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Chapter 1: Introduction

1.1 Motivation and Objectives

In recent years, the world has withessed an escalation in the frequency and intensity of
natural and man-made disasters. The 2023 Turkey-Syria earthquake, for instance, resulted in
catastrophic losses, underscoring the urgent need for effective disaster response strategies [1].
These incidents often lead to challenging scenarios where victims are trapped in inaccessible
areas, necessitating rapid and ef cient Search and Rescue (SAR) operations. Conventional meth-
ods, which rely heavily on human responders, are often hampered by physical risks, limited
accessibility, and time constraints. This is where the deployment of autonomous small Unmanned
Aerial Vehicles (UAVs), characterized by a maximum take-off weight (MTOW) of 13.5 kg or
less [2], holds transformative potential. UAVs, equipped with advanced sensors and cameras, can
access hard to reach areas, providing critical situational awareness without putting human lives
at risk. UAVs, commonly known as drones, have emerged as revolutionary tools in various
domains, notably in disaster management and SAR. UAVs are instrumental in various post-
disaster functions, including aerial damage assessment, victim localization, SAR coordination,
and delivery of essential supplies [3]. They have been effectively utilized for quick evaluations
of structural damage following earthquakes [4] and for innovative applications like customized

de brillator payloads [5] and remote delivery of rst aid kits [6]. Recent studies highlight UAVS'
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capabilities in rapid victim identi cation and condition assessment, with developments such as
vision-based algorithms for detecting life signs [7] and computer vision techniques for victim
detection [8]. However, the utilization of UAVs in SAR missions introduces a unique spectrum
of challenges, particularly when these operations are conducted in indoor environments. The
complexity of SAR operations in indoor environments is due to the constrained spaces, limited
visibility, and complex interior layouts, all of which intensify the dif culty of locating and
rescuing individuals [9]. In GPS-denied settings like collapsed buildings or dense urban areas, the
conventional navigation systems in UAVs are rendered ineffective [10]. This calls for innovative
solutions that can autonomously navigate, identify, and assess situations in such challenging
environments. Autonomous drones can signi cantly expedite search operations, quickly locating
victims and assessing structural damages, thereby guiding rescue efforts more effectively.

In summary, the motivation behind this thesis is driven by the need to innovate in disaster
management and SAR operations using UAV technology. By developing frameworks and integra-
ting algorithms for autonomous navigation, target detection, and inspection in complex indoor
environments, this research aims to enhance the effectiveness, speed, and safety of disaster

response operations, ultimately contributing to saving lives and mitigating disaster impacts.

1.2 Relation to Previous and Ongoing Work

The increasing exploration of UAV technology in the context of disaster management and
SAR operations re ects a growing body of research dedicated to understanding and enhancing
UAV capabilities and applications. This thesis is a trial to add to to this dynamic research eld.

A signi cant portion of existing research focuses on the application of UAVs in outdoor



environments, particularly in wide area search missions following natural disasters. Studies
highlight UAVs' ability to cover large areas quickly, making them invaluable in initial disaster
assessment and victim location efforts [11]. This is complemented by research that delves into
the integration of deep learning and computer vision for effective disaster management using
UAVs. For instance, work done by Zhang et al. [12] discusses the development of advanced
victim detection models tailored for UAV-based SAR operations.

However, a few recent studies focused on enhancing autonomy and ef ciency in SAR
operations within GPS-denied and cluttered environments. Sandino et al. (2020) discusses the
development of an autonomous navigation system for small UAVs [13]. The core objective is
to equip small UAVs with the ability to autonomously detect, localize, and quantify victims in
disaster scenarios, leveraging a Partially Observable Markov Decision Process (POMDP) solved
with an Adaptive Belief Tree (ABT) algorithm. Their approach integrates vision-based camera
inputs to manage target detection uncertainties.

The methodology encompasses rigorous testing in simulated environments using Software
in the Loop (SITL) with tools such as Gazebo, ROS, and PX4 rmware, supplemented by a
Hardware in the Loop (HITL) setup. Despite its advancements, the study acknowledges certain
limitations. The autonomous decision making under environmental uncertainty and the modeling
of target detection uncertainties from vision-based sensors remain complex challenges. Addition-
ally, executing computationally intensive decision making and object detection algorithms on
resource constrained hardware requires further optimization.

