its main task, spending a lot of time climbing
staircases.

By comparing the two sets of experiments in Figure 4.4 (i.e., red and blue columns),
taking into account the quality of the path to a frontier always yields better results: when
the robot has only 10 minutes to spend, it is better to quickly explore a floor moving straight
along the main hallway, rather than wasting time entering rooms or exploring the small
spaces in each room. For other applications or other time horizons, it might be convenient to
set the parameters in different ways. Additionally, the differences with changing Fw values
are less noticeable. From this, we can conclude that not taking into account the optimization
parameters makes the exploration less efficient, resulting in the robot discovering fewer Stair
Frontiers.

Analysing the behaviors of the robot in time, Figure 4.5a, we can see that the best
performing trial at 10 minutes was not the best throughout the entire task. With only 5
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minutes of exploration, for example, the best results would be achieved by setting Fw = 0.01:
a lower value ensures higher coverage in the first minutes because the robot does not waste
time climbing stairs, during which we assume that the robot is not exploring (this is not
necessarily true in a real case, where people needing help might be on the stairs). It can also
be noted that, after the third minute, the baseline configuration is always the worst, whereas
it beats some other configurations in the first minutes. Once again, this happens in those
cases where the configurations lead the robot to switch floors immediately, without exploring
the initial floor.

By looking at the single trials, in Figure 4.5b, in the baseline configuration (red plot),
the explored area grows slowly with time, since the robot thoroughly explores the second
floor before moving away from it. This happens almost at the end: the robot reaches the new
floor at 9.45, which allows it to explore only a small part of it. Generally speaking, the robot
explores the majority of the first floor in the first minute and then it keeps discovering very
small areas (see the plateau in the plot). In the most performing configuration (black plot),
the robot decides very soon to switch to the first floor, and this produces a quick increment in
the plot. When the first floor is almost completely covered, the robot switches back to the
second floor. Since this floor has already been partially explored, the plot shows a very small
increment versus time until the robot discovers the staircase leading to the third floor, on the
other side of the hallway.

From the previous analysis, it can be remarked that the plot of the explored area versus
time shows a plateau whenever a floor has been mostly explored. In this work, this informa-
tion was not used to decide when to move to a different floor. However, it can be extremely
useful in making a decision and will be studied in future implementations.

4.5 Conclusion

In this chapter, we presented a frontier-based approach for multi-floor exploration under time
constraints. The proposed system was evaluated using the Boston Dynamics Spot robot to
assess the impact of different parameters on the area explored within a fixed time budget of
10 minutes.

The experimental results highlighted the influence of the proposed floor-switching policy
and path-selection strategy, which prioritizes less tortuous routes. These findings suggest that
the proposed approach can improve exploration efficiency in time-critical scenarios, where
rapid situational awareness is required before human rescuers arrive and begin operations.



Chapter 5

Probabilistic Semantic Mapping for
Feature Localization

Based on requirements from FRs and harbor workers, Chapter 3, several applications in-
volving feature detection using visual sensors were detailed during the exploration phase,
such as identifying people or assessing the proper stacking of containers. We chose to focus
on the SAR scenario due to its stricter operational requirements. In particular, during the
exploration phase aimed at locating people and other relevant features, high localization
accuracy is not strictly required – the robot’s task is limited to exploring the environment
and detecting people and other environmental features, and not intervening on the person
through mobile manipulation or similar tasks. Rather, location information must be reported
to FRs for subsequent intervention. Therefore, it is sufficient to provide positional accuracy
that enables FRs to reach a location close enough to visually identify the affected individuals.
Secondly, knowing with a high degree of confidence that an area is empty allows FRs to
prioritize locations where people have been detected. For this reason, it is vital not only
to detect all individuals present in the environment, but also to correctly identify empty
spaces. By avoiding unnecessary visits to such areas, rescuers can ensure faster and safer
interventions while minimizing the time spent inside the building.

These concepts are summarized in the following remarks, which guided the development
and evaluation of our solution.

Remark 2. In the considered SAR scenario, the locations of people and environmental

features are primarily intended for use by FRs in a later phase. Consequently, it is more

important to determine with high confidence that a person or relevant feature is present

within visual range in a given area than to precisely localize it in space.
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Remark 3. Knowing that no people are present in a given area is almost as important as

knowing that people are present. Indeed, areas explored by the robot in which no people are

detected can be safely ignored by FRs in a later phase, thereby improving both their personal

safety and operational efficiency.

Focusing on vision-based strategies in the context of SAR, we can summarize that the
most critical information to gather includes: the number of people present and, if possible,
their condition; the presence and location of wall cracks; an assessment of stairway conditions;
and the positioning of doors, with the dual purpose of identifying areas inaccessible to the
robot and, for future research, check for door collapes.

The contribution of this chapter is twofold: first, the development of a machine-learning
(ML) model to detect people and relevant environmental features in SAR scenarios; and
second, the integration of an ML-based vision system into a quadruped robot to generate
semantic maps of the scene, identifying people and other relevant environmental features
specific to SAR scenarios.

5.1 Methodology

Our goal is to recognize people and significant features in the environment during the
locomotion of a quadruped robot and store them in a semantic map using only onboard
sensors and computational units. We aim to develop a solution that can operate without the
need for an internet connection, considering potential network disruptions or unavailability.
Moreover, such a solution should be as hardware-independent as possible and applicable to
various scenarios.

To minimize computational overload and enhance modularity, we partitioned the com-
putations across two distinct onboard computational units. This approach facilitates the
interchangeability of the two modules while ensuring reliable communication and data trans-
fer between them, thereby creating a more robust application. As shown in Fig. 5.1, the
system consists of an external stereo camera, a Detection Model for processing received
images, a Recognition Interface that, given all information regarding the locomotion and
navigation of the robot, computes the absolute position in space of the detected features, and
a Mapping unit to save the location of detected features in space.
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Figure 5.1 System Architecture.

5.1.1 Detection Model

For the Detection Model, our aim was to implement an algorithm capable of recognizing
significant objects in the scene. Based on interviews with members of ANPAS, we decided
to focus on detecting people, stairs, cracks, and doors. Recognizing the location of doors is
particularly valuable for planning safe paths to areas the robot cannot explore. Furthermore,
considering potential future applications, knowing the location of a door could facilitate im-
plementing a system where the robot autonomously opens the door, an often underestimated
problem that reveals to be critical for autonomous exploration of any indoor environment
[81].

To implement a model capable of recognizing these classes, we needed to create a proper
dataset by loading and labelling the images on Roboflow1. For detecting people, we utilized a
subset of randomly chosen images from the COCO dataset [125]. Regarding crack detection,
we compiled images from two different sources [128, 131] to include both wall cracks
and concrete cracks. For stairs, we utilized images from a publicly available dataset [48],
taken in various buildings, along with additional images of stairs collected in Genoa using
smartphones. For door images, we relied on datasets publicly available at [146] and [7]. The
final dataset comprises 6665 images with the instances for each class divided as follows:
10972 Person instances, 4552 Crack instances, 1430 Door instances, 1193 Stair instances.

1The dataset is publicly available at https://universe.roboflow.com/stair-eyhvv/rex-cue-2

https://universe.roboflow.com/stair-eyhvv/rex-cue-2
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Before deploying the dataset to train the model, we resized all images to 416×416, while
maintaining their aspect ratio by padding the images with black borders. To expand the
dataset and consequently improve the robustness and reliability of the system, we performed
some augmentation steps. In particular, we applied the following transformations: horizontal
flip, rotation between -15 °and 15°, brightness modification between -20% and 20%, blur
effect up to 2.5px, noise addition up to 0.3% of pixels, cutouts of 3 boxes with 10% size each.
The YOLO model was trained for 100 epochs with a batch size of 64, without freezing any
layers.

During run-time operations, the model is used to detect objects in the scene using a
ZED2 camera, considering only one of the two stereo frames. Subsequently, the object is
localized with respect to the camera frame, see Section 5.1.2. From the detection model, the
following information is retrieved: the class of the object, the confidence of the detection,
and the position, with respect to the camera frame of the detected object. These data are
then leveraged to create a semantic map of the environment. This vision system has several
known limitations; in particular, detection can be made difficult by the viewpoint, possible
occlusions, or the presence of smoke. These limitations are intrinsic to the choice of sensor.
We are currently working on improving active perception using a robotic arm to avoid
obstacle occlusions within the camera’s field of view, as well as integrating different sensor
types, such as microphones and thermal cameras, to compensate for these limitations and
propose a more robust system.

Given the specificity of the application for which this system has been developed for,
namely a SAR scenario with a legged robot, we opted to capture and process images from
the camera at a fixed frequency of 2Hz, which seemed reasonable considering the maximum
speed of the robot used for testing, 1.6m/s. This was done to mitigate a high computational
overhead and minimize the hardware system requirements. To avoid a communication
overload between the Computer Vision Unit and the Navigation Unit, we chose to avoid
sending the camera stream, and instead transmit only the detections comprised of object
class, confidence, and position with respect to the camera frame.

5.1.2 Semantic Map

The results of the detection process, including confidence of each detected class and object
position, is transmitted to the Mapping unit. This unit also receives data from the physical
robot regarding its spatial location through mapping and localization, performed using the
rtab framework by IntroLab, [115]. Our objective is to correctly position the detected people,
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cracks, doors, and stairs in the map by considering the current position and orientation of the
robot in the environment.

When incorporating the detected features into the geometrical map, it is important to
consider the confidence that the detection corresponds to ground truth rather than being
perceptual noise. To this end, we took inspiration from probabilistic occupancy grids [56].
This process ultimately results in a multi-layered grid, where each layer holds thematic
information about the spatial distribution and the confidence regarding the presence of: (1)
obstacles, known and unknown space; (2) Person instances; (3) Crack instances; (4) Door
instances; (5) Stair instances. It is important to observe that layers (2)-(5), similar to layer
(1), do not depict detected features as objects. Instead, they present detected features in a
raster format rather than a vector format, associating each cell with a confidence level of
containing that specific feature. Layers (2)-(5) have a resolution of 0.5m, where each cell can
range in value from 0 to 100, representing the confidence of detection in that location.

Once the detection is received, the position of the object in the map frame M is calculated
using Eq. 5.1, where M o is the object position with respect to M ; M TB is the transformation
matrix between the body frame of the robot B and M ; BTC is the transformation matrix
between the frame of the camera C and B; C o is the object position with respect to C .

M o = M TB
BTC

C o (5.1)

The object is then added to the corresponding layer M L, depending on the class L of
the detection. The process of updating the cell values for a given layer is explained in
Algorithm 1. It is worth noting that, following each detection, 9 cells, each of area 0.25m2

in the layer centered in M o are updated corresponding to a total area of 2.25m2. This has
been done because, in our application, it is more critical to provide accurate information
regarding the number of recognized features and the probability of recognition rather than
pinpointing their exact location, Remark 2. By implementing this algorithm, each detected
feature increases the confidence value of the surrounding space, allowing two nearby areas
recording detections in the same layer to be merged into a larger detection.

Following the same logic as a probabilistic occupancy grid map, if the robot does not
detect anything in a certain area of the map, that area should be progressively cleared of
previous detections, if any. Considering the SAR application, it was deemed more important
to recognize features within the environment (i.e., true positive, TP), rather than avoid false
positives (FP), Remark 2

Since, however, the number of FP must be limited, a mechanism was implemented to
periodically decrease the value of cells within the approximate field of view of the camera by
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Algorithm 1: Map Update Algorithm
Input :N detections O = {M o1, . . . ,

M oN},
a map layer M i = {mapi(1,1), . . . ,mapi(x,y), . . . ,mapi(maxX,maxY)}

Output :updated map layer M i

for each M oi ∈ O do
Cells← /0;
(x,y)← getMapCell(M oi);
Cells←{(x,y)};
Cells←Cells∪8_neighbours(x,y);
for ( j,k) ∈Cells do

if ( j,k) = (x,y) then
v← confidence(M oi);

else
v← λ · confidence(M oi);

end
Prob← 0.5 · v+0.5;

LogOdd← log
( Prob

1−Prob

)
+ log

(
map j,k

1−map j,k

)
;

map j,k← 100 · eLogOdd

1+eLogOdd ;
end

end
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a fixed amount. We approximated the camera’s field of view to a triangular area with a vertex
angle of 120°and a maximum depth of 4m, Figure 5.2. This simple mechanism allows for the
removal of any incorrect detections, i.e. detections that are not repeatedly done by the robot.

Remark 4. Since it is more critical to miss a detection (FN) than to have a FP, especially

when searching for people, we decided to implement the clearing mechanism to operate at a

slower rate (0.5Hz) compared to the mechanism that detects a cell as occupied (2Hz).

Figure 5.2 Clearing area in front of the robot.

5.1.3 Measurement

Assessing the quality of the semantic mapping is not trivial and can be considered as a
contribution of this work. Suppose we now have a ground truth map for each layer of
the semantic map, composed of cells with the same resolution, but containing the actual
information provided by researchers about which cells should be labeled with each feature
i. To evaluate the system, it is reasonable to compare the ground truth maps of people,
doors, and stairs (semantic mapping experiment) and of people only (exploration and search
experiment) with the corresponding obtained semantic maps. This comparison requires
a clear definition of a successful detection, as it is not possible in this domain to directly
apply metrics from multi-object classification or segmentation. Recall that the ith layer of
the semantic map reports, for each cell mapi(x,y), the confidence that the cell contains an
instance of element i. When the grid resolution is high, and each cell corresponds to a small
portion of terrain, a single person, door, or staircase may be represented as a probability
distribution spanning multiple cells, reflecting uncertainty in the actual position of features
–where each cell in a semantic map layer can be considered occupied if its value exceeds a
given confidence threshold.
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As described in Section 2.3.1, the main metrics used for similar problems are IoU and
MODA. In principle, IoU could be used to compute the degree of overlap between a layer
i of the semantic map and the corresponding layer in the ground truth map. However,
this approach is not suitable, as accurately computing the intersection of segmented areas
requires highly precise localization and exact shapes of the areas corresponding to a fea-
ture—something that is difficult to achieve with our method—and may not even be necessary
(Remark 2). Similarly, MODA proves inappropriate because it evaluates detections on a
per-frame basis against ground truth rather than assessing their contribution to the final
semantic representation, and it largely ignores the problem of correctly identifying empty
areas. However, due to the nature of the application described, correctly identifying cells
occupied by people (i.e., TP) is not the sole objective: accurately mapping empty areas in the
semantic map (i.e., true negatives, TN) is equally important (Remark 3). This is particularly
relevant when searching for people, since empty areas are generally larger than occupied ones
and thus correspond to a greater number of cells (i.e., the dataset is unbalanced); exploring
these empty areas would waste FRs’ time.

In this section, we propose an alternative method for measuring the performance of a
system designed to localize people (and other features) in a SAR environment. For illustrative
purposes, we initially assume a very low resolution, in which each cell of the semantic map
corresponds to an area of 2.25 m2. Under this assumption, each feature is mapped to a single
large cell. After thresholding the probability values in the semantic map layer, each cell is
classified as either containing the feature or not. We also assume that the actual environment
is divided into cells of the same resolution, referred to as the ground truth map. If a cell is
detected by the system as containing a person (or another feature) and the corresponding
cell in the ground truth map is also occupied, it is considered a TP. A FP occurs when a
cell is detected as occupied but is empty in the ground truth map. Conversely, a cell that
is occupied in the ground truth map but not detected by the system corresponds to a false
negative (FN). In this simplified case with low-resolution maps, calculating the number of
TNs is straightforward: TN corresponds to the cells that are empty in both maps.

Assuming that a person (or another feature) fully occupies a 2.25 m2 cell or not is unreal-
istic, as it does not account for uncertainty in sensing and localization. As anticipated, we
consider square cells with a smaller side (e.g., 0.5 m), and a detected feature is represented in
the semantic map as a probability distribution over a 3×3 neighborhood of cells. Specifically,
the alternative method we propose for computing TPs, FPs, and FNs is based on the following
principle: in a SAR application, if a person in the ground truth map is within the visible
range of their detected location in the semantic map (i.e., even if the detection does not
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perfectly overlap), a FR reaching that location will be able to see the person and initiate
rescue procedures (Remark 2). Accordingly, TPs, FPs, and FNs are defined as follows:

• TP: A person (or another feature) is considered found in the environment if there is
at least one cell marked as occupied in the semantic map within a visibility radius of
Vr meters from their actual position in the ground truth map. Each person (or other
feature) in the ground truth map can produce at most one TP.

• FN: A person (or another feature) is considered not found if there are no cells marked
as occupied in the semantic map within Vr meters of their actual position in the ground
truth map. Again, each person (or other feature) in the ground truth map can produce
at most one FN.

• FP: Neighboring cells in the semantic map marked as possibly containing a feature are
first clustered using k-means [10] and the Elbow method [154]. An FP corresponds to
clusters that are not within a distance Vr of any person (or other feature) in the ground
truth map. Each cluster can produce at most one FP.

Starting from the number of TP, FP, and FN, we calculated Precision=TP/TP+FP, Re-
call=TP/TP+FN, and F1-score=2TP/(2TP+FP+FN). We do not calculate TN at this stage,
as its computation is not straightforward from the preceding discussion. TN cannot be
clustered, as done for FPs, and thus requires additional considerations. The estimation of TN
is presented in Chapter 6.

5.2 Experiments

The Spot robot is equipped with 5 depth cameras that provide a 360-degree field of view.
These cameras are monochrome and low-resolution, and therefore insufficient for accurate
detections as they provide low-quality images and imprecise detections. To improve Spot’s
detection capabilities, we installed an external ZED22 camera from StereoLabs, a color
depth camera commonly used for AI and Virtual Reality (VR) applications. In Fig. 5.3,
the difference between images acquired from the ZED2 camera and the cameras already
mounted on the robot can be observed.

The ZED2 camera requires an NVIDIA GPU and a USB 3.0 connection. The Spot Core,
an external computation unit provided by Boston Dynamics, offers a USB 3.0 port but does
not include an NVIDIA GPU. Instead, it features an i5 Intel® 8th Gen (Whiskey Lake-U)

2https://www.stereolabs.com/products/zed-2

https://www.stereolabs.com/products/zed-2
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Figure 5.3 Spot (left) and ZED2 (right) cameras with a detected Person instance (Spot has
two black&white frontal cameras.)

Core™ CCG Lifecycle. Consequently, a separate computational unit is necessary. For the
computer vision component, we selected the Jetson Nano Developer kit, which is equipped
with a 128-core Maxwell NVIDIA GPU and a Quad-core ARM A57 @ 1.43 GHz CPU.
Summarizing, the Jetson Nano Developer kit hosts the Computer Vision Unit, while the Spot
Core incorporates the Navigation Unit, integrating the navigation algorithm with information
from the Computer Vision Unit.

To have a precise localization and a mapping algorithm, we installed a VLP-16 LIDAR
sensor on top of the robot. This sensor generates a point cloud that can be exploited to create
a precise map of the environment.

To securely mount the ZED2 camera on top of the Spot robot, we developed a 3D printed
lightweight support, as shown in Fig. 5.4. This support ensures the stability of the ZED2
position and prevents it from falling during motion. Additionally, the platform accommodates
the Computer Vision unit, and a power bank, which supplies power to both the Computer
Vision unit and the camera.

5.2.1 Detection Model

The ZED2 provides an SDK that enables easy integration with ML models YOLOv5 [95] and
YOLOv7 [197]. Unfortunately, the NVIDIA Jetson Nano is only compatible with YOLOv5,
and therefore We opted to train this latter model. Specifically, our focus was on the YOLOv5
nano, small, and medium models (YOLOv5n, YOLOv5s, YOLOv5m). We trained all three
models and collected their performance metrics.
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Figure 5.4 Spot System with ZED2 camera mounted.

5.2.2 Semantic Mapping

The experiments aimed to test the functionalities of the semantic mapping algorithms, rather
than assessing the motion abilities of the robot. The experiment involved teleoperating the
robot along a predefined path marked on the floor, using stickers with arrows, while the robot
acquired and processed images. This experiment was conducted at two different locations,
with 5 participants at each location. Each participant completed the task 5 times, with the
experimenter changing the position of people and the states of doors (open/closed) before
each run. During the experiments it happened for two trials that the data were not recorded
correctly and the corresponding data were discarded. Consequently, we completed a total of
48 trials.

Remark 5. We decided to manually drive the Spot robot along a predefined path to ensure

that the final robot’s trajectory is as repeatable as possible, something we could not ensure

when the robot was autonomously exploring the environment. For the same reason, we

instructed operators to control the robot along the path without purposefully turning its

camera toward people or relevant environmental features.

Due to the absence of cracks in the chosen locations, we did not test the detection of
Crack instances. In the experiments described in the following section, our focus is on
evaluating the detection of Door, Person, Stair instances3.

3A video of experiments is available at https://youtu.be/lCpxnwUiR6I

https://youtu.be/lCpxnwUiR6I
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The first location was on the second floor of E Building of the DIBRIS Department at
the University of Genova, located at Via Opera Pia 13. This site featured 20 doors and two
staircases—one ascending and one descending—that the robot could encounter and detect.
Regarding human presence, two individuals were positioned in five distinct configurations,
corresponding to the five runs in which each participant was involved. In each configuration,
the individuals alternated among three poses: sitting, standing, and lying down.

The second location was the ground floor of Villa Bonino, headquarters of DIBRIS and
located at Viale Causa 13, Genova. This site featured 9 doors and 3 staircases, with one
leading downstairs and two upstairs. Conducting experiments in an entirely vacant building
at this location was not possible, leading to scenarios where more than two individuals were
present in the environment. Specifically, in 12 runs, 3 individuals were present, and in 4 runs,
there were 4 individuals. Given that the positions of these additional people were not fixed in
advance, we utilized the recorded footage from the robot’s cameras during its movement to
identify and document their locations during data analysis.

5.3 Results

5.3.1 Detection Model

The results of the different detection models trained are summarized in Table 5.1. The ‘P’
column stands for Precision=TP/(TP+FP), which measures the accuracy of the detections,
i.e., how many of the instances predicted as positive are actually positive. ‘R’ stands
for Recall=TP/(TP+FN), evaluating the proportion of actual positive cases that the model
correctly predicts as positive. The other two metrics are useful for integrating the information
from Precision and Recall into a single value. The ‘MaP50’, which stands for Mean Average
Precision at IoU 50, calculates the area under the Precision-Recall curve for each class when
the IoU is greater than 50, and then averages the results. Likewise, the ‘MaP50-95’ is the
Mean Average Precision at IoU thresholds from 50 to 95. It computes the Precision-Recall
curve for different threshold levels (ranging from 50 to 95) and averages the area under the
curve.

