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Abstract

Trained divers take on the complex and often dangerous underwater environment to
perform essential tasks. These tasks include inspection and repair of underwater infras-
tructure and monitoring the health of water systems through tasks such as observations
of coral reefs and tracking of invasive species. Autonomous Underwater Vehicles (AUVs)
able to assist with these tasks have become more widely deployed as their capabilities
improve, however, when deployed as solo agents they lack the intuition and ability to
adapt to unexpected situations as a human diver would. The objective of collaboration
between a diver and an AUV brings together the ability of an AUV to perform tasks
that are dangerous to the human diver, while maintaining the ability of the diver to
monitor the situation and update task information as necessary. For this collaboration
to be successful meaningful communication is essential, especially when the goal of the
collaboration is to complete a task.

This dissertation presents our work towards improving diver-AUV collaboration, fo-
cusing on utilizing visual perception onboard the AUV. In the following chapters, we
discuss two novel communication algorithms that allow divers to communicate infor-
mation about the location of an object required by an AUV to perform a task. These
methods have been designed to take into account challenges such as limitations of on-
board computation as well as challenges inherent to working in the underwater domain,
such as non-traditional human body poses and limitations of traditional, terrestrial,
computer vision. Evaluations of these methods are performed onboard AUVs. We then
incorporate these algorithms into a communication system which allows a diver to as-
sign the AUV a task based on the object detected. This system also provides feedback
from the AUV to the diver about the task which will be performed, forming a closed
loop communication system between diver and AUV. Validation of this system was
performed fully onboard an AUV in the Caribbean Sea. In addition, as AUV visual
perception can be hampered by the visual degradation of the underwater environment,
we therefore present an investigation into a task-based method to improve AUV vision.
We also discuss our contributions to the design and creation of the research platforms

necessary for this research to move forward.
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Chapter 1

Introduction

For thousands of years, humans have taken on the complex and often dangerous un-
derwater environment for exploration, economic, industrial, and recreational purposes.
There now exists vast underwater infrastructure for commercial domains such as com-
munication and oil industries in addition to other surface constructs such as bridges and
ships that connect the world. The study and conservation of underwater environments
such as coral reefs and even submerged sites of ancient human civilizations has become
more feasible as the ability to explore deeper and for longer time periods has improved.
The utilization of Remotely Operated and Autonomous Underwater Vehicles (ROVs
and AUVs) for completing tasks has been seen as a way to make activities such as
inspection and maintenance of oil pipeline inspection [5], biological monitoring [6], and
archaeology [7] safer and more efficient. ROVs are controlled, usually through a tether,
to gather information or perform tasks. However, there is a general disconnect between
the vehicle and the operator as the operator can view the environment through limited
onboard sensors and then react based on this information. Environmental aspects un-
seen by the ROV as well as tangling of the tether are additional shortcomings. AUVs
used without a collaborative diver are limited to a specific task designation, often pro-
grammed before the AUV is put in the water. A change in environmental circumstances
or anything unexpected that requires in situ mission re-calibration is very challenging
as communication is limited to acoustic and very low-bandwidth electromagnetic (EM)

channels, which limits the amount and type of information that can be exchanged. A



Figure 1.1: A diver is providing instruction to an AUV through the use of a pointing

gesture during an open-water field trial in the Caribbean Sea.

third paradigm (beyond ‘pure’ ROV and AUV use) of underwater robotics shows poten-
tial to bridge the gap between ROVs and fully autonomous AUVs. In this situation, an
experienced, and likely non-roboticist, diver can work in collaboration with an AUV to
provide technical expertise and direction while taking advantage of the AUV for safety,
performing routine tasks or time-consuming measures. However, for these collaborations
to exist, natural and easy-to-decipher communication between the diver and AUV must
occur. Underwater human-robot interaction (U-HRI) as well as collaboration between
divers and AUVs is a very open research problem, partially because of the challenges
perpetuated in the underwater environment.

In this dissertation, we present our work toward improving visual communication for
divers and Autonomous Underwater Vehicles for underwater task-based collaboration.
Our methods focus on natural human communication, primarily through pointing (See
Fig , to facilitate ease of use in an environment where attention needs to be focused
on other, often critically essential, tasks, and a diver should not need to expend extra
mental or physical energy to work with a collaborative AUV. We focus on communica-
tion designed to allow a diver and AUV to complete a task and use scene information to
guide the AUV. In addition, we investigate task-based image enhancement to improve

perceptual information in situations in which visibility is degraded and vision-based
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algorithms onboard AUVs have difficulty computing valid results. The AUV itself must
also be compatible with use as a diver companion, and so we provide a description of the

platforms used to perform and evaluate this research and include detailed information
about HydroEye and LoCO AUV, platforms we developed.

1.1 Research Contributions

Our research thus far has focused on improving visual communication for underwater
human-robot interaction. In particular, we focus on natural communication methods
and the use of scene information to direct AUVs to task completion and enhance AUV
vision for specific task-based purposes. We also investigate the use of task-based image
enhancement to improve visual AUV perception and provide details of our involvement
in the creation of an AUV platform. A brief description of our contributions that will

be expanded upon in the dissertation follows.

e Two-Dimensional Human-Directed Object Inspection for AUVs: In this
work [8], we contribute the Diver Interest via Pointing (DIP) algorithm, a highly
modular method for conveying a diver’s area of interest to an AUV using point-
ing gestures for underwater human-robot collaborative tasks. DIP uses a single
monocular camera and exploits human body pose, even with complete dive gear,
to extract underwater human pointing gesture poses and their directions. By ex-
tracting 2D scene geometry based on the human body pose and density of salient
feature points along the direction of pointing, using a low-level feature detector,
the DIP algorithm can locate objects of interest as indicated by the diver. DIP
makes it possible for scuba divers and swimmers to use directional cues, through
pointing, to an AUV for inspection, surveillance, manipulation, and navigation.
We examine the elements that make up our method, provide quantitative and qual-
itative evaluation, and demonstrate AUV actuation based on a diver’s pointing
gesture in closed-water human-robot collaborative experiments. Our evaluations
demonstrate the high efficacy of the DIP algorithm in correctly identifying the di-
rection of a pointing gesture and locating an object within that region of interest.
We also show that the findings of the algorithm qualitatively conform with human

assessment of pointing gestures, directions, and targets.
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e Three-Dimensional Human-Directed Object Inspection for AUVs: This
work [9] extends Diver Interest via Pointing to three dimensions (DIP-3D), creat-
ing a method to relay an object of interest from a diver to an AUV by pointing that
includes three-dimensional distance information to discriminate between multiple
objects in the AUV’s camera image. Traditional dense stereo vision for distance
estimation underwater is challenging because of the relative lack of saliency of
scene features and degraded lighting conditions. Yet, including distance informa-
tion is necessary for robotic perception of diver pointing when multiple objects
appear within the robot’s image plane. We subvert the challenges of underwater
distance estimation by using sparse reconstruction of keypoints to perform pose
estimation on both the left and right images from the robot’s stereo camera. Tri-
angulated pose keypoints, along with a classical object detection method, enable
DIP-3D to infer the location of an object of interest when multiple objects are
in the AUV’s field of view. By allowing the scuba diver to point at an arbitrary
object of interest and enabling the AUV to autonomously decide which object the
diver is pointing to, this method will permit more natural interaction between

AUVs and human scuba divers in underwater-human robot collaborative tasks.

e Pointing Gesture Based Communication System for Divers and AUVs:
This work provides a crucial component towards closing the loop on dynamic
pointing-gesture based diver to AUV communication. The methods described in
the previous two works allow an AUV to locate an object that is of interest to
the diver. However, as stand-alone communication methods they lack flexibility
as the action the AUV takes must be pre-determined before beginning the task
and there is no easy method for task-switching if the parameters of the mission
change during the dive. Semantic Pointing for Communication (SPOC) bridges
this gap by providing a library of pointing-related terms that the diver is able to
utilize along with a method such as DIP or DIP-3D to provide for flexible mission
planning or multiple objectives during a single mission. SPOC adds a hand gesture
recognition module which allows the diver to easily instruct the AUV on the
appropriate action to take relating to the specific object of interest. We create an
annotated dataset of five pointing related hand gestures to denote tasks an AUV

would commonly be instructed to perform, train an instance segmentation model
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to recognize the hand gestures, and integrate the trained model with DIP onboard
an AUV to provide demonstrations of the full SPOC communication vector in both

pool and sea environments.

Investigations in Task-Driven Generative Image Enhancement: In this
work [10], we investigate a novel approach to improve diver detection performance
for AUVs using a task-driven generative image enhancement model. In partic-
ular, we present a model that integrates generative adversarial network (GAN)-
based image enhancement with the diver detection task. Our proposed approach
restructures the GAN objective function to include information gained from a
trained diver detector, to generate images that would enhance detection accu-
racy in adverse visual conditions. By incorporating the detector output into both
the generator and discriminator loss functions while training, our model can fo-
cus on enhancing images beyond aesthetic qualities and specifically to improve
the AUV’s detection of scuba divers. We train our network on a paired dataset
of scuba divers, using a diver detector, and demonstrate its potential utility on
images collected from oceanic explorations of human-robot teams. Experimen-
tal evaluations demonstrate that while currently inconclusive, our approach has
merit to potentially improve diver detection performance over several state-of-the-
art underwater image enhancement algorithms while retaining aesthetic similarity
to the original raw images. Finally, we demonstrate the inference performance of
our network on embedded devices to highlight the feasibility of operating onboard

mobile robotic platforms.

Platforms for U-HRI Research: In this chapter, we describe the platforms
used in our research as well as our contributions towards the hardware needed for
AUVs to assist divers with underwater tasks. The three platforms are: 1. Hydro-
Eye, a data collection rig containing a stereo camera. 2. Aqua [11],an amphibious
AUV utilized for its stereo vision. 3. The Low Cost Open-source Autonomous Un-
derwater Vehicle (LoCO AUV) [12], designed and made open source by members
of the University of Minnesota’s Interactive Robotics and Vision Lab (IRVLab).
We highlight our significant contributions to the creation and validation of the

HydroEye and LoCO platforms in this manuscript.



(b)

Figure 1.2: Two examples of common visibility challenges in the underwater environ-
ment. Images in (a), taken 5 seconds apart, present color variation due to sudden
movement of cloud cover. Image (b) presents an example of turbidity and light reflec-

tion in shallow water.