In their follow-up study [14], the focus shifts toward enhancing the UAV's operational
autonomy in GPS-denied environments. The proposed framework incorporates an onboard com-

puting system, enabling the UAV to process data in real time for effective navigation and target
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detection. The research demonstrates the application POMDP/ABT algorithm again, facilitating
real time decision making and path planning for the UAV. Through rigorous testing, including
HITL simulations and actual ight trials, the UAV showcased its ability to autonomously navigate
and detect targets with varying degrees of uncertainty regarding their locations.

However, the study acknowledges certain limitations, particularly the reliance on pre-
con gured occupancy maps, which restricts the UAV's adaptability to dynamic environmental
changes. The paper suggests future enhancements, such as real time occupancy map updates and
the inclusion of more sophisticated sensors, to further elevate the UAV's autonomous navigation
and detection capabilities in complex indoor environments.

Pioneering studies such as that of Sampedro et al. (2019) presents a fully autonomous
aerial robot designed for complex SAR missions in unstructured indoor environments [15]. Their
work focuses on integrating learning-based capabilities for target recognition and interaction,
employing supervised learning classi ers and novel Image-Based Visual Servoing (IBVS) algo-
rithms, hinged on deep reinforcement learning techniques like Deep Deterministic Policy Grad-
ients (DDPG). The extensive validation across simulated and real-world settings underscores the
UAV's adeptness in navigating complex, obstructed terrains, effectively identifying targets, and

engaging in precise interactions

1.3 Technical Approach

This research presents the development of an autonomous drone system designed for indoor
exploration, target identi cation, and inspection. The primary objective is to automate the manual

processes of searching for, localizing, and inspecting targets within indoor environments, poten-



tially applicable to SAR missions, disaster management, and exploration operations.

The system utilizes an algorithmic framework for indoor autonomous exploration. This
framework integrates path planning and coverage algorithms, allowing the drone to systematically
navigate and scan indoor environments. The approach employs a coverage path planning (CPP)
strategy, speci cally the boustrophedon or lawnmower pattern, ensuring complete coverage of
the search area.

Upon detecting potential targets, the system focuses on accurate localization. This is
achieved using a combination of ducial markers (AprilTags) and advanced computer vision
techniques. The detected markers aid in precise positioning and orientation assessment of the
targets relative to the drone. This component of the system is critical for the detailed and accurate
localization of the targets of interest.

Once a target is localized, the drone initiates an autonomous inspection protocol, which
aims to examine the details of the targets using onboard cameras. This phase integrates an
object detection model for identifying and classifying anomalies or objects of interest. The
model, trained on a self-curated dataset of vision acuity markers, provides real-time analysis
while running onboard on the drone, which improves the decision making capabilities.

The project then advances to enhances the drone's autonomy in cluttered environments.
This is addressed through simulation based studies, implementing state-of-the-art path planning
algorithms. The focus is on adapting the drone's navigation and operational strategies to more

complex and realistic scenarios mimicing SAR operations.



1.4 Contributions

The primary contributions of this thesis are as follows:

1. Autonomous Inspection Routine Development An autonomous inspection routine is
developed and implemented, enabling UAVs to navigate to and inspect targets identi ed by
ducial markers. This routine replaces the manual inspection process, equipping the UAVs
with the capability to autonomously perform comprehensive examinations of targets from

multiple positions.

2. Integration of Custom-Trained Object Detection: A custom-trained object detection
neural network is integrated to recognize vision acuity markers on targets. This model,
trained on a self-curated dataset, is optimized, and deployed to the UAV's onboard computer,

enabling real time processing and augmenting the autonomous inspection routine's ef ciency.

3. Development of an Autonomous Mission Framework and Experimental Validation
A comprehensive autonomous mission framework is designed to manage the transition
between search and inspection phases effectively. It enables the UAV to autonomously
explore areas, identify targets, and conduct in-depth inspections using the integrated object
detection model for data acquisition before resuming exploration. The system is empirically

tested in multiple autonomous mission scenarios.

