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Abstract

Search and rescue missions demand rapid, reliable, and intelligent action
in uncertain, often degraded environments. Autonomous unmanned aerial
vehicles (UAVSs) are increasingly well suited for these tasks, offering scal-
able coverage, high mobility, and the ability to reach otherwise inaccessible
areas. However, to be effective in real-world search and rescue opera-
tions, UAVs must navigate safely near obstacles, detect and avoid flying
vehicles and animals, localize robustly under sensor and environmental
degradation, and plan informative paths in vast, uncertain spaces.

This thesis presents a narrative centered on enabling search and res-
cue capabilities across several robotics domains and arguing for further
development and use of vision-based autonomous UAVs in search and
rescue contexts. The discussion focuses on the advantages of these sys-
tems. These include vision-based detect-and-avoid (DAA) capability,
sensor-aware path planning based on locations of interest, vision-based
localization when GPS is unreliable, and human interpretability of camera
data. Also included is ongoing work on an informative path planning
(IPP) system for maritime search, motivated by aerial search for lost
vessels. Collectively, these efforts highlight the practicality and utility of
robotics systems in the search and rescue domain.
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Chapter 1

Introduction

Introduction.

1.1 Thesis statement

The thesis of this document is as follows: robotics techniques — especially autonomous,
camera-reliant, small unmanned aerial vehicles — offer immense practical utility in the
domain of search and rescue, and the works presented demonstrate various capabilities
from which such a system would benefit.

To bolster this claim, I will detail various search and rescue scenarios and hypo-
thetically apply various robotics systems and techniques from the literature, focusing
on contributions of myself and my colleagues, but also contributions from across the
field of robotics.

1.2 Search and rescue

1.2.1 What is search and rescue?

Search and rescue is the process of locating a missing person and responding to their
needs, which generally include bringing them supplies, administering first aid, and
transporting them back to a safe place or emergency care. In this document, we will

focus on the locating of a missing person by a team that is within a few miles. In the
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Future Work section, we briefly mention work being done in the use of UAS to rescue

as well.

1.2.2 Examples of search and rescue

Search and rescue comes in many different forms, some of which benefit from the use
of UAS more than others.

Often, people go missing out in the wilderness, and their location may not be
known to within many square miles. In this case, UAS show their utility especially
well. Getting a bird’s eye view of a large area allows for a much greater coverage
of an area, and UAS do not have to deal with rough terrain where humans and
ground vehicles struggle. The National Park Service alone responds to around 4500
search and rescue incidents costing around 50,000-100,000 personnel hours every
year [47]. They often use helicopters to search for people due to terrain constraints
and greater visual field of view. These cases in particular demonstrate the need for
greater utilization of UAS in search and rescue. UAS can be deployed many at a
time for much less money than helicopter flights.

Not all search and rescue efforts will benefit from UAS — for instance, the case of
the boys soccer team that went missing in 2018 in a cave in Thailand [50]. Here, the
group was 2.5 miles deep inside a cave system when it flooded with monsoon rain.
They found refuge on high ground, but they were trapped behind several long spans
of water that completely filled the exit path. Since UAS cannot fly through water,
they would have been of no use in this case.

Search and rescue in caves, mines, and buildings are not out of the realm of UAS
use however. For example, the DARPA SubT Challenge furthered the state of the
art of UAS in such environments. The methods described in [45] show the amazing
ability of SUAS to work in tight quarters to precisely locate objects including a heated
manikin. Here, a combination of Lidar, RGB cameras, and IR cameras was used by a
team of ground robots and sUAS to go deep into caves, mines, and buildings; such
approaches can be used in real-world situations of search and rescue, especially where
it may be dangerous to send in a team of humans, such as in case of gas leak, flood,
cave-ins, active shooters, etc.

For the sake of this document, I will specifically refer to the case of a lost hiker in
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Yosemite National Park. This is a large area, roughly the same size as Rhode Island,
filled with cliffs and trees. These natural features mean that there are occlusions
everywhere in the environment, and a drone that is searching for a person will benefit
from low-altitude flight. There are over 11 deaths and 240 search and rescue missions
that take place in this park every year. Not all of these situations will benefit from
search UAS, but many will. There are no organizations that are legally allowed to fly
UAS beyond visual line of sight in this area; even a police chief would need to call the
superintendent of the Yosemite National Park before calling the Administrator of the
FAA for immediate approval of such a flight in what is a time-sensitive emergency

situation. This will be discussed more below.

1.3 Autonomous, camera-reliant sUAS

1.3.1 Full- and semi-autonomous systems

Autonomy comes in varying degrees. All robotic systems require human input at some
point in their operation, but all robots have some level of their own technological
decision. In the case of sUAS, they will almost always compute their controls
themselves so that the operator does not need to command each motor individually.
They generally have some kind of ground control station (GCS) and a pilot with
a remote control who can send commands or missions to the UAS. The ideal level
of autonomy versus human input depends on use case, and usually systems can

accommodate a range of autonomy to satisfy various situations.

1.3.2 Small unmanned aircraft systems

Small unmanned aircraft systems (sUAS) come in many shapes and sizes. In this
document, we will focus on two main types: multirotor and fixed-wing. Multirotor
UAS have a number of vertical thrust propellers (usually 4, 6, or 8) and are highly
maneuverable and agile. Fixed-wing UAS may have vertical thrusters for takeoff and
landing, but will always cruise with at least one forward-facing propeller and usually
take a shape similar to an airplane. Fixed-wing UAS are less maneuverable as they

require constant forward movement to maintain lift, but they are much more energy



1. Introduction

efficient and can therefore stay airborne for longer periods of time; in cases of search

and rescue over large areas, fixed-wing UAS are to be preferred for this reason.