We tested all of the aforementioned models on the available hardware and observed
that the difference in performance between the models was not significant. However, the
inference time was notably slower for the small and medium models. To ensure a faster
pipeline for processing images at the 2Hz rate, we decided to evaluate our algorithm using



5.3 Results 71

MaP50 MaP50-95 P R
YOLOv5n 0.517 0.251 0.609 0.499
YOLOv5s 0.544 0.2 0.649 0.508
YOLOv5m 0.584 0.32 0.681 0.559

Table 5.1 Performance for different YOLOv5 models.

(a) Obstacles (black) and Door instances (yellow)
at the first location.

(b) Obstacles (black) and Person instances (yel-
low) at the second location.

Figure 5.5 Detected instances in two different locations.

the model based on YOLOv5n. The performances of this model for each class are presented
in Table 5.1.

From these results, it is possible to notice that the class performing worse is the Crack
class in all the aforementioned metrics, followed by the Door class. These results might be
likely be improved by modifying the dataset to make it more robust and diverse with a greater
variety of images. However, in the present work, the performance are deemed sufficient to
pass to the next phase, where detected features should be incorporated into the map’s layers.

5.3.2 Semantic Mapping

Figure 5.5a shows the layer for obstacles, in black, and the one for Door instances, in yellow,
at the first location. Figure 5.5b displays the layers for obstacles, in black, and the one for
Person instances, in yellow, at the second location.

Specifically, to compute metrics, we recorded the obtained layers of the semantic map,
and the experimenter recorded a ground-truth map for each class –Door, Person, Stair – based
on the actual position of the instances of the corresponding class in the environment. We
refer to the actual instances of people and environmental features in the ground truth map as
‘sources’, where each source is associated with a corresponding class L.
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As a first step, we decided to process the map layers M L by filtering them based on such
confidence level. To accomplish this, each cell of a map layer mapi, j was considered as
‘occupied’ if the confidence level was greater than or equal to a given threshold. We repeated
this analysis for the following set of confidence thresholds th ∈ {20,30,40,50,60,70,80}.

For the experiments performed in the first location, we obtain TP=35, FP=40, FN=13
when setting a threshold of th = 50. With this threshold, it is evident that we have a
significant number of FN=13 instances of Person not detected. As previously mentioned,
in this application, FNs are significantly more critical than FPs, especially for the Person
class. Spending time investigating a FP is not a major concern, given that the number of
false alarms is relatively low compared to the total exploration time of the robot, Remark
4. On the other hand, missing a person needing help (FN) can have dramatic effects. In the
second location, we obtain TP=65, FP=29, FN=3 when setting a threshold of th = 50. It
is noticeable that the number of FN decreases, alongside an increase in the number of TPs.
Please notice that, as mentioned earlier, the more relevant score is Recall, which measures
the model’s ability not to miss actual instances to be detected, i.e., it decreases as the number
of FNs increases. Limiting the number of FP, as measured by Precision, is less relevant given
that the time spent by rescuers to manually check TPs and FPs is low compared with the total
exploration time, Remark 4. The F1-Score combines information from both Precision and
Recall metrics and is useful for seeking a balance between them.

The plots of Precision, Recall, and F1 score versus the designated threshold th for the first
location are shown in Fig. 5.6. From these plots, it is possible to notice that the Precision,
Figure 5.6a, increases with th for all classes, whereas Recall, Figure 5.6c decreases for all
classes. By considering the F1-score Figure 5.6e, it is observed that it decreases with th for
the Door class, but increases for the People and Stair classes.

The plots of the four metrics versus the threshold th for the second location are shown
in Figure 5.6. The Precision, Figure 5.6b, increases as the confidence threshold, th. On
the other hand, the Recall, Figure 5.6d, remains high for the Person and Door classes but
decreases for the Stair class. The F1-Score, Figure 5.6f, remains high for the three classes
and tends to increase with an increase in the confidence threshold.

For each class, we also compared the layers of the ground-truth map, manually created
to store information about the actual position of sources during the experiments, with the
layers of the map obtained during the experiments. To achieve this, we first binarized each
layer of the map using a confidence threshold th ∈ {20,30,40,50,60,70,80}, in the same
way as detailed above. Then, for each run, we calculated the IoU for the binarized layer and
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(a) Precision: first location (b) Precision: second location

(c) Recall: first location (d) Recall: second location

(e) F1-score: first location (f) F1-score: second location

Figure 5.6 Performance metrics at both locations.
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(a) IoU: first location (b) IoU: second location

Figure 5.7 IoU results for the different experiments

the corresponding layer of the ground-truth map. Finally, we averaged the results over all
runs. In Figure 5.7, the IoU for different thresholds th are shown for the two locations.

Given that the F1 score, which balances precision and recall, improves as the confidence
level increases for both locations, we propose a more detailed analysis of the results obtained
with a confidence threshold set to th=80.

Table 5.2 presents the results of the semantic mapping algorithms at the first and second
locations. Specifically, Table 5.2a shows the confusion matrix for the People class at the first
location, while Table 5.2b shows the corresponding matrix for the second location. Similarly,
Tables 5.2c and 5.2d report the confusion matrices for the Door class at the first and second
locations, respectively. Finally, Tables 5.2e and 5.2f present the confusion matrices for the
Stair class at locations 1 and 2, respectively.

5.4 Discussion

The experiments performed confirm the feasibility of the approach and pave the way for
future developments in which Spot will autonomously explore the environment, possibly
alerting rescuers to intervene at a later phase to verify whether detected people and other
features correspond to the actual situation in the real world.

Experiments yield different results in terms of TP, FP, and FN depending on the threshold
used to filter semantic maps and the environment where they were performed, i.e., either
the first or the second location. This can depend on the fact that the two environments are
quite different, with wider corridors, doors, and stairs at the E Building of DIBRIS, and
narrower ones in Villa Bonino. Also, results depend on the specific configurations that have
been chosen to distribute people in the environment. Please remember that the operators
controlling the robot are not allowed to deviate from the path or turn the robot to better
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Loc 1 People
Predicted
Positives

Predicted
Negatives

Actual
Positives 35 13

Actual
Negatives 24 –

(a) Confusion matrix for the People class in
the first location.

Loc 2 People
Predicted
Positives

Predicted
Negatives

Actual
Positives 64 3

Actual
Negatives 18 –

(b) Confusion matrix for the People class in
the second location.

Loc 1 Doors
Predicted
Positives

Predicted
Negatives

Actual
Positives 248 232

Actual
Negatives 26 –

(c) Confusion matrix for the Door class in the
first location.

Loc 2 Doors
Predicted
Positives

Predicted
Negatives

Actual
Positives 199 17

Actual
Negatives 36 –

(d) Confusion matrix for the Door class in the
second location.

Loc 1 Stairs
Predicted
Positives

Predicted
Negatives

Actual
Positives 45 3

Actual
Negatives 1 –

(e) Confusion matrix for the Stair class in the
first location.

Loc 2 Stairs
Predicted
Positives

Predicted
Negatives

Actual
Positives 41 29

Actual
Negatives 13 –

(f) Confusion matrix for the Stair class in the
second location.

Table 5.2 Results for the Semantic Mapping experiments.
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visualize interesting features, and therefore the robot - in most cases - sees them in the
periphery of its visual field, Remark 5.

For instance, when setting the threshold th = 50 and considering Person instances in the
first and the second location, the number of TP increases from 35 to 65, respectively; the
number of FP decreases from 40 to 29; and the number of FN decreases from 13 to 3. This
difference can be attributed to the fact that, in the former location, two persons were asked
to position themselves in two very challenging configurations, lying on the floor, once in a
room, and once on the staircase going up. In these configurations, the instances of people
were scarcely recognized. This issue could stem from deficiencies in the model, which might
be mitigated by incorporating additional images of people lying on the floor. Moreover,
results could potentially be enhanced by permitting the robot to briefly adjust its orientation
towards them during motion to capture better images.

Generally speaking, Precision and Recall are better for the Person and Door classes in
the second location than in the first one. This might be due to more challenging configuration
for people. In contrast, the Stair class performed better in the experiments at the first location
but was the worst-performing class in the second location. This discrepancy can be explained
by the smaller size of the stairs in Villa Bonino and the pre-determined path, that required
the robot to recognize them only with peripheral vision.

These considerations also hold when comparing IoU scores, resulting in higher scores
for the second location concerning the Door and Stair classes and higher scores for the first
location concerning the Person class.

By looking specifically at the results for th = 80, in both locations, the number of
FPs—instances incorrectly detected as people—is higher than expected. However, it must be
compared to the number of TN, which will be calculated in Chapter 6. It is important to note
that the dataset is unbalanced, with the majority of areas containing no detectable features,
which confirms the importance of estimating TN and evaluating the ability of the system to
correctly identify empty areas.

5.5 Conclusion

In this chapter, we presented a system capable of integrating semantic information extracted
by a YOLO-based detector into the layers of a semantic map. The system was specifi-
cally designed for SAR scenarios, addressing challenges that are characteristic of these
environments.
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The proposed approach was evaluated using the Boston Dynamics Spot robot in mul-
tiple locations. The results showed that the system successfully detected the majority of
Person, Door, and Stair instances while maintaining a manageable number of false positives.
Although false detections were occasionally generated, their impact on the overall mission
was limited, as they could be quickly verified by rescuers compared to the time required for
autonomous exploration. These results demonstrate the potential of the proposed semantic
mapping framework to support situational awareness in SAR operations.



Chapter 6

Integrating Exploration with Semantic
Mapping

Following the results from Chapters 4 and 5, we propose the integration of the two subsystems
to evaluate the feasibility of the complete system, both capable of performing an autonomous
exploration task within a limited time while also collecting information about the presence
and location of relevant features.

We first describe the novelty in the integration of the two subsystems and how we propose
this integration. Subsequently, to better highlight the differences in what was proposed before,
both in Chapters 4 and 5, and what is present in the literature, we complete a brief survey
of software solutions relevant to the SAR operational environment explored in this article,
namely, multi-floor exploration and the localization of affected people and other relevant
features.

6.1 Methodology

While focusing on the inspection task in a SAR scenario it is important to notice that
there are some peculiarities. First, during the exploration phase aimed at locating people,
high localization accuracy is not strictly required – the robot’s task is limited to exploring
the environment and detecting people, and not intervening on the person through mobile
manipulation or similar tasks. Rather, location information must be reported to FRs for
subsequent intervention. Therefore, it is sufficient to provide positional accuracy that enables
FRs to reach a location close enough to visually identify the affected individuals.

Second, knowing with a high degree of confidence that an area is empty allows FRs to
prioritize locations where people have been detected. For this reason, it is vital not only
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to detect all individuals present in the environment, but also to correctly identify empty
spaces. By avoiding unnecessary visits to such areas, rescuers can ensure faster and safer
interventions while minimizing the time spent inside the building.

These concepts are summarized in the following remarks, which guided the development
and evaluation of our solution.

Remark 6. In the considered SAR scenario, the locations of people are primarily intended

to inform FRs in a later phase. Consequently, it is more important to determine with high

confidence whether a person is present within visual range in a given area than to precisely

localize them in space.

Remark 7. Knowing that no people are present in a given area is almost as important as

knowing that people are present. Indeed, areas explored by the robot in which no people are

detected can be safely ignored by FRs in a later phase, thereby improving both their personal

safety and operational efficiency.

We propose an important novelty in the metric used to assess the quality of robotic SAR.
In particular, we introduce a method for estimating the number of TNs as follows, which was
omitted in Chapter 5.

Estimating the number of TNs requires particular care, since empty cells cannot be
clustered (as is done for FPs in Chapter 4) to coherently define areas that are empty in both
the semantic map and the ground truth map. Therefore, we adopt the following rationale. An
ideal correct detection occupies an area Cs (e.g., 9×0.5×0.5, corresponding to 9 cells, each
with a side length of 0.5m). The area associated with a single FN is assumed to be equal
to that of a TP, i.e., the area occupied by a person (and, by extension, by a generic feature)
in the ground truth map. Similarly, the area occupied by an FP—even if the corresponding
cluster in the semantic map contains more than 9 cells—can be approximated as equal to that
of a single feature, Cs, and is therefore considered equivalent to FN and TP.

Following this rationale, the estimated number of classifications to be performed in an
environment of area As is given by As/Cs, where each classification can result in a TP, FP,
TN, or FN. The number of TNs can then be estimated as T N = As/Cs−T P−FP−FN.

Additionally, since we expect the dataset to be strongly unbalanced toward areas without
any feature to be detected, we compute and report Sensitivity = T P

T P+FN , which measures
the proportion of true positives among all actual positives in the environment, Specificity =

T N
T N+FP , which measures the proportion of true negatives among all actual negatives (i.e.,
empty space), and the Balanced Accuracy, defined as the average of Sensitivity and Specificity.
Additionally, we compute and report Matthews Correlation Coefficient MCC, MCC =
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Figure 6.1 System architecture and interface. The Spot robot is equipped with a ZED2
camera connected to a Jetson Nano for GPU-based image processing, a Velodyne LiDAR,
and a Spot Core for running all the required software modules.

T P·T N−FP·FN√
(T P+FP)(T P+FN)(T N+FP)(T N+FN)

, which measures the correlation between predicted and

true labels in binary classification problems, particularly in the presence of class imbalance.
Unlike the F1-score, the MCC incorporates all four components of the confusion matrix (TP,
TN, FP, and FN) and is therefore appropriate when the costs associated with positive and
negative errors are comparable. The MCC ranges from +1, indicating perfect prediction, to
-1, indicating total disagreement, with 0 corresponding to random predictions.

We then propose the integration of a system for multi-floor autonomous exploration,
supporting different exploration styles, with a semantic mapping system specifically designed
for SAR scenarios, and their implementation within a Robot Operating System (ROS)- based
architecture governing the behavior of a quadruped robot. Additionally, we complete an
experimental evaluation with the Spot robot to assess the performance of the proposed system
under different exploration styles.

Figure 6.1 illustrates the system architecture for a mobile robot capable of autonomously
exploring the environment while recognizing relevant features and people, and recording
their locations in a semantic map. For clarity, the system is divided into two components: the
Semantic Mapping component (highlighted in light blue, and described in Chapter 5) and the
Exploration component (highlighted in yellow and described in Chapter 4).
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6.2 Experiments

To evaluate the novel metrics, estimating the empty space correctly identified, and evaluating
the detection system, knowing it is an unbalanced dataset, we reuse the dataset collected
in Chapter 5, focusing exclusively on the detection of People. Additionally, the system is
evaluated in terms of its ability to accurately identify both the number and location of people,
while also assessing how this performance is influenced by the exploration style. In particular,
two research questions are examined:

• (R1) Does the semantic map generated by the system accurately represent the number
and location of relevant features, as well as the extent of empty space?

• (R2) How does the exploration strategy affect the total area explored, the detection of
relevant features, and the extent of empty space in the environment?

The choice of evaluating just people is motivated by the comparison of different multi-floor
exploration strategies aimed at maximizing the use of the allotted exploration time before
FRs intervene. Second, it motivated the introduction of the estimation of TNs.

Semantic Mapping

To evaluate the dataset collected in Chapter 5, we calculated the confusion matrices at th = 80
for the People class, with the estimation of TNs. Table 6.1 presents the results of the semantic
mapping algorithms at the first and second locations.

Exploration and Search

In Chapter 9, we already evaluated the impact of the weights in Equations 4.1 and 4.4.
However, a key difference with the present work is that only the coverage achieved during
geometric exploration was considered, while the system was not capable of detecting features
and building a semantic map.

By contrast, this chapter proposes the integration of exploration and semantic mapping,
and evaluates the resulting impact of different multi-floor exploration strategies on the
system’s capability to identify victims. To this end, we considered only O4, O5, and O6
in order to analyze how floor switching and path optimization affect the robot’s ability to
explore larger areas. Specifically, we focused on the contribution of the floor weight Fw

and the curvature and orientation weights Ow and Cw, by enabling (Opt = ON) or disabling
(Opt = OFF) path optimization. Opt = ON indicates that the optimization terms O(xr,x f )
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(a) A corridor at the third location used in the
exploration and search experiment.

(b) Results of the exploration and search experi-
ment in the third location, map layer for the class
People. Obstacles are shown in black and de-
tected features in yellow.

Figure 6.2 Third location: environment and corresponding exploration results.

and C(xr,x f ) in Equations 4.1 and 4.4 are taken into account, whereas Opt = OFF sets both
terms to 0.

Four different parameter configurations were tested to influence the exploration style.
The first configuration (Fw = 0,Opt = ON) favors thorough exploration, in which the robot
attempts to fully explore the current floor before moving to the next. The second and third
configurations are balanced (Fw = 0.3); the difference between them lies in the optimization
parameters, which are enabled (Opt = ON) and disabled (Opt = OFF), respectively. Finally,
the fourth configuration (Fw = 1,Opt = ON) represents a “greedy” strategy, in which the
robot prioritizes exploring multiple floors. For each parameter configuration, the experiment
was repeated 5 times, changing the floor the robot was starting on, the starting position within
the floor, and the location of people in the environment (one person per floor, either standing
or sitting).

For this set of experiments, the robot was tasked with exploring a four-floor building
for 10 minutes per trial. Figure 6.2 shows part of the environment corresponding to the
third location. The considered scenario does not reproduce a fully collapsed disaster site.
Damage may range from slight to total collapse [80], and INSARAG procedures include
room-to-room clearance of non-collapsed structures [93]. Accordingly, this work focuses
on environments where robot mobility remains feasible, while local obstacles, debris, and
uneven terrain are handled by Spot’s low-level locomotion and control.

Even though the building has multiple floors, all experiments were performed on the
same floor, simulating a fixed time of 1 minute to climb the stairs. This approach was adopted
to ensure that differences in the results were not due to variations in accessible areas or the
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time required to climb stairs, which could have made the experiment more complex and less
predictable, Remark 1.

For this set of experiments, it was not possible to guarantee that the building was empty,
as it is normally used by researchers and university students during their daily activities.
Therefore, in addition to the person placed in a controlled location by the experimenter, four
additional “unplanned” individuals were present across three different trials. For the analysis
of these trials, the locations of all people in the environment were determined a posteriori
using video recorded by the robot’s onboard cameras during the experiments.

Metrics for geometric exploration, that is, the average explored area per floor A f , the
total explored area Atot , the number of visited floors Vf , the number of floor changes C f , and
the total exploration time texp, are computed to assess how coverage changes under different
exploration strategies. SAR classification metrics, as well as standard IoU and IoU with
inverted classes, are computed to assess how the detection of people changes.

6.2.1 Simulated exploration

A simulator was developed in Python to confirm the effects of different parameter configu-
rations on the exploration strategy observed in the real-world experiments1. The simulator
provides both a bird’s-eye view of the environment and the generated map, as well as a 3D
first-person rendering of the environment. It can be used to test the exploration strategies
defined by Equations 4.1 and 4.4, as well as the people-detection functionality, as shown in
Figure 6.3. However, simulating detection accuracy was not considered meaningful in the
absence of actual video streams. Therefore, the simulations presented here focus exclusively
on exploration metrics (A f , Atot, Vf , C f , and texp). Note that the architecture evaluated in sim-
ulation is not ROS-based, as the purpose is to assess the impact of the exploration strategies
defined by Equations 4.1 and 4.4 independently of the specific robotic implementation of the
SLAM and navigation algorithms.

Simulated experiments were conducted using the same parameter configurations as the
real-robot experiments to compare exploration metrics across the six conditions defined
by all combinations of Fw ∈ {0,0.3,1} and Opt ∈ {ON,OFF}. A total of 170 randomly
generated four-storey buildings, with the same overall floor area but different room layouts,
door locations, obstacles, and initial robot positions, were evaluated under each condition,
resulting in 1,020 simulation runs. Each run had an allotted duration of 10 minutes, with 1
minute reserved for transitions between floors.

1https://github.com/ZoeBetta/exploration_semantic_simulation.git

https://github.com/ZoeBetta/exploration_semantic_simulation.git
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Figure 6.3 Simulator interfaces showing the bird’s-eye environment and map views, together
with the 3D first-person rendering.

6.3 Results

6.3.1 Semantic Mapping

Specifically, Table 6.1a shows the confusion matrix for the People class at the first location,
while Table 6.1b shows the corresponding matrix for the second location.

As expected, the dataset is strongly unbalanced toward areas without any features to be
detected. For this reason, it is important to use metrics that are appropriate for unbalanced
datasets.

For each class, Table 6.1c reports SAR-Sensitivity, SAR-Specificity, SAR-Balanced
Accuracy, and SAR-MCC, where the SAR prefix indicates that TPs, FPs, TNs, and FNs have
been computed according to the method described in Chapter 5 and in Section 6.1. The same
table also reports the IoU and the IoU computed with inverted classes for comparison, both
calculated cell by cell between the ground-truth and semantic maps.

The results indicate that recognition performance is largely consistent across the two
locations, with the highest performance obtained in the second location.

6.3.2 Exploration and Search

Concerning exploration, in Tables 6.2, 6.3, and 6.4e, the first, second, and third rows
correspond to configurations with Fw = 0, Fw = 0.3, and Fw = 1, respectively. Recall that
a higher Fw indicates that the robot is more inclined to explore Stair Frontiers to reach
unexplored floors. In all of these configurations, Opt=ON, meaning that the Curve weight
Cw and the Orientation weight Ow are set to nonzero values. The fourth row corresponds to
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Loc 1 People
Predicted
Positives

Predicted
Negatives

Actual
Positives 35 13

Actual
Negatives 24 4097

(a) Confusion matrix for the People class in
the first location.

Loc 2 People
Predicted
Positives

Predicted
Negatives

Actual
Positives 64 3

Actual
Negatives 18 759

(b) Confusion matrix for the People class in
the second location.

Location SAR-Sensitivity SAR-Specificity SAR-Bal. Acc. SAR-MCC IoU IoU inv. class.
People Location 1 0.729 0.994 0.862 0.653 0.345 0.997
People Location 2 0.955 0.977 0.966 0.851 0.499 0.992

People Total 0.861 0.991 0.926 0.772 0.422 0.938
(c) Metrics calculated in the first and second locations for the People class.

Table 6.1 Results for the Semantic Mapping experiments.

a balanced exploration style, with Fw = 0.3 but with optimization turned off (Cw = 0 and
Ow = 0).

Table 6.2 reports the average explored areas for each set of experiments. In particular,
the column A f shows the mean and standard deviation, across 5 runs, of the area covered per
floor, expressed as a percentage of the total explorable area E f . As expected, increasing Fw

makes the exploration strategy more “greedy”: A f decreases because the robot explores, on
average, a smaller portion of each floor. The Atot column shows the average area explored
across the entire building, also expressed as a percentage, assuming four floors, each with
explorable area E f .