4. Implementation of an Existing Path Planning Algorithm for Navigation in Cluttered
Environments:: Integrated an open source, state-of-the-art path planning algorithm into
a software-in-the-loop simulation environment, detailing its implementation and offering
critical analysis of its performance in different simulation environments.
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1.5 Outline of Thesis

Chapter 2 provides a comprehensive background on UAV dynamics, control systems, the
hardware used in experiments, and the software infrastructures that support autonomous ight. In
Chapter 3, it details the development of autonomous exploration and visual inspection algorithms,
integrating these systems for ef cient target detection and localization. Chapter 4 explores the
adaptation of these systems for navigation in cluttered environments, analyzing the performance
of state-of-the-art path planning algorithms, and adapting one of them to our platform. Chapter 5
evaluates the effectiveness of the proposed systems through both simulated and real-world testing,
presenting quantitative and qualitative results. Finally, Chapter 6 concludes with a summary of
the research contributions and suggests directions for future work to enhance UAV autonomy

further in complex environments



Chapter 2: Background

This chapter provides a comprehensive background essential for understanding the core

technologies and methodologies employed in the thesis.

2.1 Indoor Navigation and Localization

2.1.1 Navigating GPS-Denied Environments

Indoor navigation for drones presents challenges, particularly in GPS-denied environments,
which are paramount in SAR missions. GPS, where primarily used for outdoor navigation,
becomes unreliable or entirely unusable in indoor, underground, or dense urban landscapes. This
poses a signi cant problem for SAR missions, where timely and precise navigation is critical
in environments like collapsed buildings or caves. In such scenarios, rescuers cannot rely on
traditional GPS signals for localization, necessitating alternative methods for autonomous drones
to navigate and ful Il their mission effectively. These environments are not only GPS-denied
but often present complex, dynamic, and unstructured terrains that amplify the challenges for

autonomous navigation [16].



2.1.2 State Estimation

To address these challenges, various techniques have been developed. Key among these
is Visual-Inertial Odometry (VIO), a method that combines visual data (from cameras) with
inertial measurements (from accelerometers and gyroscopes) to estimate the drone's position and
orientation over time [17]. VIO operates by detecting visual features in the environment, tracking
their motion over successive camera frames, and fusing this information with inertial data. This
method is particularly effective in environments lacking GPS but rich in visual features. The
advantages of VIO are its relative simplicity and the ubiquity of cameras and inertial sensors,
which makes it a cost effective solution for indoor navigation.

Another widely used technique in indoor state estimation is the Extended Kalman Filter
(EKF). EKF is a statistical approach that continually estimates the state of a dynamic system
(like the drone) from a series of incomplete and noisy measurements. In the context of drone
navigation, EKF can be used to fuse various sensor data — from accelerometers, gyroscopes,
magnetometers, and barometers —to provide a comprehensive and accurate estimate of the drone's
position and motion [18]. This method is bene cial in environments where each individual sensor

might not provide reliable data due to various environmental factors.

2.1.3 Fiducial Markers for Precise Indoor Localization

For enhancing localization accuracy, Fiducial Markers, such as AprilTags, are employed.
AprilTags are simple, yet highly distinctive visual markers that can be easily detected and decoded
by computer vision algorithms [19]. Once an AprilTag is detected, its known dimensions and the

relative position of the camera allow for the precise calculation of the distance and orientation



of the tag relative to the drone. This is particularly useful for ne grained positioning tasks

required in SAR missions, where the drone might need to navigate to speci ¢ points or closely
inspect certain objects or areas. AprilTags' simplicity and robustness against varying lighting
conditions and viewing angles make them ideal for indoor use, where environmental conditions

can be unpredictable.

2.2 Dynamics and Control of a Quadrotor Unmanned Aerial Vehicle

2.2.1 The Quadcopter Model

Discussing the dynamics of a quadcopter is essential as it's the key to understanding ight
behavior. Modeling of such dynamics allows for the analysis and simulation of how a quadcopter
moves through the air and responds to external inputs. This is the basis for the development of
navigation and guidance algorithms for autonomous systems, and also for designing the control
algorithms. Detailed analysis of such models can be found in [20, 21].

In order to specify the attitude, two frames of reference are de ned as the ineyjiand
body frames,). Fig. 2.1 shows the orientation of both frames.

