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Abstract

Maritime search and rescue (SAR) operations rely heavily on manned crews, and the

time required to organize and deploy personnel can significantly delay the location and res-

cue of individuals in distress. Unmanned Surface Vessels (USVs) are robots that operate

autonomously or semi-autonomously on the surface of the water. They have been applied to

an expanding range of scenarios, including mine countermeasures, water surveying, oceano-

graphic research, and SAR. However, limitations in water-level vision systems, autonomous

navigation, and reliable data transfer complicate the effectiveness of a SAR USV. For ex-

ample, the lack of representative datasets that feature people in water further impedes the

development and training of SAR-applicable machine vision. To fill a gap in the research, we

created applicable datasets, developed, tested, and trained a vision system, and integrated

that vision system into a fully autonomous USV.
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Section 1: Introduction

1.1 Problem Statement

In 2015, maritime search and rescue (SAR) operations in the US saved nearly 17,000 lives

with approximately 34,000 responses to distress signals [1]. Unfortunately, even with im-

provements in SAR technology, more than 4000 people die from drowning every year in the

United States alone [2]. According to Mario Vittone, as of 2019, an SAR operation takes

4.5 hours following a distress signal, on average [3]. Unfortunately, the chances of rescuing

survivors decrease with time [4], and weather conditions, limited daylight, or currents can

drastically increase the time until rescue [3]. At the same time, harmful weather conditions

or low water temperatures can decrease survival time [3]. This poses a clear challenge be-

cause the SAR response time can often exceed the time available to save a drowning victim.

Therefore, the goal of our research is to explore autonomous maritime SAR methods to

reduce response times.

Detecting individuals in water poses a unique challenge for autonomous vision systems

because victims are often obstructed from view (via water, glare, or poor lighting). Publicly

available image datasets of people treading or 
oating in water are hard to �nd, placing lim-

itations on developing vision models speci�cally trained around such images. Fortunately,

thermal vision systems can provide more data for a decision model. For example, the heat

signature of a person's head is distinct within a cold environment (e.g., a body of water).

However, thermal cameras come with their own issues, including surface glare and tempera-

ture distortion below the waterline. These facts pose di�cult challenges for SAR operations

and for designing a reliable vision system. Our research aims to address these issues.
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1.2 Novelty and Contributions

In this project, we developed a proof of concept for an unmanned surface vessel (USV) to

detect people in the water using machine vision. The main novelty of our project is our vision

system, which combines visual and thermal imaging to locate humans in marine settings.

Our discussions with stakeholders involved in maritime systems and autonomy reinforced this

focus. These stakeholders included Navy engineers working in autonomous systems and other

industry professionals in the USV space. In this dissertation, we compare the e�ectiveness

of visual and thermal imaging techniques, both individually and in conjunction, to detect a

person in marine settings.

We hypothesized that combining visual image data with infrared image data could im-

prove searches, as one data source may pick up a person when the other cannot, helping

to inform the movement of the USV towards that position of interest. Using both vision

methods and comparing their data will allow our vision system to make more informed deci-

sions. Our project seeks to explore the computational capability to support both visual and

thermal computer vision systems.

The decision to use a USV instead of any other autonomous platform sought to provide

a slight niche for this project. This contrasts with the existing literature, which is largely

focused on Unmanned Aerial Vehicles (UAVs) and some Unmanned Underwater Vehicles

(UUVs).

The main contributions of this project are as follows:

ˆ Comparison of strictly visual, strictly infrared, and combined systems and their capa-

bility of detecting a human in water

ˆ Design and creation of a prototype USV capable of supporting these vision systems

ˆ Combined testing of the vision system and the USV

ˆ A review of the existing literature on maritime SAR, USVs, search patterns, obstacle
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avoidance, and vision and detection

1.3 Outline of Thesis

The thesis is broken down into 5 sections following the introduction. Section 2 is for related

work, where we will go through existing literature related to our project. Section 3 is where

we outline the steps we took to test our vision system and USV. Section 4 compiles our

results from the tests in the previous section. Section 5 analyzes those results to highlight

the takeaways from our work. Finally, Section 6 wraps up and summarizes the thesis.

The appendix parses the budget and spotlights the ethics and impact considerations of the

project.

1.4 Background Information

The following subsection contains di�erent background information on maritime search and

rescue (SAR) and search patterns. This section helps to contextualize our research and

current related work.