1.3.3 Types of cameras

There are many types of cameras that are used on UAS, but for this document
we will highlight the distinction between RGB and IR cameras. RGB (red, green,
blue) cameras are similar to the human eye and require an external light source
such as sunlight in order to sense their environment. IR (infrared) cameras sense
infrared radiation and do not require an external light source, but they have less clear
resolution at long distances. They can be vital at night time search efforts, especially
since the human body radiates infrared light, which is often clearly distinguishable
against the terrain background in spite of the lower resolution. Both of these cameras

are considered useful in case of search and rescue.

1.4 BVLOS and Regulation

1.4.1 What is BVLOS

Beyond Visual Line of Sight (BVLOS) operations are UAS flights where the pilot-in-
command of the UAS cannot maintain visual contact with the UAS. This type of flight
has certain challenges for safety and utility since the pilot-in-command cannot know
the precise location or situation of the UAS. This also makes radio communication
harder since radio communications benefit from, and often require, line-of-sight. The
robotics methods described in this document illustrate a system designed to tackle

these challenges.

1.4.2 Regulation

BVLOS operations of UAS are forbidden by the FAA except with special permission.
One special permission is called a BVLOS waiver; this type of waiver only applies
to one flight. Waivers can be granted to private applicants usually in 1-6 months
or government applicants in 1-3 weeks if expedited. These waivers always require

aircraft detection and avoidance systems, and they often require constant radio

4
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communication as well as "spotters” who are people on the ground maintaining visual
contact with the aircraft (other than the pilot-in-command). Another type of BVLOS
permission is a BVLOS COA (Certificate of Authorization). A BVLOS COA grants
authority for BVLOS flight over a specific area for use at any time. Only fewer
than 20 police jurisdictions have a BVLOS COA, as well as a few state Departments
of Transportation. The last type of permission we will talk about is the Special
Governmental Interest (SGI). This type can be granted in just a matter of hours, and
it does not require detection and avoidance systems, but they only apply within 1500
feet of the pilot-in-command. Other than these three permissions, BVLOS flight are
generally banned by the FAA unless given explicit permission by the Administrator
of the FAA.

In National Parks like Yosemite, drone flight is outright banned. For instance,
Yosemite’s compendium says, " Launching, landing, or operating an unmanned aircraft
from or on lands and waters administered by the NPS within the boundaries of
Yosemite National Park is prohibited.” There is a process by which NPS can formally
allow drone use ”for search and rescue, resource management, and research” called a
Special use Permit (SUP), but in practice, these permits are almost impossible to
obtain. Grand Canyon National Park is one of the few cases of a National Park with

a fleet of drones that the Park Service uses for search and rescue missions.
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Chapter 2

Aircraft Detection and Avoidance

Much of this chapter is adapted from ViSafe paper [23].

2.1 Motivation

Search and rescue can require search over vast areas of land and sea. These types
of environments require that the drone flies far away from the launch point, and
therefore beyond the safety pilot who holds the remote control. This type of operation
is called beyond visual line of sight, or BVLOS for short. BVLOS flight requires
special considerations for safety and regulation. One of these is the ability to detect
and avoid other aircraft. This ability ensures vehicle retention, data retention, and
safety of aircraft and people on the ground. It also allows for the potential to have
many drones flying in the same airspace without the need for constant communication
with each other, which is technically challenging and can hinder search efforts. To
mitigate this obstacle, we have developed ViSafe — a full system that uses cameras to

detect and avoid airborne obstacles.
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2.2 Introduction

Intruder detected

Ownship

Speed: 36 km/h

ViSafe payload mounted on the X6 Ownship Exploded view of the ViSafe payload Intruder platforms used in the real-world flight tests

Figure 2.1: We demonstrate ViSafe, a high-speed vision-only airborne
collision avoidance system. Top: Rendering of a real-world flight test log where
the ViSafe system detects an incoming intruder with a 144 km/h closure rate and
performs an avoidance maneuver to ensure safe separation. The annotations showcase
the detections and multi-camera tracks from the vision-based aircraft detection and
tracking system, while the trajectory shows the log of the performed real-world
avoidance maneuver. The numbered annotations showcase the different stages of the
flight test, from intruder detection to avoidance completion. Bottom: ViSafe payload,
ownship, and intruder platforms used in the real-world flight tests.

In the USA national airspace, collision avoidance systems are critical to safe flight
separation. Existing solutions, such as Autonomous Collision Avoidance Systems
(ACAS) [30] and Unmanned Traffic Management (UTM) [16] frameworks work well
for large manned aircraft, but they depend on ADS-B and radar systems, which
are not practical for small UAS due to their size and weight. ADS-B is a system of
transmitting and receiving GPS and pressure altitude data between aircraft, but this
system is incomplete since not all aircraft are required to use it. There may always
be aircraft (or wildlife) that have no reliable way to detect and avoid other aircraft
other than the pilot’s discretion. This is why UAS pilots are generally required to

maintain line-of-sight with their aircraft.
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With new advances in algorithms and computation, cameras offer a solution for UAS
DAA. Cameras are small and lightweight, and mimic the most common and effective
type of aircraft DAA — the human eye. Methods such as [15] demonstrate an effective
low-error camera-based DAA method that can be mounted on a small UAS.
ViSafe is a vision-only airborne DAA system which extends AirTrack with multi-
camera fusion for tracking as well as a Control Barrier Function (CBF) [7] as an
avoidance algorithm, which provides computationally inexpensive provable guarantees
of safety with certain assumptions about the other aircraft.
CBF's have been successfully applied in safe navigation [6, 17], robotic manipulation
[36, 54], industrial automation systems [7], and research into aircraft in shared
airspaces [14, 34, 39]. They are often used with global information availability, but
ViSafe uses sensing with error bounds.
We show the advantages and challenges of CBF usage in real-world testing and in
simulation with computational efficiency and effective safety margins.
We refine the AirTrack [15] inference system’s uncertainty with a multi-view Kalman
filter to create less error-prone, more reliable detections.
We propose a “digital twin” of our system with a simulation environment using Nvidia
Isaac Sim [5]. We create a realistic model of our testing environment, render realistic
camera streams in different weather conditions, use flight hardware for detection
and avoidance computation, and conduct thousands of full flight tests in simulation,
minimizing the sim-to-real gap for large-scale testing.
Finally, we deploy our system on real UAS in realistic situations. We conducted
about 80 hours of flight testing across two test sites, and results are nearly identical
to simulation experiments, lending credibility to our hardware-in-the-loop simulation
realism.
The main contributions of this work are as follows:

1. Multi-view vision-only aircraft detection & tracking and CBF-based collision

avoidance system that assumes no global availability of information or commu-

nication.