The Euler angles vector containing roll, pitch and yaw is denoted=bly " and
the angular velocity vector in the body frame is described=ap p q ". Euler angles' time

derivative () are related to angular velocities vector) (using the following formula:
2 3
1 O S
= EO C sc (2.1)
0 s cc
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Figure 2.1: Quadcopter model with frames of reference [20].

The four rotors on the quadcopter are typically the source of generating the lifting force
and moment. Under the assumption that the resulting forces and moments are proportional to the

square of the rotor angular speed, the thrust and moment for each rotor are given by:

fi=ke!? (2.2)

= k! ? (2.3)

wheref; and ; are the force and moment generated from each rot@ndk, are the aerodynamic
force and moment constants, ahdis the angular velocity of each rotor. The total thrust and

torques as a result of the 4 motors working independently are expressed by:

_ 2, 12,1242
T=klg+ 15+ 13+ 1]

Lke[(P2+13) (12+12)]
(2.4)

Lke[(P2+12) (15+ 12

K[(PT+13)  (13+12)]
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The translational equations of motion for the quadcopter in the inertial frame are given by:
2 3 2 3 2 3
0 0
g % E 0%+ Rg 0 (2.5)
mg T

The rotational equations of motion are typically derived from the Newton-Euler method. It

whereR is the rotational matrix.

is assumed that the quadcopter is symmetrical, therefore the inertia matrix is diagonal. Rotational

EOM for the quadcopter dynamics are de ned as:

e 2wz
IXX IXX IXX
IZZ IXX

= |_+ I—__ I—__ (26)
yy yy yy

After obtaining the complete equations of motions that describe the dynamics of the quad-
rotor, numerical integration methods are employed to solve the differential equations and simulate
the quadrotor response over time. Since quadcopter dynamics are known to be highly nonlinear
and strongly coupled, the system is linearized around an equilibrium point in order to simplify

the mathematical equations and decouple the dynamics of the system.

2.2.2 Flight Control System

PX4 and Ardupilot are the two most prominent open-source ight controllers. They are

used heavily in the eld of aerial autonomous systems and are compatible with different aircraft
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con gurations including xed-wing, multicopter, and VTOL aircraft. In this section, we will
focus on the PX4 and its control architecture as it was used for the work in this thesis.

PX4 utilizes a standard cascaded control architecture for multicopter aircraft con guration
employing a mix of P and PID controllers. Controllers are fed with state estimates that are
generated from an Extended Kalman Filter. The overall cascaded ight controller takes an
input of the position and yaw angle setpoints and calculates the required thrust setpoint for the
rotors. The cascaded controller consists of four controllers which are; position controller, velocity
controller, attitude controller, and angular rate controller. PX4 provides extensive documentation
on each of the controllers mentioned and the methodology for tuning each of the controllers
gains [22]. Fig.2.2 depicts the multicopter overall cascaded ight controller architecture used by

PX4.

Figure 2.2: PX4 Multicopter Controller Architecture [22].

2.3 Software Infrastructure for Autonomous Drones

2.3.1 Robot Operating System

The Robot Operating System (ROS) is a software framework for developing robotic app-
lications, highly used in autonomous drone research. It functions primarily as a middleware,

13



offering hardware abstraction, and message-passing functionalities. ROS's modular architecture
facilitates independent development and testing of components, making it ideal for scalable
system designs. This open-source platform encourages collaborative development and code
reuse, signi cantly accelerating innovation in robotics.

ROS applications are typically composed of a number of nodes, each executing a speci c
function and communicating with other nodes over a messaging protocol. This modular archi-
tecture enables developers to build, test, and implement functionalities for their robotic platforms.
The message passing interface in ROS allows for asynchronous communication between nodes,
which can be running concurrently on multiple machines. This system supports a variety of
messaging types, including topic-based publish/subscribe messages and service-based request/res-
ponse messages. The ROS Wiki [23] serves as the central documentation available online for

ROS applications.

2.3.2 Communication with the Autopilot

Micro Air Vehicle Link (MAVLIink ) is an open-source, lightweight messaging protocol,
which is used for communication in drone systems. It facilitates ef cient and robust data trans-
mission between the drone and control stations. MAVLIink's design ensures low overhead, which
makes it highly ef cient for real-time communication in resource-constrained environments.