1.4.1 Maritime Search and Rescue (SAR)

SAR consists of two coordinated operations: search, de�ned as the use of personnel and

resources to \locate persons in distress," and rescue, de�ned as the retrieval of those persons,

the provision of medical care and transport to safety [5]. Maritime SAR involves additional

successive phases, including: \patrolling, travel to the event, directly collecting people at

sea, collecting people by other means (
oating devices or smaller boats), and safely returning

people to land" [6]. Since 1999, SAR operations worldwide have been conducted within the

framework of the International Aeronautical and Maritime Search and Rescue (IAMSAR)

Manual, published by the International Maritime Organization (IMO) and the International

Civil Aviation Organization (ICAO) [7]. The manual is divided into three volumes: the �rst
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covers the organizational and management structure of SAR operations; the second provides

assistance to those planning and coordinating SAR operations; the third acts as a guide

consisting of procedures to be carried out on board SAR vessels [7].

A general framework for a maritime SAR mission is a �ve-stage process. The �rst stage,

often referred to as the awareness stage, involves the reception of a rescue call or an alert

[8]. This usually involves information such as the Last Known Position (LKP) of the vic-

tim(s), the number of victims needing rescue, the type of incident, and what kind of help

is required. The alert and all accompanying information are then referred to the relevant

Maritime Rescue Coordination Center (MRCC) or Rescue Sub-Center (RSC) [9]. The next

step, the initial action stage, is where evaluation and decision-making based on the rescue

call occur [8]. Personnel collect additional information concerning the relative location of

the incident regarding the weather, tidal conditions, current trajectories, etc. Resources

necessary for the operation are identi�ed and prepared. The next stage is the planning

stage, which involves formulating a response through risk assessment, identi�cation of op-

timal search patterns and entry points, and request for any additional necessary resources.

The operations/execution stage involves the physical execution of the SAR. The resources

and personnel of the responding MRCC(s) are used to search the SAR Region (SRR), assist

and retrieve the victims in a state of emergency, and transport the victims back to safety

[8]. The conclusion stage is where operations end after the \determination that the subjects

of the SAR incident are either not in distress or have been rescued, or if it is assessed that

further e�orts will not increase the likelihood of locating any additional survivors" [8].

The US Coast Guard O�ce of Search and Rescue (CG-SAR) oversees maritime SAR and

addresses each operation with four primary objectives: minimizing loss of life, injury and

property damage; minimizing risk to rescuers; optimizing the use of available resources; and

maintaining a global leadership role in maritime SAR [10]. The performance metrics used

by CG-SAR are measured following the benchmark goals within the Marine Information

for Safety and Law Enforcement (MISLE) database. Variables such as LS represent \lives
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saved," LLB and LLA indicate \lives lost before/after noti�cation", respectively, and LUF

means \lives unaccounted for" as input into MISLE [10], yielding a metric de�ned by

LS
LS + (LLB + LLA + LUF)

(1.1)

A secondary benchmark is used analogously, but with variables regarding property loss,

instead of loss of life. These metrics are not universal and may be di�erent depending on

the complexity of a maritime SAR operation and the composition of the nations involved.

The benchmarks used to measure the success of SAR missions do not yield a perfect rate,

highlighting various challenges and limitations that prevent personnel from achieving the

desired outcomes. For example, a maritime environment is highly dynamic; changing weather

conditions, currents, and tides [8] can drastically move survivors and make it signi�cantly

more di�cult for personnel to locate them. The structure of maritime SAR protocol is also

very hierarchical and rigid, which can be limiting in regards to adaptability: something vital

in dynamic environments such as the ocean. Additionally, SAR operations are also often

based on vague or limited information (e.g., LKP), making it extremely di�cult to estimate

the initial location of an incident [8] and where survivors have been displaced due to winds

or tides. There are also huge limitations when it comes to resources, whether it is time,

money, personnel, training, or assets [8]. Together, these limitations highlight the need for

more adaptable and scalable solutions, which motivates our research.