In addition to these contributions, collaborative efforts have allowed us to extend
our work into the domains of human-to-robot communication and underwater image
segmentation. As they are not central to the dissertation, brief discussions of these

research contributions can be found in Appendix [A]

1.2 Domain Challenges

Work in the underwater domain provides many unique and varying challenges in terms
of furthering robotics research. Many sensor and control channels used in terrestrial and
aerial robotics are unavailable or underperform for necessary tasks. Signal attenuation
and degradation affect electromagnetic waves and render modalities such as Wi-Fi and
Bluetooth unusable except at very short distances, if at all. Acoustic signals can be used,
however, sound also suffers from attenuation and degradation in addition to potentially
being masked by other sounds such as the diver’s breathing. Acoustics also have the
potential to disturb the natural environment, which may be counterintuitive to some
task objectives. Light absorption, refraction, and attenuation can hamper visual sensors
in addition to water turbidity as seen in Fig. however methods of underwater image
enhancement have been shown to improve vision capabilities for AUVs (See Section.
For these reasons, our work can use cameras, monocular and stereo, as the main sensor
for the AUV.



1.3 Document Overview

Overall, this dissertation presents multiple methods to improve visual communication
between divers and AUVs. The rest of the document is organized as follows. Chapter 2]
presents background and other works related to the threads of research presented in this
dissertation. Then, Chapter [3]introduces a novel communication method using pointing
to inform an AUV of an object of interest to a diver. Following which, Chapter [4 greatly
enhances the ability to notify an AUV of an object of interest through the inclusion of
distance when given a pointing gesture. Chapter [5| improves the flexibility of pointing
gesture-based communication as a diver is able to provide explicit instruction demanded
by the situation or object located for downstream AUV tasks. Chapter [6] presents our
investigation into task-based underwater image enhancement. A brief description of
robotic platforms used to complete this research and our contributions to the design
and building of them are presented in Chapter [7] when notifying an AUV. Chapter [§]

summarizes our key findings and outlines potential future directions for this research.



Chapter 2

Background and Related Work

Communication between divers and AUVs requires natural communication that can be
easily utilized by the diver and provide as much information to the AUV as possible.
In this chapter, we provide background and previous work relating to our topic of
computational visual communication. As the use of diver pointing for control with AUVs
is a novel idea, we focus our attention on the areas of general underwater human-robot
interaction (U-HRI), as well as the use of pointing gestures within the scope of robotics
in general. We use RGB cameras as our main sensor to perform the U-HRI methods.
Due to environmental challenges that occur with visual perception underwater, we also
investigated the use of task-based underwater image enhancement in relation to U-HRI.
We therefore introduce background information on underwater image enhancement as

well.

2.1 Diver and AUV Interaction

In this section, we focus on two aspects of Diver AUV interaction, first through the
passive interaction of diver detection and tracking and second, active communication
and interface with AUVs.

Visual detection and following of human divers by autonomous robots is well-studied
for its usefulness in human-robot cooperative underwater missions [13, 14]. Due to
operational simplicity and computational efficiency, the simple feature-based detectors

followed by standard model-free trackers have been traditionally used in autonomous
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diver-following applications [15] [16]. Particle filters and optical flow-based methods are
also utilized for tracking divers in spatio-temporal domain [I6]. Since color distortions
and low visibility issues are common underwater, the frequency-domain cues [I7], 18] of
divers’ motion are used for reliable detection as well. Also, several feature-based learning
approaches [16], [19] such as support vector machines (SVMs) and ensemble methods
have been investigated for diver tracking and underwater object tracking. However,
these methods lack generalizability and often fail in noisy visual conditions. Enhancing
underwater images for diver detection may help to improve current detection methods

Active communication with AUVs requires specialized communication methods [20]
often including the use of robotic vision or audio to receive directives from divers through
the use of tools such as fiducial markers [21] or tablets [22], or special dive gloves [23].
Using gestures to interface with AUVs, while relatively under-explored in comparison
with aerial and terrestrial vehicles, is beneficial for divers as it requires no extra equip-
ment. Currently, deployed methods ([24], 25] [14] 26]) have been designed with ease of
use of divers in mind, including some with directional signals (e.g., [26]). Expanding
this interface to convey locational cues can be seen as the next step. While Walker [27]
provides an analysis of the ability to recognize pointing gestures underwater on state-of-
the-art deep-learned object detectors (e.g., Single Shot Multibox Detector (SSD) [28],
Faster R-CNN [29]), there is no current literature on directing an AUV to a location
or object of interest through pointing gestures. We contribute the first look at using
pointing to provide specific locational cues of a diver’s area of interest to an AUV and

exploit these cues for AUV-assisted task completion in that location.

2.2 Underwater Applications of Human Pose Estimation

Human pose estimators are often used to provide landmarks for pointing gestures ([30),
311, 132, B3]). The pose estimator locates landmarks, typically joints, on a human body.
While human pose estimation in both 2D and 3D is widely studied (see [34} 35, 36]),
there does not exist a vision-based human pose estimator dedicated for underwater use.
Chavez et al. [37] tracks a diver using point clouds of diver pose; however, specific
pose landmarks are not found. Terrestrial-based, out-of-the-box monocular 2D pose

estimators have been applied with some success; e.g., Islam et al. [38] use estimated



Figure 2.1: Example of some failure cases in underwater human pose estimation. Even
in closed-water conditions, a combination of environmental factors, non-standard body
pose, and SCUBA attire can affect robust ‘terrestrial’ vision algorithms. Image quality

is due to natural underwater artifacts.

human body pose (using OpenPose [39]) to find relative positions of two robots, and
Fulton et al. [40] create an autonomous diver approach method using TRT pose [41].
The success of human pose estimators is severely impacted not only by underwater
vision degradation, but also by the positions of the human body and additional gear
worn by scuba divers. Fig. [2.1shows some of the common yet challenging results of pose

estimation on a diver in a closed water environment using Mediapipe [42] Pose [43].

2.3 Pointing for Robotic Direction

In terrestrial and aerial robotics, the use of pointing gestures to relay information has
been widely studied. For example, terrestrial and aerial vehicles can be given directions
to park in a certain location determined by a pointing pose estimate [30, 31}, 32]. For

these applications, the user can point at a location on the ground plane and direct
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the robot there. This is an impossibility in many underwater robotics applications
as touching the ground plane, if it exists in view, goes against the task that is being
accomplished (e.g., coral reef inspection, or invasive species detection). Aerial and
terrestrial robotics have also seen applications of finding an object of interest through
pointing gestures. Pick-and-place tasks with robotic arms have seen success through
hand gesture pointing [44] [45]. Grofimann et al. [46] use a pointing gesture to indicate
an object on a shelf that should be of interest to a mobile manipulator. Medeiros et
al. [33] can direct a drone towards an object based on the intersection of a pointing
direction of the user’s arm and an object’s bounding box. Delmerico et al. [47] provides
a survey of many more uses for pointing gestures, with an emphasis on the uses with
rescue robotics.

In aerial and terrestrial based robotics, many gesture based systems utilize light-
wave based Time-of-Flight RGB-D cameras ([46, 44}, [30} 48, B2} [49]) to gain access to
depth information. The reliability of these sensors is significantly impacted underwater
by environmental factors. Indeed, underwater depth estimation overall is challenging,
as water causes significant distortions of incident visual light. The combined effects of
optical attenuation and low-light conditions negatively impact traditional depth esti-
mation methods. Stereo vision, our choice of sensor for depth estimation in [9], while
challenging in the underwater domain (see Fig. for an example dense disparity map
from an underwater diver scene), has been used in a variety of functions such as de-
tection of fish length [50]. The Caddian dataset [51] also includes stereo images along
with data from IMU sensors attached to the diver for use in diver pose and tracking.
In our work, we mitigate some challenges of dense stereo reconstruction by obtaining
distance information for only points relevant to the pointing task through the use of
sparse stereo triangulation. However, no previous work exists for the use of pose-based
or locational pointing gestures for AUV control or communicating user interest in the

underwater environment.

2.4 Enhancing Underwater Imagery

To address the inherent difficulties of underwater vision, several methods of image en-

hancement have been proposed. These methods can be used onboard the AUV before
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(a) Left camera image. (b) Right camera image. (c) Disparity map of images.

Figure 2.2: Best if viewed at 175% zoom. Demonstration of the challenges of traditional
dense stereo reconstruction underwater using the Semi-Global Block Matching algorithm
[1]. Notice the disparity map contains inconsistencies within the diver’s silhouette, as

shown by the red arrow.

passing image information to some vision-based task, such as communication. The un-
derwater image enhancement problem deals with correcting non-linear image distortions
caused by the particularities of light propagation underwater [52 B3]. Some of these
aspects can be modeled and well estimated by physics-based solutions by exploiting
prior knowledge (e.g., haze-lines and dark channel prior [52, [54]) or making statistical
assumptions (e.g., adopting an atmospheric dehazing model [55, 56]). However, these
approaches require scene depth and water-quality measures for accurate modeling, which
are not always available in practice.

As a practical alternative, learning-based approaches have been widely explored and
they have demonstrated inspiring success in recent years. Several models based on deep
convolutional neural networks (CNNs) and generative adversarial networks (GANs) re-
port state-of-the-art (SOTA) performance [57, 4, 58] on benchmark datasets. Driven
by large-scale supervised training, these approaches learn sequences of non-linear filters
to approximate the underlying pixel-to-pixel mapping [59] between the distorted and
target image domains. The contemporary CNN-based generative and residual networks
(e.g., Deep SESR [57], WaterNet [58]) are shown to be very effective in learning such
mapping. Moreover, the GAN-based models (e.g., FUnIE-GAN [4], UGAN [60], Fusion-
GAN [61]) attempt to improve generalization performance by employing a two-player
min-max game, where an adversarial discriminator evaluates the generator-enhanced

images compared to ground truth samples. This forces the generator to learn realistic
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enhancement while evolving with the discriminator toward equilibrium. While the ex-
isting models provide good generic solutions for perceptual enhancement, learning to
recover image distortions for specific tasks such as diver detection or classification has
not been explored in-depth in the literature.

While not extensively explored for underwater applications, integrating object de-
tection components within the GAN architecture has been well-studied in the terrestrial
domain. For instance, the auxiliary classifier GANs [62] are proposed to synthetically
generate realistic images, while several variants of the Multi-task GAN (MT-GAN) [63]
and Perceptual GAN [64] are used to improve small-object detection performance by
using image super-resolution techniques. In such models, the components of bounding
box regression and classification are determined through discriminator branches using
additional fully connected layers. Liu et al. [65] integrate a RetinaNet [66] detector
in DetectorGAN; however, this is done for generating data to train an object detector

rather than improving its performance through image enhancement.