MAVROS? represents an extension of this protocol within ROS. Essentially, MAVROS
is a ROS package that enables seamless interaction between ROS-based programs and drone

autopilots through the MAVLIink protocol. It operates typically on a companion computer, inter-

IMAVLink documentation: https://mavlink.io/en
2MAVROS documnentaion: https://wiki.ros.org/mavros
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facing with the Autopilot, like PX4, to execute autonomous commands. MAVROS facilitates this
by sending speci ¢ control setpoints to the ight controller, with a safety timeout of 0.5 seconds.
In setups utilizing PX4 autopilots, the offboard mode in PX4 facilitates this execution of setpoints

sent over MAVROS messages.

2.3.3 Software in the Loop Simulation

Software-in-the-Loop (SITL) simulation is an important aspect of drone development since
it allows for virtual testing of different algorithms and system functionality. It is crucial for
evaluating ight control algorithms, sensor processing pipelines, and interaction with external
systems without the risk and expense of real-world testing. SITL simulation offers the ability
to thoroughly test and debug in a controlled, user-de ned environment to ensure reliability and
test outcomes before real-world deployment. Within PX4, SITL simulation involves running the
ight stack software on a computer, replicating the vehicle's behavior in response to simulated
sensor inputs and control commands. The PX4 framework uses the Simulator MAVLink API
to connect with various simulators, which facilitates the exchange of information between the
virtual environment and the ight control software [24].

In SITL, communication between PX4 and the simulation environment is achieved via
MAVLink messages. Sensor data from the simulation, such as IMU readings and camera streams,
are fed into PX4, while PX4 sends actuator control signals back to the simulator. This bi-
directional communication ensures that the simulated drone reacts as it would in a real-world
scenario. As shown in Fig. 2.3 shows the standard simulation components within PX4, which

is agnostic to the type of simulator used. It includes PX4 on SITL, QGroundCénarmd the

3QGroundControl is used for mission planning with MAVLink equipped drones
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simulator, interconnected via UDP and TCP connections. PX4 connects to the simulator's local
TCP port 4560 exchanging sensor and actuator messages to mirror real-time ight conditions.
QGroundControl connects via remote UDP ports to provide a user interface for MAVLink tele-

metry messaging.

Figure 2.3: Standard SITL simulation environment within the PX4 stack. Adapted from [24]

Gazebo is a 3D simulation platform, which enables seamless simulation of diverse drone
models running the PX4 ight stack, like Iris, and it allows for adding different sensors and
cameras to the virtual drone [25]. Fig. 2.4 shows an example of the Iris drone, equipped with a
downward facing camera, and spawned in an environment with a ducial marker on the ground.
Gazebo's compatibility with ROS topics allows for real-time data access and analysis, where
Gazebo provides a dynamic virtual environment and sensor data, PX4 handles ight control, and

ROS facilitates data handling and autonomy software testing.
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Figure 2.4: Snapshot from Gazebo SITL simulation with Iris quadcopter equipped with a
downward facing camera and looking at a virtual ducial marker

2.4 Experimental Testbed Overview

2.4.1 Drone Hardware Con guration

The M500 drone, by ModalAl, serves as a reference platform for autonomous ight research
and development [26]. As shown in Fig. 2.5, the drone is equipped with 2216 880KV motors
and 10-inch propellers, with a ight time of over 20 minutes and a payload capacity of up to
1 kilogram. The Electronic Speed Controllers (ESCs), rated at BLHeli 20A, are placed under
each arm for power delivery and ight control. Structurally, the M500 has a 15.5-inch length and
width, and a total take-off weight of 1075g including the battery. It hosts a suite of image sensors,
including a 4K high-resolution camera for capturing detailed visual data, a stereo camera pair for
depth perception, and a tracking camera to maintain orientation and positional awareness.

At the heart of the M500's operation is the VOXL Flight Deck, which merges the VOXL

companion computer with the Flight Core ight controller. The VOXL companion computer,
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Figure 2.5: m500 drone setup with key hardware components labeled

powered by a Qualcomm Snapdragon processor, brings powerful onboard computing to the
drone, which is the main part for data processing. Meanwhile, the Flight Core, equipped with
the PX4 ight control software, ensures precise ight dynamics and real-time responsiveness to

control inputs.