2. Custom-built SWaP-C hardware that simultaneously streams multiple camera
inputs, provides state estimation, performs deep learning model edge inference,

and computes avoidance maneuvers on board in real time.
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3. Digital twin and hardware-in-the-loop simulation to perform DAA benchmarking
and performance analysis under different agent types, closure rates, interaction

geometries, and environmental conditions.

4. First-of-its-kind real-world flight tests demonstrating that ViSafe ensures safe

aerial separation in encounter scenarios with a closure rate of up to 144 km /h.

2.3 Related Work

2.3.1 Collision Avoidance logics

Most air traffic collision avoidance systems are based on the Traffic Collision and
Avoidance System (TCAS) [24]. This system uses Mode S ADS-B transponders,
which must be installed on all participating aircraft. Different similar systems such
as the ACAS family of avoidance algorithms have been developed which each use a
different algorithm for different types of aircraft. These methods generally use large
tables of different scenarios, making their calculations largely pre-computed, making
the system very computationally efficient. When a near collision is anticipated, they
find the corrective maneuver, called a Resolution Advisory (RA), and send this to
the pilot or planning algorithm for suggested maneuvering. They are tested on large
data sets and are deployed in the real world of airspace.

Since these methods generally assume the use of either radar sensors or position
communication between agents, such as ADS-B, their use with camera sensors is
relatively unexplored [38]. They generally are used with larger aircraft, but small
UAS can be more maneuverable and may have many other UAS in the area, meaning
cost tables would grow very large.

Our system uses camera inference detections, meaning we do not need heave radar
sensors, nor do we rely on every aircraft we avoid to have an ADS-B transceiver. Our
method has more fine-grained control for corrective actions, meaning we can create

more efficient paths while maintaining safety.

10
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2.3.2 Control Barrier Functions for Aerial Collision

Avoidance

Recently, many CBFs have been used for UAS separation. Squires et al.uses CBFs
for collision avoidance, but they assume constant availability of information and only
test in simulation without sensor error. A follow-up work [51] uses a decentralized
approach, but does not consider non-cooperative agents. Our proposed technique

assumes all agents are non-cooperative and without communication.

2.3.3 Aircraft Detection and Tracking

Previous camera-based aircraft detection and tracking used computer vision tech-
niques like frame stabilization, background-foreground separation, and flow-based
object tracking [9, 11, 13, 27, 28, 32]. These modular approaches use optical flow
or image registration for frame stabilization [31, 42, 46]. They use regression-based
motion compensation and morphological operations to find optential intruders [43].
Background subtraction and SVMs were used to learn descriptors for aircraft identifi-
cation [11, 41, 43]. Track-before-detect methods have been implemented using Hidden
Markov Models, Kalman filters, and Viterbi-based filtering [26, 28, 33, 37]. Our system
uses AirTrack [15], which uses a sequence of frame alignment, detection, tracking, and
false positive filtering, motivated by previous approaches. Object detection has been
done using convolutional neural networks (CNNs) [10, 19, 21, 52]. In aircraft detection,
where objects can be small and far away, keypoint-based methods are generally more
effective than anchor-based methods like YOLO or R-CNN [12]. The use of these
methods has fueled the aggregation of aircraft video datasets [1, 40, 48, 49, 53]. CNNs
that predict heatmaps have been shown to be effective for aircraft detection [21, 22].
Many effective approaches use algorithms like the Hungarian method to associate
new detections with existing tracks [8, 11, 28]. Our detection algorithm AirTrack [15]

employs an anchor-free detection and tracking system.

11
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MotorConto
outopi.ot

pixhawk

Real World or Digital Twin

Figure 2.2: Overview of our ViSafe framework for real-world testing and
hardware-in-the-loop simulation: Firstly, the onboard sensors or digital twin
simulation stream the multi-cam videos to the AirTrack visual detection module,
which detects the intruder across multiple views. Then, these detections, along with
the ownship state information, are sent to the multi-view fusion and coordinate
frame conversion module, which then tracks the intruder and sends the intruder state
information along with the ownship state information to the CBF. The CBF uses the
nominal global plan and the safety violation assessment to compute modifications
to the nominal control input in case of violation. This safe control output is then
sent to the drone autopilot system for execution. This loop continues to operate in

real-time until the flight test is complete.
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2.4 Problem Definition

We refer to our controlled UAS as the ownship agent and another nearby UAS as
an intruder agent. We assume the intruder has no communication with us and is
non-cooperative. Our goal is to maintain sufficient distance between these two UAS.
We model the scenario in the horizontal plane and assume constant intruder velocity,
inspired by [30].

The separation requirement can be formally defined as:

vVt € Toperation L downshipfintruder Z dthresh (21)

where dipresp, 1s the minimum distance threshold and doynship—intruder is the relative
horizontal distance between the agents. We will refer to this distance as d in our
formulations. Additionally, Toperation 1S the time of operation of the ownship agent,
and eq. (2.1) formally states the problem of safe separation for the entire operation
time.