Chapter 3
Diver Interest via Pointing

The use of autonomous underwater vehicles (AUVs) to perform tasks underwater has
become increasingly relevant in recent years. From inspection and maintenance of un-
derwater infrastructure [5], biological monitoring [6], and archaeology [7], the utility of
these AUVs heavily relies on working and cooperating with human divers. For each
of the above-mentioned scenarios, it is highly likely that a robot will be directed to
specifically navigate along a particular direction or inspect an object; this is referred to
as the site acquisition and scene re-inspection (SASR) task. Such tasks could include
inspecting a specified region of a pipeline, taking pictures of particular coral for a con-
servation biologist, or recovering an artifact. This work [67] presents a novel method
that uses a natural human gesture to provide object location information to an AUV.
While Remotely Operated Vehicles (ROVs) are able to receive instruction through
a tether, AUVs require different communication methods [20]. These methods include
using robotic vision or audio to receive directives from divers through the use of tools
such as fiducial markers [68], or special dive gloves [51], 23] as well as with gesture-based
languages of hand signals with ([14] 26]) and without ([24] 25]) gloves. As many divers
working alongside AUVs have their own areas of expertise and may not be robotics
experts, a communication vector that is easily understood and capable of being per-
formed naturally is essential. For this reason, we introduce a system for divers that uses
pose-based pointing gestures which do not require additional equipment to instigate a

response from an AUV towards an object or location of interest (Fig. [3.1)).

14
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Figure 3.1: The LoCO AUV running DIP to navigate towards an object we point at on
the seabed in response to diver pointing gesture. Image taken during field test in the
Caribbean Sea.

Pointing is used as a natural form of human communication to share location and in-
terest. Expanding this communication vector to robotics is not itself an unexplored area
of interest (see Sec. . In the subtopic of marine robotics, however, the use and even
exploration of this topic is almost non-existent (other than very few exceptions, e.g.,
[27] [26]). Different methods of indicating interest are often used by scuba divers, e.g.,
shining lights, carrying physical objects such as sticks or poles, and dropping strobes
or beacons. However, these methods come with significant limitations. The underwater
domain is known for its high degree of sensory signal attenuation and dispersion, and
thus methods such as shining lights on objects of interest may not be precise enough for
many needs. Without necessitating extra tools, pointing gesture communication relies
on some form of visual perception. Underwater vision is challenging due to natural
environmental factors (e.g., scattering, absorption, and refraction of light among oth-
ers). Image enhancement techniques (e.g., [57, [69]) have been shown to mitigate some
of these factors and improve the ability to use RGB cameras. These factors still signif-

icantly impact the reliability of commonly used terrestrial sensors, such as light-wave
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based Time-of-Flight RGB-D cameras, used in many pointing gesture-based systems
(J46l, 44, [30, 48, [32]). As vision itself is challenging even in the best of water condi-
tions, adaptation of ideas and implementation of terrestrially designed algorithms can
be difficult.

Also unique to the underwater environment is the high probability that the diver,
robot, and even object of interest may have a free-floating ability. For example, during
terrestrial and pick-and-place applications, it can generally be assumed that anything
static on a ground or table environment will remain there until moved deliberately.
Even with relation to drones, the human is potentially able to remain on the ground
plane and calculations for direction can take advantage of this. In open water, however,
it is highly unlikely that the diver will remain on the floor of the body of water; in
fact, they may even be moving along with water currents. Our approach takes this into
account by leveraging only the pose of the diver and robot view space to find the area
of interest.

We introduce DIP (Diver Interest via Pointing), a method to inform an AUV of
the location of an unknown object via a pointing gesture. We show that the use of a
human pose estimator in conjunction with a single camera is sufficient to create an area
of interest from which an AUV can detect an object of interest. In addition to locating
the area of interest as indicated by a diver in still images, we provide a working example

of how our method can be integrated into an object inspection system, utilizing the
LoCO AUV [12].

3.1 Methodology

3.1.1 Diver Interest via Pointing

The DIP approach is composed of a human pose estimator, a method for the AUV
to predict a diver’s area of interest, and an object detection algorithm applied to the
predicted area of interest (Fig. . In the following section we describe the method
to detect a diver’s pointing pose, and using that, detail the creation of the area of
interest. In addition, we enumerate the design choices that allow the implementation of
the proposed algorithm on-board a physical robot.

For the purposes of this section, we make the following assumptions:
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Diver Interest via Pointing

[Frame, Poilnting Diver]
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i No Object

Pointing Vector
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Figure 3.2: Schematic diagram of the DIP algorithm. Human pose estimation of the

elbow and wrist joints are used to extend a vector in the direction the diver is pointing.
Then, a triangular area of interest is created around the pointing vector. Finally, an

object can be located within the region of interest. Colors denoting each step are

consistent with those in Figs. and

e The diver is situated in an upright, pointing pose.

e The diver is pointing with their right arm.

3.1.2 Diver Pose Estimation

Vision-based AUV communication using pointing gestures from divers requires robust
estimation of human pose. Human pose estimation underwater is challenging for a
variety of reasons, including naturally degraded vision, non-standard body positions,
and the wearing of SCUBA gear by divers (see Fig. . To minimize the need for

correctly positioned body landmarks, we use only two, the elbow and wrist. As the
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connection between these two points must be linear (i.e., anatomically, there are no
joints between them in human physiology), this creates the ability to generalize potential
locations of interest in a rather straightforward manner. By simply extending the line
segment connecting the elbow to the wrist, the general pointing direction can be found.
The shoulder is excluded as unless the diver’s body is turned towards the camera,
landmark detection can be difficult (Fig. . We explicitly avoid the use of the hands or
fingers for finding the pointing direction, as the poor visibility underwater, particularly
at the usual interaction distance between an AUV and a diver, can make it difficult for
pose estimators designed for terrestrial use to identify those body parts. For the purpose
of our project, we use the Mediapipe Pose [42], estimator, although any pose estimator
that can provide wrist w, ) and elbow e(, ) landmarks in the two-dimensional image
space can be used. Once the pose with the wrist and elbow landmarks have been located,
we are able to determine a direction and local area of interest.

The use of 2D pose for determining pointing direction for SASR type tasks is suf-
ficient, as objects of interest will often be close to the diver in distance, thus we can
approximate the 3D directional vector in 2D image space. As marine environments are
also generally uncluttered and without many structures, the need for depth information
about the scene is not necessary for many tasks. Particularly when coupled with a
robust object detector, 2D pointing vectors will often suffice for such purposes. Future

work looks at expanding DIP to include 3D information for use in specialized situations.

3.1.3 Determining the Area of Interest

The area of interest to the robot is defined to be a triangular region extending from
the diver’s wrist, shown in Fig. as the white triangle. A triangular shape is chosen,
as the farther away a diver is from an object, the less accurate the actual gesture may
be (i.e., the diver’s own gesture pointing at the object of interest will be less accurate
from farther away). This error can potentially be magnified in relation to above-water
scenarios, as the object, diver, and robot itself may not be able to remain stationary
for a variety of reasons, such as being suspended in the water, moving with a current,
or constantly maneuvering to hold position. Choosing a triangular region to search
makes it possible to account for such inherent inaccuracies in pointing and have a more

accurate detection of the object of interest.
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First, the line segment connecting the elbow and wrist landmarks (as defined by the

human pose estimator) is extended ext(z ) by a scaling factor sf which can be modified

as needed (Eq. [3.1):

extiy = Wy + Sf * (W) — €(a

() = Wea) (W) — e@) (3.1)
ext(y) = w(y) + s/ * (wy) —eq),

A scale factor of 10 has empirically been found to be sufficient in our investigations.

Once the segment is extended, the resulting point ext is defined as the end of

z,y)
the pointing vector. To create an area of interest in the shape of a triangle in image
space, two vertices are defined by adding and subtracting a vertical constant c, to the
y value of the point extension (e.g., ext(; 1)) (see Fig. for a visualization).

The third vertex of the triangle is defined by the wrist landmark of the human pose
detector. This vertex may also be offset by a small amount ¢, to reduce false positives
of hand detection to compensate for detector errors. With the use of a task-specific
object detector, the offset may be omitted. The resulting vertices of the triangle are
therefore defined as: (W(y—c, y+e,)) (€Tt yte))-

Once the area of interest is computed, the search for the object of interest via object

detection is confined to this area.

3.1.4 Detecting the Object of Interest

As the main goal is to identify the diver’s intent to highlight an area of interest, the
consequent object detection step is highly dependent on the actual task given to the
AUV and thus should be changed accordingly, i.e., a trained trash detector should be
used if the AUV’s task is to locate trash in an area of interest. However, even without
knowing the object type ahead of time, it is possible to exploit low-level image features
to identify objects pointed at by divers within the triangular area of interest. For
example, point features (e.g., SIFT [70], ORB [71]) and edge detectors (e.g., Canny [72])
can be used to identify regions with a high probability of being objects of interest.
The motivation to use such low-level feature extractors stems from the fact that the
underwater environment often has little background variation, and only salient features
will be on or in close proximity to the object. Due to the challenges of detection in

an underwater environment, we demonstrate detection through two methods: keypoint
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Figure 3.3: Visualization of the DIP algorithm: Human pose landmarks are located, an
area of interest is created based on pose pointing vector, and an object is located within

the area of interest.

and contour detection. Via keypoint detection, we choose the keypoint with the greatest
strength to represent the object, even if this has the potential for occasional false positive
detections. The Canny edge detector is used to extract object contours. If the centroid
of the contoured region is within the triangle of interest, the target is chosen as the
object of interest. Fig. [3.3] shows an example of DIP successfully finding the object
pointed to by the diver.

3.2 Evaluation

Obtaining ground truth is difficult in underwater environments as there is constant
motion between the diver, robot, and objects. In addition, the accuracy of DIP as
a whole rather than the accuracy of the pose and object point location is a necessity;
therefore, for the following evaluations, visual cues rather than straightforward landmark

matching will be used in the assessment.
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Figure 3.4: Two of the eight images the human correlation study participants were
asked to annotate. The locations of the target objects are blackened out to not bias the

participants’ assessment of the pointing direction.

All evaluations are performed using the same parameters with input image sizes of
640 x 480 pixels. Empirically, we obtain a vertical constant of 100. In other words, the
height of the triangular area of interest will be 200 pixels, just under half the image
height. We also offset the wrist vertex by 5 pixels (i.e., €, = 5, see Sec. to reduce
false positives of detecting the hand. The vertices of the triangular area of interest

therefore become (w(y—54+5)), (€Tt (5 y+100))-

3.2.1 DIP and Human-based Pointing Correlation

We present a small human study in which participants annotate a pointing vector on
8 images. Fach image consists of a submerged diver pointing towards an object, either
suspended in the water or resting on the bottom. The general location of an object of
interest was removed (Fig. to prevent preconceptions of what the diver is pointing
towards. Nine participants annotated a line segment of the assumed pointing vector,
beginning at the diver’s wrist. Fig. shows a compilation of the results: the green line
segments represent the human-annotated vectors, the pink segment represents DIP’s
foundational pointing vector, and the white triangle represents the location of diver
interest as produced by DIP. As can be seen from the quantitative data in Table
where image numbers match the vector images, fitting a 2D vector to a point can be
highly variable even by human annotators. Angles are not included for DIP where pose

estimation is incorrect.
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Image 1 Image 2

Image 3 Image 4 Image 5

Image 6 Image 7 Image 8

Figure 3.5: Results of human-annotated vectors (green) shown with the pose estimator-
based resultant vector (pink), and DIP area of interest (white triangle). DIP’s output

predominantly aligns with human assessment of pointing directions.