2.4.2 Drone Software Functionality

The software ecosystem of the M500 drone is running on the VOXL companion computer,
which comes with a Linux Yocto operating system. This comes with OpenCV and ROS Indigo
installed. At the heart of VOXL lies the Qualcomm Snapdragon 821 processor, which offers
robust computational power with its quad-core CPU and integrated GPU and DSP. This makes it
suitable for vision-based applications and autonomous drone programs. For development on the

companion computer, Docker is used to run Ubuntu 20.04 and host different ROS packages. This
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containerization platform enables VOXL to run various operating systems and software stacks
in isolated environments. Fig. 2.6 shows the system overview and the interconnectivity of the
VOXL platform’'s software parts. Speci cally, WiFi is used for communication in this project,

which allows the communication between the drone and the Ground Control Station (GSC).

Figure 2.6: m500 VOXL platform software architecture
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VIO is provided by the voxl-vision-px4 service, and it is used to navigate indoors where
GPS signals are unavailable. PX4 interprets the VIO data and fuse them using EKF2 to provide
the drone with its own state estimate while navigating indoors. This is then interfaced using
MAVROS, which serves as a bridge for commands from higher-level algorithms, developed in

ROS, to the PX4 ight controller.

2.4.3 Experimental Facility Setup

The Brin Family Aerial Robotics Lab at the Maryland Robotics Center features a 430
square-foot netted test area, shown in Fig. 2.7, with 15-foot high ceilings suitable for indoors
ight tests. The net is made with knotted nylon mesh, and the oor is lined with dual layers
of foam mats for protection during the tests. The lab is equipped with ¥iowstion capture
system, consisting of 12 Vantage V8 cameras. This provides precise tracking within the space,

and is used as the source for ground truth data during experiments.

4Viicon motion capture systentttps://www.vicon.com/
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Figure 2.7: Netted Area in the Maryland Robotics Aerial Robotics Lab
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Chapter 3:  Autonomous Maneuvering and Visual Inspection

This chapter discusses different modules of the autonomous mission, along with the integ-
ration of those modules together. It starts with breaking down the search algorithm in section 3.1,
then it shows the details of the chosen targets for this mission and the process of localizing those
targets in section 3.2. After detecting and localizing a target of interest in the search area, the
agent starts the inspection module, which is shown in section 3.3. During inspection, the system
detects acuity vision markers on the target by running a custom-trained neural network, which
is detailed in section 3.4. Finally, the process of integrating all the modules and dynamically

switching between them is shown in section 3.5.

3.1 Autonomous Search Algorithm

3.1.1 Development of the Search Strategy

In the scope of motivation of this work, which is to support rst responders in their SAR
missions, the autonomous drone system's mission is to provide a reliable and ef cient means to
explore an indoor environment autonomously. This could be pictured as the operator initiating a
search sequence with the actuation of a switch. The drone starts a prede ned search pattern to

scan the area of interest systematically while looking for targets. This application is rooted in
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the area of CPP. CPP is a framework that contains methodological ways to ensure that a robot
traverses all points within a prede ned space, following an optimal trajectory [27].

Coverage of all the points while exploring an environment is a critical component in SAR
operations. While various search patterns exist, which range from probabilistic approaches, such
as random search, to exhaustive and systematic strategies like grid-based and boustrophedon
searches. The boustrophedon, known as the lawnmower pattern, is named after the ox-driven
plough's back-and-forth pattern, and is recognized for its systematic completeness [28]. It is
particularly effective in environments with known dimensions and that are free of obstacles,
which resemble the initial experimental facility at which we will be testing the implementation.
The choice of this strategy over others is substantiated by its inherent ability to ensure complete
coverage, which is a characteristic particularly advantageous in random target distribution scenar-
ios. The lawnmower pattern's ef ciency is further validated when considering indoor environ-
ments where uncertainty in localization and sensory inputs is a factor, with studies showing its
superiority over random policies under such constraints [29].