1.4.2 Search Patterns

The United States Coast Guard (USCG) employs a variety of search patterns to look for

people in distress. Di�erent patterns are used according to the size of the search area and

how much is known about the location of the search target [11]. These patterns are also

speci�cally developed to handle the potential for leeway (movement due to wind) and drift

(movement due to current).
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Figure 1.1: Above are images of the various search patterns currently in use by the USCG.
Depicted are Expanding Square, Sector, Creeping Line, Trackline, Single Unit, Return, and

Parallel, Single Unit.[11]

Each search pattern depicted in Figure 1.1 has its own use case based on the search

conditions. Expanding Square and Sector are most often used for a smaller search area while

Creeping Line and Parallel, Single Unit are used for larger search areas [11].

Section 2: Related Work

In this section, we discuss research on USVs, obstacle avoidance, and autonomous vision-

detection systems.
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2.1 Unmanned Surface Vessels

Maritime SAR is based on crewed vessels and aircraft. These limitations have driven interest

in unmanned surface vessels (USVs) as a platform for autonomous search, detection, and

response. USVs, also called autonomous surface vehicles (ASVs), operate on the water's

surface without a crew onboard and can be controlled remotely or programmed \to con-

duct pre-planned missions and make decisions with minimal real-time human input" [12].

Although preliminary forms of the USV have been used as early as World War II, mod-

ern iterations have signi�cantly increased in prominence since the 1990s [13] with military,

commercial, and scienti�c communities recognizing their potential for a variety of tasks.

Such tasks include oceanographic surveying [14], water quality testing [15], environmental

monitoring, and mine countermeasures [16], [17], [18]. Their relevance to maritime SAR is

signi�cant: operations are di�cult to organize, costly, require signi�cant personnel, and can

put more people at risk [19]. USVs mitigate many of these concerns by reducing manpower

requirements, the number of lives at risk, and the time and resources required to organize

a rescue operation. In addition, USVs have low maintenance costs, compact size [16], and

several advantages over similar counterparts. These advantages include greater resistance to

hazardous weather conditions compared to unmanned aerial vehicles (UAVs) [19] and the

lack of a required submersion system, needed by autonomous underwater vehicles (AUVs).

Previous groups have studied the application of USVs to SAR missions. An early system,

EMILY, was a remote-controlled robotic rescue buoy developed by the Center for Robot-

Assisted SAR (CRASAR) and Hydronalix in 2010 [19]. Although not fully autonomous,

EMILY demonstrated the potential of small surface vehicles in SAR scenarios, as both the

Hellenic Coast Guard and the Los Angeles County Fire Department successfully used it to re-

cover drowning victims [20]. However, EMILY relied heavily on human operation and lacked

an onboard vision system, requiring UAV assistance for e�ective victim detection. These

limitations motivated the development of SmartEMILY, which incorporated the Global Po-
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sitioning System (GPS) and a 
ight controller to enable partially autonomous navigation.

Despite these improvements, SmartEMILY continued to face challenges in the design of the

operator interface, leading to unclear communication and limited environmental awareness

[20].

Although EMILY and SmartEMILY are more widely known and studied, additional SAR-

focused USVs have since been constructed and researched. The SWIFT USV, presented at

the OCEANS conference in 2014, was speci�cally developed for surf and intertidal environ-

ments and demonstrated the ability to transport 
otation devices, including a four-person

liferaft [21]. Its waterjet propulsion system provided improved speed and maneuverability,

while its compact size allowed wider production but indicated limited performance against

strong waves or wind [21]. Another prototype, presented at the 5th International Under-

graduate Research Conference (IUGRC), integrated solar and wind power to extend the

operational duration and successfully detected a simulated drowning victim, but required

prior coordinate input for accurate navigation [22]. The research presented at the 2023 In-

ternational Conference on Advanced Robotics showcased a USV navigation system capable

of operating in calm water, light waves, and even large waves, though only at very low speeds

for the latter (<1 knot) [23]. A recent simulation study of a coupled USV-UAV demonstrated

that the USV alone was able to detect 60% of drowning victims and was much better at

predicting the change in the location of the victim than the UAV [24]. However, the USV

remained signi�cantly worse than the UAV in locating victims in the �rst place, indicating

limitations in its vision system capabilities [24].