Mean Variance
(Human) DIP Difference | (Human)

Image 1 | 3.059 rad | 2.912 rad | 0.147 rad 0.008
Image 2 | 3.198 rad — — 0.003
Image 3 | 2.849 rad | 2.677 rad | 0.121 rad 0.017
Image 4 | 1.097 rad | 1.309 rad | 0.211 rad 0.069

Image 5 | 0.357 rad — — 0.024
Image 6 | 2.717 rad | 2.643 rad | 0.074 rad 0.004
Image 7 | 1.249 rad — — 0.028

Image 8 | 0.286 rad | 0.288 rad | 0.002 rad 0.008

Table 3.1: Results of human study (Fig. : Mean human-annotated angle measure,
DIP angle measure (if correct pose), Difference in Mean and DIP angles, and variance

in human-annotated responses are recorded. All angles are in radians.



(a) (b) (c)

Figure 3.6: Samples from the pose and object detection evaluation image set. All
images are sourced from the LoCO AUV and may not be considered good quality to
human viewers. In image (a), the pose detection fails and an incorrect region is created.
(b) shows correct pose detection and area of interest creation, but an object is not
detected. In (c) and (d) objects are detected through the SIFT algorithm and Canny

edge detection respectively.

Fig. B-5] also conveys some of the challenging situations that can occur within a
highly specified underwater setting. As our method is dependent on the human pose, if
the pose captured is incorrectly such as in Image 2, the area of interest will be so as well.
Failure cases were found to occur frequently when the diver’s pointing arm intersects

with the torso, as seen in diver center and left-pointing evaluation cases (See Images 5,

7 in Fig. [3.5)).

3.2.2 DIP-based Pose and Object Detection

We evaluate DIP for the ability to use human pose estimation and low-level feature de-
tectors to first compute a diver’s specified region of interest and then locate an unknown
object within that region. Due to the challenging environment, we consider the ability
to identify an accurate region of interest more beneficial than exact landmark match-
ing. Regarding unknown object detection, we provide results for both the SIFT [70]
algorithm and Canny [72] edge detection as defined in Sec.

A selection of 650 frames were taken from a ROS [73] bag file recorded with the LoCO
AUV [12] in a closed-water environment (Fig. . All images in sequence are included
unless the entirety of the diver’s body is not in the scene. Fig. 3.7 shows the results
of a visual examination of this dataset. While not all images may be considered “good

quality” by human standards, we include these images to demonstrate the effectiveness



24

SIFT Detections
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Figure 3.7: Evaluation of DIP pose estimation and object detection. The ratios pre-

sented depend on the success of the previous steps. Colors denote the step evaluated as
in Fig. @

of DIP from the AUV viewpoint. The evaluation dataset can be considered to represent
fairly optimal conditions in terms of water quality and distance from the diver.

Taking into account only those images that produce a “correct” pose (349/650 im-
ages), we see that the object of interest is included in the region of interest 345 out of
349 times or 98.85%. On the other hand, the pointing vector itself lands on the object
only 74 times, or 21.2%. As supported by the results of Sec. due to variations in
pointing, locating an area of interest produces better detection results than choosing a
single vector. As to the evaluation of object detection, the inclusion of a specified object
detector is essential for each task. However, due to the nature of the underwater envi-
ronment, objects of interest are located far better than random chance with low-level
features, with the SIFT algorithm failing to locate a potential object of interest in only

13 out of 345 images.
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Figure 3.8: Diagram showing the full system of Unknown Object Investigation guided
by the DIP algorithm, as implemented on-board the LoCO AUV.

3.2.3 Runtime

With Mediapipe Pose as a backbone, the DIP algorithm (pose estimation and SASR
creation) runs at 4.714 fps on an Intel™ i7-6700 CPU, which is acceptable for AUV
operations. The object detection portion of algorithm runtime will be dependent on the

use case and chosen object detector.

3.3 Experimental Implementation onboard the LoCO AUV

DIP works as the guiding force for an unknown object investigation task (Fig. .
We deploy DIP, along with the rest of the system, entirely onboard the LoCO AUV,
use a monocular RGB camera, and perform computations on an NVIDIA Jetson TX2
embedded system. In an enclosed pool environment, LoCO was required to detect that
a diver is pointing, employ DIP to determine where an object may be located and locate

an object, and then finally actuate towards the object for closer inspection.



(a) An object of interest is in- (b) An object is identified (c) The object is tracked in the
dicated to the LoCO AUV. through the DIP algorithm. following frame.

Figure 3.9: Demonstration of the task: Unknown Object Investigation. Images (b) and
(c) are from the LoCO AUV point of view.

Within this system, a diver is determined to be pointing through a pre-trained
SSD [28] detector with a VGG-16 [74] backbone [27]. Once the pointing diver is detected,
DIP proceeds to check incoming frames until the pose is detected. In the same frame
the pose is detected, object detection is attempted. This cycle proceeds on successive
frames until an object is located. The diver’s interest and the object within the location
are then considered confirmed, and the algorithm moves to initiate robot locomotion.
The AUV begins moving toward the object through a Proportional-Integral-Derivative
(PID) approach controller defined through a bounding box and image size ratio. We use
the CAMShift tracker [75] to return a new location for the PID controller to continue
AUV movement toward the object, as it might be subjected to unintended motion
underwater. Fig. [3.9] shows snapshots from LoCO’s viewpoint during a successful trial.
Fig. 3.8 diagrams the system as a whole as it runs onboard the LoCO AUV.

Out of five trial runs, the area of interest is defined (e.g., the human pose is correct)
four times. An object was located during each trial, and LoCO proceeded to move
autonomously towards the perceived object, making task execution successful. Three
out of four times, however, markings on the pool wall were located inside the area of
interest. These markings were considered to be the object and LoCO moved in that
direction. Using a detector trained for specific objects of interest would help mitigate

this issue.
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3.4 Conclusion

We present a novel communication algorithm, Diver Interest via Pointing (DIP), to
signal directional intent to an AUV. By detecting the natural communication vector
of pointing, we show that an AUV can infer a diver’s area of interest. While working
in the challenging underwater environment, we have shown that a triangular area of
interest can be found with the use of a monocular camera and an out-of-the-box human
pose estimator. Knowing that the area of interest exists, an AUV can perform tasks
specifically within that area as determined by a diver. One such task is the inspection of
an unknown object. We validate DIP through an integrated system and demonstrate its
feasibility onboard the LoCO AUV. This chapter provided a two-dimensional method
that allows a diver to inform an AUV of the location of an object. One challenge of
this method is the necessity that a single object is located within the area of inter-
est. Our next chapter discusses our work to continue to improve directional gesture

communication through the inclusion of 3D scene geometry.



Chapter 4

Diver Interest via Pointing in

Three Dimensions

While the lack of crowded objects and uncluttered background of many underwater
scenes lends to the ability to perform two-dimensional object location described in
Chapter [3] the inclusion of distance in human-robot communication through pointing
improves the ability to detect specific objects located in the direction of pointing when
multiple objects are in the scene. Underwater distance estimation overall is a challenging
problem as significant distortions of incident visual light and optical attenuation nega-
tively impact traditional distance estimation methods (see Fig. for an example dense
disparity map from an underwater diver scene) and sensors such as light-wave based
Time-of-Flight RGB-D cameras become significantly impacted. These limits mean that
computer vision techniques used terrestrially must be adapted to provide useful distance
information underwater. In our work, we mitigate some challenges of dense stereo re-
construction by introducing the use of a human pose estimator to obtain body joints to
use them as relevant corresponding points in a stereo pair (e.g., in [38]). Distance from
the diver to the AUV can then be found through the use of sparse stereo triangulation
(See Section [4.1.2).

In this work, we significantly improve two-dimensional Diver Interest via Pointing [8]
by combining pose-based gesture recognition with underwater stereo distance informa-

tion to create the Diver Interest via Pointing in Three Dimensions (DIP-3D) algorithm.

28
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Figure 4.1: Experimental scene of a closed-water test from two view points. Two
potential objects of interest are in the scene and a diver points forward to the red
cylindrical object. Through the use of DIP-3D, the Aqua AUV is able to locate the

correct object.

DIP-3D gives AUVs the ability to determine the position of an object pointed to by a
diver in three dimensions (See Fig. [£.1). The contribution of this work is a modular
visual framework for AUVs to determine the position of an object of interest pointed at
by a human diver when there are multiple objects in the scene. We leverage 2D human
body pose and object detection as well as sparse stereo reconstruction to provide scene
distance information of an AUV to achieve this goal. We also provide evaluations in the

form of a human study and closed-water experiments.

4.1 Methodology

To find objects of interest pointed to by a diver in 3D, we first determine the diver
pose and potential objects of interest in two-dimensional image space (x,y). Next,
we perform sparse stereo triangulation to extract the corresponding three-dimensional
points, (x,y, z) so that we may extend a pointing vector and locate the nearest object.
Finally, we recover the (x,y) coordinates of the object of interest so that a controller in
image space can be used by the AUV to move towards the object. A schematic of the
DIP-3D algorithm can be seen in Fig. We make the following assumptions:

e The stereo camera has been calibrated.

e The diver is situated in a pointing pose.
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DIP-3D
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Figure 4.2: Schematic diagram of the DIP-3D algorithm. Utilizing both the left and
right images from the robot’s stereo camera, we estimate 2D locations of both the human
pose keypoints and candidate objects of interest. We then reproject these keypoints to
3D, where we discern the object of interest. Finally, we recover the object of interest
in the 2D image plane for our visual servo control scheme. Colors in the diagram are

coordinated with colors in Section

e The diver is pointing with their right arm, not pointing in front of or cross-body.

The algorithm can be easily modified to use the left arm.

e The object of interest is present in both stereo pairs.