Within a prede ned indoor space, optimizing the search strategy requires careful consider-
ation of the drone's operating altitude and pass width. This trade-off should be carefully made,
considering how to minimize unnecessary overlaps without overlooking parts of the environment,
while also having a suf cient footprint on the ground that suits the speci ¢ use case of the
mission. To illustrate, the higher altitude you y at, the more area you cover in less time, but
that also means less resolution. Hence, this depends on the sensor capabilities of the camera
being used, where the algorithm sets the drone's ight altitude to maximize the eld of view

while maintaining the ability to detect objects of interest.
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3.1.2 Algorithm Implementation: Waypoint Generation and Path Planning

The rst step of the autonomy mission is the algorithm that governs the generation and
publication of the search waypoints. With the user de ned parameters of room length, room
width, desired altitude, and resolutions along the X and Y axes, the algorithm systematically
partitions the search area into a grid, generating a sequence of waypoints that guide the drone in
a lawnmower pattern to cover the entire area as shown in Fig. 3.1. These resolutions dictate the

granularity of the search grid, determining the drone's path precision in each axis's direction.

Figure 3.1: Lawnmower search pattern illustration

The desired height is adjustable to accommodate varying conditions and camera resolutions,
in uencing the coverage time and search ef ciency. Given the specs of the carueedl in the

experimentation of this work, and the size of the targets (printed AprilTag on US letter sizes

LVOXL M0014 tracking sensor
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paper) that the drone is searching for, it has been empirically determined that it is detectable at a
maximum altitude of 1.2 meters.

The process, as illustrated in the owchart shown in Fig. 3.2, starts with generating the
waypoints as a list of pose setpoints that contains the position and orientation of the drone at each
step to cover the area. These points form are arranged in parallel lines with the drone changing
direction at each room's end for complete coverage. Once generated, the waypoints are published
to the drone wittMAVRO@&s aPositionTarget message on the 'mavros/setparatv/local’
topic, which handles the translation from the ENU frame used in generating those waypoints to
the NED frame utilized by PX4.

The drone starts at the home position (0,0) and maintains a xed heading throughout
the mission, as indicated by a 90-degree positive yaw. The algorithm ensures each waypoint
is reached by comparing the drone's current pose, obtained from the state estimation module
reading from 'mavros/locaposition/pose’ topic, with the target waypoint that is being published.

If the drone is within a user-de ned acceptance radius, it proceeds to the next waypoint. This
ensures the drone adheres to the planned path by checking its position against the current waypoint
and updating the waypoint index only when the position criteria are met. This process repeats
until the drone has traversed the entire search area, after which it returns to the home position
signaling the completion of the search pattern.

Fig. 3.3 shows the execution of the search mission in a SITL setup. As shown, a simulated

drone has covered a prede ned area of interest in Gazebo.
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Figure 3.2: Search waypoints generation and execution owchart

Figure 3.3: Search mission in simulation
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3.2 Target Detection and Localization

3.2.1 Target Speci cations and Rationale

The goal of this research, as outlined in Chapter 1, is to enhance the ef ciency and response
speed of rst responders in SAR missions. This involves not just locating human casualties but
also inspecting them and performing triage assessments, as well as identifying environmental
hazards. The ultimate goal is to increase the level of autonomy in these operations. This objective
also guided our choice of experimental targets, which are bucket con gurations as de ned by the
National Institute of Standards and Technology (NIST) First Responder UAS Indoor Challenge

NIST crafted these targets to assess the localization capability and sensor acuity of UAV
platforms. The targets consist of various bucket assemblies, designed to evaluate the operational
readiness and capabilities of the system. These alignments, due to their replication ease, offer
a robust framework for evaluation. They challenge the drone's ability to operate in con ned
spaces, dusty environments, and scenarios where targets are dispersed and oriented diversely.
This setup tests the drone's onboard sensors in detecting and inspecting small labels placed inside
the buckets.

NIST's intention with these targets is to establish a standardized method for testing and
evaluating robotic platforms in emergency situations, a practice that is gaining traction in similar
scenarios. The reasons mentioned above were pivotal in choosing these targets to evaluate our
project's mission. Fig. 3.4a illustrates a bucket alignment used in a con ned test scenario,

depicting a collapsed environment unsafe for responders. The gure highlights the bucket align-

2NIST UAS Indoor Challenge: information about the contest
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