An analysis was performed to assess whether the observed differences among the four
conditions were statistically significant in terms of the area explored in the 10-minutes
alloted, Atot . Given the small sample size, the statistical analysis was interpreted with caution
and used mainly as exploratory support. The four conditions were compared using a non-
parametric Kruskal–Wallis test. The test did not reveal a statistically significant difference
among conditions (H(3) = 4.90, p = 0.179), with an effect size of ε2 = 0.119.

Fw Opt A f Atot
0 ON 73.41% ± 23.07% 44.05% ± 6.31%

0.3 ON 70.39% ± 25.56% 52.79% ± 8.25%
1 ON 59.14% ± 25.49% 47.31% ± 7.74%

0.3 OFF 61.31% ± 28.85% 39.85% ± 9.01%
Table 6.2 Area explored for the Exploration and Search set of experiments.
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Table 6.3 reports the exploration results for each parameter configuration, including
the number of floors visited by the robot (floors visited), the number of times the robot
changed floors—requiring additional time to traverse the stairs (floors changed)—and the
total exploration time, texpl. It can be observed that both the number of floors visited, Vf ,
and the number of floor changes, C f increase as the floor weight Fw increases. Similarly, the
average exploration time texpl, defined as the time spent exploring without including the time
required to change floors, decreases as the robot changes floors more frequently, since the
maximum allotted time of 10 minutes is spent more on moving up and down the stairs than
on exploration.

Fw Opt Vf C f texpl
0 ON 12 16 462.8s ± 44.71s

0.3 ON 16 19 425.60s ± 29.89s
1 ON 16 21 408.2s ± 25.57s

0.3 OFF 13 14 492s ± 58.79s

Table 6.3 Floors visited, floors changed and actual time explored for the Exploration and
Search set of experiments.

Table 6.4 reports the confusion matrices for each parameter configuration and the cor-
responding SAR-classification metrics to evaluate the performance of semantic mapping
during autonomous exploration. The same table also reports the IoU and the IoU computed
with inverted classes for comparison. It is important to note that FNs—people present in
the ground truth map but not detected in the semantic map—are counted only for areas
actually explored by the robot; individuals located in unexplored areas, such as other floors,
were not included. This approach is justified because the extent of exploration is already
captured by A f and Atot, while the classification metrics are intended to show that, even
during autonomous navigation, the robot can visually inspect the environment and make
accurate decisions about the presence of people.

The results indicate that recognition performance is largely consistent across the different
configurations. The highest performance are obtained for configurations with Fw = 0, which
prioritize fully covering a floor before moving to the next.

6.3.3 Simulated exploration

The corresponding metrics are reported in Table 6.5.
A one-way ANOVA was conducted to compare the total explored area, Atot , across the

six conditions defined by all combinations of Fw ∈ {0,0.3,1} and Opt ∈ {ON,OFF}. The
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Predicted
Positives

Predicted
Negatives

Actual
Positives 10 4

Actual
Negatives 17 277

(a) Confusion matrix for the People class in
the third location with Fw = 0.3 and Opt =
ON.

Predicted
Positives

Predicted
Negatives

Actual
Positives 8 2

Actual
Negatives 17 206

(b) Confusion matrix for the People class in
the third location with Fw = 0.3 and Opt =
OFF .

Predicted
Positives

Predicted
Negatives

Actual
Positives 9 2

Actual
Negatives 13 233

(c) Confusion matrix for the People class in
the third location with Fw = 0 and Opt = ON.

Predicted
Positives

Predicted
Negatives

Actual
Positives 10 4

Actual
Negatives 19 241

(d) Confusion matrix for the People class in
the third location with Fw = 1 and Opt = ON.

Fw Opt SAR-Sensitivity SAR-Specificity SAR-Bal. Acc. SAR-MCC IoU IoU inv. class.
0 ON 0.818 0.947 0.883 0.554 0.178 0.994

0.3 ON 0.714 0.942 0.828 0.484 0.177 0.993
1 ON 0.714 0.927 0.821 0.459 0.123 0.994

0.3 OFF 0.8 0.924 0.862 0.474 0.145 0.992
(e) Metrics calculated for the People class in the third location for different values of Fw and Opt.

Table 6.4 Results for the Exploration and Search experiments.

analysis revealed a statistically significant difference among the conditions, F(5,1014) =
37.45, p < .001, η2 = .156, indicating a large overall effect of the parameter configuration
on Atot . Descriptively, the configurations with Fw = 0.3 yielded higher values of Atot than
those with the other Fw values, both when optimization was enabled and when it was disabled.
Bonferroni-adjusted Tukey–Kramer post-hoc comparisons, which are not reported in full
for the sake of brevity, showed that almost all comparisons between configurations with
Fw = 0.3 and configurations with other Fw values were statistically significant, with p < .001.
The corresponding Hedges’ g values ranged from 0.55 to 1.29, indicating moderate to
large effects. The largest difference was observed between the condition with Fw = 0.3
and Opt = ON (M = 63.18, SD = 7.40) and the condition with Fw = 0 and Opt = OFF

(M = 52.82, SD = 8.55), Hedges’ g = 1.29. The only exception was the comparison between
(Fw = 0.3,Opt = OFF) and (Fw = 1,Opt = ON), which was not statistically significant.
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Fw Opt A f Atot Vf C f texpl
0 ON 87.24% ± 11.46% 55.05% ± 10.06% 436 471 448.29 s ± 33.65 s

0.3 ON 66.49% ± 9.67% 63.18% ± 7.40% 652 757 345.00 s ± 45.35 s
1 ON 60.91% ± 10.34% 58.78% ± 8.52% 661 853 313.13 s ± 55.69 s
0 OFF 86.60% ± 11.82% 52.82% ± 8.55% 423 436 459.78 s ± 41.89 s

0.3 OFF 63.03% ± 9.23% 60.33% ± 7.72% 655 769 337.76 s ± 44.22 s
1 OFF 56.33% ± 9.75% 54.46% ± 8.31% 662 915 290.87 s ± 52.16 s

Table 6.5 Results for the simulated Exploration and Search experiments.

When the data were pooled across the three Fw values, Welch’s independent-samples t-test
showed that Atot was significantly higher with optimization enabled (M = 59.00, SD = 9.32)
than with optimization disabled (M = 55.87, SD = 8.80), t(1014.58) = 5.52, p < .001,
Hedges’ g = 0.35. Thus, optimization produced a statistically significant, although relatively
small, overall increase in the total explored area.

The analysis stratified by Fw, pooling the observations across the Opt = ON and Opt =

OFF conditions, also revealed a statistically significant difference among the three Fw levels,
F(2,1017) = 72.37, p < .001, η2 = .125, corresponding to a moderate effect. Bonferroni-
adjusted Tukey–Kramer post-hoc comparisons showed that Atot was significantly higher for
Fw = 0.3 (M = 61.76, SD = 7.68) than for Fw = 0 (M = 53.94, SD = 9.39), p < .001, with
a large effect, Hedges’ g = 0.91. Moreover, Atot was significantly higher for Fw = 0.3 than
for Fw = 1 (M = 56.62, SD = 8.68), p < .001, with a moderate effect, Hedges’ g = 0.63.
Finally, Atot was significantly higher for Fw = 1 than for Fw = 0, p < .001, although the
effect was small, Hedges’ g = 0.30.

Finally note that texp is higher in configurations with Fw = 0 as they require a smaller
number of floor changes, but this does not correspond to a higher explored area Atot .

6.4 Discussion

This section analyzes and discusses the results in relation to the research questions presented
earlier.

6.4.1 Semantic Mapping

In both locations, the number of FPs—instances incorrectly detected as people—is higher
than expected. However, when compared with the number of TNs, this number is much
less significant. It is important to note that the dataset is unbalanced, with the majority of
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areas containing no detectable features. Correctly identifying empty areas is crucial in SAR
applications, as it allows FRs to spend less time exploring areas already verified as empty
by the robot (Remark 7). The metrics reported in Table 6.1c account for the strong class
imbalance in the dataset and therefore provide a more accurate assessment of the system’s
performance. In particular, SAR-Specificity measures the proportion of correctly identified
empty spaces (TNs) relative to instances where empty spaces are incorrectly classified as
occupied (FPs). As such, it reflects the efficiency gained by FRs: higher SAR-Specificity
corresponds to less time spent verifying false detections and more time saved by avoiding
the re-exploration of areas already cleared by the robot.

Table 6.1c shows also that confusion matrices, and consequently the newly introduced
SAR classification metrics, consistently capture two key aspects: the number of correctly
detected people is higher than the number of undetected people, and the amount of correctly
identified empty space is significantly higher than the amount of empty space incorrectly
classified as containing people. By contrast, the IoU yields extremely low performance
values, which do not accurately represent the robot’s capability to search for victims, whereas
the IoU computed with inverted classes is coherent with the expected results.

These results answer research question R1: by introducing a suitable metric tailored to
the SAR context, semantic mapping is shown to represent the number and location of relevant
features, as well as the extent of empty space, with a SAR-Balanced Accuracy higher than
0.9.

6.4.2 Exploration and Search

The exploration style is reflected in the area explored per floor, A f , as expected. In Table 6.2,
the highest A f corresponds to the thorough configuration (Fw = 0,Opt = ON), where the
robot attempts to fully explore one floor before moving to the next. The minimum average
area per floor is observed in the “greedy” configuration (Fw = 1,Opt = ON). Conversely,
the total area explored across the building reaches a maximum in the balanced trial (Fw =

0.3,Opt = ON). This outcome can be explained by two considerations. In the thorough
trial (Fw = 0,Opt = ON), time is spent exploring small residual areas towards the end of
each floor, a phenomenon known as the submodularity problem [26]. In the greedy trial
(Fw = 1,Opt = ON), the robot discovers a large area immediately upon visiting a new floor,
but a significant portion of the allotted time is spent climbing stairs. Interestingly, there is
no linear relationship between actual exploration time and area explored. In Table 6.3, the
exploration time is highest in the thorough configuration and lowest in the greedy case. In
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the balanced configuration (Fw = 0.3,Opt = ON), the robot changes floors once the current
floor is mostly explored, resulting in the most efficient strategy for maximizing area coverage
within the 10-minute time limit.

Examining the metrics in Table 6.4e, the best-performing configuration is the thorough
exploration strategy (Fw = 0,Opt = ON). This is likely because the robot spends more
time on each floor and passes in front of each person more frequently, thereby increasing
all performance metrics. The effect is particularly noticeable for SAR-Sensitivity, whereas
SAR-Specificity shows only minor variation. This outcome is expected; however, in a SAR
application, it may be reasonable to trade some accuracy for faster exploration, minimizing
the time required to inspect all areas.

Each configuration exhibits some instances of FNs, which can be attributed to the
difference in sensor fields of view. The occupancy grid map, which stores information about
obstacles and free space, is generated and updated using data from the Velodyne LiDAR,
which has a 360° field of view. In contrast, the ZED2 camera used for detecting people
has a limited perceptual field. While the LiDAR’s range was reduced to approximate the
camera’s field of view, it was maintained at 360° to ensure safe navigation and avoid potential
collisions during SLAM. As a result, the robot may map areas where a person is located but
never observe the person within the camera’s view. One potential solution would be to filter
LiDAR readings to precisely match the camera’s field of view, preventing the mapping of
areas detectable by the LiDAR but not visible to the camera, thereby improving coverage in
the semantic map layers.

Similarly to the semantic mapping experiments, the number of FPs remains relatively
high. In this set of experiments, the building was mostly empty, with only one person per
floor, which makes the comparison with TPs less favorable. However, SAR-Specificity
remains high, indicating that the robot correctly identifies empty areas most of the time. This
ensures that FRs can save time by avoiding unnecessary exploration of areas already verified
as empty by the robot, as highlighted in Remark 7. Additionally, the presence of FPs is not
a major concern when developing a screening tool that can save lives: it is preferable to
be occasionally overcautious and allow FRs to inspect an area that may contain an injured
person, even if it later turns out not to, rather than failing to identify an area where a person
is actually present.

As in the previous experiment, which focused only on feature detection, Table 6.4 shows
that confusion matrices, and consequently the newly introduced SAR classification metrics,
consistently capture the performance of the system, whereas the IoU returns extremely low
values.
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These results answer research question R2: the exploration strategy primarily affects the
area explored, although statistical significance cannot be inferred due to the limited number
of trials, rather than the system’s ability to detect people and estimate the extent of empty
space.

6.4.3 Simulated exploration

The simulation results were intended to confirm and further support the findings obtained
in the real-robot experiments by assessing the environment-exploration strategy defined by
Equations 4.1 and 4.4. However, they were not intended to fully reproduce the ROS-based
robotic architecture implemented on Spot and therefore differ from the real-robot experiments
in several implementation details. Likewise, the simulated environments are less challenging
than real-world settings containing furniture and other objects, which likely affected the
performance of the exploration strategies and parameter configurations. This applies, among
other factors, to the influence of the optimization weights Ow and Cw, which are particularly
important in the real-robot experiments to prevent the robot from continuously deviating
from straight paths.

Despite these differences, the simulations produced results consistent with those obtained
in the real-robot experiments. This supports the intuition that an appropriate trade-off must
be found between thoroughly exploring each floor and repeatedly switching between floors
within the allotted 10-minute period.

6.5 Conclusion

This work analyzes the feasibility of a system capable of autonomously exploring a multi-
floor building while searching for people (and possibly other features that can be important
in SAR scenarios).

Autonomous exploration results show that a faster and less exhaustive approach, in which
the robot switches to the next floor before completing the current one, is advantageous. The
results reveal clear differences in coverage across exploration strategies: while the thorough
strategy achieves the highest per-floor coverage, the balanced strategy yields the largest
overall explored area.

Regarding detection performance, the system was evaluated in three distinct environments:
two under teleoperation and one during autonomous exploration. The newly introduced
metric proves to better reflect the system’s capability to detect people and empty areas than
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traditional metrics. Although some variations in performance arise across locations, likely
due to environmental differences and the placement of individuals intended to challenge the
system, no significant degradation is observed during autonomous operation.



Part II

Extensions Toward Robust Autonomous
Systems



Chapter 7

Related works

This chapter presents a review of the literature relevant to the second part of this thesis. It
first examines approaches to robotic navigation in hazardous environments, focusing on
terrain-aware navigation. Subsequently, it reviews navigation strategies designed to cope
with uncertainty and unpredictability, with a particular focus on the use of emotion-inspired
mechanisms. Finally, the chapter analyzes the application of symbolic planning in robotics
and its role in enabling autonomous decision-making.

7.1 Robotic navigation

In any inspection task, the first fundamental requirement for a robot is the ability to move
and navigate safely within its environment. Robotic navigation encompasses all aspects
related to how a robot moves through space. This may include foot placement [127], path
planning for safer traversal [202], and the ability to react to dynamic obstacles [153]. In
the following sections, we review current trends in robotics related to navigation in harsh
environments, with a focus on quadruped robots, where direct control of foot placement may
not be available.

7.1.1 Terrain aware navigation

Numerous strategies have been developed for efficient path planning in 2D and 3D envi-
ronments under various constraints [100, 111, 152, 183, 68, 122]. Additionally, to facilitate
rapid prototyping of robotic systems, frameworks that aggregate different planning solutions
have been introduced. One notable example, is the Open Motion Planning Library (OMPL)
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[183]. OMPL is a comprehensive suite of tools for sampling-based motion planning [99],
fully integrated with the ROS and extensively utilized in the robotic field.

The task of adapting to different types of terrains has been studied in the literature using
several sensors and strategies. Some strategies are aimed at understanding the traversability
and properties of the terrains. The authors of [136] propose a solution to plan the motion of a
quadruped robot based on a terrain map that represents, for each cell, the cost of placing the
foot of the robot in that position. This map is constructed locally using a depth camera and
uses information about height deviation, slope, and curvature to obtain the final value for
each cell.

In the work detailed in [184] the authors propose a strategy to segment images from
a depth camera into background, road, and obstacles. Additionally, the authors propose a
new way to estimate the ground plane, assuming that roads are mostly flat. By using this
information, the environment is divided into traversable and non-traversable areas. This
doesn’t provide information on the type of terrain the robot either has to face or is facing.

The work proposed by Lin et al. [124] details a solution that allows the robot to move
differently depending on the type of slope it is facing. The slope estimation is completed
using the IMU and the position of feet. The robot can determine only the slope it is currently
facing and not other significant characteristics of the ground. Another significant property of
the ground plane, as stated in [27], is the ability of the ground to support the weight of the
robot, which is the rigidity of the ground plane. Also, in this case, the robot is determining
only the properties of the ground it is observing and not a classification useful for adapting to
different terrains.

Different sensors can be used for the estimation of the type of terrain. In the works
seen before, the authors propose strategies using IMUs, Lidars, and cameras to estimate
the properties of the terrain. The work detailed in [86], proposes a solution to estimate
the traversability of terrains based on the information received from a fisheye camera. The
information from the model is used to generate a costmap representing the traversability of
the terrain taking into account specific scenarios that the robot encounters, such as rails and
stairs. Using Lidar and camera information, Cao et al. [32] propose a solution to classify
the terrain as land, grass, curbstones, stairs, and background. Using camera and laser sensor
fusion allows for a recognition of the terrain in front of the robot, not the terrain the robot is
standing on.

One of the constraints that has to be acknowledged when navigating hazardous terrain is
the slope the robot has to face. To navigate while considering slope constraints, the planner
typically requires an elevation map, which is then used to calculate the terrain gradient.
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Various types of multi-dimensional maps are utilized for path planning. Typically, 2.5D maps
capture the terrain’s height at each cell, offering less precision but greater computational
efficiency [61]. In contrast, 3D maps represent the entire space around the robot but require
more computational resources. The work by Miki et al. [137] introduces a method for
efficiently computing 3D maps using GPUs, as well as a strategy for computing traversability
near the robot and navigating rough terrains.

In the specific context of path planning on rough terrains, Chu et al. [38] propose an
integrated system for mapping and navigation. This system employs a triangular-based grid
map to depict the ground, incorporating both slopes and obstacles, if any. At each planning
stage, the robot selects its next move from a set of finite possible actions to progress towards
the goal while seeking a relatively flat path. Depending on the action selected, the system
then devises a gait that safely executes the required movement. The primary limitations of
this approach are that the navigation algorithm does not produce a complete and optimized
path to the goal, nor does it fully verify the feasibility of the path.

Other approaches have been presented in [113] and [45], which propose algorithms for
autonomous exploration of subterranean environments with legged robots. The path-planning
algorithm relies on a local elevation map to minimize computational costs, while the global
plan is created by disregarding terrain slope constraints and focusing solely on obstacle
avoidance. As the robot navigates, it verifies against the local elevation map whether the
slope constraints for traversability are satisfied, assuming areas not covered by the elevation
map to be safe. However, if the robot encounters an area deemed non-traversable according
to the local map, it recalculates the global path. These planning approaches produce a global
path but do not ensure the safety and traversability of such a path, potentially leading the
robot to expend time on routes that may not safely reach the goal.

In the work by Santos et al. [172], the planner computes the traversability of each cell
based on whether the ground’s normal in that cell indicates a safe inclination. The path to the
goal is then calculated considering cell traversability. While this method ensures the creation
of a safe path, its concept of traversability is somewhat limited as it only accounts for the
maximum slope of the terrain and overlooks the gradient’s projection in the robot’s motion
direction, an aspect our work addresses. Consequently, this approach fails to recognize that a
cell might be traversable in one direction but not in another, thereby restricting pathfinding
opportunities.

Given the significance of energy considerations in planetary exploration, [170] introduces
a rover planning method that incorporates vehicle dynamics and energy management. Specif-
ically, it proposes a cost function that accounts for path length, terrain roughness, roll and
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pitch angles, and estimated power consumption and generation via solar panels. Other studies
focus on the mechanical and control facets of dynamic quadrupedal locomotion across steep
slopes. For instance, [106] introduces passive-adaptive planar feet and optimized grouser
pads to decrease sinkage and enhance traction on both flat and inclined granular surfaces.

7.1.2 Emotion-Driven Navigation

Another aspect that has been deeply studied in the context of navigation is the presence of
dynamic obstacles [215, 155, 54]. A solution to the inherent limitation of traditional planning
systems is to use a mixed architecture with a slower deliberative layer that plans the global
path and a reactive navigation layer whose objective is to react to unpredictability in the
environment [215]. In biology, primates and humans use emotions to react to and interact
with the environment [46].

While a notable body of work exists on the emotional regulation of robotic behavior,
relatively few studies focus on emotional regulation in navigation. Emotions have been
used in past works to modulate the behavioral responses of robots. Psychologists and
neuroscientists study how emotions regulate the response of animals to the environment.
Similarly, in robotics, emotions can modulate how robotic agents respond to the environment
before deliberation. In complex environments, there is not always time to carefully deliberate;
emotions can help agents react to the environment as a basis for behavior [9]. Since emotions
are used by animals to increase their chances of survival, they can similarly be applied to
robots to enhance their reactions to the environment and improve their chances of survival.
In the review presented by Savery et al. [175], the authors analyze the use of emotions in
robotic solutions. Out of 285 papers analyzed, only 55 propose using emotions to regulate
robot behavior, while 230 use emotions solely to communicate the internal state to users.

Emotions have been used primarily to coordinate the behavior of robots with other agents,
and also with people. One of the more notable works is that of Breazeal et al. [28], which
uses internal drives and emotions to regulate the behavior of the Kismet robot. The robot’s
objective is to interact with people, and emotions are used to regulate its actions. Similarly,
emotions have been used to regulate task allocation in multi-robot systems [13, 67]. In these
works, emotions serve as mechanisms to allocate resources cooperatively. Emotions are
employed both to increase the survival of individual agents and to improve the coordination
of agents in achieving a shared goal. In these works, emotions have been used mainly to
coordinate between agents and users, but they also have a strong survival function; emotions
can directly regulate how a robot moves in the environment.
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Some past works propose the use of emotions to improve the navigation capabilities of
a robot. The work of Tsakanova et al. [189] aims at developing a system that modulates
both the immune system and the emotional system. The article proposes the development
of an artificial amygdala that generates a level of fear based on current stimuli and previous
experiences. Fear changes the level of antibodies in the immune system, and in the case of a
navigation problem, this alters parameters in the go-to behavior. The work proposed in [114]
presents a system that regulates the behavior of a swarm of robots by using emotions both
for self-regulation and to interact with other robots.

Similarly, the work presented in [82] aims at developing an algorithm for multi-robot
control based on the emotional regulation of the agents. The system behaves according to a
winner-takes-all policy on the active emotions. All the emotions depend both on external
stimuli and on the robot’s previous state; the emotions also persist when the stimulus is
not present. This paper proposes a strategy in which emotions modify both the motor and
perceptual schemas of the robot by adjusting parameters such as the field of view and the
optimal speed.