As can be inferred from (2.1), this is equivalent to a forward invariance property. In
order to encode and enforce this property, we make certain assumptions. First, we

assume a simple unicycle dynamics model for our ownship agent:

Vown COS (Xown)

Vown sin (Xoum)

o = O O
_ o O O

Town = + U 2.2
O 22

0
uT = [bown Xown] (23)

Here, vy, denotes the speed of the ownship, and yown is the horizontal track angle.
The control input u € R? consists of the rate of change of velocity, i.e., Uown and Yown-

We also consider control constraints to closely mimic real-world deployment scenarios.
U Z Umin, U S Umax Vi € Toperation

Lastly, we define the dynamics of the intruder agent:

13
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Tint = [v”‘t o (X"’”)] (2.4)

Vint SIN (Xint)

Here, vy, denotes the speed of the intruder, and y;, is the horizontal track angle.

2.5 ViSafe Framework

An overview of our ViSafe framework (fig. 2.2) is as follows: The visual detection
module (section 2.5.1) provides an image-frame intruder detection which is transformed
to the North East Down (NED) coordinate system and broadcast to the avoidance
module (section 2.5.2). The avoidance module (section 2.5.3) then makes modifications

to nominal control if the minimum distance constraint will be violated.

2.5.1 Visual Detection Module

We modified the AirTrack [15] algorithm to incorporate multi-camera streams and
multi-camera tracking. We also upgraded the hardware and implemented efficient
image sharing with zero memory copies and optimized the deep learning model
inference to operate at higher frequency. Our Detection Module is comprised of
Frame Alignment, Detection, Secondary Classification, and Image-level Tracking.
The module’s inputs are two consecutive grayscale image frames, and its output is a
list of aircraft tracks. The model is trained on the Amazon Airborne Object Tracking
(AOT) dataset [1]. Its modules are as follows:

Frame Alignment: The two input video frames are cropped and downsampled to 1/32
size and input into ResNet-34 in order to predict the relative motion between the
frames using optical flow. If the confidence is too low, the alignment prediction is
rejected.

Detection: This module has two submodules: a primary detection module and
a secondary detection module. The primary module takes in two full-resolution
(1224 x 1024) grayscale image frames and their predicted relative alignment, while
the secondary module takes in a = 1/5th sized crop of the image around the top k
detector outputs (based on confidence) from the primary module. The network is

fully-convolutional (HR-Net-W32), and it produces five outputs: a center heatmap

14
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indicating the object’s center, bounding box size, center offset from the grid to the
object’s center, track offset of the object’s center from the prior frame, and object
distance in log scale.

Secondary Classifier: The input for this module is a cropped image around the
bounding box. ResNet-18 is used as a binary classifier for false-positive filtering, and
if the object is not determined to be an aircraft, the detection is rejected
Image-level Tracking: We use an offset tracking vector-based approach [55]. The
detection’s relative motion is subtracted and its corrected position is compared to
active detection tracks. If the position matches an active track within a time and
location threshhold, the detection is associated with that track; otherise, a new track
is initialized.

The sequential modules of AirTrack work together to provide precise image-frame
aircraft tracks and distance from the ownship. Our system runs AirTrack on video
streams from two cameras at 8 Hz on our Nvidia Orin AGX compute system (described
in section 2.6.5). We encourage the readers to refer to the AirTrack [15] paper for
further details.

2.5.2 Multi View Fusion & Coordinate Frame Conversion

An image-frame detection track is transformed into spherical coordinates in the
ownship body frame (d, 6, ¢) using the cameras’ intrinsic and extrinsic matrices.
This is then transformed into North-East-Down (NED) global Cartesian coordinates
using the ownship pose, which comes from GPS and IMU.

We empirically observe that a detection’s range (d) has more noise than its angles (¢
& ¢) since cameras are angular, not ranging, sensors. A single Kalman Filter could
be used for tracking, but this could cause errors since the ownship coordinate frame
is moving. Instead, we use two Kalman Filters, one for angles and one for range.
Only the angular filter is used for multi-camera track correspondence. Active intruder
tracks are propagated sent to the Avoidance Module at 24 Hz.

As shown in fig. 2.3, detection tracks are transformed into both Cartesian and spherical

coordinates, and both are sent to the Avoidance Module.

15
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Figure 2.3: Encounter geometry and information required for vision-enabled
collision avoidance. The velocity of the ownship v,,, and heading with respect
to North v,,, are obtained from the ownship odometry. The intruder’s range d,
azimuth 0, velocity v,,,, and heading with respect to North \,,, are obtained using
the visual detection module.
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2.5.3 Supervisory Safety Controller

The three key requirements for this controller are:
¢ Certified safety: Enforcement of a strict notion of safety while working with
vision inputs
¢ Run time safety: Reactive low latency solution that can make decisions in

real-time

¢ Performant safety: Preserving original mission requirements and introducing
a minimal modification to the original control input provided by a nominal
controller
Considering these three key requirements, we used a Quadratic Program (QP) as our
Control Barrier Function (CBF). CBFs were introduced in [7] to certify the safety of
robotic control systems.

Inspired by [29], we propose the following CBF":
W) = c+ dypegy — A — kd (2.5)

where ¢ > 0,n > 0 and k£ > 0 are hyperparameters to be tuned.

Our defined CBF takes negative values when the agents are safely separated and
positive values when the requirement is violated. The CBF condition we enforce for
forward invariance is this:

h(x) < —\h(z)

Our final QP formulation is defined as follows:

arg muin l|lu — unom||2

st h(z) < —Ah(z) (2.6)

Uu S Umaz

where ., is the control input provided by the nominal controller and u,,,, and
Umin €ncode the actuation constraints.