4.1.1 2D Diver Pose Estimation and Objects of Interest

Keypoint pose estimation of divers is an open problem both in 2D and 3D. We choose
to begin in 2D, as there has been previous work with the use of 2D pose estimation and
U-HRI. As pose estimation is challenging, we minimize the number of body keypoints
needed for our algorithm so that incorrect detections of unessential body parts will
not inhibit use. We use the wrist, elbow, and shoulder as our keypoints. While only
the wrist and elbow keypoints are required for pointing vector extension, we include
the shoulder to filter infeasible 3D body poses caused by the challenge of underwater
distance estimation.

Let pose_ 2D define a set of 2D pose keypoints in image coordinates for an image
of width W and height H which can be written for both the left and right stereo pairs

as

pose—leeft,right = {(xwu yw)7 (l‘ev ye), (xsa ys)}a

where z,y € [0, W] x [0,H], w, e, and s denote wrist, elbow, and shoulder, respectively.
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Assuming a pose has been detected in both the left and right camera images, we proceed
to identify potential objects of interest. Similar to [8], we mask a portion of the images
to prevent detection of objects within infeasible regions, based on our assumptions. We
mask the images from top to bottom, beginning at a constant distance from the right
of the wrist to the left side of the image. We discard the region including the diver and
anything to the left of the diver.

In principle, the object detection method depends on the actual mission given to
the AUV and should be modified accordingly e.g., trash, coral, or artifact detection.
For this work, since there is generally little background variation in the scene, and only
salient features remain after masking, we use the low-level feature extractor SIFT [70]
for our detector. To find matching keypoints between the images, we use brute force
k-nearest neighbors matching. After finding keypoint matches, we use Lowe’s ratio test
as described in [70] with an empirically determined ratio of 0.3 to discard features with
poor matches. Let the candidate objects in the left and right images after filtering and

masking be

Obj72Dleft,right = {(an yO)a ey (xn’ yn)}a

where n denotes the number of candidate objects. We assemble the detected pose

keypoints into a single set for each image as

ket = {pose_2Dief, 0bj 2D }

kright = {posef2Dright ) Ob.? 72Dright } .

To discriminate between potential objects appearing at a different distance with respect
to the AUV, we reproject these points to 3D space to identify the intended object of

interest.

4.1.2 Sparse Stereo Triangulation

Typical stereo correspondence algorithms such as Block Matching and Semi-Global
Block Matching (SGBM) [1I] algorithms rely on a cost function for computing stereo
correspondence. This cost function is used to find the best match location between stereo

image pairs for each pixel location. Effectively, the minimum cost matching location
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is chosen as the pixel match. While this works in the terrestrial domain, particularly
in highly salient feature regions, computing this cost in the underwater domain leads
to mismatches in correspondences. Fig. demonstrates an example disparity map
output utilizing an OpenCV [76] implementation of the SGBM algorithm. Notice the
inconsistencies in illuminated pixels across the disparity map. This indicates that the
algorithm finds many mismatches in corresponding pixels.

The accuracy of the pointing methodology in this work is highly coupled to precise
distance estimation. To mitigate the challenges we see with dense stereo reconstruction,
we first predict the diver pose and objects of interest in the camera left and right
camera images. We then triangulate the camera frame’s three-dimensional pose using
these body pose and object keypoints alone and not the entire scene. This process works
as follows.

Let (xieft, Yieft) be the set of detected pose keypoints in the camera left image plane,
and let (Zyight, Yright) be the detected set of keypoints in the camera right image. Assum-
ing the images have been rectified using calibrated camera parameters so their epipolar
lines are parallel, then we compute the disparity D; between the detected values in the
horizontal coordinate e, and xyight as
fB

7 (4.1)

D; = [Tiefy — Tright]i =

where f is the left image dominate camera focal length, B is the baseline, and Z;
is the distance to the pose keypoint ¢ in camera frame coordinates. We recover the
xy-coordinates for pose keypoints and objects using the reprojection matrix [76] with

respect to the left image plane coordinates.

(x] [1 0 o e | (2]
Y _ 0 1 0 —Cy Yieft (4.2)
z 00 0 —f D
w 00 —1/Ty (co—c)/To| | 1

Here, T is the translation component in the x-direction that translates from the left to
the right image plane, ¢, and ¢, are the principal point components in the left image
plane, and et g the x-component of the principal point in the right image plane. We

recover the camera frame three-dimensional locations using Eq. scaled with respect
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to the homogeneous coordinates as (z,y,z) = (X/ W, Y /W Z/W).
After performing sparse stereo triangulation, we have the set of locations in 3D with

respect to the left camera image. We define the three-dimensional pose locations as

pose 3D = {(.CCw, Yw, Zw)y (xev Ye, Z@)? (5557 Ys, Zs}v

where (,y, z) € R, and candidate object locations as

Obj*?’D = {(:1:07 Yo, ZO)a ceey («’Emym Z?’L}a

where n is again the number of candidate objects found in 2D space. It is important
to note that these 3D values are with respect to the camera frame and not a global
or world frame. Using this information, we can filter the three-dimensional points to
assist in limiting or removing incorrect information for the AUV to act upon. We limit
the difference in z values between the wrist and elbow (mean = 0.254) and elbow and
shoulder (mean = 0.377) as we empirically determine the value should never be larger

than 0.5. We also filter for invalid disparity computations which result in z = 4oc0.

4.1.3 Choosing the Correct Object

We are now left with reasonable 3D locations for the diver’s elbow and wrist along with
potential objects of interest based on the AUV’s left image. Let w = (2, Yuw, 2w) define
the vector coordinates of the wrist keypoint, € = (z¢, Ye, 2¢) define the elbow keypoint,
and o; = (z;,y;, z;i) define candidate object location, where i € [1,n].

We are now left with reasonable 3D locations for the diver’s elbow and wrist, along
with potential objects of interest based on the AUV’s left image. Let w = (2w, Yw, 2w)
define the vector coordinates of the wrist keypoint, e = (x¢, Ye, z¢) define the elbow
keypoint, and o; = (x;,¥i, %) define candidate object location, where ¢ € [1,n|. In
order to determine the most probable object of interest, we first project a line ext in
the direction extending from the elbow, through the wrist, and towards the direction of
pointing as

ext = w + s+ (w —e), (4.3)

where s¢ is a scaling factor that can be modified as needed. We use an empirically

determined scaling factor sy = 3, as 3 meters is the approximate distance between the
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Aqua AUV 2 Diver arm

(0; — ext) x (w,— ext =
j w

(w — ext)

Figure 4.3: In the frame of reference of the robot’s camera, we extend the line from the
elbow to the wrist. Then we use 3D geometry to compute the perpendicular distance

D between each candidate object and the extended pointing line.

camera frame origin and the wrist point. This ensures the extension line intersects the
zy-plane, which ensures we can recover objects that appear in the foreground of the
robot’s image plane.

To find the object of interest, we find the object o] € obj_3.D that minimizes the
perpendicular distance D; between the object and the line that connects the extension

and wrist. This process is demonstrated in Fig. From 3D geometry, we know

D, — |(0; — ext) x (w — ext)||2

4.4
lw — ext||2 (4.4)

We recover the 2D object location using the index of the minimum object distance, as

AUV control methods often use 2D image coordinates.

4.2 Experimental Setup and Evaluations

The objective of DIP-3D is to allow an AUV to determine the direction and location
of an object of interest to a diver in three dimensions. As there is no existing research
to benchmark against, we measure the efficacy of our method through two different
evaluations. A human survey provides both a reference for difficulty of determining a

3-dimensional location using two-dimensional images and comparing the results of our
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Figure 4.4: Selected images from the human survey. Projected annotations are shown

in yellow, and DIP-3D results in purple. Images enhanced and cropped for readability.

method to what a human assesses to be the object of interest. Additionally, a directional
evaluation validates our method to allow an AUV to locate an object in the direction
a diver is pointing. We perform directional evaluations in both closed-water (pool) and

open-water (sea) environments to show validity for real-world applications.

4.2.1 DIP-3D and Human-based Target Location Correlation

A human survey was performed to provide a reference on the difficulty of locating an
object in 3D space given a 2D image. Ten images were chosen in which DIP-3D accu-
rately identified an object in the direction the diver was pointing. Each image includes
a pointing diver and the potential objects. Nine participants were asked to draw a four-
sided bounding box on the RGB color image where they believed the diver was pointing.
Post-processing allows us to project the centroid of the bounding box to the same frame
of reference as the 2D-detected object found by our algorithm. The average pixel dis-
tance from the annotated centroid to our result is 45.9 + 60.28 pixels. An example of
the rectified image results is shown in Fig. [£.4] in which purple marks the predicted ob-
ject and yellow marks the human annotations. As can be seen, the added dimension of
distance perception assists greatly in locating the result of a pointing gesture.Table [4.]
provides a closer look at the results of this survey, including a breakdown by image and
participant of the distance from the human annotation and DIP-3D resulting detection.

Fig. [4.5] provides all visual results of the survey.
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Table 4.1: A comparison of all results from the DIP-3D human study. Euclidean distance

from the DIP-3D detected point to the human annotation is shown in pixels. Yellow

boxes note the annotations that were farther from the detected point, blue denotes

annotations near the detected point.

P1° P2 P3 P4
Image 1
26.79 88.15
Image 2
9.54 84.37
Image 3
88.72
Image 4
56.09 46.99
Image 5
60.52 = 105.16
Image 6
Image 7
. 328.67
Image 8
39.21
Image 9
21.99
Image 10
11.24
Error® 33.47+| 94.48+| 26.71%+| 25.2+

26.15 | 87.21 2299 | 21.21

96.65

Error®

49.58+
20.73
43.3+
24.19
34.37+
26.94
126.7+
103.29
55.19+
29.82
44.83+
59.12
42.57+
101.17
15.05+
10.02
33.79+
14.29
13.57+
8.84
45.9+
60.28

@ P refers to participant identification number. We utilize this shorthand for brevity.

® Errors are reported in mean+standard deviation format in pixel units.
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Image 8 Image 9 Imagel0

Images rotated due to rectification

Figure 4.5: Images from the human survey. Projected annotations are shown in yellow,

DIP-3D results in purple. Images are enhanced and cropped for readability.
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Aqua AUV X

Figure 4.6: Top view of the on-robot experimental setup. A track line with meter
markings was positioned along the center line between two lane markers. The human

was positioned along the right lane line from the robot’s perspective.

4.2.2 Directional Evaluation Setup

There are several challenges in evaluating the algorithm for accuracy of pointing direc-
tion: 1. Obtaining precise ground truth measurements underwater for object locations is
challenging due to the constant relative motion of the robot, diver, and object, 2. Mul-
tiple objects must be located within the AUV’s image space while the diver is pointing,
with the approximate locations of these objects in relation to each other known as well,
and 3. The direction the diver is pointing during the data collection phase must be
known, as it can be difficult to determine the pointing locations a posteriori in the
resulting images.