The work of Lee-Johnson et al. [119] proposes a framework that regulates the motion
of the robot based on its internal emotional state. The testing was done only in simulation,
without comparisons to other state-of-the-art algorithms. Additionally, emotions modulate
only the motor schema. The motion of the robot is influenced by the following emotions: Fear,
Anger, Surprise, Happiness, and Sadness. Emotions depend both on the robot’s internally
modulated state and on external environmental stimuli. It is interesting to note that in this
paper, the authors distinguish between reactive emotions, which influence only the internal
state of the robot, and deliberative emotions, which are embedded in the map and used for
path planning.

The aforementioned studies test the algorithm only in simulation, making it difficult
to draw conclusions about the robot’s performance in the presence of unpredictability.
Additionally, in very few studies do emotions influence both motor parameters and the
perception of obstacles [82].

7.2 Symbolic planning in robotics

To coordinate the various tasks of an inspection application, one possible approach is the
use of symbolic planning, which enables the generation of long action sequences while also
allowing the system to respond to environmental uncertainty. There are several types of
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planning frameworks, each suited to different problem domains and objectives. Some of the
most widely used frameworks [87, 15, 36] are based on PDDL.

PDDL and its subsequent versions [79, 64, 77] are standardized and widely used planning
languages in AI. PDDL separates the planning problem into two components: the domain
and the problem. The domain file describes relevant objects, predicates that define properties
associated with those objects, and actions characterized by preconditions that must be
satisfied before execution and effects that describe the outcomes of the actions. The problem
file specifies the initial state (the objects and their properties as defined by predicates) and
the goal state (the predicates that must be true upon task completion). As an evolution of
the earliest planning language STRIPS (Stanford Research Institute Problem Solver [73]),
PDDL supports more complex planning features, such as concatenated goals, conjunctive
and disjunctive actions, and advanced temporal and numeric reasoning.

PDDL supports various solvers, each suited to specific domains and problem requirements.
Fast Forward (FF) [88] uses forward search with heuristics (e.g., relaxed planning graph)
for fast, efficient planning, but it may produce suboptimal plans as it prioritizes speed over
quality. Local Search for Planning Graphs (LPG) [78] applies local search to iteratively
refine plans, handling numerical and temporal constraints, making it useful for resource
and timing-critical tasks. COLIN [41]) addresses continuous and linear numeric changes
but can face computational challenges in large-scale scenarios. METRIC-FF [87] extends
FF with metric planning capabilities, supporting numerical and temporal constraints for
resource optimization. OPTIC [15] generates optimal temporal plans, managing time and
resources effectively, though it performs better in highly time-constrained contexts. POPF
[36] employs partial order planning for flexible action sequencing, accommodating temporal
and numeric constraints while maintaining efficiency through heuristic searches.

More complex formalisms exist, such as Linear Temporal Logic (LTL) used for specifying
and reasoning about temporal properties of systems [108]. Extending classical propositional
logic, LTL introduces temporal operators such as ‘next’, ‘globally’, ‘finally’, and ‘until’,
enabling the expression of how a system’s state evolves over time. LTL has been used in
partially known environments to control a multi-robot team [71]. However, defining goals
in LTL involves reasoning about system behavior over time rather than directly specifying
end states, which can be less intuitive for some applications. Computation Tree Logic (CTL)
[44], like LTL, is a temporal logic used to define system properties. CTL differs from LTL
by allowing reasoning about multiple possible future paths from any given state, making
it particularly useful for systems represented by state-transition graphs. CTL was used to
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improve a multi-robot delivery system by veryfing the behavior of the entire system at each
time instance [97].

Hierarchical Task Network (HTN) Planning [76] decomposes complex tasks into smaller,
manageable subtasks. HTN is effective in domains where hierarchical decomposition is
natural but less flexible and harder to generalize across different domains. As a procedural
approach, HTN focuses on how tasks are planned and relies on predefined methods, limiting
its adaptability in dynamic environments requiring frequent replanning. HTN has been used
in social robots to extract human intent, in particular, HTN has been used to represent the
person’s mental state [92].

Task and Motion Planning (TAMP) [72] integrates task planning and motion planning
to address problems involving high-level goals and low-level actions. TAMP is particularly
well-suited for manipulator robots that require specific trajectory execution [25]. However,
its complexity and computational demands arise from the detailed knowledge required for
both tasks and motion planning. Furthermore, the tight coupling between tasks and motions
can reduce modularity, making TAMP less suitable for situations that prioritize high-level
goals over specific motion details.

Some of the most recent approaches to robotic planning introduce the use of Large
Language Models (LLMs) to integrate natural language instructions into planning systems
[118]. In this work, LLMs are leveraged to decompose a task and generate an appropriate
sequence of actions to complete it. Similarly, Visual Language Action models (VLAs) [174]
follow an approach inspired by LLMs and Vision-Language Models (VLMs) [123]. These
approaches are based on the idea of avoiding the use of explicit planning languages altogether,
treating task and motion planning as a generative process trained on large amounts of data.
However, while LLMs are promising for understanding natural language, and VLAs show
potential for motion planning, they still lack the advanced capabilities of symbolic planners
to handle long, complex plans in vast domains and problem spaces, as required by SAR
scenarios.

While HTN focuses on task decomposition, PDDL with the POPF solver provides a more
general framework that does not rely on predefined hierarchies and allows for replanning.
Unlike TAMP, PDDL does not require direct integration with motion planning, which is
unnecessary for the scope of this project. For the same reasons, PDDL is a better choice
than CTL and LTL, as it is specifically designed for planning rather than for reasoning
about temporal properties or model checking. With respect to VLAs, PDDL is capable of
addressing the complex planning problems required by SAR scenarios. Finally, PDDL is the
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standard in robotic planning, offering widespread support, integration with ROS and ROS2
[135], and benefiting from a large and active community.

7.2.1 Planning for quadrupeds in SAR scenarios

Due to the flexibility in describing the tasks a robot can perform, planning frameworks have
been used to control complex systems in demanding environments. In this section, we aim at
reviewing works about planning for quadruped robot in the SAR scenario.

To the best of the authors’ knowledge, only a limited number of studies have attempted to
implement planning systems for robots in SAR scenarios. For example, Kirsch et al. [105],
claim to target improvements in SAR operations; however, their system is evaluated only
on a blocks world problem using the Spot robot from Boston Dynamics. The domain is
therefore not specific to SAR, as it implements a blocks manipulation task. Another work
proposes the SAR scenario without the use of quadruped robots; Roberts et al. [160] propose
a Goal Lifecycle Network to plan robot actions. Although the system is evaluated in a SAR
scenario, the actions relevant to this domain are not described in detail. The SAR setting is
primarily used to demonstrate the system rather than being the main focus of the study.

Other relevant studies propose planning systems to coordinate the operations of heteroge-
neous robots, including quadrupeds, in different scenarios. For example, Zhou et al. [217]
propose an HTN system to coordinate the operations of both quadruped and wheeled robots
in a hospital environment. In particular, their system monitors and responds to situations in
which a robot, due to external disturbances, cannot complete its assigned task. Similarly, [49]
implements a Behavior Tree architecture to manage fallbacks in navigation tasks. Finally,
planning systems for mobile robots, in particular quadrupeds, are used in [161] to coordinate
multiple robots collaborating to complete a task; however, no specific reference to SAR
scenarios is provided.

7.3 Conclusion

This chapter reviewed the state of the art in terrain-aware navigation, adaptive robot behavior,
and symbolic planning for autonomous robotic systems. While significant progress has been
made in each of these areas, several limitations remain that hinder the deployment of robots
in complex and unpredictable search-and-rescue environments.

The review of terrain-aware navigation approaches showed that existing methods typ-
ically focus on specific aspects of the problem, such as traversability estimation, terrain



7.3 Conclusion 102

characterization, or slope-constrained path planning. However, these approaches generally
lack an integrated framework that combines terrain classification with direction-dependent
traversability analysis, limiting the robot’s ability to adapt its navigation strategy while
ensuring safe and feasible motion across diverse terrain conditions.

Similarly, approaches that exploit emotion-inspired mechanisms to cope with dynamic
obstacles and environmental uncertainty have demonstrated promising results. Nevertheless,
most studies have been evaluated only in simulation, and the majority influence either the
perceptual or the motor components of the robotic architecture, rather than both. As a result,
their effectiveness in realistic operational scenarios remains largely unexplored.

Finally, the analysis of symbolic planning approaches revealed a lack of planning domains
specifically designed for SAR operations. Furthermore, the capabilities and limitations of
existing domains have not been systematically evaluated in the context of SAR tasks.

The research presented in the following chapters addresses these gaps by investigat-
ing navigation and planning strategies tailored to the requirements of autonomous SAR
operations.



Chapter 8

Slope-Aware Navigation Strategies

Seeing the robot operate with a certain degree of autonomy, as presented in 6, where the robot
is tasked with autonomously exploring an unknown environment, other areas of improvement
emerged. In particular, it is essential to design methods capable of determining suitable paths
while accounting for motion-related constraints, such as maximum climbable slope, terrain
slipperiness, obstacle height limits, and similar factors [204].

The situation is further complicated by the nature of commercially available robots.
Unlike research platforms, many systems intended for practical deployment rely on closed
architectures, limiting direct access to low-level locomotion control.

Given these limitations, one of the main controllable aspects at the software level is
the trajectory itself. For this reason, the objective is to design a path planning approach
that explicitly considers the difficulties associated with traversing inclined surfaces, both
ascending and descending.

Figure 8.1 Left: Climbing rocks at the Civil Protection camp in Foligno. Right: Carrying 6
bottles of water (9 kg) uphill in the DIBRIS Department’s garden.
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This direction is motivated by two main factors. The first is safety: it is well known that
quadruped robots may experience reduced stability when moving over steep or uneven terrain
(Figure 8.1, left), a problem that becomes more pronounced under load (Figure 8.1, right).
The second factor, though less frequently emphasized, is energy efficiency [170]. Humans
intuitively account for both effort and time when navigating slopes, typically balancing two
elements: total path length and the effective gradient along the direction of travel.

By concentrating on high-level planning strategies, it becomes possible to develop slope-
aware navigation methods that remain applicable across different robot platforms, regardless
of their physical properties or whether their locomotion systems are open or closed.

The objective is to propose a path-planning algorithm capable of identifying a sequence of
waypoints that satisfies a set of constraints. The robot can subsequently use a state-of-the-art
path-following strategy to avoid obstacles and safely navigate to the goal. This chapter
first describes the theoretical implementation of the system, followed by the experimental
procedure. The results are then discussed in terms of path length and the robot’s body
positioning.

8.1 Methodology

To generate a path from the start (xstart ,ystart ,ψstart), to the goal (xgoal,ygoal,ψgoal), the core
idea is to choose a set of state frames sampled randomly from the elevation map. These
sampled state frames function as nodes in a roadmap, which are interconnected by edges.
Both nodes and edges are chosen to adhere to the following constraints:

• at each node, the Pitch angle, φr must remain below predefined thresholds;

• at each node, the Roll angle, θr must remain below predefined thresholds;

• along each edge, the maximum slopes must not exceed predefined thresholds;

• along each edge, the angular rotations must not exceed predefined thresholds.

Once the roadmap has been constructed, an optimal trajectory is computed using a state-of-
the-art planning algorithm [183], with the objective of minimizing the overall path length.

The three subtask that comprise this approach are detailed in the following subsections:
Section 8.1.1 details the state sampling and validity checking to identify the nodes of the
roadmap, Section 8.1.2 details the validation of edges of the roadmap, while Section 8.1.3
details the task of planning a path given the roadmap.

Below is a list of the required terms, Figure 8.2.
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• ⟨w⟩: World reference frame.

• ⟨b⟩: Robot’s base frame.

• ⟨sp⟩, p = 1, . . . ,P: Randomly sampled state frames.

• wnp: Normal vector of the map surface in the vicinity of frame ⟨sp⟩, expressed with
respect to ⟨w⟩.

• xp, yp, zp: Position describing the origin of a state frame ⟨sp⟩ with respect to ⟨w⟩.

• ψp,φp,θp: Heading angle, longitudinal inclination angle, and lateral inclination angle,
describing the orientation of the state frame ⟨sp⟩ with respect to ⟨w⟩.

• xr, yr, zr: Position describing the origin of the robot’s base frame ⟨b⟩ with respect to
⟨w⟩.

• ψr,φr,θr: Heading angle, longitudinal inclination angle, and lateral inclination angle,
describing the orientation of the base frame ⟨b⟩ with respect to ⟨w⟩.

• Φ and Θ: Imposed thresholds on the longitudinal and lateral inclination angles, respec-
tively.

• Lpq, αpq, ∆ψpq: the Euclidean distance between two state frames ⟨sp⟩ and ⟨sq⟩, the
slope of the straight line connecting them, the difference between the corresponding
heading angles;

• Lmin, Lmax, Al pha, Delta: thresholds for L, αpq and ∆ψpq between two waypoints.

Remark 8. The main difference from other approaches is that the planning is optimized only

on the node distance. The other constraints are checked and ensured in a previous phase

to validate nodes and connections. Specifically, rather than assigning an infinite cost to

path segments that fail to meet constraints during planning as in previous works [170], we

eliminate infeasible nodes early in the sampling phase. In other words, the state frames ⟨sp⟩
are not determined by randomly generating a triplet (xp, yp, ψp). Instead, we generate only

a couple (xp, yp) and then search for two frames ⟨sp⟩ and ⟨sp+1⟩ with opposite angles ψp

and ψp +π , such that they comply with the slope constraints for planning (which effectively

reduces the sampling space from 3D to 2D). Similarly, edges will only be considered during

planning if they satisfy constraints related to node distance, slope, and the maximum rotation

allowed between adjacent nodes.
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Figure 8.2 World frame ⟨w⟩, state frames ⟨s1⟩ and ⟨s2⟩, and related quantities.

8.1.1 State sampling and validity checking

The generation of a valid state frame ⟨sp⟩ begins by randomly sampling the planar coordinates
xp and yp within the state space, while the corresponding height zp is obtained from the
elevation map. To account for orientation, an intermediate frame ⟨s′p⟩ is first defined. This
frame shares the same position as ⟨sp⟩, is assigned a randomly chosen heading angle ψp, and
assumes zero roll and pitch, i.e., φp = θp = 0. The associated rotation matrix between the
world frame ⟨w⟩ and ⟨s′p⟩ is then derived using Equation 8.1, where [k̂] is the skew-symmetric
matrix of the vector k̂.

w
s′p

R = e[k̂]ψp; k̂ =

0
0
1

 , (8.1)

In the next step, the surface normal of the terrain around the sampled frame ⟨s′p⟩ is
extracted from the elevation map and expressed in the world frame ⟨w⟩, denoted as wnp. This
vector is then transformed into the local frame ⟨s′p⟩, yielding s′pn, as defined in Eq. 8.2.

s′pn =w
s′p

R−1wnp. (8.2)

Let us now return to the state frame ⟨sp⟩, where the assumption φp = θp = 0 is no
longer imposed. The pitch and roll angles, indicated as φp and θp, are obtained according to
Equation 8.3. For clarity, the normal vector expressed in ⟨s′p⟩ is written in component form

as s′pn =
[
n1 n2 n3

]⊺
.
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φp = tan−1(n1/n3), θp =−tan−1(n2/n3). (8.3)

Ultimately, the rotation matrix between ⟨sp⟩ and ⟨w⟩ can be determined using Equation
8.4, where [î] and [ ĵ] the skew-symmetric matrices of î and ĵ.

w
sp

R = e[î]θpe[ ĵ]φpe[k̂]ψp; î =

1
0
0

 , ĵ =

0
1
0

 , (8.4)

The path constraints include limits on the admissible absolute values of the robot’s
pitch and roll angles. To satisfy the prescribed bounds Φ and Θ, the frame ⟨s′p⟩ may be
iteratively rotated about its k-axis, with the corresponding frame ⟨sp⟩ updated each time,
until the constraints are fulfilled. If no suitable value of ψp can be identified, a new position
is sampled within the map.

After a feasible state ⟨sp⟩ has been obtained, an additional frame ⟨sp+1⟩ can be defined at
the same location with a heading offset of ψp+1 = ψp +π . This configuration is likewise
considered valid and included in the roadmap. During the planning phase, preference is
given to the state whose orientation requires the smallest rotational adjustment from the robot.
This enables the robot to exploit backwards motions when transitioning between successive
waypoints. A summary of this procedure is provided in Algorithm 2.

8.1.2 Motion validity checking

After validating the nodes, the next step in constructing the roadmap is to establish con-
nections between them through edges. As with nodes, these edges must also be checked
for feasibility, as detailed in Algorithm 3. Figure 8.2 illustrates a transition between two
sampled states ⟨sp⟩ and ⟨sq⟩, whose positions in the world frame ⟨w⟩ are given by (xp,yp,zp)

and (xq,yq,zq). In the figure, Lpq denotes the length of the motion, ψp and ψq represent
the corresponding heading angles, and αpq indicates the slope of the motion, as defined in
Equation 8.5.

αpq = tan−1
(
(zp− zq)/

√
(xp− xq)2 +(yp− yq)2

)
(8.5)

The constraints for an edge, connecting ⟨sp⟩ and ⟨sq⟩, to be considered valid, are as
follows.
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Algorithm 2: stateValidityCheck
input :Position xp,yp
parameter :Elevation map m, thresholds Phi, T heta
output :valid, ⟨sp⟩, ⟨sp+1⟩
zp← getHeight(xp,yp,m);
ψp← random(0,π);
⟨s′p⟩ ← f rame(xp,yp,zp,ψp,0,0);
valid← f alse;
while ¬valid∧¬allValuesChecked(ψp) do

wnp← getNormal(⟨s′p⟩,m);
φp← computePhi(wnp);
θp← computeT heta(wnp);
if validAngles(φp,θp,Phi,T heta) then

valid← true;
⟨sp⟩ ← f rame(xp,yp,zp,ψp,φp,θp);
⟨sp+1⟩ ← f rame(xp,yp,zp,ψp +π,φp,θp);

else
ψp← rotate(ψp);

end
end

• The Euclidean distance Lpq between two states connected by an admissible transition
must lie within the bounds defined by Lmin and Lmax.

• The inclination αpq associated with a feasible motion is required to remain below a
prescribed limit Al pha.

• The angular variation ∆ψpq between the heading angles ψp and ψq of the connected
states must not exceed a given threshold Delta.

Remark 9. In general, connectivity is determined by whether the path between two nodes

is free of obstacles. In this work, however, obstacle avoidance is delegated to the onboard

system, assuming that local planning and path-following modules can effectively handle such

situations during execution.

Remark 10. The yaw variation ∆ψpq is taken into account only when the slope αpq exceeds

a predefined threshold. Under this condition, since the robot is considered on steep terrain, a

limit is imposed on the allowable rotation during transitions between states. Consequently,

given that each state frame ⟨sp⟩ is associated with a corresponding frame ⟨sp+1⟩ such that

ψp+1 =ψp+π , the planner favors sequences of waypoints that reduce the need for rotational

maneuvers, leveraging the robot’s ability to move both forward and backward.
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Algorithm 3: roadmapConstructor
parameter :Thresholds Lmin, Lmax, Al pha, Delta
output :Set of nodes N, set of edges E
N← /0, E← /0;
while needMore(N) do

valid = f alse;
while ¬valid do

xp,yp← stateSample();
valid, ⟨sp⟩, ⟨sp+1⟩ ← stateValidityCheck(xp,yp);

end
N← N∪{⟨sp⟩, ⟨sp+1⟩};

end
for ⟨sp⟩ ∈ N do

Nc← nearestNeighbors(N,⟨sp⟩);
for ⟨sq⟩ ∈ Nc do

Lpq← computeLength(⟨sp⟩,⟨sq⟩);
αpq← computeSlope(⟨sp⟩,⟨sq⟩);
∆ψpq← computeAngleDi f f (⟨sp⟩,⟨sq⟩);
if validateMotion(Lpq, αpq, ∆ψpq, Lmin, Lmax, Al pha, Delta) then

E← E ∪{(⟨sp⟩,⟨sq⟩)};
end

end
end

Figure 8.3 System architecture implemented through ROS nodes (blocks) and topics (con-
nectors).
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8.1.3 Finding a path

For the path planning stage, we make use of the OMPL [183]. OMPL includes a broad set
of planners that, to different degrees, correspond to the three-step process described earlier:
sampling and validating states, verifying the feasibility of transitions, and computing an
optimal path over a graph of valid configurations and connections.

In this work, we adopt the LazyPRM* algorithm [24] because of its increased efficiency
in graph search. However, we adapt it by omitting the validation stage within the planner
itself, under the assumption that all nodes and edges provided in the input roadmap have
already been verified as feasible.

8.1.4 System architecture

The ROS architecture shown in Figure 8.3 integrates the main ideas introduced in the previous
sections.

The red module, elevation_mapping, groups the components responsible for construct-
ing and maintaining the environmental elevation representation. It builds a height map from
an incoming PointCloud stream. The robot used in this work (Spot) provides onboard com-
puting resources for running custom software, although it lacks a dedicated GPU. For this
reason, a lightweight 2.5D representation was selected [61]. This design choice introduces
certain limitations, in particular the fact that the extent of the elevation map is constrained by
CPU performance, which consequently limits the maximum navigable distance to the target.

The blue module, slope_constrained_planner, corresponds to the motion planning
subsystem and includes several internal elements not described in detail in this paper. The
overall design is inspired by OMPL [183] and, with respect to planner structure, also by
ArtPlanner [203]. Two main submodules are exposed: sampler and motion_validator,
which have already been introduced in Sections 8.1.1 and 8.1.2, respectively.

Remark 11. The components responsible for local path planning and trajectory following,

which guide the robot through successive waypoints from the initial position to the goal, differ

between the real Spot platform and its simulated counterpart (in Figure 8.3, these functions

are implicitly contained within the spot module). On the physical robot, the sequence

of waypoints is provided directly to the onboard navigation system developed by Boston

Dynamics, which leverages five body-mounted depth cameras to perceive the environment

and perform local navigation.
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In simulation, waypoint tracking is instead handled by a simplified PID-based controller

that we implemented, which generates velocity commands for the robot. The simulator [156]

subsequently translates these commands into the corresponding locomotion patterns.

8.2 Experiments

To assess the proposed approach, experiments were carried out both in simulation and on
the Spot robot from Boston Dynamics. In both scenarios, the focus was on analyzing the
generated trajectories and the influence of slope-related constraints on the final paths. For
each run, the following data were recorded: (i) the planned output expressed as a sequence of
waypoints, (ii) the actual values of φr and θr measured during robot motion from the initial
to the goal configuration, and (iii) any instances where plan execution was unsuccessful.