First, we derive the values of h in terms of our control input u using our encounter
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(0) Crossing " Partly Cloudy Overcast < Clear K pawn 2 Dusk “ Foggy DOintruder

Figure 2.4: Diversity of the airborne collision testing scenarios: (a) The
various encounter geometries used for real-world & simulation flight testing. (b)
The diverse weather and lighting conditions that were used to evaluate ViSafe’s
robustness in simulation. In the simulation, based on the chosen encounter geometry,
the intruder position is sampled randomly on the flying corridor.

geometry as illustrated in fig. 2.3.

hz) =nd"'d —kd (2.7)

where

d = Vgum €05 (O = Xown) + Vint €08 (@ — Xint) (2.8)

We compute d by taking the projection of vyu, and viy along the line of sight (LOS).
To compute J, we differentiate eq. (2.8) with our original assumption of constant

intruder velocity vector (i.e. ¥, = 0 and X,y = 0 ) to get:

d = Down €08 (¢ = Xown) + XownVown SN (O = Xown)

N (Vown SIN (@ = Xown) + Ving SN (@ — Xint))?
d
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Table 2.1: Experimental Configurations

Scenario ID Intruder Ownship Collision Geometry Hor. Closure Rate Location
El Multirotor (10 m/s) Aurelia X6 (10 m/s) Head-On 20 m/s (72 km/hr)  Nardo Airfield
E2 Multirotor (5 m/s)  Aurelia X6 (10 m/s) Overtake 5 m/s (18 km/hr) Nardo Airfield
E3 Multirotor (5 m/s)  Aurelia X6 (10 m/s) Crossing 11.18 m/s (40 km/hr) Nardo Airfield
E4 VTOL (30 m/s)  Aurelia X6 (10 m/s) Head-On 40 m/s (144 km/hr)  Nardo Airfield
E5 Multirotor (10 m/s) Aurelia X6 (10 m/s) Head-On 20 m/s (72 km/hr)  Leesburg, VA

Table 2.2: Digital Twin & Hardware-in-the-Loop Benchmarking

Separation Minima (m) © P(NMAC) | Risk Ratio |  Number of violations |
Scenario Nominal ViSafe Nominal ViSafe Nominal ViSafe Nominal ViSafe

E1l 19.9 £ 2.15  35.55 4+ 14.00 1.0 0.55 1.0 0.55 4000 2213

1-9 E2 22.72 £ 2.63 27.635 £ 6.27 1.0 0.439 1.0 0.439 4000 1759

1-9 E3 49.14 £ 0.7 59.04 £+ 11.37 1.0 0.5248 1.0 0.5248 4000 2099

Above Horizon - E1, E2, E3 30.58 £ 3.02  50.90 £ 4.72 1.0 0.1 1.0 0.1 6000 605

1-9 Below Horizon - E1, E2, E3  28.6 + 2.73  30.46 4+ 3.26 1.0 0.91 1.0 0.91 6000 5466

. Vown .
Now given u = | , we can rewrite eq. (2.9) as
Xown
g | cos (@ = Xown)
Vown Sin (OC - Xoum) (210)

(Uown Sin (Oé - Xown) + Vint Sin (04 - Xint))2

d

As can be observed, the constraints on h are affine in u and fit the form of a QP, as

defined in eq. (2.6), which can be solved to compute the desired safe control g e.

We use the following tuned hyperparameters for the final formulation of eq. (2.5) and

2.6: k =0.2,c=0.01,n

= 0.3, and A = 0.2.

We use a simple PD controller as our nominal controller, where the computed desired

safe control usqfe is then converted into low-level drone control actions in the form of

velocity and yaw setpoints, which are executed on our ownship agent by the flight

controller (PX4 in Isaac Sim and Ardupilot on the real-world drone hardware).
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Table 2.3: Real world benchmarking

Separation Minima (m) + P(INMAC) | Risk Ratio |  Number of violations |

Scenario Nominal ViSafe Nominal ViSafe Nominal ViSafe Nominal ViSafe
El 41.28 £ 0.75 51.58 + 12.76 1.0 0.33 1.0 0.5 4 2
1-9 E2 44.25 £ 0.64 56.22 £+ 2.88 1.0 0.25 1.0 0.25 4 1
1-9 E3 4745 £ 0.22  71.69 £+ 11.65 1.0 0.5 1.0 0.25 4 1
1-9 E4 30.54 +2.07  46.05 + 8.29 1.0 0.0 1.0 0.0 2 0
1-9 E5 27.39 £ 5.03 3894 £ 7.83 1.0 0.0 1.0 0.0 3 0
Above Horizon - E1, E2, E3  44.43 £+ 3.02  59.43 £ 4.72 1.0 0.0 1.0 0.0 6 0
1-9 Below Horizon - E1, E2, E3  44.59 4+ 2.73 60.23 £ 18.76 1.0 0.667 1.0 0.667 6 4

2.6 ViSafe Testing

2.6.1 Experiment Design

We consider single-intruder scenarios. We start by identifying three scenarios for
our two-agent setup: Head-on, Overtake, and Lateral. A Head-On scenario has the
intruder fly parallel to the ownship in the opposite direction. An Overtake scenario
has the intruder fly parallel to the ownship in the same direction at a lower speed.
A Lateral scenario has the intruder cross in front of the ownship perpendicular to
the ownship’s path. To test cases of detection both above and below the horizon
(relevant for visual detection), each of the three scenarios listed is tested with the
intruder both slightly above and slightly below the ownship altitude, leading to 6
total scenarios, pictured in fig. 2.4, (which also shows the different weather conditions
for simulation tests). These six scenarios were performed in both a high-fidelity
digital-twin simulation and real-world settings. Table 2.1 shows the various agents,

collision geometries, commanded ground speeds, and test locations.

2.6.2 ViSafe Hardware Prototype

ViSafe uses custom hardware as shown in fig. 2.1. The hardware has the following
major components:
1. Cameras: 6 x Sony IMX264 cameras providing a total of 220° FOV horizontally
and 48° vertically.

2. Compute: NVIDIA AGX Orin Developer Kit
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Table 2.4: ViSafe System Profiling

Component Performance
AirTrack Detection & Tracking (GPU) 8 Hz
Multi-View Fusion & State Estimation (CPU) 24 Hz
CBF-based Avoidance Control (CPU) 50 Hz (solving a QP)
Mean CPU Utilization 55.21 %

Mean GPU Utilization 50.02 %

Peak Memory Consumption 15.96 GB

3. Camera Adaptor: Leopard Imaging LI-JXAV-MIPI-ADPT-6CAM-FP
4. State Estimation: 3DM-GQ7 GNS/INSS module with a dual-GPS antenna

setup.