Despite signi�cant progress in the application of USVs to SAR, several technical con-

straints remain in the way of implementation. With ideal conditions and resources, USVs

could theoretically satisfy the requirements of SAR without human operation [19]. However,

most existing systems are teleoperated or only partially autonomous due to limitations in

machine vision, autonomous navigation, and reliable data transfer [16]. USVs have very lim-

ited and sensitive vision capabilities, which are worsened by poor weather conditions, glare,
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lighting, and obstructions. Even with aircraft or UAV assistance, USV vision capabilities

su�er from discrepancies with displacement, angle, and lighting in relation to the potential

victim [25]. Challenges also arise in navigation, as most USV GPS-based systems lack precise

victim location information. In addition, poor vision, obstacles, and harsh weather further

complicate path-planning [25]. Slow or unreliable data transmission can reduce autonomy,

and unclear or poorly designed user interfaces (as seen before with EMILY) introduce ad-

ditional setbacks in USV control and monitoring [20]. The continued need for teleoperation

reduces the number of human responders who could be helping in other urgent matters [25],

undermining one of the main bene�ts of a SAR USV.

These shortcomings indicate a need for USVs capable of reliable onboard human detection

and autonomous execution of search patterns, without dependence on external operators.

A recent analysis [26] conducted for the 2020 Zhuhai Wanshan International Intelligent

Vessel Competition highlights that e�ective USV autonomy requires appropriate system

architecture, open-source software integration, and, most importantly, reliable onboard vision

and detection systems. These identi�ed requirements are often unful�lled as indicated above,

particularly with regard to reliable vision and navigation system. Collectively, this pattern

motivates the current development of an integrated vision system and autonomous navigation

framework for maritime SAR applications.

2.2 Obstacle Avoidance

Deep Reinforcement Learning (DRL) provides a solution to obstacle avoidance and di�cult

maritime navigation. When utilizing DRL, USV control algorithms are extensively trained

in simulation to maximize a cumulative reward function. This system gives rewards based

on proximity to the goal and assigns penalties based on adherence to regulation or proximity

to obstacles. A terminal state, or large penalty, is assigned to collisions. DRL methods have

proven e�ective for COLREGs (The International Regulations for Preventing Collisions at

Sea)-compliant collision avoidance, with Deep Q-Network (DQN) algorithms successfully
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training optimal parameters for real-time decision making in multi-vessel encounters [27].

Through training the network, the USV learns to adapt to all of the scenarios accounted

for in simulation to e�ectively handle unforeseen obstacles. This method's accuracy can

be further improved using vision detection; vision systems using the YOLOv5 vision model

enabled type-speci�c avoidance strategies [28]. For example, identifying a moving body as a

ship has di�erent requirements to that of a log, meaning vision detection allows for a more

targeted approach [28].

An immediate and less computational approach to obstacle avoidance uses an Arti�cial

Potential Field (APF) that moves purely on the vector sum of an attractive force to the goal

and a strong repulsive force from detected obstacles. However, traditional APF methods

su�er from inherent disadvantages, including local minima traps and unreachable targets in

congested environments [29]. This occurs because strong opposing forces might freeze the

USV, requiring augmentations such as additional lateral force methods that detect poten-

tial local minima in advance and guide the USV to escape by applying controlled angular

acceleration [29], or simple DRL policies to account for these traps where DQN training can

optimize the weight coe�cients of the APF objective function [27]. The improved APF ap-

proaches incorporating waypoint generation algorithms with radius of gyration restrictions

ensure planned paths satisfy the USV's minimum turning radius constraints while maintain-

ing smooth trajectories [29]. Relying solely on the obstacle avoidance (OA) algorithm often

leads to low path-planning e�ciency, unreasonable routes, and easy trapping [27]. However,

the combined method integrating improved A-star global path planning with DRL-enhanced

Dynamic Window Approach (DWA) algorithms shows signi�cant improvement in both sin-

gle USV and multi-USV systems, achieving COLREGs-compliant collision avoidance with

shorter paths and reduced sailing times compared to traditional methods [27].

In the case of maritime SAR with multiple USVs, the team hopes to utilize existing

obstacle avoidance strategies, using a hybrid static and dynamic path�nding approach to

account for the case of obstacles as a safety measure, where a lightweight solution with
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su�cient accuracy su�ces for the sparse environment of our applications.

2.3 Vision and Detection

Vision systems, in an SAR context, can enable autonomous platforms to detect the presence

of people and distinguish them from potential obstacles. A standard land-based SAR vision

system is an array of RGB-D (Red, Green, Blue, and Depth) and thermal cameras, as

shown by previous work at the University of Moratuwa [30]. The research describes the

development of a deep neural network that processes real-time imaging, identi�es potential

targets for a remote operator, and supports adaptive navigation to ensure e�cient operation.