To minimize the above challenges, we utilized a partially instrumented setup, where
a track line with numbered placards using fishing floats to assist with visibility was laid
straight on the bottom (shown in Fig. between two lane markers in a closed-water
environment). The track line delineated meter distances from the robot to objects of
interest, showing an approximate distance from the diver to the AUV’s camera. Fig[4.7]
provides a side-by-side view of the two directional evaluation setups and the differences
of water conditions.

Proper calibration has drastic effects on the quality of 3D reconstruction [77, [78] as
well, so we collected ample calibration data and ran in situ calibration of our stereo

cameras. With this information, we now show that the AUV can discern the direction
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Figure 4.7: Experimental setup of the closed and open-water direction evaluations. DIP-

3D is used to determine which yellow tag the diver is pointing towards.

(near or far) of the object of interest from the AUV.

Images for both evaluations were recorded in a ROS [73] bagfile and extracted as
image pairs with an image size of 1600 x 1200 pixels. Image pairs with the desired
object, pointing diver, and at least one detected feature in the frame were retained. It
was not necessary for a possible feature to exist on or near the desired target in the
images. During the recording of the bag file, each pose and object location was held
for approximately 6 seconds. The quality of pose estimation and feature detection in
the stereo pair varies by the distance from the AUV, so the number of valid pairs of
detected objects in each location varies.

The images were rectified, and each of the number placards 1, 2, and 3 were anno-
tated with a 2D point. The evaluated distance from the AUV to the diver and object is
limited by the detection results on the rectified images (i.e., the pose of the diver was
undetectable farther than 3 meters in the closed-water and 2 meters in the open-water
evaluation from the AUV). Thus, distances further than 3 and 2 meters, respectively,

while gathered and tested for validity, are not included in this evaluation.

4.2.3 DIP-3D Directional Closed-Water Results

Fig. shows a breakdown of the count of times the location of the ‘closest object’ was
nearest to the intended target. The closer the object and diver to the AUV, the more
accurate the results. The inaccuracies in the farther distance are due to a combination of
a lack of potential objects near the target as well as a lack of defined poses for the diver.
This is especially clear when both the person and object are located about 3 meters from

the AUV, where a total of only 11 images in which a pose and at least one object were
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Figure 4.8: Relative frequency that DIP-3D predicts the ground truth object at which
the person is pointing during the closed-water testing. Locations given in subcaptions,

purple bars indicate the correct object, yellow indicates other objects.

Table 4.2: Closed-water Evaluation: Euclidean distance error between ground truth

labels and predicted object locations when correct object location matches predicted.

Pointing at
Object 1

Pointing at
Object 2

Pointing at
Object 3

Error® (pixels)

Person Position 2 65.1 £ 68.5 (24)

Person Position 2 -

141.94122.34 (42)
116.7+153.03 (16)

188.59 & 144.4 (7)
87.47 £ 32.64 (9)

121.13 £ 117.77
106.18 £ 124.77

65.1 +68.5

134.95 + 132

131.71 +110.62

117.31 £ 119.77

Error® (pixels)

b Errors are reported in meanstandard deviation (observation count) format in pixel units.

found. Table shows the total Euclidean distance error between the located object
and the ground truth label when the predicted object is the closest. When the pointing
direction and the nearest object are in agreement, the average distance in pixels between
the two is 117.31 4 119.77, or about 10% of the image height of a 1600 x 1200 pixel
image. Samples of the images used for this evaluation can be found in Fig. Yellow
denotes ground truth points, white points denote all potential features. The sparsity
of matching features can be seen in the foreground of Fig. We also include a 2D
projection of the 3D pointing direction as the green line segment to show that the object

chosen is in the direction of the pointing gesture.
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Figure 4.9: Two examples of images from the DIP-3D closed-water distance evaluation,
the diver is pointing away from and then towards the AUV, where DIP-3D is able to
accurately locate the direction of the point. Green vector denotes the pointing direction
projected to 2D space and white points denote other potential objects. Images enhanced

to aid visibility, best seen at 150% zoom.

4.2.4 DIP-3D Directional Open-Water Results

To provide continuity, data collection for this evaluation follows the same guidelines as
the closed-water evaluation. We note that although each pose was ‘held’ for about 6
seconds, movement of the submerged diver and robot due to natural currents and swells
caused timing and station-keeping measurements to be less precise.

Fig. again shows a breakdown of the count of times the location of the ‘closest
object’” was nearest to the intended target in the sea environment. When both the
diver and object of interest are within about 2 meters of the AUV, the correct object
is located the majority of the time, even in challenging situations such as Fig.
where the target is barely in frame. Limited by poor visibility due in part to turbidity,
the human pose estimator failed to find corresponding points in both left and right
images past the 2 meter marker and the feature detector was unable to locate many
corresponding features on the 3 meter marker. Overall, DIP-3D performs accurately
when within a reasonable distance to the AUV. We present the total Euclidean distance

error for our open-water evaluation in Table [£.3] with the average distance between the



42

12.0 8.0 250

10.0 701 20.0 17.5
6.0 15.0
8.0-

6.0 4.0- 10.0

3.0 10.0 75
4.0- 10.0
20- 60% 40% 0% 20- 33% 67% 0% 501 62% 33% 5% 5.0 59% 38% 3% 5.0 2% 75% 22%
12 8 [} v a 8 [ bol 2413 2 21200 13 1 vol 1 30 9
Object 1 Object 2 Object 3 Object 1 Object 2 Object 3 " Object 1 Object 2 Object 3 " Object1 Object 2 Object 3 " Object 1 Object 2 Object 3
(a) Person (b) Person (¢) Person (d) Person (e) Person
Position 1, Position 1, Position 1, Position 2, Position 2,
Pointing at Pointing at Pointing at Pointing at Pointing at
Object 1 Object 2 Object 3 Object 1 Object 2

Figure 4.10: Relative frequency that DIP-3D predicts the ground truth object at which
the person is pointing during the in-water testing. Locations given in subcaptions,

purple bars indicate the correct object, yellow indicates other objects.

Table 4.3: Closed-water Evaluation: Euclidean distance error between ground truth

labels and predicted object locations when correct object location matches predicted.

Pointing at Pointing at Pointing at Error® (pixels)
Object 1 Object 2 Object 3
Person Position 1 | 119.74+84.27(12) | 61.28 + 12.8(8) 57.78 + 2.86(2) 92.85 + 69.3
Person Position 2 | 123.13 + 33.67(20) 31.27 +29.7(30) - 68.01 £ 54.84
Error® (pixels) 121.86 + 58.09 37.59 + 29.67 57.78 + 2.86 75.6 £ 60.72

b Errors are reported in meanstandard deviation (observation count) format in pixel units.

correct nearest object and annotation being 75.6 4+ 60.72 pixels, or about 6% of the
image height of a 1600 x 1200 pixel image. Fig. shows two examples of resulting
images from this open-water evaluation. The closest object to the pointing vector is in
purple while other ‘objects’ are in white, human pose estimation in blue, annotations in
yellow, and a 2D representation of the pointing vector is in green. Fig shows the
importance of the inclusion of the distance dimension as the 2D pointing vector results

much closer to tag 2 rather than the correctly chosen tag 1.
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(a) (b)

Figure 4.11: Images from the DIP-3D open-water distance evaluation, the diver is point-
ing towards the AUV then straight to the side. DIP-3D is able to accurately locate the

direction of each point. Images are best seen at 150% zoom.

4.2.5 Runtime

With the current experimental setup, using Mediapipe Pose as the backbone along with
the SIFT algorithm, DIP-3D runs at 0.857 fps on an Intel™ i7-6700 CPU, which is
acceptable for AUV operations. For each pair of images, both Mediapipe and SIFT run

twice, once on each image.

4.3 Challenges

As seen in the bench experiments, we are limited in distance by the accuracy of stereo
reconstruction. It is possible that using a wider camera baseline would improve distance
results, however, that presents different logistical challenges, particularly in the dimen-
sions of the companion AUV. A further challenge is the detection of an incorrect pose
of a diver when they are pointing in front of or cross-body as an incorrect detection will
lead to an incorrect pointing location. However, to improve this, the pose estimator

itself would need to be greatly improved.
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4.4 Conclusion

In this work, we introduce DIP-3D, a modular approach exploiting diver pose infor-
mation and stereo-visual scene distance information to direct an AUV to a three-
dimensional location of interest. Although the use of 3D algorithms in the underwater
environment presents many unique challenges, we show through field validations and
human assessments that an AUV is able to locate a chosen object in the direction the
diver is pointing when multiple objects are in the field of view. When the diver is
within mission-specific distance of the AUV, it is highly likely that the direction esti-
mated through sparse stereo triangulation agrees with the direction the diver is pointing.
The following chapter, Chapter [5], incorporates the use of diver hand gestures with the
previously described methods of locating an object of interest to a diver in order to
create a more flexible and situation-dependent communication system between divers

and AUVs, allowing a diver to assign a task as needed based on the object of interest.



Chapter 5

Semantic Pointing for Diver-AUV

Communication

The previous two chapters (Chapter |3, Chapter [4]) provide methods to indicate to an
AUV the location of an object that is of interest to the diver. Chapter [3] describes the
DIP algorithm, which shows that in the feature-sparse underwater environment, the use
of a human pose estimator in conjunction with a single camera is sufficient to create a
2D area of interest from which an AUV can detect an object of interest. Chapter
DIP-3D, augments the general premise of pointing to direct an AUV when multiple
objects are in the AUV’s view by including the distance dimension, i.e., whether the
diver is pointing towards or away from the AUV, to locate an object in the 3-dimensional
direction of the pointing gesture. These methods are essential to the task-based diver
to AUV communication, however as stand-alone communication methods they are still
limited to a single pre-determined task such as picking up or taking a close-up video of
the object. Most current other methods for the use of pointing gestures (Section
also rely upon a single specific objective, such as providing a landing location for a drone
or picking up an object.

However, in real-world use cases in which AUVs work with divers, such as biological
monitoring or infrastructure inspection, it is highly likely that depending on a specific

object type, the AUV interaction will change. When we, as humans, utilize a pointing
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]

Figure 5.1: Demonstration of the SPOC communication method in the Caribbean Sea.
The LoCO AUV has located the object of interest (yellow box) and received instruction
from the diver in the first image. The red light on the AUV in the second image means

it received the task “Take a Picture”.

gesture to communicate with each other, we often include some form of verbal or con-
textual input that will allow another person to understand why we are pointing at an
object. As an abstract example, in a biological monitoring situation, there may be mul-
tiple objectives for a single dive, such as taking close-up images of an invasive species in
the habitat as well as collecting a sample. The diver collaborating with the AUV needs
an easily usable method to assign a task in-situ. Fig. [5.1] shows a diver pointing to an
object the AUV should interact with. The diver is making a specialized hand gesture
to inform the AUV that the task objective is to take a picture of the object.