5. ADS-B In: uAvionix PING™ MAVLink based ADS-B receiver (not used)
The payload is mounted below the ownship on a custom mounting plate. The entire
payload weighs approx. 1.6 kgs. The detection and avoidance algorithms described
above run onboard the payload in real-time. The payload communicates with the
ownship autopilot via MavLink in the form of velocity commands using DroneKit [2].

The payload mount and command communication are compatible with a wide array

of different UAS.

2.6.3 Reaction Time Profile for Successful Detect & Avoid

Using real-world data from AirTrack [15], the detection algorithm can detect a Bell
407 helicopter (frontal diagonal length of 4.27 meters) with 95% probability of track
with about 14 pixels. This means that we can detect with confidence at a distance of
about 163.2 times the frontal diagonal length of an aircraft. For our tested drones,
this equates to about 287 meters for our M600 intruder and about 525 meters for
our fixed-wing VTOL intruder. This gives about 13-14 seconds of reaction time for
each, which is quick enough that we need a fast, accurate, decisive maneuver from
avoidance, but this is more than enough for our Avoidance system to handle; this
statement is proven in both real world and simulation as shown in table 2.2, 2.3, and
table 2.4.
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2.6.4 Simulated Digital-Twin Experiment Setup

Simulation provides a low-cost, low-time method to test the robustness of our approach.
In order to be useful, the simulation must be as realistic as possible. We use the
Pegasus Simulator [20], which is a framework built on top of NVIDIA Omniverse and
IsaacSim [4]. We use ArcGIS CityEngine [3], which takes satellite images, terrain
maps, roads map, and structure information from OpenStreetMap to build a 3D
model USD file of our real-world test site. We also added trees and a realistic sky
with clouds and weather conditions as depicted in Fig. 2.4. The experiments were
carried out on a desktop computer with an Nvidia 3080Ti and an Nvidia A6000
running Ubuntu 20.04.

To further test our system, our real payload is connected to the simulation computer
over ethernet; video streams are rendered and sent to the payload which handles the
streams as it would its physical camera streams. The payload’s Avoidance commands
are then sent back to the simulation over MavLink to be carried out by the simulated
UAS.

We simulated 10 different weather conditions, including time-of-day and cloud covers,
three representative collision configurations, and two altitude setups (Above/Below
horizon), leading to a total of 60 distinct scenarios. For the above scenarios, we

simulated 200 tests per scenario, leading to a total of 12000 tests.

2.6.5 Real World Experiment Setup

Our system was tested at two different test sites — the Nardo Flight Test
Field [18] (Valentin Vassilev Memorial Field), USA [FAA Identifier: 77PA],
[40-35-00.2420N 79-53-59.1890W] as well as a secondary test-site in Leesburg,
VA, USA. All tests are performed under the FAA 14 CFR Part 107. The Nardo
flight test airfield has a grass runway with a total length of 1800ft (550m) and a
width of 100ft (30.5m). The Leesburg field is an open test range. We performed test
configurations shown in table 2.1. The field experiments use three airborne platforms,
as shown in Fig. 2.1. Their details are as follows:

1. Aurelia X6 Standard: A hexa-rotor ownship.

2. Hexarotor: A multi-rotor low-speed intruder.
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3. VTOL: A quad-plane vertical takeoff and landing fixed-wing aircraft that acts

as our high-speed intruder.

2.6.6 Metrics

We compare our technique with a nominal planner without an avoidance strategy.
By default, the nominal plans violated safe separation; we include it as a reference
point to quantify ViSafe’s performance via metrics. Our metrics are inspired by the
operational standards proposed for collision avoidance systems by the Radio Technical
Commission for Aeronautics (RTCA) [44]. These are the key metrics which we use:
1. Probability of Near Mid Air Collision P(NMAC): This metric measures the
probability that two agents come within a predefined unsafe distance. Lower

values signify better collision avoidance.

2. Separation Minima: This metric captures the minimum distance between agents

during an episode. Higher values indicate greater safety margins.

3. Horizontal Rate of Closure (HROC): This metric measures the relative velocity
at which two agents approach each other, with negative values indicating

impending collisions. Higher values reduce collision risks.

4. Risk Ratio: This metric measures the ratio of collisions compared to a baseline
(nominal planner). Lower values indicates higher safety improvements over the

baseline.

2.6.7 Results and Discussion

In this section, we highlight the key findings of comparing ViSafe with a nominal
planner without an explicit avoidance strategy. The results for simulated digital-twin

and real-world experiments are summarized in Tables 2.2 and 2.3.

ViSafe enables high-speed collision avoidance [H1]

Our results show that our system is effective at reducing collision risk and increasing
separation distances over the nominal plan. The total number of losses of separation

is significantly reduced by our system for all real-world tests.
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Figure 2.5: Average horizontal rate of closure comparisons across different
encounter geometries in real-world testing: Higher values indicate that agents
are moving apart, showcasing diverging & safe trajectories. Under different testing
scenarios, it can be seen that ViSafe consistently shows a significant boost in average
HROC over the nominal plan.
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Figure 2.6: Horizontal rate of closure comparisons across different weather
conditions in the digital twin: Higher values indicate that agents are moving
apart, showcasing diverging & safe trajectories. Across the different weather scenarios,
ViSafe showcases consistent boost in HROC over the nominal plan.
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The results in fig. 2.5 indicate that ViSafe improves the HROC values compared to
the nominal planner. In the head-on scenario, the HROC improved from —19.25m/s
(nominal) to —13.83m/s (ViSafe). Similar trends are observed in lateral and overtak-
ing cases, where ViSafe maintains a higher and safer HROC, effectively mitigating

dangerous approaches.