8.2.1 Simulated experiments

The simulations were executed on an ASUS laptop featuring an Intel Core i7-6700HQ pro-
cessor, an NVIDIA GeForce GTX 960M graphics card, and 16 GB of RAM. The simulation
framework was based on the ‘wolf’ package [156], which provides the robot model, control
pipeline, and a virtual environment.

To evaluate performance under different terrain inclinations, the environment was manu-
ally partitioned into regions with varying slopes and classified into ‘high-slope’ and ‘low-
slope’ areas according to the magnitude of the gradient. In each trial, the robot was initialized
at a random location within one of these regions, while the goal position was set 4 meters
away. Each run was further labeled as either ‘ascending’ or ‘descending’ depending on
whether the goal was higher or lower in elevation than the starting position. This resulted in
four experimental conditions: ‘high slope moving up,’ ‘high slope moving down,’ ‘low slope
moving up,’ and ‘low slope moving down’. For each of the four experimental conditions,
we selected 3 different sets of starting configuration and goal configuration. To evaluate the
behavior of the system based on Φ and Θ thresholds, for each start-goal configuration, we
repeated the experiments 8 times: 4 experiments without setting a threshold Θ for θr and
changing the threshold Φ for φr in the set {off,30◦,20◦,10◦}; 4 experiments by setting a
fixed threshold of 20◦ on θr and letting the threshold on φr varying within the same set as
above. In total, we performed 4×3×8 = 96 experimental runs.
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8.2.2 Real-world experiments

The proposed method was validated on the Spot platform developed by Boston Dynamics. To
improve the quality of the elevation mapping, the robot was equipped with a LiDAR sensor,
and a Spot Core unit was integrated to provide additional onboard computation. This module
includes an Intel® Core™ i5 8th Gen (Whiskey Lake-U) processor and 16 GB of RAM.

The experimental trials were carried out in the parking area of the DIBRIS department at
the University of Genoa, where two regions characterized by noticeably different average
slopes were selected. In the steeper region, each experiment was repeated twice, considering
two different map sizes—one smaller and one larger.

We designated three sets of starting and goal positions, each 4meters apart, to reduce
computational complexity. After reaching the target, the roles of start and goal were swapped,
enabling the collection of performance data for both ascending and descending motions.
Each configuration was tested using five different values of the Φ threshold: off, 20◦, 10◦, 8◦,
5◦, while the Θ constraint was either deactivated (Θ = off) or fixed at Θ = 20◦.

Overall, this resulted in 3×2×5 = 60 trials (62 in total, accounting for two repeated
runs). The robot was unable to complete the task in two cases: one due to the planner failing
to produce a feasible path, and another caused by communication problems with the LiDAR
sensor, which led to a halt in operation. In contrast to the simulation results, no falls were
observed during the real-world experiments.

8.3 Results

8.3.1 Simulated Results

Three fails were recorded. One occurred when the planner was unable to identify a feasible
path within the allotted computation time. The remaining two were caused by the lateral
tipping of the robot during motion. In both of these cases, the roll constraint on θr was not
enforced (Φ = 10◦, Θ = off), which allowed the robot to reach unsafe roll configurations, as
illustrated in Figure 8.4.

Figure 8.5 presents example trajectories obtained in two experimental runs, showing
the sequence of state frames associated with the waypoints. In Figure 8.5a, the robot does
not follow a direct line toward the goal; instead, the trajectory exhibits a zig-zag pattern.
This behavior suggests that the robot moves approximately along directions tangent to the
isoclines in order to keep the value of φr within acceptable limits.
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Figure 8.5b highlights a different situation, where the robot deviates considerably from
the straight-line path when such a route is not feasible. This detour can again be interpreted
as a strategy to reduce the component of the terrain slope along the direction of motion.

Figure 8.4 Falling robot with Phi = 10◦ and T heta = off in simulation.

Figure 8.6a shows a box plot illustrating the ratio between the total path length—computed
as the sum of Euclidean distances between successive waypoints—and the straight-line
Euclidean distance from the start to the goal. The results are grouped according to the
values of Φ and Θ. It can be observed that configurations with a smaller value of Φ = 10◦

tend to produce larger ratios, reflecting longer trajectories toward the goal. In contrast,
little variation is noticeable between cases where Θ = 20◦ and those where no constraint is
imposed (Θ = off). This behavior is likely due to the terrain characteristics, as the slopes
encountered by the robot are generally below 20◦ across most of the environment.

(a) Φ = 10◦, Θ = off (b) Φ = 10◦, Θ = 20◦

Figure 8.5 Comparison of planned paths in simulation under different slope constraints.

The average turning angle is computed by examining triplets of consecutive waypoints:
for each group of three points, the angle defined by the connecting segments is evaluated,
and the final value is obtained by averaging these angles over the entire path.

The pattern observed for the average turning angle in Figure 8.6b is consistent with the
behavior of the path length ratio shown in Figure 8.6a, suggesting that larger values of Φ
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(a) Path length ratio vs. Euclidean distance. (b) Average turning angle of the path.

Figure 8.6 Simulation results under different values of Φ and Θ.
and Θ generally produce smoother, less winding trajectories. However, this effect appears
less evident in Figure 8.6b than in Figure 8.6a. In particular, when the robot reaches the goal
by bypassing steep regions—favoring a detour strategy (Figure 8.5b) instead of a zig-zag
motion (Figure 8.5a)—the resulting average turning angle may remain relatively low even
when smaller thresholds Φ and Θ are used.

8.3.2 Real-world results

Figure 8.7 Snapshots of Spot following a path uphill in different time instants.

Figure 8.7 shows a sequence of images capturing the robot as it executes the planned
trajectory during a real-world trial on the steeper terrain, with Φ = 5◦ and Θ = 20◦.

Similarly to what was done to evaluate for the simulation results Figure 8.8a illustrates
the ratio of the path length to the Euclidean distance from the start to the goal. Consistent
with expectations, lower Φ thresholds result in higher path-to-distance ratios. As can be
seen in 8.7, the robot adopts a zigzag trajectory, moving back and forth, to avoid advancing
directly toward the steepest gradient.

Figure 8.8b reports the average turning angle. The largest values are associated with the
most restrictive thresholds (Φ = 5◦ and Θ = 20◦). A notable variability is also visible for
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(a) Path length ratio vs. Euclidean distance. (b) Average turning angle of the path.

Figure 8.8 Experimental results on the Spot robot under different Φ and Θ thresholds.

Φ = 8◦, which can be explained by cases where the robot is able to follow a nearly straight
trajectory toward the goal. For larger values of Φ, the differences tend to diminish, as they
are limited by the actual terrain inclinations encountered during the experiments.

Figure 8.9 shows a box plot summarizing the distribution of the φr angle over all trials
and along the entire trajectories. A clear distinction emerges for the case with Φ = 5◦, where
the measured φr occasionally exceeds the imposed limit, whereas in experiments with larger
Φ values such violations occur much less frequently.

An analogous plot for θr is not included, since the terrain inclination encountered during
the experiments consistently stays below the threshold Θ= 20◦, and therefore no exceedances
were observed.

Figure 8.9 Statistics about φr values over the motion of the robot.

8.4 Discussion

The experimental evaluation in a simulation enviroment, with the possibility to test more
aggressive slope, demonstrated the feasibility of the approach. More importantly, it showed
that in certain situations, failure to consider the slope the robot has to face, may results in
critical failures. Similarly, the observed differences were observed even in the real-world
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experiments. Some emerging strategies emerge from the robot navigating uneven terrains
such as moving in the gradient direction, zigzagging, or circumnavigating dangerous areas.
These trajectory were not imposed to the robot in the coding phase, but were later observed
during the trials. It can be theorized that these emerging behaviors can be useful in both
managing terrain characteristics such as the slope but also optimizing energy use.

The proposed approach presents several limitations. First, the system builds an elevation
map from onboard sensing and relies on it for planning, but it does not currently support
replanning as new sensory information becomes available during execution. As a result, the
planning horizon is effectively bounded by the size of the initial map, and any discrepancies
between the precomputed map and the actual environment are not updated once the robot is
in motion.

During navigation, the framework depends entirely on local perception and the robot’s
locomotion capabilities. As observed in both simulation and real-world trials, this can lead
to φr and θr occasionally exceeding the prescribed limits. This issue is further influenced by
the assumption that the terrain slope between consecutive waypoints remains approximately
constant, which may not always be valid. Reducing the spacing between waypoints could
help mitigate this effect, although it would likely increase computational requirements.

A second limitation is the lack of testing on highly challenging terrains. In most outdoor
conditions, the Spot platform was able to ascend slopes directly along the gradient without
difficulty—even when carrying an additional load of approximately 9 kg (six bottles of
water, see Figure 8.1)—and did not require alternative navigation strategies to reach the
goal. The environments used for real-world experiments, such as the parking area, feature
relatively mild inclinations suitable for vehicle traffic, and therefore do not pose a significant
risk of instability for the robot. It should be noted, however, that Spot represents only one
example of a quadruped system, and other robots may encounter greater difficulty under
similar conditions. In other more challenging terrains, such as the rocky mound observed in
Foligno, Figure 8.1, it was possible to observe failures even with the Spot robot from Boston
Dynamics. Nevertheless, no clear evidence was found to suggest that a particular path choice
would consistently yield better performance in that setting.

8.5 Conclusion

In this chapter, we presented a global path-planning algorithm that accounts for the slope
constraints of quadruped robots operating in outdoor environments. The proposed approach
enables the generation of safer trajectories by trading off path length for terrain traversability.
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Both simulation and real-world experiments with the Boston Dynamics Spot robot demon-
strated that considering slope constraints can significantly alter the selected route and prevent
failures that may occur when terrain inclination is ignored.

The planner was validated through 96 simulated and 60 real-world runs. The results
showed that stricter pitch and roll constraints (Φ and Θ) increased the detour ratio and path
tortuosity compared with the unconstrained baseline (p < 0.001), while maintaining the
robot’s actual pitch and roll angles (φr and θr) within the specified limits and significantly
lower than those observed without constraints (p < 0.001). Furthermore, the inclusion of roll
constraints reduced the number of observed failures, indicating the potential of the proposed
approach to improve the robustness and safety of outdoor navigation on uneven terrain.



Chapter 9

Emotionally-modulated Artificial
Potential Fields

Navigation in unstructured environments, like the application described in Chapter 6, com-
prises both challenges concerning the terrain the robot has to traverse, analyzed in Chapter
10, and challenges with obstacles that may be present in the environment. The problem of
robot navigation has been extensively studied, with planning-based approaches forming the
core of most solutions. However, in dynamic environments where unexpected obstacles or
sensor noise alter the scene, the typical response is to trigger replanning. This process can
limit the system’s ability to react promptly to rapidly changing situations. Mobile robots
that rely exclusively on deliberative planning for motion execution may struggle to respond
effectively to unforeseen obstacles, such as pedestrians.

Figure 9.1 shows a snapshot from experiments conducted at the Zachary building of
Texas A&M University, where the robot operated in an environment shared with people.
Different human behaviors can be observed: some individuals maintained a safe distance
while monitoring the robot, one approached closely in a playful manner, and others walked
past without interacting with it. Given the variability of such responses, it is not feasible to
anticipate all possible behaviors or explicitly incorporate them into a fully safe motion plan
from the beginning of the navigation task.

In both a SAR scenario or the inspection of a work environment, the robot must operate in
an environment where people might be present, in particular, either FRs or workers busy with
completing other tasks. As mentioned in 3.1.3, FRs, in particular, envision an autonomous
robot capable of completing a series of tasks independently, both before FRs arrive and in
parallel with FRs while they are busy carrying out more demanding tasks. For these reasons,
a robot capable of operating in these scenarios has to react to unpredictable environments, in
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the presence of people moving around, while maintaining a high level of safety and reliability
of operations.

Figure 9.1 Experiments at Zachary building with a robot and people exhibiting unpredictable
behaviors.

A common way to address the limitations of purely deliberative planning systems is
to adopt a hybrid architecture, combining a high-level planner responsible for generating
a global path with a lower-level reactive module that handles unexpected changes in the
environment. Such mixed approaches have been widely investigated over the past decades
[140, 3].

In biological systems, including primates and humans, emotional mechanisms play a
key role in guiding responses to environmental stimuli and in shaping interactions with the
surrounding world [46]. In a similar way, emotion-inspired models can be leveraged to im-
prove the reactivity of robotic navigation in uncertain or dynamic settings. Such mechanisms
may also serve as regulators of environmental responses, modulating the behavior of the
reactive control layer. In the following chapter we propose a navigation system based on an
emotion-inspired mechanism to regulate the reactive layer of the navigation framework. In
this formulation, emotional states are used to adjust how the robot responds to environmental
stimuli in a reactive way.

9.1 Methodology

In this section, we outline the biological foundations underlying an emotion-driven navigation
system and describe how these principles are translated into our computational framework.
First, we analyze how emotions influence reactions in biology. Secondly, we apply the same
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principles to an APF-based framework, focusing on how the framework reflects biological
systems, and how this can improve the navigation task in unpredictable environments.

9.1.1 Approach

Ekman defines six emotions, called the Basic Emotions: Anger, Surprise, Happiness, Sadness,
Fear, and Disgust [53]. These emotions are universal, meaning they are present and recogniz-
able in people from different cultures, as well as in primates [84, 5, 201]. These emotions
arise as reactions to a stimulus, are easily distinguishable, and have physiological effects. It is
also important to note that the Basic Emotions are triggered by universal situations, occurring
when something significant happens, both for the achievement of goals and for survival.
Anger is triggered when something prevents the achievement of a personal goal. Surprise
is triggered when reality differs from predictions. Happiness indicates the achievement of
a motivational goal. Sadness corresponds to the loss of something, material or not. Fear
signals the recognition of something dangerous. Finally, disgust is triggered when something
offends the taste or moral sense.

The Basic Emotions have a functional purpose: they serve as responses to specific triggers.
In the following two subsections, the functional purpose and effects of Anger and Surprise
will be explained in detail.

Anger

Anger is related to the impossibility of reaching a goal; whenever the path to the goal is
blocked by something or someone, anger is activated. Anger is the response to an interference
with the achievement of goals.

Anger functions to remove the obstacle and reach the goal, initiating various mechanisms
to actively eliminate the blocking factors. As a result, people become ready to do whatever it
takes to remove the blockage; they experience increased blood pressure, sweating, a higher
respiratory rate, increased swallowing, and tingling in the hands.

Surprise

Surprise is the reaction to something unexpected and unpredictable. When people experience
the breaking of predictive schemes, it triggers the emotional response of surprise. An example
of a situation that triggers a surprise reaction is sudden, unexpected movements.

Its functional purpose is to collect more information about the surroundings; people focus
their attention more, trying to capture additional details. To this end, people open their eyes
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wider to let in more light and inhale more oxygen. The goal is to gather information and
prepare for a faster reaction if needed.

9.1.2 Implementation

Historically, robots based on biological systems have been described in terms of behaviors [8].
Behaviors are defined as sequences of a perceptual schema and a motor schema. Perceptual
schemas describe how information is extracted and processed, while motor schemas describe
how this information is used to generate the robot’s motion. We propose an architecture where
a simple navigation behavior, based on APF, is influenced by emotions. In particular, Surprise
influences the perceptual schema, while Anger influences the motor schema. This section
first describes the perceptual and motor schemas implemented on the robot; subsequently, it
details the effect of emotions on the schemas. The code of the proposed algorithm is available
on GitHub1.

The perceptual schema of the robot collects data from the sensors and processes it into
signals usable for navigation. The main requirement for this module is fast data processing;
therefore, a compact representation of perceptual information is used. Obstacles around the
robot are detected using a ray-tracing approach. At discrete angular intervals, sensing rays
are cast, and for each ray, only the position of the closest obstacle is recorded. This results in
a sparse yet representative model of the surrounding environment. The perceptual schema
is regulated by two parameters: the angular intervals and the maximum distance, Dmax, at
which obstacles are perceived. The positions of the obstacles are then provided to the motor
schema, which elaborates them to generate the repulsive force field.

For the potential fields, different magnitude profiles have been implemented in past works
[142], depending on the requirements and the desired behavior for each potential field. The
magnitude of the repulsive field is a hyperbolic function to ensure that the robot moves away
faster from closer obstacles, while the effect is reduced if the obstacle is far away. This
function is described in Eq. 9.1. In this equation, qrepel is the coefficient regulating how
steep the curve is, and Dist is the distance of the obstacle to the robot. Additionally, the force
is saturated at a maximum value to avoid very high forces and unpredictable robot behaviors.
Beyond the maximum distance, which is the same as in the perceptual schema, the force is
zero since no obstacles are detected at those distances. It is important to notice that for the
repulsive force, two parameters regulate the shape of the function: maximum force, Fmax, and
force coefficient, qrepel . In Fig. 9.2, an example of obstacles perceived by the robot and the

1https://github.com/ZoeBetta/EMAPF.git

https://github.com/ZoeBetta/EMAPF.git
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Figure 9.2 Perceived obstacles and resulting repulsive force.

resulting force field is shown. The robot is at the center, where the word “body” is written.
We can see that, on the left side of the robot, two obstacles are particularly close; the arrows
represent the force field, which is perceived as repulsive (negative sign) by the robot. We can
also see that obstacles that are far away result in a lower force.

RepulsiveForce =
qrepel

Dist
(9.1)

AttractiveForce =

qattract ·Dist ifDist ≤ T hreshD

ConstForce ifDist > T hreshD

(9.2)

The attractive field is used to guide the robot towards the WP. The magnitude profile for
the attractive force is a constant field, as described in Eq. 9.2. Only in the close vicinity of
the goal does the magnitude profile decrease linearly to avoid overshooting and to achieve
smoother behavior.

Emotions are used to regulate the parameters of the perceptual and motor schemas, such
as: angular intervals, Dmax, Fmax, and qrepel . As Anger increases, both Fmax and qr increase,
while as Surprise increases, Aint decreases and Dmax increases

9.1.3 Anger

The internal state Anger increases when the robot is not making progress towards the goal;
it depends on the first-order derivative of the distance to the goal. Anger is related to the
impossibility of reaching the goal—the absence of progress in achieving the objective. The
objective of the robot is to reach a position in space, reducing the distance to that position.
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For this reason, Anger increases when the distance to the final position remains unchanged
or increases. In Eq. 9.3, the equations regulating the Anger mechanism are presented. The
value of the emotion at time t, A(t), is calculated as the sum of the previous emotional
value, A(t−1), and a value that varies depending on the robot’s progress. If the first-order
derivative of the distance to the goal, ˙Dist, is zero, the robot is not making progress, and
Anger increases by a constant value. If the distance increases (positive derivative), Anger
increases proportionally to the derivative. If the distance decreases (negative derivative),
Anger decreases. It is important to note that, as time increases, Anger grows faster even with
the same derivative. The variable Min represents the number of minutes elapsed since the
WP was set as the position in space to reach. If a long time passes before the robot reaches
the WP, the Anger level increases faster, while its decrease is not dependent on the time
passed, making the robot more likely to maintain a higher level of Anger for longer.

A(t) =


A(t−1)+ γ · (Min+1) ·Const if ˙Dist = 0,

A(t−1)+ γ · ˙Dist if ˙Dist < 0,

A(t−1)+ γ · (Min+1) · ˙Dist if ˙Dist > 0,

(9.3)

Anger affects the repulsive field generated by obstacles; it changes how strong the
repulsion to the obstacle is. The higher the anger level, the higher the repulsion. In people,
Anger is associated with removing obstacles that block progress toward a goal. In this context,
obstacles prevent the robot from reaching its goal. By moving further away from them, the
robot may find an alternative path. For this reason, Anger strengthens the repulsive field,
causing the robot to move further away from obstacles as Anger increases. The Anger level
is used to regulate the motor schema parameters of the robot, in particular Fmax and qrepel .
As shown in Fig. 9.3, while the Anger level on the x-axis is below a given threshold, the
parameters remain constant; after the threshold is exceeded, they increase linearly until a
maximum value is reached. If the Anger level increases beyond the maximum, the WP is
canceled, and the robot attempts to proceed to the subsequent WP opportunistically.

9.1.4 Surprise

The internal state Surprise increases if the predicted location of obstacles differs from the
actual obstacles in the environment. Surprise is related to breaking the predictive schema;
if reality differs from previous predictions, Surprise is activated. Each time the obstacles
are received, the correct locations are compared to the obstacle locations at the previous
time step. The percentage of obstacles that do not match between the prediction and the
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(a) Maximum repulsive force as a function of
anger.

(b) Repulsive force coefficient as a function of
anger.

Figure 9.3 Effects on the repulsive field given the anger level of the robot.

actual reading, mismatch%, is calculated and used to increase the Surprise level. As shown
in Eq. 9.4, if the mismatch is greater than a given threshold, the Surprise value increases
proportionally to the percentage of mismatched obstacles. Conversely, if the percentage is
lower, the Surprise level decreases by a constant value. Similarly to Anger, the Surprise level
at time t, S(t), depends on the Surprise level at the previous time, S(t−1).

S(t) =

S(t−1)+ γ ·mismatch% If mismatch% > T,

S(t−1)− γ If mismatch% ≤ T,
(9.4)

Surprise changes what the robot perceives; it decreases the discretization of obstacles
and increases the distance at which obstacles are detected. Surprise functions to enhance
perception. Similarly, when people are surprised, they gather more information about their
environment. As shown in Fig. 9.4a, the angular interval decreases as a step function. In
Fig. 9.4b, the maximum perceived distance of obstacles, Dmax, is shown as a function of the
Surprise level. Until the Surprise level reaches a threshold, the maximum distance remains
constant; beyond this threshold, it grows linearly until the maximum Surprise value. The
Surprise value is limited to a maximum, but this value does not affect the behavior of the
robot. A possible future implementation could involve slowing the robot down if Surprise
reaches its maximum value.
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(a) Angular distance for the obstacle dis-
cretization as a function of the surprise level.

(b) Maximum obstacle perception distance as
a function of the surprise level.

Figure 9.4 Effects on the repulsive field given the anger level of the robot.

9.2 Experiments

The experimental procedure is described in the following section. First, we aim to evaluate
the effect of single emotions on the ability of the system to navigate, to better isolate the effect
of emotions. Secondly, the experiments comparing EMAPF to other state-of-the-art local
navigation algorithms are described and then analyzed to show the difference in performance
of the systems. Subsequently, structured experiments with dynamic obstacles are described
and discussed to evaluate the effect of emotions on the resulting navigation of the robot.
Finally, experiments with people in an unstructured environment are proposed.

The experimental protocol aims to evaluate the effect of emotions and internal state on
the navigation of a robot in the environment. If a difference is observed, the experiments
aim to explore whether this difference leads to an increase in the robot’s performance in
the navigation task. Additionally, it is necessary to study what happens when obstacles are
unpredictable, such as humans moving around the robot.