However, such capabilities require advanced imaging systems and signi�cant computational

power to achieve reliable human detection [31], and glare alongside visual occlusion in the

water creates more di�culties.

A UAV's higher vantage point provides a better viewing angle for a mounted vision sys-

tem. However, the background of water makes the detection of humans less accurate. Due

to this, issues have arisen with Man Overboard (MOB) systems designed to deploy UAVs

o� ships to locate potential victims. These AI-based systems require training data to create

a heuristic of what a person in the water looks like. Research published in Future Gener-

ation Computer Systems found that most existing datasets are created under calm ocean

conditions, which poses a problem for training human detection under rough conditions [32].

Such conditions, such as choppy seas or strong currents, introduce high levels of disturbance

to an image, making reliable detection di�cult. This group, along with Rodin and Johansen

[33], evaluated the detectability of objects in water.

Algorithm development is one method to improve autonomous vehicles, but there are

other approaches to improve detection accuracy. One potential solution [34] is to expand

the machine vision database with more images of humans in water. This allows machine

learning vision systems to have more cases to compare a scenario against, making results

more accurate. Other researchers have used computer simulations to run MOB programs
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to improve the machine-learning aspects of marine vision systems [35]. In our research, we

adapt this idea to create a simulation that accurately mimics what a USV's camera would

see on the water. This system allows us to simulate a wide range of ocean conditions to

prepare our USVs e�ectively.

Vision systems designed for human detection typically have two components in their

camera array: RGB-D and thermal cameras. Depending on the requirements of the system

(�eld of view, power limitations, etc.), there can be either one camera or multiple cameras

integrated together. Although high-quality cameras tend to be expensive, low-cost alterna-

tives exist, as explored by Heinrich Ruser [36]. Guided by this research, our limited budget,

and our goal of building an a�ordable and scalable USV, we opted for lower-priced but reli-

able components for our vision system. Due to the marine setting, our vision system must

be waterproof. Many camera arrays used for AUVs and USVs are viable for waterproo�ng.

Examples of underwater use of thermal imaging cameras can be seen in research on deep-sea

thermal hotspots [37] and even infrared detection systems used for �shing [38]. However,

even with adequate camera systems, a USV-based platform requires a signi�cant in
ux of

data since what the camera sees at the water level would look di�erent from what a UAV

sees. The limited vision due to the low vantage point makes detection di�cult. Having more

than one USV in the water at a time would allow an integrated system of shared data to get

a better idea of a scenario in rough conditions.

USV vision systems intended for SAR applications must be able to correctly distinguish

a person from their surroundings. A primary concern is minimizing the occurrence of false

positives and false negatives. This is something we would need to avoid as much as possible

because mislabeling could lead to the dismissal or misplacement of life-saving resources. By

contrast, the vision system mislabeling an animal or 
otsam as a human will waste valuable

time that could be used to locate the actual person. The core principle of avoiding false

positives and negatives is important in our research and heavily in
uences our methodology.
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Section 3: Methodology

Our research covers our vision system, USV, and the integration of the two. The following

section is broken up to isolate these project components while highlighting their construction

and testing procedures.

3.1 USV Construction

The development of our USV was divided into three main subsystems: structural, electri-

cal, and software. The structural components make up the hull itself and any brackets or

housings that we fabricated. The electrical subsystem encapsulates any electrically powered

components and the wires that connect them. The software is characterized by programs

that run the USV through the electrical components.

3.1.1 Structural

The hull is a high-capacity catamaran with dimensions of 47" x 36.5" x 18". The majority

of the hardware was purchased as spare parts from Blue Robotics' BlueBoat[39]. Our goal

was to create a BlueBoat with a computer system that is more suited for our uses.

The two hulls of the catamaran are made from Low-Density Polyethylene (LDPE), and

each carries their own payload in water-tight compartments. This cargo space is accessible

through a hatch in the top of each hull. Each hull has a mount on the stern for an M200

motor. The two hulls are connected using a series of anodized aluminum crossbeams, and a

through tube is attached to the interior of the two hulls via the back beam. The existing cargo

space was insu�cient to house many of our larger electronic components. To address this,

we bolted a ¼" plywood board across the aluminum crossbeams to create a stable platform

for more cargo space. We applied 3 sheets of �berglass to the plywood to strengthen it and
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