ViSafe is robust to weather and lightning conditions [H2]

We also test the robustness of ViSafe to weather and lighting conditions in simulation.
The results are highlighted in 2.2. Our risk ratios increase due to detection and
tracking failures for some weather conditions; however, our overall risk ratios with
respect to all trajectories are still considerably lower than the nominal values across
all configurations. ViSafe also achieves higher HROC values than the nominal plan

for all weather conditions as shown in fig. 2.6.

Digital-twin provides a reliable estimate of real-world performance [H3]

Our results indicate that the performance metrics observed in the digital-twin sim-
ulation environment closely align with those obtained in real-world testing. As
summarized in Tables 2.2 and 2.3, ViSafe demonstrates higher separation minima

and lower risk ratios in all configurations.

2.7 Conclusion

This work represents a first of its kind, state of the art approach to UAS collision
avoidance using cameras only. This is an important feature of a search and rescue
UAS system, since in most cases, they will be flying in airspace that is subject to the
jurisdiction of the FAA and shared with other aircraft and/or wildlife. Ensuring that
a drone is safe, especially in BVLOS flight, is vital to ensure a successful search effort
and data gathering. Using cameras lets us save on money and weight, since cameras
are generally smaller and less expensive than other options such as radar sensors.
This allows for deployment of multiple UAS in the same area, even if the UAS and
pilots cannot be in constant communication with each other, vastly increasing search

efficiency.
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Chapter 3

Localization

3.1 Motivation

UAS need to know where they are when performing search and rescue for multiple
reasons: they must know where they are going to make sure they are searching in the
right area, they need to know where they are in order to know where their target is
once found, and they need to know how to get back to the launch point in order to

relay the data to the search team.

3.2 Methods

3.2.1 GPS and magnetometer

GPS is the Global Positioning System that most of us use everyday. It listens to a
system of satellites that transmit time and location data to the robot. The robot’s
GPS receiver must maintain line-of-sight with at least four satellites in order to
accurately localize itself.

A magnetometer augments a GPS by sensing the Earth’s magnetic field. GPS gives
the robot its location, and an IMU can tell the robot which way is down, but with
only these two sensors, the robot will not know which way it is facing in the horizontal
plane. Since the magnetic field always points towards magnetic North, the robot can

use this sensor in order to orient its yaw horizontally, just like an orienteer would use
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a compass.

3.2.2 Camera localization

Sometimes GPS cannot be relied upon in search and rescue applications. This
includes cases of flying in severe weather, flying low near mountainous terrain, flying
low near buildings, electromagnetic interference, high levels of iron in the ground,
or even hostile GPS-jammers in search and rescue near warzones. These methods
can be solved by using cameras to do localization. FoundLoc [18] is a technology
developed at Carnegie Mellon University that uses exclusively a downward-facing
camera, an inertial measurement unit (IMU), and preloaded satellite images of terrain
in order to accurately, absolutely localize a UAS. These methods are impervious to the
drawback of GPS such as jamming attacks, multipath interference, electromagnetic
interference, and lack of satellite line-of-sight. In the case of the lost hiker in Yosemite
National Park, this is especially relevant since we want to be flying at low altitude in
mountainous terrain, where GPS can be inaccurate and unreliable.

Another benefit of this method that is specific to search and rescue is that a very
small error in UAS localization, magnetometer yaw, camera intrinsics, etc. can equate
to a large error in distance on the ground when a missing person is spotted with the
camera. The ability to directly map the camera feed with actual satellite images
allows for absolute precision of missing person localization since they can be localized
against the ground terrain itself rather than the camera-relative frame coordinate

transformation.

3.3 Conclusion

Search and rescue occurs in many different types of environments and scenarios.
Robust localization is vital to the search process, to know where to search, to know
where a person is located, and to know how to return that data to the launch point.
A combination of GPS/magnetometer and camera-based localization like the one
discussed here can ensure with high certainty that UAS localization will not be lost.
GPS will usually be the best option for UAS localization, but in cases of search

and rescue, robustness can be the difference between life and death. Camera-based
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methods allow for less expensive solutions that can greatly improve the certainty of
robustness of localization. These methods are especially important in search and
rescue applications, since a small error in GPS or magnetometer yaw can equate to a
great distance of error on the ground. By locating a missing person with respect to

images of the ground itself, the result can be much more precise.
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Chapter 4

Search Planning

4.1 Introduction

On long flights over a large search area, the UAS must be able to fly autonomously
since often constant communication links cannot be guaranteed. A ground control
station (GCS) is used to create a flight plan for the UAS. This generally involves a
polygonal boundary for total potential search area as well as Gaussian distributions
of most likely areas of finding the missing person, such as a last known position. The
UAS is then launched; it generates a trajectory that maximized information gain
given its limited flight time budget — this formulation is an example of an Informative
Path Planning (IPP) problem. The IPP algorithm is aware of the field of view (FOV)
and range of its sensor (camera in this case), the total flight time (called budget),
and a map of the area of interest with each point on the map given a likelihood
of information gain (in this case likelihood of finding missing person). Below in
the Methods section of this Chapter is detailed one specific approach designed by
researchers at Carnegie Mellon University led by Brady Moon called TIGRIS.

In some scenarios, the search area may be very large and the search and rescue team
may have very little information about the whereabouts of the missing person. A
team may just want to make sure they check every spot in a large area, and they are
willing to wait for the UAS to look over the whole area. These types of cases lend
themselves better a different framing of the problem. Coverage Path Planning (CPP)

is another problem formulation in the field of path planning which seeks to gather
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sensor data for every point on a map rather than focusing on key locations. Below is
also a brief summary of ”Complete, Decomposition-Free Coverage Path Planning” by

Tushar Kusnur and Maxim Kikhachev from Carnegie Mellon University.