To better identify the individual effect of emotions, we tested the system in a simple
simulation environment. To evaluate the performance of the system, both in comparison to
other local navigation algorithms and in the presence of dynamic obstacles, a total of 20
structured runs were conducted. The tests were performed with the Spot robot from Boston
Dynamics, and all computations were run on the onboard SpotCore computer. In addition,
data from 47 minutes and 52 seconds in the presence of unstructured dynamic obstacles were
recorded. In the following sections, the experiments used to compare different algorithms and
to evaluate the behavior of the robot in the presence of structured and unstructured dynamic
obstacles are presented.
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9.2.1 Ablation experiments

To study the effect of single emotions in a navigation task, a Gazebo simulation environment
was developed. Navigation was implemented on a simple omnidirectional robot [58]. Addi-
tionally, a sphere moving back and forth was introduced. The navigation was tested under
three conditions: with only Anger active, with only Surprise active, and with both emotions
active.

9.2.2 Comparison with other algorithms

The EMAPF framework was evaluated in comparison with the APF system and the Timed
Elastic Band (TEB) system [167]. APF and TEB are widely used algorithms for local
navigation. For the comparison with other algorithms, the robot was tasked with reaching
two waypoints (WPs) and a final goal. The time to reach the final goal and the success rate
at each WP are discussed; additionally, the distance is measured every 30 seconds to show
the initiative of the robot. In Fig. 9.5, the overhead view of the environment is shown for
the comparison of the different algorithms. The star marks the starting location, and each
numbered circle represents a WP. The WPs were progressively more difficult to reach. WP1
was in a straight line in front of the starting position, with no obstacles in front of the robot;
to reach WP2, the robot could not follow a straight-line path due the presence of obstacles,
and additionally, it was inside a C-shaped structure, with the opening on the side the robot
was coming from; WP3 was inside a C-shaped structure, with the opening on the opposite
side from the robot’s direction of arrival, and another C-shaped structure was in between,
where the robot could enter and get stuck. This location was chosen to stress the system in
the presence of these C-shaped structures, which are especially challenging for APF-based
systems due to the presence of local minima. We run each algorithm 5 times, for a total
of 15 runs. Each run began with the robot tasked with reaching WP1, followed by WP2
and the final WP, and was terminated for one of three reasons: (i) the robot reached the
final goal, (ii) 10 minutes had passed since the start of the experiment, or (iii) the robot
decided not to pursue the final WP because it was deemed unreachable. The EMAPF system
outperformed the other two algorithms both in terms of time to complete the task and success
rate in reaching the final WP, while showing greater initiative.

EMAPF is the purely reactive system, in this specific implementation, it uses Anger
and Surprise to modulate the response to the environment, as described previously. The
weights for the emotions and the parameters were determined through a series of experiments
conducted both indoors and outdoors. For the APF algorithm, the same architecture was
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replicated with all emotions set to zero to evaluate the difference in performance without the
effect of emotions (γ1,γ2,γ set to zero in Eq. 9.3 and in Eq. 9.4). Finally, the TEB algorithm
is a state-of-the-art local navigation algorithm, compatible with the MoveBase Navigation
Stack available on ROS. It is particularly relevant for the Spot robot, a holonomic quadruped,
because of its compatibility with holonomic robots. For this algorithm only, a local costmap
was implemented. TEB was chosen for its widespread adoption.

Figure 9.5 Experimental setting for comparing different local navigation algorithms and
evaluating dynamic obstacles.

9.2.3 Dynamic obstacles

The system was tested in 5 trials with dynamic obstacles by placing a moving obstacle in
front of the robot for one minute, in five different positions, one per trial. The time to reach
the goal has been analyzed, as well as the qualitative discussion of the effect of emotions on
the navigation.

The task given to the robot was the same as in the experiments described in Sec. 9.2.2:
the robot started at the star symbol and had to reach three subsequent WPs. The difference
was that in each trial, a dynamic obstacle moved along a half-circle path in the direction of
the robot’s motion. The person moved in front of the robot at five different points, one per
each trial, along the path: once between the start and the first WP (first row of Table 9.1),
twice between the first and the second WP (second and third row), and twice between the
second and the final WP (fourth and fifth row). In Fig. 9.5, the location of the WPs, and
with green squares, the location of the dynamic obstacles. The stopping conditions for the
experiments were the same as those described for the comparison experiments.
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(a) Path of the robot, color representing the
Anger.

(b) Anger level in time.

Figure 9.6 Ablation experiment with only Anger active.

9.2.4 Unstructured human interaction

The system was tested on July 8th, 2025, at the Zachary building of Texas A&M, in the
presence of people who were asked to interact with the robot as they wished. Qualitative
measures of how the emotional system changes depending on the environment are analyzed.
The robot was tasked with moving between three locations in cycles, as shown in Fig. 9.1.
People were free to interact with the robot and move around it. The total operation time was
47 minutes and 52 seconds. The interactions were recorded using videos from a bird’s-eye
view perspective.

9.3 Results

9.3.1 Ablation experiments

The results are presented in Figures 9.6, 9.7, and 9.8. In these figures, the Gazebo walls are
represented in black, and the area in which the sphere moves is shown in light blue. The
path of the robot is shown, with the values of Surprise and Anger encoded as the width and
color of the line, respectively. Higher widths indicate higher Surprise levels, while colors
shifting toward red represent higher Anger values. Higher widths indicate higher Surprise
levels, while colors shifting toward red represent higher Anger values.

Only the combination of both emotions leads to successful navigation. In Figure 9.6,
on the left is the path of the robot when only Anger is activated, while on the right is the
Anger level in time. When only Surprise is activated Figure 9.7, on the left is the path of
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(a) Path of the robot, with width representing
Surprise.

(b) Surprise level in time.

Figure 9.7 Ablation experiment with only Surprise.
the robot with the Surprise represented as width, and on the right the Surprise level in time.
In this case, we stopped the simulation after 5 minutes, since the robot was not making any
meaningful progress. In contrast, when both Anger and Surprise are active, the robot is able
to reach the goal, Figure 9.8a. We can also see that the robot increases its level of both Anger
and Surprise, represented in Figure 9.8b. The increase of Anger is not linear, and after the
beginning, where it increases, to reach a peak, it decreases when the robot makes progress
towards the goal. Similarly, for the Surprise level, it increases in the proximity of the moving
sphere and decreases when further away from it.

9.3.2 Comparison with other algorithms

Compared to the other two systems, EMAPF achieved the goal more consistently. In Fig.
9.9a, the results are shown: in blue, the number of times the robot reached WP1; in yellow,
the number of times it reached the second WP; and in green, the number of times it reached
the final WP. The horizontal blue lines represent the maximum number of reachable WPs. It
can be observed that all algorithms reached WP1. Both the EMAPF and the APF algorithms
always reached WP2; however, TEB reached the second WP only twice, and the third WP
was never reached. EMAPF reached the final WP four times, compared to two instances
for the APF system. Additionally, the TEB algorithm reported two critical failures in which
the system abruptly stopped working; the time was saturated to 600 seconds for those. The
total time of operation for the three navigation algorithms is shown in Figure 9.9b. EMAPF
exhibits a relatively low median execution time (approximately 260 s), with a moderate
spread of values ranging roughly between 190 s and 460 s. APF shows a higher median time
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(a) Path of the robot, color representing Anger,
and width representing Surprise.

(b) Anger and Surprise level in time.

Figure 9.8 Ablation experiment with both Anger and Surprise active.

(around 600 s) and a larger variability, with values spanning from about 220 s to 600 s. In
contrast, TEB presents a single observed value at approximately 600 s, indicating that the
algorithm was never able to reach WP3. By comparing the times to complete the mission,
using Mann-Whitney U tests with α = 0.1 showed significant differences: EMAPF vs. APF,
p = 0.0907; EMAPF vs. TEB, p = 0.0075.

(a) Number of times each algorithm reached the
WPs across 5 runs per algorithm. (b) Time to reach the final WP.

Figure 9.9 Comparison of performance metrics across experiments.

Qualitatively, the system controlled with EMAPF moves around more and shows greater
initiative, attempting to find better paths to reach the goal. To quantify this difference, the
position of the robot was recorded every 30 seconds, and the Euclidean distance between
two subsequent positions was calculated. In Fig. 9.10, this measure is shown for all three
algorithms. The average distance for EMAPF is higher, and the difference is statistically



9.3 Results 131

significant. The EMAPF system moves more and covers more distance than APF. Welch’s
two-sample t-test with α = 0.05 indicated significant differences: EMAPF vs. APF, p =

0.0030; EMAPF vs. TEB, p = 0.0002.

Figure 9.10 Distance measured each 30 seconds comparing the different algorithms.

9.3.3 Dynamic obstacles

In Fig. 9.11, the path of the robot is shown as described in Section 9.2.1. In Fig. 9.11a, it
can be seen that the robot’s Surprise level increases at two points: once near the beginning,
when close to the flowers, due to the texture of the plants and the wind moving the leaves,
and again when the robot is blocked near the goal. Near the final WP, Anger also increases,
as the robot is unable to make progress due to a person obstructing it. By comparison, in Fig.
9.11b, where no dynamic obstacles were present, Anger also increases toward the last WP,
but less than when dynamic obstacles physically block the robot. This is because the last WP
is very difficult to reach. Surprise also increases at times in this case, but to a lesser extent
than with dynamic obstacles, primarily due to intrinsic sensor noise. Overall, both Anger
and Surprise increase more when dynamic obstacles are present.
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(a) Trajectory of the robot with dynamic obstacles. (b) Trajectory of the robot without dynamic obsta-
cles.

Figure 9.11 Trajectory of the robot, with color representing the Anger level and linewidth
representing the Surprise level.

Table 9.1 Times to reach WPs in the Dynamic scenario

Location of dy-
namic obstacle

Time from Start
to WP 1

Time from WP
1 to WP 2

Time from WP
2 to Stop

WP 3 reached

start-WP1 90.72 s 45.13 s 196.93 s True
WP1-WP2 23.76 s 138.5 s 135.11 s False
WP1-WP2 29.3 s 118.65 s 360.99 s False
WP2-WP3 26.02 s 63.86 s 373.22 s False
WP2-WP3 30.62 s 96.62 s 138.29 s True
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Table 9.1 reports the success rate for the dynamic trials experiments, which is analyzed to
understand how dynamic obstacles influence the robot’s operations. The first column reports
the path segment where the dynamic obstacle appeared: between the start and WP1 in the
first trial, between WP1 and WP2 in the second and third trials, and between WP2 and WP3
in the fourth and fifth trials. The second and third columns show the time it takes for the
robot to reach each WP, measured from when the WP is received to when it is reached. The
fourth column instead reports the time from when the last WP is assigned to the robot until
the end of the experiment—either because the WP is reached or deemed unreachable by the
system. The last column of the table reports the success in reaching the final WP. When
comparing the number of successful trials in the presence of dynamic obstacles (2 times)
with the number of successful completions reported in Fig. 9.9a for the same task with only
static obstacles (4 times), it is evident that the robot reaches the goal less frequently when
dynamic obstacles are present. However, the success rate is the same as in the scenario with
only static obstacles using the APF without emotional modulation (2 times).

Looking at the times recorded in the dynamic scenario trials, reported in Table 9.1, it is
possible to notice that, even when the robot decides not to pursue the last goal, the decision
is dependent on Anger dynamics, and not on a mere evaluation of the time expired since the
robot started.

9.3.4 Unstructured human interaction

Comparing a cycle of WPs without people (Fig. 9.12a) and with people (Fig. 9.12b), it
can be observed that Anger and Surprise, represented as described previously for Fig. 9.11,
increase more when people are present. When no people are passing by, the goals are simple,
and Anger remains low, except for small fluctuations. Similarly, since there are few dynamic
obstacles, the robot’s Surprise does not increase significantly; the fluctuations are mainly due
to sensor noise.

In contrast, in the presence of people, especially while reaching the second WP, people
actively interact with the robot, attempting to block it. An example of this situation can be
seen in Fig. 9.1. Anger increases, with fluctuations corresponding to the small progress the
robot makes before being blocked again. In this case, WP changes are triggered by the level
of Anger. Similarly, Surprise increases from the moment people begin interacting with the
robot and remains high.
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(a) Trajectory of the robot without people around. (b) Trajectory of the robot with people interacting
with it.

Figure 9.12 Trajectory of the robot, with color representing the Anger level and linewidth
representing the Surprise level.

9.4 Discussion

By looking at the ablation experiments, in particular where only Anger is active (Figure
9.6), the robot moves to avoid the dynamic obstacle, but because the perceptual schema
is unchanged, it reacts to the sphere only when it is close, making timely reactions more
difficult. The robot merely escapes from the sphere when it is very close, moving towards
the starting position instead of towards the goal. The goal is removed when the Anger level
reaches its maximum Amax.

On the contrary, by observing Figure 9.7, when only Surprise is active, the robot reaches
a local minimum near the wall and becomes stuck, unable to explore alternative strategies. In
this scenario, Surprise is briefly activated whenever the sphere passes behind the robot; in
Figure 9.7b, it is possible to see small periodic increments, but because the sphere quickly
moves away, the robot perceives this as noise, and the Surprise level does not increase
significantly. Since Anger is deactivated, the simulation is stopped after 5 minutes.

In the simulation with both Anger and Surprise active (Figure 9.8), the robot moves away
from the wall, avoiding the local minima due to the effect of Anger. It is then closer to
the moving sphere when it detects it, and Surprise is fully activated, allowing the robot to
successfully move away from the sphere while still perceiving it and reach the goal.

In the comparison experiments, the time required to complete the task or terminate the
trial was analyzed. EMAPF showed a lower average completion time, and this difference
was statistically significant. For the two critical failures of the TEB algorithm, the time
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was saturated at 600 seconds. This difference can be explained by the fact that EMAPF,
when Anger increases beyond its maximum level, opportunistically cancels the WP, whereas
APF continues attempting to reach it; when APF is unable to reach the final WP, the trial is
terminated after 10 minutes.

By comparing EMAPF and the APF system, it can be observed that the robot equipped
with emotions, when not making progress, begins to explore the environment more actively,
while the emotionless robot tends to get stuck in loops or local minima.

Comparing the Anger and Surprise levels in experiments with and without dynamic
obstacles, it is possible to observe that in the presence of dynamic obstacles, emotions reach
higher levels compared to the case of static obstacles only.

Additionally, the reader might be confused by the fact that, in the first trial—when
the person moves between the start and WP1—the robot successfully reaches WP1, and
subsequently WP2 and WP3. In contrast, in the second and third trials, when the person
moves between WP1 and WP2, the robot can reach WP2 but struggles to reach WP3, even
though no additional dynamic obstacle is present in the final path segments. This can be
attributed to random factors, as goal reachability can never be fully guaranteed due to the
absence of a global map and the reactive nature of the approach.

Looking specifically at the fourth column of Table 9.1 representing the times, it can be
observed that in the second trial, the time before stopping while the robot was heading to
WP3 (135.11 s) is shorter than the time it took to successfully reach WP3 in the first trial
(196.93 s). This difference can be attributed to the fact that, in the first trial, the robot was
actively making progress toward the goal, while in the second trial, it was not—causing the
Anger level to rise more quickly. Remark that no fixed timeout stops the robot arbitrarily;
instead, it may continue as long as it is still making meaningful progress toward the WP.

Finally, Emotions in people interact with each other; similarly, the results of this work
suggest that Anger and Surprise may be related. In Figure 9.12b, it is possible to see that
near the second WP, both Anger and Surprise reach high levels. This interaction can be
explained by the fact that the perceptual and motor schema, influenced by emotions, are
strongly correlated. A higher Anger level causes the robot to move faster, which reduces the
precision of obstacle perception and, in turn, causes the Surprise level to rise. This can also
be observed in Fig. 9.11a, where toward the third WP, both Anger and Surprise are high. It is
important to note that there are also cases where only one emotion is active. In Fig. 9.11a,
between the first and second WP, only Surprise is activated, while Anger remains very low at
all times. Similarly, in Fig. 9.11b, toward the third WP, only Anger is activated, and Surprise
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remains limited. Future testing aims at better evaluating the interactions between emotions
and how those interactions influence the system’s performance.

9.5 Conclusion

This chapter presented EMAPF, a framework for reactive local navigation, and demonstrated
its application through an emotion-based navigation system incorporating the emotions
of Anger and Surprise. These emotions were modeled to regulate the robot’s motor and
perceptual schemas, respectively. Unlike most previous studies on emotion-based robotics,
which primarily focus on motor behavior and are evaluated only in simulation, the proposed
approach integrates emotional influences across multiple navigation components and has
been validated on a real robotic platform.

As a reactive local navigation system, EMAPF is cognitively plausible and inherently
robust to dynamic obstacles. Experimental results indicate that the proposed approach
achieves improved navigation performance compared with state-of-the-art local navigation
methods. Furthermore, the analysis of the emotional mechanisms provides insight into how
emotion-inspired modulation can influence navigation behavior.

The framework was extensively evaluated through real-world experiments, including com-
parisons with established local navigation algorithms and tests in environments containing
both structured and unstructured dynamic obstacles. The results demonstrate the feasibility
of the proposed approach and highlight its potential to improve navigation performance in
dynamic environments.



Chapter 10

Search and Rescue Planning

In an unpredictable scenario, even while accounting for slopes in the environment, Chapter 8,
or unpredictable obstacles, Chapter 9, navigation cannot be assumed as simple as moving to
a different position; there might be a need to open doors with externally mounted robotic
arms. To add to the complexity of navigation, there are also other tasks that, in general,
a robot has to complete while inspecting a partially known environment; for this reason,
there is a need to coordinate more complex sequences of operations. Indeed, among the
key requirements for fully autonomous task execution are effective planning capabilities,
which require a sufficiently expressive planning language, such as the PDDL. These elements
play a crucial role in enabling robots to execute tasks autonomously while accounting for
constraints related to time, resources, and environmental uncertainty [79, 36]. Similarly to
what was done for Chapter 4, also in this chapter the focus is on a SAR application, due to
the stricter requirements, and the higher level of unpredictability in the environment.

Although the importance of planning is widely acknowledged, only a few attempts have
been made to integrate the basic sensorimotor capabilities of a quadruped robot with a
planner able to address complex situations in vast environments during SAR operations.
Such scenarios typically require deciding when it is time to explore or to assess whether
staircases or corridors allow passage or are obstructed by debris; when the robot should
activate its door-opening skill or determine whether doors are blocked; and whether the robot
should initiate a procedure to identify people requiring assistance, with varying degrees of
consciousness.

In this Chapter we presents a novel framework for deploying a quadruped robot in SAR
scenarios, using the Boston Dynamics Spot robot as a case study. The key contributions of
this work are as follows: the integration of PDDL-based planning to enable Spot to perform
adaptive and efficient mission execution by selecting specialized robotic actions for assessing
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the state of the environment and victims, evaluating their condition, and reporting using
advanced sensory payloads; thorough simulation testing to evaluate the planning system’s
behavior as a function of the environment description and to determine its limits, particularly
in terms of planning time; and an experimental evaluation of the proposed system conducted
on the actual Spot robot in a real-world scenario that emulates a disaster situation.

10.1 Methodology

We designed a PDDL domain, comprised of predicates and actions. The actions have been
designed to enable Spot to navigate a post-disaster environment in search of people. Once a
person is located, the robot prioritizes assessing their condition and reporting their status.
More specifically, our aim is to describe a domain that matches the expectations of FRs,
described in Chapter 3 in a SAR scenario with a quadruped robot. In particular, the robot’s
inspection tasks include assessing the safety of the environment, detecting the presence of
people (even when partially or fully hidden) using multiple sensors, and evaluating their
condition. In particular, the robot is expected to gather key information such as the level
of consciousness and vital health parameters (e.g., breathing, pulse, and body temperature).
Additionally, once individuals are identified, the robot should determine whether safe paths
exist to reach them and, if feasible, guide them toward an exit.

10.1.1 Predicates

In PDDL, predicates describe the properties of objects and their relationships within a
planning domain. They establish conditions that can be true or false, reflecting the state of
the world at a given time.

In line with the tasks that the robot must complete, the predicates defined for this problem
domain are shown in Table 10.1.

To mention a few, predicates such as stairs_connected, passage_checked, door_closed,
and door_blocked are used to describe the connectivity of the environment, i.e., to indicate
whether a passage or a stair is traversable or climbable, or instead obstructed by debris, and
whether a door is closed or blocked. The predicates person_detected, person_evaluated,
person_reported, and person_state describe the condition of individuals found in the
area, in accordance with the protocols adopted by rescuers to assess their state of conscious-
ness. The predicates gas_checked, crack_checked, and environment_checked describe
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the analyses performed in the environment through dedicated sensors, as typically used by
rescuers during their operations.