In this chapter, we introduce an additional component to task-based communica-
tion through pointing, which provides necessary adaptivity for tasks to be allocated
as needed. We propose Semantic POinting for Communication (SPOC), the use of
semantics through a library of hand gestures that instruct the AUV on the operation it
will be performing upon an identified object. In addition, the AUV provides feedback
to the diver of the action that will be taken. Designed to be integrated with methods
such as DIP and DIP-3D for a full communication system, SPOC is made up of three

modules:

1. Module 1 identifies where the diver is pointing and locates the object of interest
to the diver (DIP or DIP-3D).

2. Module 2 recognizes a hand gesture made by the diver to assign the AUV a task
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to perform relating to that object.

3. Module 3 provides feedback from the AUV to the diver through LED devices,
known as the HREyes [2] system.

In this chapter, we present the second and third modules of the SPOC communication
system. For the second module, we create a pointing-based gesture dataset and exploit
instance segmentation to extract the diver’s hand and classify the extracted segmen-
tation. The third module uses the results of the classified segmentation to notify the
diver which task has been assigned through the use of HREyes. Ultimately, we integrate
these modules with DIP to provide a flexible communication system. A diver is then
able to assign the AUV a task based on objects that are discovered during a mission.
Specifically, we discuss dataset creation, provide results of training multiple State-of-
the-Art object detection and instance segmentation models on the dataset, describe the
integration of the HREyes. We validate the full system as it runs fully onboard the
LoCO [12] AUV to provide working demonstrations of the full SPOC communication

method in both pool and sea environments.

5.1 Method

The SPOC method is made up of three main components; the first is the module
that determines where the diver is pointing and locates an object of interest in that
direction (Chapters while the second communicates to the AUV the action that
should be taken relating to the identified object. The third module provides feedback
to the diver about the action the AUV will be taking. Fig. [5.8 provides an overview
of the SPOC communication method. This chapter provides detailed information on
the second module, task assignment, and includes creation of a pointing and task-based
dataset and methods for gesture recognition as well as the integration of HREyes in
the third module to provide feedback from the AUV to the Diver. Additionally, we
present the details of the fully integrated system as used in the validation demonstrations
onboard the LoCO AUV [12].
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(a) General Point (b) Go Here (c) Pick Up (d) Take a Picture

Figure 5.2: Sample hand positions for each of the gestures included in our dataset.

Images courtesy of Luoyao Chen.

5.1.1 Task-Oriented Gesture Dataset and Gesture Recognition

We first introduce the SPOC pointing gesture dataset. While other gestural languages
such as CADDY [51] provide both direction (left and right) pointing hand gestures
and communication gestures such as take a picture, our intent with the hand gesture
communication is to seamlessly integrate with a pointing gesture to provide necessary
information to an AUV with little additional cognitive load on the diver. These gestures,
determined by Walker in [27] and presented in Fig. include the following aspects:

e They use a single hand and fingers “point” in some manner, thus integrate with

a full-armed pointing gesture.

e The gestures are visually separable, each using different hand and finger configu-

rations, and gestures can be made in any direction.

e The gestures relate to semantics, i.e., “Pick Up” visualizes a gripper and “Take a

Picture” relating to English slang shoot a picture.

e Finally, the gestures relate to a task that an AUV may need to perform with
respect to the object being pointed at.

Additionally, unlike the gesture communication systems described in Section [2.I] where
the diver and AUV are assumed to be in close proximity, the gestures for SPOC must
be unique enough to be recognized, without additional gear, at the distance a pointing

gesture would be considered useful; the diver must have enough distance from the
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AUV that both diver and intended object are able to exist in the AUV’s view. Our
demonstrations occur within a range of distances about 3 to 6 meters between AUV
and diver.

Fig. represents a general pointing gesture with the index finger pointing out-
wards and the rest of the fingers and thumb curled inward to the palm. The second
(Fig. , in which all fingers are extended and held together represent “Go Here”,
with the intent the AUV should move to the object or location. Fig. is “Take a
Picture”, the index finger is extended similar to the general point while the thumb is
also extended at a right angle to the index finger. The final gesture (Fig. de-
notes “Pick Up” with the intent the AUV will maneuver towards and then pick up the
indicated object.

We have compiled an annotated dataset of 6,500 images containing pointing divers
or submerged swimmers. As much of our preliminary testing of algorithms occurs within
a closed pool environment, 5,500 images are from the pool setting. As we intend for
this research to assist in real-world situations, we also include 1,000 images from data
we collected off the coast of Barbados in the Caribbean Sea. Each image contains a
single diver making a pointing gesture with the right hand. As can be seen in Fig. [5.3
a variety of swimwear and SCUBA gear is represented. In addition, to capture data
that will be most similar to that found for AUV use, we include common challenging
situations in the dataset, including light refraction and color absorption. As movement
between the diver and AUV is expected, images containing lack of distinct boundaries
between hand and background due to motion blur are also included (See Fig. [5.4)).

DIP or DIP-3D, which both use Mediapipe [42] to locate the joints necessary for
pointing, are implemented as the first module. Although the use of pose estimation to
recognize the semantic gestures would prevent the necessity of using additional deep
methods in our system, joints of the hand are difficult to locate underwater at distance
from the AUV as can be seen in Fig. Notice all finger joints are located in the
palm of the hand. For this reason, pixel-level annotation was chosen to provide an
opportunity to evaluate both instance segmentation and object detection models that
could be used to recognize the hand gesture. As the appearance of each gesture varies
greatly depending on the relation of the location of the diver, AUV, and object, we chose

to provide a “Forward” label for images where the gesture is pointing directly toward
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General Point Go Here Pick Up Take A Picture

Figure 5.3: Samples of the dataset for semantic pointing for communication. The

categories for gestures include: General Point, Go Here, Pick Up, and Take a Picture.
The top row shows images where hand gestures are clearly seen pointing to the left

or right of the diver. The bottom row is the case where the diver is pointing straight

ahead.

Motion Blur Light Reflection Color Absorption Shadow
and Distortion (Finger boundary)

Figure 5.4: Examples of challenging images to annotate from the SPOC gesture dataset.
In all images the pixel-level boundary between the hand and background is indistinct.

Images have been cropped to the gesture and enlarged.



Figure 5.5: A sample image from the SPOC demonstration illustrates the necessity for
use of a method other than human pose estimation to recognize a hand gesture. Body
joint locations for the thumb, index, and pinky fingers on the right hand are all located

in the palm with the use of Mediapipe.

the camera as a distinct object subcategory. While treated as a separate class during the
training of models, they are not treated as separate during downstream tasks. Fig.
shows samples from our dataset of both the underwater images and their corresponding
annotated masks, with the top row representing left and right facing pointing gestures
and the bottom row the corresponding “forward” direction. The difference in gesture
mask shape can be clearly seen. For the challenging scenarios, the best effort was put
to annotate the hand, however due to the nature of the challenges the masks cannot be
exact. Although we utilize pixel level annotations, our objective is to determine solely
which gesture is being performed, not locate the pixels in the image where the gesture
exists.

With many recent advances in object detection and image segmentation, we train
and evaluate multiple methods of instance segmentation and object detection with our
dataset to recognize the hand gesture. As our goal is to recognize the gesture, the
specific model and even choice of detection or segmentation is irrelevant other than to
determine the gesture more accurately. In all cases, to fit with the end goal of integration
with DIP, recognition should rely on a single RGB image. While our implementation
of SPOC in the demonstrations use YOLACT [3] with a Darknet-53 backbone, this
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Figure 5.6: The LoCO AUV using HREyes to communicate that it will follow the diver

using the luceme follow you [2].

is easily substituted as mobile GPUs and detection or segmentation methods improve.
Section provides evaluation of a variety of segmentation and detection models along
with rationale for our use of the YOLACT Darknet-53 model.

5.1.2 AUV Feedback of Task Assignment

To provide feedback to the diver of which task has been assigned we use HREyes [2], a
biomimetic LED device, which has been installed on the LoCO AUV for AUV-to-diver
communication. Initially designed to communicate through lucemes, sequences of lights
with specific semantic meanings (See Fig. , we are able to integrate our gesture
library to provide responses to detected hand gestures. The HREyes are composed of
LED diodes mapped to tuples with four values (red, green, blue, alpha) allowing us to
map each task in our gesture dataset to a specific color. The color mappings for our
demonstrations are: blue to “General Point”, green to “Go Here”, yellow to “Pick Up”
and red to “Take a Picture”. Fig. presents samples of the HREye feedback system
with detected gestures from our task-oriented gesture dataset. Although the HREyes
are installed in both of the LoCO’s enclosures, we utilize only the left HREye as light

reflection from the acrylic shell is recorded with the camera, providing unnecessary
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General Point: Go Here: Pick Up: Take Picture:
Blue Green Yellow Red

Figure 5.7: Demonstration of AUV feedback to the diver using LED light signals. Each
light color is assigned to a specific task, as listed in the figure. Demonstration is provided

in the Caribbean Sea.

challenges to detection of gestures and object tracking, performed on images taken from

the camera in LoCO’s right enclosure.

5.1.3 SPOC Full System Integration

The SPOC communication system is designed to locate an object of interest to the diver
and then instruct the AUV on a specific action to take with relation to that object.
As such, all of SPOC’s modules must operate completely onboard the AUV. Fig.
presents the communication system in entirety. The system is entirely modular and can
be updated as software improvements are made or as needed for hardware constraints.
Our demonstration of SPOC is performed on the LoCO AUV and guides design

requirements in this section. These requirements include:

e All perception must use monocular vision from a lowlight camera, thus Module 1

uses DIP rather than DIP-3D as our object locator.

e All computation is performed on an NVIDIA Jetson TX2s. Deep networks do not
run simultaneously and are selected because of their ability to run on embedded

devices.
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SPOC

Downstream
Module 2 Robot Behavior

(Gesture Recognition)
. Module 1 Module 3
N . (DIP/ DIP-3D) Object g Detect Assigned (AUV Feedback)
Pointing Diver Location sy Gesture Task |
o ~
|

Figure 5.8: Schematic diagram of the SPOC communication system. Module 1 locates
an object of interest to the diver through either the DIP or DIP-3D algorithm. Once an
object is located, Module 2 uses gesture recognition to determine which task should be
performed. Finally, the task information is passed to Module 3 which provides feedback
to the diver that a task has been assigned. The object location and task information

are also passed to downstream AUV behavior.

e Robot Operating System [73] (ROS1) publisher and subscriber system is used to

interface between modules.

e HREyes [2] installed in the front of LoCO AUV’s enclosures are used for the AUV
to provide feedback to the diver.