4.2 Methods

TIGRIS [35] is a sampling-based approach to the IPP problem. It involves random
sampling of the state space over the total search area for different camera positions,
weighting them based on their predicted information gain, and then performing a tree
search on those positions in order to form a full trajectory. It does this by starting
at the entry point or root node, finding nearby nodes, computing the path between
nodes, calculating the predicted information gain and flight time at the new node, and
repeating this process at the new node until the flight time budget is exhausted. Once
the allotted planning time is reached, the node with the highest total information
gain is returned, along with its parent nodes, representing a complete trajectory.
With unlimited computation and time, it is guaranteed to converge to an optimal
trajectory for information gain based on the probability map it is given. This method
is especially good for camera-based UAS since it deals well with high-dimensional
spaces, such as a camera sensor on a UAS that can point in any direction.

Kusnur and Likhachev demonstrated an efficient method of covering an arbitrary
area fully in [25]. Often, CPP approaches decompose an irregularly-shaped area into
subdivisions that can each be more easily covered with a predefined pattern, use a
Traveling Salesman Problem (TSP) solver to determine paths between subdivisions,
then filling each region with a simple space-filling path. The approach referenced
here instead couples the subdividing and TSP steps into one step. This makes the
algorithm more general to irregularly-shaped areas and more computationally simple.
The decomposition-free solution here can solve CPP problems 2-10 times faster than

some state-of-the-art decomposition-based methods.
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4.3 Discussion

In many search and rescue situations, one must search over a large area with a small
amount of information about potential locations of interest. The area is generally
constrained, and some areas are more likely than others. When using UAS, there
are constraints on flight time, and even in line-of-sight operations, autonomy is to be
favored since it is impossible for a human to optimally search a space when needing
to factor in sensor limits, flight time, speed, etc. Humans are much better at filling
out a map with areas of more and less likely locations where missing people may be
found. The planning can then use this information as an input and efficiently find the
best path given this information from the search team. TIGRIS is a state-of-the-art
option for the IPP problem, and its optimality and efficiency lend itself to be a great
fit for search and rescue applications.

For the case of a lost hiker in Yosemite, it would be beneficial to get views from
multiple angles since rocks and trees provide occlusions that the camera cannot see
through. Future work on TIGRIS in this vein includes increasing the dimensionality
of the map from a 2D grid to a 4D grid. The first two dimensions will still be the
horizontal plane, but the third and fourth dimensions are the camera’s azimuth and
elevation angles relative to the point on the ground. This simple change would make
the planner occlusion-aware, encouraging it to view points on the ground from all
angles, meaning any occlusions will be seen past if possible.

The CPP solver described above is specifically designed for indoor environments, but
in a place like Yosemite with large cliffs and in SaR where we want to fly at low
altitude, the large amount of obstacles creates a very irregularly-shaped search region
that would benefit from this indoor-focused approach. In the case where a SaR team
wants to have complete coverage over a large area, this approach would likely fare
better than the IPP solver described above.
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Chapter 5

Conclusion

5.1 Future Work

The bulk of work in UAS search and rescue applications is really just search as far as
UAS are concerned. Small UAS are great at flying cameras around at high speed over
large distances, which is an indispensable tool, but they lack the size and power to
actually rescue people (although they can carry supplies). Rescue is usually reserved
for people on the ground, but work is being done to improve the ability of robots
to participate in rescue efforts specifically. One such effort is the upcoming GoAero
challenge. This is an upcoming robotics competition focused on the transportation of
an injured human. A team at Carnegie Mellon University is going to participate in
this challenge, with plans to create a car-sized multirotor autonomous aircraft. Such
an aircraft may be the most maneuverable vehicle for casualty transportation ever
devised, but we will have to wait to see what happens.

Another glaring omission from this document is the lack of any object detection of
the objects on the ground. I believe that this may help the system be able to reason
about its planning decisions while airborne if used wisely, but I really believe that the
focus should be on recording all the camera data and getting it in front of the eyes
of human beings. The information gain prediction of the search and rescue teams
should be trusted above the reasoning of the drone while airborne even though the
drone has newer information. If humans on the ground want more video of a given

area, they can command the drone to that location once communication is regained
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or for a future flight.

5.2 Discussion

Search and rescue is a life-saving pursuit that we all have the potential to benefit
from; any person can be caught in an emergency situation where they need to be
rescued. It is not easy work, and those who join search and rescue teams deserve to
have the best tools at their disposal, as do the missing people. Small UAS have the
potential to save a great deal of time and money and potentially lives in this field.
Locating missing people is a time-sensitive task with lives on the line, and there is
simply no system more fit for the job. UAS can be inexpensively launched in five
minutes to cover hundreds of square miles. Every search and rescue team should
dedicate the meager money needed to add this tool into their toolbox.

Regulation is a large obstacle in this area, and both the FAA and the National Parks
Service need to cut out exceptions for search and rescue missions when lives are on
the line. The technology is already at the point where such flights can be carried
out safely. In defense of regulation, it is impossible to create laws that account for
all edge cases. I am no fan of drones flying around in my daily life, and I am not
advocating for delivery drones everywhere, but there are clear cut cases where lives
are in danger and BVLOS UAS could make a big difference. Search and rescue teams
sometimes put their own lives in danger, and these regulatory bodies owe it to the
brave men and women who search and rescue to allow the use of UAS.

That said, red tape is no reason to give up on finding people in danger. Frankly, I
would encourage pilots to use their good judgment and put the safety of their fellow
man first; only second should they consider the details of going by the book and the
fear of retribution from law enforcement. Such decisions should not be taken lightly,
but neither should the utility of UAS and the potential good they can do. I hope that
the rules change for these emergency edge cases, but rules change slowly sometimes.
I hesitate to state the following because it may encourage doofuses to get into deep
trouble or impede official search and rescue operations or crash a drone that starts
a fire and/or hurts people, but I'll say it anyway. If in your good judgment, you
believe that flying a drone may help save a life and the safety risks are low, but the
law forbids it, break the law.
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