Definition Description
(robot_at ?r - robot ?l - location) Specifies the robot’s current location
(is_free ?r - robot) The robot is not currently engaged in other actions
(emergency ?r - robot) The robot is handling an emergency
(not_emergency ?r - robot) The robot is not handling any active emergency
(connected ?l1 ?l2 - location) Two locations are physically connected
(passage_checked ?l1 ?l2 - location) The connection between two locations has been verified

traversable
(is_exit ?l - location) A room allows communication with FRs
(stairs_connected ?l1 - location ?s - stairs) A room and a staircase are physically connected
(stairs_checked ?s-stairs ?l1 ?l2-location) The stairs are currently traversable
(room_open ?l - location) A room that is accessible and open
(door_closed ?l - location) A door to a room that is closed but not blocked
(door_blocked ?l - location) A door that is closed and cannot be opened by the robot
(door_notchecked ?l - location) The condition of the door has not been determined yet
(searched ?r- robot ?l - location) A location has been searched by the robot to look for

people
(person_detected ?p - person ?l - location) Tracks locations where people have been found
(person_evaluated ?p - person) A person has been evaluated and their position is known
(person_reported ?p - person) A person’s status has been reported, marking the final

stage of the assessment
(person_state ?p - person ?s - state) Tracks the evaluation status of a person, recording their

state after evaluation
(dialog_finished ?p - person) Indicates that the interaction or dialogue with a person

has concluded
(person_dialog ?p - person ?c - consciousness) The details of a person’s evaluation following dialogue,

including their state of consciousness
(battery_unchecked ?r - robot) The robot’s battery level has not been checked
(battery_checked ?r - robot) The robot’s battery level has been checked
(gas_checked ?l - location) The robot has checked the location for harmful gases
(crack_checked ?l - location) The robot has checked for cracks at the location
(environment_checked ?l - location) The robot has completed all the environmental checks

required in the room

Table 10.1 Predicates of the domain

10.1.2 Actions

In PDDL, actions are used to change the state of the world toward the achievement of goal
states. They are defined by their parameters, preconditions (i.e., predicates that must be true
for the action to be executed), and effects (i.e., predicates that become true as a result of
executing the action). The actions available in this domain are shown in Table 10.2: the first
column reports the name of each action along with its parameters, while the second column
provides a brief description.
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Action Parameters Description
move (?r-robot ?l1 ?l2-location) Makes the robot navigate between two

locations of the environment
search (?r-robot ?l-location) Makes the robot inspect a location, to de-

tect people
evaluate (?l-location ?p-person ?r-robot) Orients the robot to face the person to

better assess the person’s position in space
dialog (?l-location ?p-person ?r-robot) Initiates a conversation between the robot

and the person to assess consciousness to
the call

report (?l-location ?p-person ?r-robot) Collects all information about each person
and updates them if needed

check (?r-robot ?l1-location) Monitors the robot’s battery level
checkgas (?r-robot ?l-location) Uses gas sensors to measure oxygen per-

centage and check for the presence of
harmful gases

checkcrack (?r-robot ?l-location) Visually detects the presence of cracks
checktemp (?r-robot ?l-location) Verifies whether the temperature is safe
reportemergency (?r-robot ?l-location) Reports the emergency state to FRs
checkstairs (?r-robot ?s- stairs ?l1 ?l2-location) Controls if the staircase is traversable
checkpassage (?r-robot ?l1 ?l2-location) Visually checks if the connection between

two locations is traversable
climbstairs (?r-robot ?l1 ?l2-location ?s-stairs) Allows the robot to switch floors
checkroomopen (?r-robot ?l-location) Checks if the door to a location is open
opendoor (?r-robot ?l-location) Opens the door
searchoutside (?r-robot ?l-location) Uses thermal cameras to detect the pres-

ence of people from outside a room

Table 10.2 PDDL actions

Remark 12. After planning, when actions are executed, the expected effects may not materi-

alize. For instance, this happens when a procedure used to check a condition (e.g., whether a

corridor allows passage) returns an unexpected state (e.g., the corridor is blocked). In that

case, the current plan will no longer be considered valid, and the planner will be triggered

again.

Move to

The move action enables the robot r to navigate between different locations, l1 and l2, in
the environment. The preconditions are as follows: l1 and l2 must be connected, r must be
at l1, and the battery must be verified as sufficient to support the movement. The effects are
that r is no longer at l1 but at l2, and the battery check status is invalidated.

Search

The search action enables the robot r to visually scan a specified location l for people. The
preconditions are as follows: r must be available (i.e., not performing any other actions) and
must be located in l. During the action, r becomes unavailable but returns to an available
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state once the search is completed. The effects are that l is marked as explored and that
no people are present in it. If this expected outcome does not materialize and a person is
instead detected during execution, the predicate person_detected is set to true and added
to the problem, triggering replanning. Additionally, the goal is updated to include the need to
evaluate the person’s state. Additionally, the battery status is marked as unchecked, with the
relevant predicates updated accordingly.

Evaluate

The evaluate action allows the robot r, located at l, to focus on a person p by adjusting its
heading to face them. Once focused, the robot assesses the person’s position, determining
whether they are standing, sitting, or lying down. The preconditions are as follows: r must be
available, p must have been detected at l, and r must be at l. During the action, r becomes
unavailable until the task is completed. Upon completion, p is marked as evaluated.

Dialog

The dialog action initiates a conversation between the person p and robot r to assess the
person’s level of consciousness at the location l. The preconditions are as follows: r must
be available, p must have already been evaluated, and r must be in l. During the action, the
robot becomes unavailable until the dialog is completed. Upon completion, the dialogue is
marked as finished. This action expects the person to be either unconscious or confused. If
the person is conscious, the action fails, and the emergency is set to true, triggering a replan,
to lead the person outside the building or wherever the FR are.

Report

The report action involves compiling all collected information by the robot r about the
person p at the location l and writing it to local storage, ensuring that the information is
continuously updated. The preconditions are as follows: r must be available to perform the
action, the dialog with p must have been completed, and r must be located in l. During
the action, r remains occupied until the task is finished. Upon completion, p is marked as
reported.

Check

The check action monitors the robot’s r battery level to determine whether exploration
should be halted if the battery is insufficient to return to the exit from the location l. The
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conditions required to execute this action are as follows: r must be available, be located
at l, and have the battery status marked as unchecked. The effects of this action include
r remaining occupied until the task is completed. Upon completion, the battery is marked
as checked. If the battery level is deemed insufficient to complete the task, the action fails,
the emergency is set to true, and a replan is triggered, assuming that the battery charger is
outside the building or wherever the FR are.

Check gas

The check_gas action enables the robot r to monitor the gas sensors to measure the oxygen
percentage and detect the presence of harmful gases, e.g., CO2 in the location l. The
preconditions are as follows: r must be in l it is checking, the door must be open, and
there must not be any emergency. The effect is that the gas is marked as checked in the
corresponding location. It is expected that the oxygen percentage is sufficient and that no
harmful gases are detected for the action to succeed. If this is not the case, the action fails,
and emergency is set to true, triggering a replan.

Check crack

Similar to the gas-checking action, the check_crack action implements a visual strategy for
the robot r to detect cracks in the location l. This action moves the robot to look around
while running a computer vision model to detect and localize cracks. The preconditions are
as follows: r must be in l and must be available; there must not be an active emergency, the
room must be open, and the gas must have been checked. The effect is that the cracks are
marked as checked. This action expects that no cracks are detected; if cracks are detected,
the action fails, emergency is set to true, and a replan is triggered.

Check temperature

In this action, the robot r verifies that the location l temperature is not unsafe using thermal
cameras. The preconditions are as follows: r must be in l, must be free, and must have
already checked for cracks. The effect is that the environment is marked as checked in l,
where r is. This action fails if the robot detects an unsafe temperature, setting emergency as
true, triggering a replan.
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Report emergency

Whenever the robot r is in the emergency status, the robot must report the emergency to the
FRs. The preconditions are as follows: r must be at the exit location, or wherever FRs are,
and be available. The effect is that r is marked as not in an emergency status, resuming the
normal order of operations.

Check stairs

When approaching a staircase s connecting two locations l1 and l2, for the first time, the
robot r must check whether the stairs are traversable. The robot must position itself facing
the stairs to visually evaluate them for the presence of debris and cracks. The preconditions
are as follows: r must be at l1 connected to the staircase and must be available. The effect
is that the stairs are marked as checked. It is expected that the stairs are traversable; if they
are not, the predicates describing the connectivity between the locations and staircases are
removed from the problem file, and a replan is triggered.

Check passage

Similarly to what is done for the stairs, when the robot r approaches a connection between
two locations l1 and l2 for the first time, it must visually check for the presence of obstacles,
such as collapsed ceilings or furniture that might make the passage unsafe. The preconditions
are as follows: r must be in l1 and must be free. The effect is that the passage is marked
as checked. It is expected that the passage is always traversable. If that is not the case, the
connection between the two locations is removed from the problem, and a replan is triggered.

Climb stairs

The climb_stairs action allows the robot r to switch floors of the building, climbing the
staircase s, moving from location l1 to location l2. The preconditions are as follows: s has
to be checked, r is in l1, and is free. The effects are that r will be free again and will be at
l2.

Check room open

When the robot r reaches a location l for the first time, it must check whether the room is
open, meaning it can safely enter, or whether the door is closed. This action completes the
task by visually inspecting the door. The preconditions are as follows: r must be available,
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be at l, and there must not be any active emergency. The effect is that the door is marked
as checked. It is expected that the door is open. If the action fails, the door is marked as
closed in the problem file, and the assertion of a predicate different from the expected effects
triggers replanning.

Open door

Whenever the robot r is in front of a closed door at location l, it tries to open it using the arm
mounted on its back. The preconditions are as follows: r must be available and at l. The
effects are that the door is opened, and r can enter l to complete the necessary operations. If
the action fails, the door is marked as blocked in the problem file, meaning that the room is
inaccessible, and a replan is triggered. When the replan is triggered, the environmental check
in the room is also removed from the goal.

Search outside

By analyzing thermal camera images, this action allows the robot r to detect the presence
of people even from outside a location l. For this reason, if the door is blocked, this action
checks for the presence of people outside. The preconditions are as follows: r must be
available at l of the blocked door, and there must not be any emergency. This action expects
that no person will be found. If the robot detects a person, the emergency is asserted to
ensure that the robot communicates to the FRs the presence of a person who cannot be
evaluated, and this triggers a replan.

10.1.3 System architecture

Figure 10.1 shows the complete architecture for the framework proposed. The software
architecture, including both the complete planning system and the action implementation
on the Spot robot, is available on Github1. The nodes highlighted in purple were created
specifically for this project, whereas the blue nodes represent modules provided by ROS2
[135, 163]. The yellow node represents the controller node, which processes information
from various actions and updates the PDDL problem based on current data. This section
presents and explains the ROS2 implementation of all actions in detail.

The ZED2 camera is connected to an NVIDIA processor outside of the Spot CORE, due
to GPU requirements, as previously detailed in 4. A node named Camera Information Client

1https://github.com/ZoeBetta/PlannerSAR.git

https://github.com/ZoeBetta/PlannerSAR.git
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Figure 10.1 System’s architecture for the experiments with the Spot robot with a limited
number of actions.

was implemented on this external processor, and a TCP socket connection was established
with the nodes integrated within the Spot CORE. Except for this node, all other nodes run
inside a Docker container that operates Ubuntu 20.04 with ROS2 installed, enabling seamless
portability to other Spot COREs if necessary.

Solid blue arrows represent the acquisition of information through the Spot SDK. In
particular, the battery status, the odometry, and the point cloud from the connected LiDAR are
retrieved. Solid black arrows connecting the Planner to actions represent the activation of ac-
tions when necessary or upon the completion of previous actions in the plan. Conversely, the
arrows from each action to the Planner indicate feedback provided during execution and the
final outcome upon completion. Dashed arrows represent publish/subscribe communication,
with the associated topics specified for each arrow.

The Controller Node, the Camera Information Client Node, and the other ROS2 nodes
that do not directly implement a PDDL action (i.e., Nav2, RTAB-Map, and Spot SDK nodes)
are described below in greater detail.

Controller Node

Shown in yellow in Figure 10.1 is the Controller Node. Its objective is to manage the
communication between the ROS2 actions and the Planner based on PlanSys [133]. PlanSys
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is a PDDL planning framework integrated into ROS, using the default POPF [36] plan solver.
PlanSys consists of multiple nodes: whenever the Planner node needs to generate a plan, it
calls the Domain Expert and Problem Expert nodes to provide the necessary domain and
problem information, respectively. Given the PDDL domain and problem, PlanSys, using the
POPF planning algorithm, is used to generate a coherent sequence of actions based on the
current state of the environment. However, the initially created plan may become obsolete
at any moment, typically due to sensor readings that may cause the assertion of predicates
that do not match the expected effects (Remark 12), thus requiring replanning to develop
a plan better suited to the current situation. The “controller” node is responsible for plan
management: once a plan is generated, it monitors action execution via action feedback
(provided by PlanSys), updates the problem when actions fail, and manages replanning
requests.

For instance, whenever a person is detected, the Controller adds an object of type “person”
for each individual found and asserts a predicate that links each person to their respective
location, retrieved from the information stored in the problem, in order to maintain this
information. Next, replanning updates the goal to include predicates for evaluating, reporting,
and engaging in dialogue with each detected person. Finally, the Controller Node resumes
execution.

Camera Information Client

On board the ZED2 camera processor, the SteroLabs library is used for body detection and
tracking. For each detected individual, a message containing the following information
is sent to the Camera Information Server: ID, confidence level, action state, keypoints,
keypoint confidence scores, and the positions of each keypoint. The received data is split
into two parts. The first part, which includes the position, confidence, and ID of the detected
person, is published to the /position topic. The second part, which contains details such as
confidence, action state, keypoints, keypoint confidence scores, and positions of all keypoints,
is published to the /evaluation topic. Both topics are shown in Figure 10.1 with dashed
arrows. This information is then leveraged by the search and evaluate actions to collect
data about people in the environment.
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Additional ROS2 Nodes

The ROS2 framework has different modules already available for quick development. The
following modules have been used to implement actions on the Spot robot for a case study.
In the following section, the different modules used are briefly described:

• Nav2 [130], the navigation stack embedded in ROS2, enabling mobile robots to
navigate complex environments through various functionalities, including moving
from one point to another, adding intermediate poses, and performing tasks such as
object following, localization, mapping, path planning, path following, and obstacle
avoidance. Nav2 typically relies on a Global Planner, which determines an optimal
path from the start to the goal position, and a Local Planner, which manages real-time
obstacle avoidance and path execution, ensuring the robot follows the global plan while
reacting to dynamic obstacles. We used its capabilities for the move action.

• RTAB-Map [115], a graph-based SLAM approach designed for RGB-D, stereo, and
LiDAR sensors, providing loop closure detection through a bag-of-words technique to
assess whether a new image corresponds to a previously visited location or a new one.
Upon confirming a loop closure hypothesis, a new constraint is added to the graph, and
a graph optimizer minimizes mapping errors. It was used to determine the position of
the robot in the environment, and to ensure safe navigation during the move action.

• The Spot SDK, a library to retrieve the sensor information and send motion commands
to the robot. In particular, the check action, was dependent on the information retrieved
about the battery state from the Spot SDK.

10.2 Experiments

Three different sets of experiments will be detailed in the following sections. The first set
of experiments analyzes case studies (two of which are discussed in detail) to evaluate the
replanning capabilities of the proposed ROS integration by simulating challenging scenarios
and recording how the robot reacts, updating the plan accordingly.

The second set of experiments aims to formally study the limits of the PDDL planning
in the given domain. In particular, how planning times and success rates are influenced by
variations in the number of assertions in the initial problems (i.e., the breadth and complexity
of the environment), as well as by other parameters.
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Finally, the last case study aims to verify, on a simplified domain, the implementation of
the system on the Spot robot. It considers simple SAR scenarios in which the robot plans the
exploration of a partially known environment while locating people.

Every experiment was run in a Docker container running Ubuntu 22.04 and ROS2 Humble.
For the first and second sets of experiments, the Docker container ran on an AMD Ryzen 9
6900HX with Radeon Graphics processor and 32GB of RAM. In the third set of experiments,
the Docker container was deployed on the SpotCore, which has an Intel® Core™ i5 8th Gen
(Whiskey Lake-U) processor and 16GB of RAM.

10.2.1 Simulated Actions

To analyze the system’s response to unpredictability, we thoroughly tested it by randomly
activating action failures. In the following section, two runs exhibiting particularly interesting
behavior are presented as examples.

First simulated experiment

In the first simulated experiment, an environment consisting of four rooms distributed across
two different floors is presented. On the first floor are rooms a and b, while on the second
floor are rooms c and d. The two floors are connected by two staircases: s1 connects rooms
a and c, and s2 connects rooms b and d. Additionally, the exit location is connected to
room a and contains the battery needed to recharge the robot. The environment is represented
in Figure 10.2a, where the arrows represent passages between rooms on the same floor,
while the dashed arrows represent staircases. The initial state of the environment is reported
in Listing 10.1. The goal at the beginning of the operations is reported in Listing 10.2.
The robot has to search for people in rooms a, b,c,d; additionally, it has to complete all
environmental checks in the same rooms.

Listing 10.1 Initial State Simulation 1

(robot_at spot a)

(connected exit a)

(connected a exit)

(connected a b)

(connected b a)

(connected c d)

(connected d c)

(stairs_connected a s1)
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(a) Environment for the first simulated experi-
ment.

(b) Environment for the second simulated experi-
ment.

Figure 10.2 Simulated environments.
(stairs_connected c s1)

(stairs_connected b s2)

(stairs_connected d s2)

(not_emergency spot)

(is_free spot)

(battery_unchecked spot)

(door_notchecked a)

(door_notchecked b)

(door_notchecked c)

(door_notchecked d)

Listing 10.2 Goal Simulation 1

( :goal( and

( searched a )

( searched b )

( searched c )

( searched d )

( environment_checked a )

( environment_checked b )

( environment_checked c )

( environment_checked d )))

The planner is able to generate the plan in 429.15 milliseconds; the plan is reported in Listing
10.3.

Listing 10.3 Plan Simulation 1.1

(check spot a)

(checkstairs spot s1 a c)
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(checkpassage spot a b)

(checkroomopen spot a)

(checkgas spot a)

(checkcrack spot a)

(checktemp spot a)

(search spot a)

(check spot a)

(climbstairs spot a c s1)

...

(checktemp spot b)

The plan is not reported in its entirety for the sake of brevity. Note that, initially, the robot
checks its battery status check spot a), the availability of stairs s1 (checkstairs spot

s1 a c), the passage between rooms a and b (checkpassage spot a b), the presence of
gas, cracks, and the temperature in room a, and finally the presence of people. After the
environmental checks, and the search for people, the battery is checked once again, since
in principle some time has elapsed, requiring monitoring. However, during the execution
of the action (checkstairs spot s1 a c), the action fails, indicating that staircase s1,
which connects a and c, is not traversable. The problem is updated to remove the predicates
(stairs_connected a s1) and (stairs_connected c s1), and a replan is triggered.
The system is able to find an alternative plan in 286 milliseconds. The new plan is reported
in Listing 10.4.

Listing 10.4 Plan Simulation 1.2

...

(search spot a)

(check spot a)

(move spot a b)

(checkstairs spot s2 b d)

(check spot b)

(checkroomopen spot b)

(checkgas spot b)

(checkcrack spot b)

(checktemp spot b)

(search spot b)

(climbstairs spot b d s2)

(checkpassage spot d c)

(check spot d)
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...

(search spot d)

The system is able to adapt, the plan is invariated in the evaluation of room a, it then
explores the first floor by moving from a to b (move spot a b). then checking stairs s2
(checkstairs spot s2 b d), and finaly moving to the second floor using the alternate
staircase (climbstairs spot b d s2). After climbing the stairs, while checking the
battery levels in room d (check spot d), a low battery level is detected, triggering the
emergency state and a subsequent replan. The replan is completed in 254 milliseconds, and
the generated plan is reported in Listing 10.5.

Listing 10.5 Plan Simulation 1.3

...

(reportemergency spot exit)

...

(search spot d)

The robot first moves to the exit location, first climbing down the s2 staircases, and then
from b to a, to recharge its batteries. After that, it resumes the sequence of operations,
searching for people and evaluating environmental conditions in rooms d and c.

Second simulated experiment

The second run, in contrast, has four rooms a, b, c, and d, all situated on the same floor.
Room a is connected to rooms b and c, while room d is connected to rooms b and c. The
exit location, where FRs and the charger are, is connected to location a. The environment
is shown in Figure 10.2b, and the initial state is described in Listing 10.6. The goal is the
same as in the first simulated experiment, reported in Listing 10.2. The first plan is generated
in 339 milliseconds and is reported in Listing 10.7.

Listing 10.6 Initial State Simulation 2

(robot_at spot a)

(connected exit a)

(connected a exit)

(connected a b)

(connected b a)

(connected a c)

(connected c a)
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(connected c d)

(connected d c)

(connected b d)

(connected d b)

(not_emergency spot)

(is_free spot)

(battery_unchecked spot)

(door_notchecked a)

(door_notchecked b)

(door_notchecked c)

(door_notchecked d)

Listing 10.7 Plan Simulation 2.1

(check spot a)

(checkpassage spot a b)

(checkpassage spot a c)

(checkroomopen spot a)

(search spot a)

(check spot a)

(checkgas spot a)

(checkcrack spot a)

(checktemp spot a)

(move spot a b)

...

(checktemp spot c)

According to the plan, the robot initially checks its battery status and the links between a and
the adjecent rooms, then searches for people and potential issues such as gas leaks, cracks,
or abnormal temperatures, before moving to room b. While checking whether the passage
connecting rooms a and b is traversable using the action (checkpassage spot a b), the
action fails, causing the robot to remove the predicate (connected a b) from the problem
and triggering a replan. The replan took 273 milliseconds, and the new plan is reported in
Listing 10.8.

Listing 10.8 Plan Simulation 2.2

(checkpassage spot a c)

(checkroomopen spot a)

(search spot a)
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(check spot a)

(checkgas spot a)

(checkcrack spot a)

(checktemp spot a)

(move spot a c)

...

(move spot c d)

...

(move spot d b)

(checkroomopen spot b)

...

(checktemp spot b)

The robot changes the sequence in which it visits the rooms. Instead of moving to room b first,
it searches rooms c and d initially. Upon reaching room b, the action that checks whether
the door is open, (checkroomopen spot b), fails, indicating that the door is closed. The
problem is updated by adding the predicate (door closed b), which triggers a replan
completed in 238 milliseconds. The new plan is reported in Listing 10.9.

Listing 10.9 Plan Simulation 2.3

(opendoor spot b)

(search spot b)

(checkgas spot b)

(checkcrack spot b)

(checktemp spot b)

In this new plan, before completing the operations of searching for people and evaluating
environmental conditions, the robot must first open the door using the action (opendoor

spot b). Since no further actions fail, the plan is completed.

10.2.2 Planning Evaluation

The second set of experiments aims to evaluate the behaviour of the planner by analyzing how
different parameters used to generate problems randomly influence the resulting solutions. In
particular, the goal is to identify potential limitations in the environments that the planning
system can handle. For each generated problem, the planning time is recorded for successfully
found plans, along with the planner’s ability to find a solution.
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To perform a thorough analysis, we first identified the environmental parameters required
to generate a problem file. These parameters are listed in Table 10.3: the first column reports
the parameter name; the second column provides a description of each parameter; the third
column enumerates the values considered during the experiments; and, finally, the fourth
column reports the reference value used for all parameters that are not under investigation in
the current set of experiments. Parameters p3 and p4 influence the initial state of the robot
rather than the environment itself. For this reason, they were randomly assigned in each
trial, and their impact on planning time was not analyzed. Since the goal of the analysis
was to study planning times, the parameter intervals were selected to avoid generating too
many configurations in which the goal would be unreachable. In the following analysis,
when referring to planning times, we consider only those for which the planner was able to
successfully generate a plan. The planner was unable to generate a plan for two possible
reasons: either the plan was not solvable, or the resolution required too many resources, such
as RAM, resulting in a timeout.

For the remaining parameters, we investigated their impact on planning performance by
varying one parameter at a time, selecting values from the third column of Table 10.3 while
keeping all other parameters fixed at the mid value reported in the fourth column, in order to
avoid a combinatorial explosion of test cases.

To analyze the effect of each parameter pi ∈ p1, p2, p5, p6, p7, p8, p9, p10, we generated
N = 550 problems for each possible value of pi, for a total of 17600 runs. For each parameter,
the specific instances of blocked links and stairs, closed or blocked doors, and the locations
of people and rooms already visited were randomly selected.

This procedure could produce configurations for which no valid plan exists. For example,
if all connections to a room are blocked, the room becomes unreachable, and the robot cannot
satisfy the goal of searching the room and evaluating the environment.

After generating the problems, we used the planner POPF [40] with the default param-
eters; this is the same planner and the same parameters used by PlanSys to generate the
plan. For each problem and its corresponding generated plan, we recorded the number of
predicates in the problem file, the number of goal predicates to satisfy, the length of the
generated plan, and the planning times.

10.2.3 Case study

The experiments involving the Spot robot were conducted on the second floor of the E
Building at Via dell’Opera Pia 13, University of Genoa. These experiments took place
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Param Description Values Mid value

p1 Number of floors 1, 2, 3, 4 2
p2 Rooms per floor 4, 9, 16, 25 9
p3 Initial position any room –
p4 Emergency at start yes, no –
p5 Blocked passages (%) 0, 5, 10, 15 10
p6 Blocked stairs 0, 1, 2 1
p7 Closed doors (%) 0, 10, 20, 30 10
p8 Blocked doors (%) 0, 5, 10, 15 5
p9 Number of people 0, 5, 10, 15, 20 10
p10 Rooms visited (%) 0, 10, 20, 30 20

Table 10.3 Parameters used for problem generation.

in multiple locations, including a corridor and two separate rooms, to replicate a realistic
environment for the robot’s operation.

Only a small subset of actions was implemented in ROS2 and subsequently on the Spot
robot. Specifically, as shown in Fig. 10.1, we implemented the search and evaluate

actions to locate people in need of assistance and assess their health status; the check action
to monitor the battery state; the report action to communicate results to FRs; and the move
action to navigate within the environment. Other actions included in the planning domain
were not implemented in this case study, either because the required sensors (e.g., a gas
sensor) or actuation capabilities (e.g., an arm to open doors) were not available at the time
the experiments were conducted, or because the experimental environment did not allow
them to be properly used (e.g., simulating gas leaks in our department is not feasible).

The experiments were conducted using the Spot robot, equipped with the Spot CORE, a
LiDAR, and a ZED2 camera. To achieve the desired behavior, various adjustments were made
during the code development process, including fine-tuning thresholds for people detection
and pose estimation. Multiple tests were performed to ensure the system’s reliability by
defining locations within the environment, which were then used to initialize the PDDL
problem (Figure 10.3).

The PDDL initial state definition for this case study is presented in Listing 10.10.

Listing 10.10 Problem Real actions

(robot_at spot exit)

(connected exit frontlab2)

(connected frontlab2 exit)

(connected centerlab2 frontlab2)

(connected frontlab2 centerlab2)
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Figure 10.3 Real scenario on the second floor of the E building.
(connected exit insidelab1)

(connected insidelab1 exit)

(connected centerlab1 insidelab1)

(connected insidelab1 centerlab1)

(connected exit battery_location)

(connected battery_location exit)

(is_free spot)

(battery_unchecked spot)

For this example of application, in line with the problem’s objectives, the robot will only
search at the center of the rooms to locate people.

According to the domain definition, at each location, the robot will check its battery status
and decide whether to continue with the plan or return to recharge. The battery_location
is treated as equivalent to the exit location, corresponding to the building entrance, where
the robot will return after finding victims to report its findings to the rescuers.

The goal is reported in Listing 10.11.

Listing 10.11 Goal 1 Case Study

(:goal (and (searched spot CenterLab1)

(searched spot CenterLab2)))

In Figure 10.4, some snapshots from the operations of the Spot robot completing a
possible SAR task in a simplified environment are shown. In Figure 10.4a, the Spot robot
is moving from the starting location where the FRs are coordinating operations, exit, to
the location FrontLab2, used as a waypoint. After moving to the location CenterLab2, the
robot rotates in place to locate people in the environment with the mounted ZED2 camera,
as shown in Figure 10.4b. Once the person is detected, the problem is updated to add the
instance of the person in the correct location, and the goal is changed, adding the need to
evaluate the person; the updated goal is shown in Listing 10.12.
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(a) Moving to the first waypoint. (b) Rotating to locate people.

(c) Evaluating the position of the person. (d) Assessing response to the call.

(e) Moving to the second location. (f) Rotating to locate people.

(g) Assessing response to the call. (h) Leading the person to the exit.

Figure 10.4 Frames from the implementation of a subset of actions on the Spot robot,
simulating a rescue operation.

Listing 10.12 Goal 2 Case Study

(:goal (and (searched spot CenterLab1)

(searched spot CenterLab2)

(person_evaluated p0)
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(person_reported p0)

(dialog_finished p0)))

Updating the problem and the goal, the robot has to replan its next actions. The next
action becomes (evaluate CenterLab2 p0 spot), where the robot positions itself to face
the person and detects the posture (standing, sitting, or lying down), as shown in Figure
10.4c. After the posture of the person is evaluated, the robot completes a dialog to assess
the response to the call, as shown in Figure 10.4d; in this case, the person does not answer
and is therefore marked as unconscious by the robot. Since the person is unconscious, the
robot can proceed with the plan, moving towards CenterLab1. In Figure 10.4e, the robot
is shown completing the action (move spot exit InsideLab1). Once the robot reaches
the center of the lab, it rotates in place again to look for people, as shown in Figure 10.4f.
Also in this case, a person is detected, a replan is triggered, and the goals for evaluating the
condition of the person are added. The robot rotates to face the person and evaluates the
posture, after which it completes the (dialog CenterLab1 p1 spot) action to assess the
response to the call. In this case (Figure 10.4g), the person answers the robot; therefore, a
replan is triggered to lead the person towards the exit location. In Figure 10.4h, it is possible
to see the robot completing the move action while the person is following it.

10.3 Results

10.3.1 Planning evaluation

In Table 10.4, the parameters are reported in the first column, with the possible values they
can take; in the second column, the percentages of success for each parameter value; in the
third column, the percentages of plans that were unsolvable; and finally, in the fourth column,
the percentage of times that planning was halted due to insufficient resources.

While changing p1, the number of floors in the environment, we recorded the planning
times shown in Figure 10.5a. It is clear that as the number of floors increases, the planning
time also increases, reaching peaks of 120 seconds. This suggests a correlation between the
number of floors and the computational effort required by the planner (by keeping the number
of rooms per floor constant to 9). This observation is further confirmed by the number of
plans that failed due to resources errors: when only one floor is present, no plan failed; with
two floors, only one plan failed out of 550; with three floors, 36 plans failed out of 550; and
with four floors, 161 plans failed out of 550.
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(a) Planning times changing the number of floors
p1.

(b) Planning times changing the number of rooms
on each floor p2.

(c) Planning times changing the percentage of
blocked passages p5.

(d) Planning times changing the number of
blocked stairs p6.

(e) Planning times changing the percentage of
closed doors p7.

(f) Planning times changing the percentage of
blocked doors p8.

(g) Planning times changing the number of peo-
ple p9.

(h) Planning times changing the percentage of
visited rooms p10.

Figure 10.5 Planning time analysis under different environment configurations.
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A similar behavior can be observed in Figure 10.5b. In this case, increasing the number
of rooms on each floor also increases the planning times. Similarly, the number of plans that
failed due to timeouts rises as the number of rooms per floor increases. For 4 and 9 rooms,
no timeouts were recorded. However, with 16 rooms per floor, the planner failed 41 times out
of 550, and with 25 rooms per floor, it returned a resource error on 258 occasions out of 550.

In contrast, varying the percentage of blocked passages (e.g., corridors blocked by debris
that the robot cannot traverse) does not impact planning times. In Figure 10.5c, the planning
times are shown as a function of the percentage of blocked passages. It is clear that the
majority of the points are below 20 seconds for each configuration. A similar behavior can be
observed in Figure 10.5d, where the x-axis represents the number of blocked staircases. For
this parameter as well, the planning times are not influenced by the number of blocked stairs.

When examining parameters p7 and p8, the results are presented in Figure 10.5e and
Figure 10.5f, respectively. It is evident that, in these cases as well, the planning times
remain under 20 seconds for all configurations, indicating that the number of closed and
blocked doors does not affect the planner’s performance. We can conclude that changing the
connectivity of the system does not significantly affect planning times.

In Figure 10.5g, the planning times are shown for different numbers of people in the
environment. The planning time increases as the number of people increases. This can be
explained by the fact that adding a person to the environment generally adds three actions
to be completed: evaluation, dialog, and reporting. It is worth noting that, although the
number of people influences the planning time, it does not affect the number of timeouts due
to resource limitations, which remain below five out of 550 for all possible configurations.

Finally, Figure 10.5h shows the planning times as a function of the percentage of already
visited rooms, p10. The planning time slightly increases as this percentage rises. This may
be because, if a room has already been visited, it does not need to be explored again. Since
the planner is trying to optimize the plan, it searches for alternative paths that prioritize
unvisited rooms, making the planning process more complex, even though the number of
goals decreases.

We also analyze the performance of the planner as a function of plan length. In Figure
10.6a, the x-axis represents the length of the generated plan, while the y-axis represents the
time required to generate it. In general, as expected, the planning time increases with plan
length; longer plans tend to require longer planning times.

Similarly, we wanted to examine whether the number of goal predicates to be satisfied
affects the planning time. Figure 10.6b presents the planning times as a function of the
number of goal predicates.
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(a) Planning times as a function of the plan action
length.

(b) Planning times depending on the number of
goal predicates to be satisfied.

Figure 10.6 Planning performance under different complexity factors.

Param Success (%) Unsolvable (%) Insufficient computing resources (%)
p1 ∈ {1,2,3,4} 100.0, 70.4, 61.1, 29.6 0, 29.4, 32.4, 41.1 0, 0.2, 6.5, 29.3
p2 ∈ {4,9,16,25} 73.6, 74.2, 65.1, 19.5 26.4, 25.8, 27.4, 33.6 0, 0, 7.5, 46.9
p5 ∈ {0,5,10,15} 78.2, 74.9, 70.6, 67.6 21.8, 25.1, 28.7, 31.8 0, 0, 0.7, 0.6
p6 ∈ {0,1,2} 68.2, 70.4, 69.8 31.1, 29.3, 29.5 0.7, 0.4, 0.7
p7 ∈ {0,10,20,30} 72.5, 72.4, 73.6, 75.8 27.3, 26.9, 26.4, 23.5 0.2, 0.7, 0, 0.7
p8 ∈ {0,5,10,15} 72.5, 72.4, 73.3, 73.4 27.5, 27.1, 26.2, 26.2 0, 0.5, 0.5, 0.4
p9 ∈ {0,5,10,15,20} 70.5, 74.7, 69.3, 73.8, 71.6364 29.5, 25.3, 30.4, 25.5, 28.1818 0, 0, 0.3, 0.7, 0.1818
p10 ∈ {0,10,20,30} 71.6, 73.6, 69.5, 73.3 28.4, 26.0, 30.5, 25.4 0, 0.4, 0, 1.3

Table 10.4 Success percentages for each parameter.

10.4 Discussion

In the second set of experiments, we sought to study the effect of each parameter describing
the environment on planning times. From the results obtained, the number of floors and
the number of rooms per floor strongly influence both the planning times and the resources
needed to generate a plan, with a consequent decrease in the success rate. This could pose
a problem for larger public buildings, such as hospitals, which typically have many floors
and a high number of rooms per floor. A possible solution would be to describe the space in
a simpler way, aggregating different rooms into areas of the building. Another parameter
that strongly influences planning times is the number of people in the environment. This can
be explained by the fact that adding a person generally introduces three actions to the plan.
However, this increase in planning time is not necessarily associated with a lower success
rate. A parameter that slightly influences planning time is the percentage of already visited
rooms. The planning times increase, but not as significantly as for the other parameters
mentioned previously. The remaining parameters—the percentage of blocked passages, the
number of blocked stairs, the percentage of closed doors, and the percentage of blocked
doors—do not affect planning times.
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As a confirmation, we examined whether there is a relationship between planning times
and the length of the generated plan. It can be observed that as the length of the plan increases,
the planner’s time also increases. In particular, for plans longer than 500 actions, the lowest
planning time is on the order of ten seconds, whereas for plans of about 100 actions, planning
times are almost all on the order of one second.

The simulations and actual tests with the Spot robot demonstrate the robot’s ability to
complete a set of tasks, even in the presence of unpredictability, where actions might fail.

10.5 Conclusion

This chapter presented a system architecture and planning framework tailored to SAR scenar-
ios, in which a robot is required to execute tasks derived from the needs and requirements
identified with first responders in Chapter 3.

The proposed planning domain was extensively evaluated using simulated problem
instances with an increasing number of asserted predicates to investigate the scalability limits
of the system. In particular, the relationship between the complexity of the environment
description and planning time was analyzed. As expected, a clear correlation was observed
between planning time and environmental complexity: larger environments with more floors,
rooms, and people lead to increased computation time. In contrast, the presence of blocked
passages, doors, or stairs does not significantly affect planning performance.

The system was further validated in real-world experiments using the Boston Dynamics
Spot robot in our laboratory setting, where the action set was reduced for implementation
and logistical constraints.

Both simulation and real-world results demonstrate the feasibility of the proposed ap-
proach, as well as its robustness in handling dynamic and unpredictable environments typical
of SAR operations.



Chapter 11

Conclusion

11.1 Summary of Contributions

In conclusion, this thesis addressed the problem of autonomous inspection in hazardous
industrial and SAR environments through the use of quadruped robotic platforms. The work
was motivated by the need to improve worker safety by reducing direct human exposure to
dangerous areas while increasing the level of autonomy in inspection operations.

Due to the specificity of the application and the need to collaborate with trained personnel,
we first analyze the requirements of stakeholders. In particular, we propose three studies
to collect stakeholders’ opinions on robotic solutions and to gather information about the
requirements of their operations. Data from FRs and harbor workers have been analyzed to
propose a list of possible robotic applications for the task of robotic inspection. Following
the interviews, we decided to focus more on the autonomy side of the robotic application. In
particular, on autonomous exploration and detection of relevant features.

To this end, we study and propose a strategy to autonomously explore a multi-floor
building, taking into account a fixed time to collect as much information as possible, and the
rewards, with the associated risks in climbing the stairs. We tested the proposed approach with
the quadruped robot Spot from Boston Dynamics to ensure the feasibility of the approach.

Subsequently, we propose a strategy to visually detect and localize in the environment
relevant features. This strategy is based on the concept of probabilistic grid map represen-
tations, where each cell holds the probability of the cell being occupied by a feature. The
detection system takes into account the peculiarities of inspection tasks, especially in the
context of SAR. In particular, it assumes that it is more convenient to localize with a higher
level of certainty and a less precise localization, assuming that if FRs are able to reach the
proximity of the detection, they will be able to see it.
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Finally, we propose the integration of autonomous navigation and feature detection, with
particular focus on SAR applications. The experimental results demonstrate that different
exploration strategies—one aiming to fully explore each floor before moving to the next, and
another prioritizing floor transitions as early as possible—do not significantly affect detection
performance, although they can substantially influence the extent of environment exploration
and coverage.

The first part of the thesis assumes that the navigation is on mostly flat terrain, other than
staircases, and that the obstacles are fixed. In the second part, we relax these assumptions
and propose novel strategies to account for uneven terrains, as well as dynamic obstacles,
and also to account for more complex scenarios.

In particular, we propose a solution for navigating in space that takes into account the
slope the robot must face, both laterally and frontally. We thoroughly tested this system in
simulation to demonstrate the effectiveness of the method and the resulting improvement in
robot safety. We also validated it on a real Spot robot in a simplified scenario to verify the
feasibility of the approach and its impact on navigation.

Similarly, we propose a strategy for navigation in environments with dynamic obstacles.
We introduce a local planner based on APF, modulated by emotional states. We tested this
system in simulation to evaluate the effect of individual emotions, as well as on the Spot
robot. The robot experiments were first conducted in the absence of dynamic obstacles
to assess the system’s ability to reach the goal. We then tested it with structured dynamic
obstacles to analyze the system’s reaction and behavior. Finally, we evaluated the system in
the presence of unstructured dynamic obstacles to ensure safety during navigation in more
realistic conditions.

Finally, it is not always possible to assume that the robot’s path is free of blocking
obstacles, such as closed doors. In general, a quadruped robot can be equipped with a robotic
arm and used to open doors; however, this requires a high level of task coordination. For this
reason, we propose a PDDL domain tailored in detail to the requirements of FRs, capable of
planning inspection tasks in multi-floor buildings. We then evaluate the feasibility of this
approach and investigate whether a PDDL framework can adequately represent and plan for
realistic emergency scenarios. The feasibility of this approach is also evaluated using the
Spot robot with a limited set of actions.

Overall, the contributions of this thesis establish a framework for autonomous inspection
using quadruped robots in hazardous and unstructured environments. The work demonstrates
the feasibility of the proposed approaches under realistic operational constraints, including
limited time, partial observability, uneven terrain, dynamic obstacles, and task-level reasoning.
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Across all stages of the thesis, from stakeholder-driven requirement analysis to full system
validation, the results consistently show that meaningful inspection autonomy can be achieved
without relying on continuous human supervision, even in complex multi-floor and SAR
scenarios. In particular, the proposed approaches demonstrate that exploration and feature
detection can be jointly optimized in a way that remains feasible on real robotic platforms
such as Spot, while preserving robustness in challenging environments. Collectively, these
results provide strong evidence that quadruped robots can move beyond assisted teleoperation
towards fully autonomous inspection agents capable of operating in real-world safety-critical
deployments.

11.2 Limitations

This work demonstrates promising capabilities for operating in unpredictable and unstruc-
tured environments. However, several limitations remain. The primary limitation is that
the proposed components have not yet been fully integrated into a single unified system.
In particular, the autonomous exploration framework assumes that all areas of interest are
reachable by the robot, which simplifies the handling of occlusions, blocked passages, and
inaccessible regions that may occur in real operational scenarios. As a consequence, the
task planning and navigation components are not yet fully integrated within the overall
inspection pipeline, limiting the ability of the system to reason jointly over high-level mission
constraints and low-level motion feasibility. Similarly, although the Spot robot is capable
of climbing stairs, the development and integration of a fully autonomous stair-climbing
strategy was not considered a priority within the scope of this thesis, and vertical navigation
remains partially dependent on simplified assumptions.

Additionally, the validation of the proposed systems on the real robot remains limited.
Experimental evaluation with physical robotic platforms is inherently time-consuming and
often requires restricting access to operational areas, which can be impractical in active
working environments. Furthermore, the simulation environment only partially captures the
unpredictability of real-world conditions, including dynamic changes in the environment,
occlusions, and sensor noise affecting physical robotic systems, which may influence both
perception and navigation performance. Due to the inherent challenges of physical robot
testing and the limitations of simulating a highly unpredictable environment, the comparison
to state-of-the-art systems remains limited, in favor of a more thorough evaluation of the
proposed system.
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The proposed system has been evaluated exclusively using the Spot robot from Boston
Dynamics, due to its mobility capabilities and adaptability to harsh terrains. However, most
of the work described in this thesis could also be extended to different types of mobile
robots. In particular, the work described in Chapter 5 could be implemented on both UAVs
and wheeled robots, with only minor modifications. More substantial adaptations would be
required for the work described in Chapters 8 and 9, where navigation has been implemented
assuming holonomic motion capabilities, which are not generally available on wheeled
robots. Similarly, with regard to the work presented in Chapter 10, its implementation
on different robotic platforms should be carefully studied and evaluated to ensure that the
different capabilities and constraints of each robot are adequately represented within the SAR
domain.

For similar reasons, the selection of system parameters was not optimised through formal
fine-tuning procedures. Instead, parameters were empirically adjusted on the real robotic
platform to ensure stable behaviour and practical feasibility during deployment. While
this approach enabled successful demonstrations, it does not guarantee global optimality or
transferability across significantly different environments.

Finally, the system was not evaluated in a real emergency scenario in direct collaboration
with stakeholders. Most experiments were conducted within university facilities, in relatively
structured environments and in the absence of debris, severe degradation, or the operational
constraints typically encountered in real disaster response situations. As a result, the general-
isation of the proposed methods to fully realistic emergency conditions remains to be further
validated.

11.3 Future improvements

Future improvements should focus on developing a more stable and optimised version of
the proposed protocols, with particular emphasis on robustness, validation, and real-world
deployment. In particular, future work should address a more systematic and formal approach
to parameter selection and tuning, moving beyond empirical adjustment towards principled
optimisation methods. This includes the use of structured hyperparameter optimisation
strategies and systematic sensitivity analysis to better understand the impact of individual
parameters on system performance and stability. Such improvements would contribute to
increased repeatability, improved generalisation across different environments, and more
reliable deployment in real-world operational scenarios.
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A key direction is further evaluation of system accuracy to ensure that the generated
information is reliable and trusted by end users. Results from the online questionnaire indicate
that FRs expect approximately 68% accuracy to consider the robot useful, and around 75%
accuracy to trust it during operational use. Experimental results from the integration of
autonomous exploration and semantic mapping show detection performance exceeding 80%,
suggesting that the system may meet or surpass the expected usability threshold. However,
these assumptions require further validation in collaboration with stakeholders to confirm
whether the generated outputs are indeed perceived as reliable and actionable in practice.
For this reason, additional user studies and field trials are necessary to better assess system
usability and trust in operational contexts.

Future work should also extend experimental validation to more challenging and un-
structured environments, including dedicated field sites such as the Civil Protection camp
in Foligno, in order to evaluate system behaviour under realistic and degraded conditions.
In particular, testing should include scenarios with uneven terrain, cluttered and partially
obstructed spaces, and varying levels of visibility and accessibility, as typically encountered
in real emergency response operations. This would enable a more comprehensive assessment
of system robustness, including navigation reliability, perception performance, and overall
mission success under non-ideal conditions. Such extended validation would also provide
valuable feedback for refining both the autonomy stack and the perception modules, ensuring
better transferability from controlled environments to real-world deployments. Additionally,
it is necessary to extend the validation and testing to include comparisons with state-of-the-art
algorithms, to better understand the effect of the proposed system and its possible limitations.

Finally, the problem of how information is communicated to workers has not yet been
investigated in this thesis. At present, it is assumed that the information generated by the
system is presented through an external graphical user interface (GUI) and made readily
accessible to operators. However, in high-stress and time-critical scenarios, such as emer-
gency response operations, the design of information delivery becomes a crucial factor. In
particular, it is necessary to investigate effective strategies for presenting information in a
way that is both rapidly interpretable and operationally meaningful, without increasing the
cognitive load on workers. Future work should therefore explore human–robot interaction
and information visualisation approaches that prioritise clarity, SA, and decision support,
potentially including multimodal interfaces and context-aware information filtering to better
support FRs in demanding environments.
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