The overall SPOC communication system is designed around ROS1’s publisher and
subscriber system to prevent multiple deep networks from running at the same time.
Consecutive modules wait for required information to be passed from the previous mod-
ule and then begin designated activity. SPOC begins with a pointing diver and object of
interest within an AUV’s image frame. Images are passed through the first module, DIP,
until an object is located. The object’s location is then published initiating the second
module, task assignment through hand gesture recognition. Once the hand gesture has
been recognized, the class information for the gesture is published and then subscribed
to by the HREye interface. The class is then mapped to the appropriate color and
displayed by the HREye, thus completing the SPOC communication system. Although
out of the scope of this project in addition to mapping the task to AUV feedback, the
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task library would be mapped to AUV controls systems which, using the located object

from module one as a target, would perform the task assigned.

5.2 Evaluation and Demonstrations

In this section we provide multiple evaluations for the SPOC communication method,
focusing on the second module, gesture recognition, and overall system. Evaluations for
the first module using DIP are found in Section We first provide information used
in the concept of building of the SPOC gesture recognition module and preliminary
results from a subset of the final gesture dataset. We then evaluate multiple methods of
instance segmentation and bounding box detection to recognize the hand gesture and
provide rationale for our choice of model for demonstrations of the SPOC communication
system. We emphasize that the goal is to correctly identify the gesture, locating

exact boundaries of the gesture or bounding box is secondary.

5.2.1 Preliminary Evaluation

Concept building and preliminary evaluations [79] for the underwater pointing-based
dataset and its utilization within the SPOC communication system were performed
with a subset of the final dataset. This dataset included 2974 training images and 524
validation images from the pool environment only and with fewer differences
in people performing the gestures. Multiple segmentation models were trained to
determine if gesture recognition at the distance from the AUV needed to be utilized for
SPOC was valid. Models trained include Mask R-CNN [80], U-Net [81], PSPNet [82],
and DeepLabV3 [83]. All models were trained with and without transfer learning.
Quantitative results of preliminary training using Dice Coefficient, which measures the
similarity between the ground truth and segmentation, and mean Average Precision as
metrics can be found in Table

Sample images as seen in Fig. show that many networks have difficulty creating
an outline of the hand accurately, or they define multiple gestures in a single image,
especially in the forward pointing gestures. Moving forward, therefore, we used in-
stance segmentation and bounding box detection rather than semantic segmentation,

allowing us to use classification scores to locate the single gesture in the image. We
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Figure 5.9: Preliminary visual segmentation results for semantic pointing for communi-
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Model Dice Coefficient | AP
Mask R-CNN
(Pre-trained) 92.9 92.1
Mask R-CNN 80.5 80.9
UNET
(Pre-trained) 92.7 94.2
UNET 93.2 94.3
PSPNet
(Pre-trained) 99.8 94.4
PSPNet 98.1 96.2
DeepLabV3
(Pre-trained) 99.8 98.6
DeepLabV3 98.5 97.1

Table 5.1: Preliminary results of segmentation model training for hand gesture recogni-
tion on a subset of the final dataset. Quantitative evaluation uses Dice coefficient and

Average Precision (AP). Higher scores are better for each metric.

also found that evaluations using images from the DIP application onboard the LoCO
AUV (Section required scale augmentation during training as the original training
had difficulty locating smaller gestures and that a vertical flip augmentation allows for
left-handed gestures to be recognized in the case that the diver is left-handed and DIP
is altered to the left side.

5.2.2 Evaluation of Gesture Recognition Models

As the overall goal of the second module is to recognize the hand gesture being per-
formed, we are able to train a variety of instance segmentation and object detection
models on our gesture dataset and choose the model that fits our needs. All models are
trained on the same train, validate, and test split from the gesture dataset and utilize
fine-tuning of models trained on the COCO dataset [84]. During training and evaluation
all models use augmentations of scaling down the image and mirroring the image to emu-
late divers that are further away or pointing with their left arms. Instance segmentation
models trained include YOLACT [3] with multiple (Darknet-53, Resnet-50, Resnet-101)
backbones and Mask R-CNN [80] with a Resnet-50 backbone. Detection-based models
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Model AP50 AP75 AP50-95
YOLACT (Darknet-53) 99.62  96.36 74.66
YOLACT (Resnet-50) 99.47  96.88 75.01

YOLACT (Resnet-101) 99.48  97.26 74.85
Mask R-CNN (Resnet-50) 92.86  79.83 64.38

Table 5.2: Performance comparison of instance segmentation models on SPOC’s gesture
recognition dataset. Average Precision is given for each trained model backbone. Higher

scores represent better results.

Model AP50 AP75 AP50-95
YOLACT (Darknet-53) 99.62 98.82 83.00
YOLACT (Resnet-50) 99.47  98.83 82.99
YOLACT (Resnet-101) 99.48  98.67 81.18

Faster R-CNN (Resnet-50)  88.28  63.49 57.26
Faster R-CNN (Resnet-101)  88.01  72.12 59.50
RetinaNet (Resnet-50) 93.96 66.25 59.94
YOLOv8 (Nano) 98.86  98.50 91.47

Table 5.3: Performance comparison of object detection models on SPOC’s gesture recog-
nition dataset. Average Precision is given for each trained model backbone. YOLACT
networks are the same weights as those trained with instance segmentation data. Higher

scores represent better results.

include Faster R-CNN [85] with Resnet-50 and Resnet-101 backbones, RetinaNet [66]
with a Resnet-50 backbone and YOLOvVS8 [86] Nano. Mask R-CNN, Faster R-CNN, and
RetinaNet are implemented through Detectron2 [87].

Average Precision (AP) scores for the segmentation models are located in Table
and AP scores for the detection models in Table In addition to returning a mask,
YOLACT (See Fig. also provides bounding box location of objects and thus is
included in the bounding box detector results as well.

YOLACT outperforms the majority of other detection and segmentation models,
excluding YOLOvS8 at AP50-95. As the results for these models are similar at AP50 and
APT5, either model could be reliably used for our purposes. As the YOLACT models
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Figure 5.10: YOLACT Architecture from Bolya, et al.[3].

are slightly higher we perform our system validation with this model, in particular
YOLACT with the Darknet-53 backbone. Ultimately, as we do not create our own
model to recognize gestures, future implementations of SPOC can easily be updated

with alternate detection models.

5.2.3 Validation Onboard the LoCO AUV

SPOC was deployed for validation onboard the LoCO AUV in both closed-water (pool)
and open-water (Caribbean Sea) environments. Once the communication system was
activated, the full system ran autonomously. In the pool demonstration a tether was
used to activate the system and monitor the results. However, the Caribbean Sea
demonstrations were run tetherless, without monitoring, and activated through the use
of fiducial markers [21I] shown to LoCO’s camera. In both sets of demonstrations the
SPOC communication system was used successfully three out of three times to locate
an object of interest to the diver, recognize the gesture performed, provide feedback of
the correct gesture to the diver through the HREye and move towards the object of
interest with the use of a Proportional-Integral-Derivative (PID) controller, simulating
the downstream task that would be performed upon the object. The top row of Fig.
shows the resulting images from AUV and diver view as SPOC moves through the
modules. The AUV was located 4 to 6 meters away from the object and diver at the
beginning of each demonstration. Fig. shows the respective images from the sea
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Module 1: Module 2: Module 3: AUV Behavior:
DIP (Object Location) Gesture Recognition AUV Feedback Move to Object

Figure 5.11: Demonstration of the SPOC communication system in a closed-water en-
vironment is shown in the top row and in the Caribbean Sea on the bottom row. The
object is located through DIP in the first module, the task is assigned in the second
module, and feedback is provided from the AUV to the diver in the third module.

demonstration on the bottom row. Exact distance between AUV and diver is difficult
to determine due to movement of diver and AUV, but they occurred within the smaller
end of the spectrum, about 3 to 4 meters. In all demonstrations, about 10 seconds
pass between the object location detection in Module 1 and detection of the gesture in
Module 2. As can be seen in the differences in the image where the detections occurred,
the AUV was able to detect all necessary components for the communication system
with more movement between the diver, object and AUV with the AUV being slightly

closer to the diver at the time the communication occurred.

5.3 Conclusions

This chapter presents a full communication system to provide an AUV the location
of an object as well as the task assigned to that object by a diver. In addition, the
AUV is able to provide feedback, so the diver is able to be sure the correct task will
be performed. Advantages of this system include being able to provide on site task
assignment in an environment that is very apt to change. This method also allows for

flexibility as unexpected task parameters may change during a dive, preventing prior
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programming from being effective. To do this we create a task-oriented gesture dataset
created to be utilized with pointing gestures, integrate a gesture recognition module
with a previously described pointing gesture communication method (Chapter [3)) and
AUV feedback model, and demonstrate the full system in both pool and sea environ-
ments onboard an AUV. As this is a vision-based system, it relies on the ability to
detect different elements in both module 2 and module 3. Challenges to this and other
underwater vision-based systems are often exacerbated by poor visibility. Chapter [f]
presents our investigation into task-based underwater image enhancement, an effort to
enhance AUV vision to improve the ability to use visual perception in a wider variety

of underwater scenarios.



Chapter 6
Task-Driven Image Enhancement

In this chapter, we present or investigation into the topic of task-based image enhance-
ment [10]. For many of the collaborative tasks mentioned throughout this dissertation,
visual perception is one of the preferred tools due to the availability of cameras and
their passive, energy-efficient sensing capabilities. However, due to environmental fac-
tors, such as turbidity and image distortions caused by light absorption, refraction, and
attenuation, the utility of visual sensing can be severely hampered. Recent work has
thus looked into underwater image enhancement techniques for marine computer vision
and has yielded promising results.

As mentioned in Section [2.4] enhancement techniques can be broadly classified into
two categories: those taking the classical approach and those using deep machine learn-
ing algorithms. The latter methods have seen a rapid rise recently, using both Con-
volutional Neural Networks (CNNs) [88] and Generative models, e.g., Generative Ad-
versarial Networks (GANs) [89] and Variational Autoencoders (VAEs) [90]. However,
the goal of these methods is usually to either alter the image to match in-air images
or improve general image quality, as determined by a human viewer, focusing solely
on image aesthetics. In addition, many of these methods are designed to be a part of
the post-processing of recorded images or video, in which case the real-time usability
is of less importance and therefore not prioritized during design. For use with marine
robotics, if the method fulfills the requirements necessary to be of use on-board an

AUV, the enhanced images can subsequently improve the performance of vision tasks

62



63
downstream, such as detection or tracking. However, in this approach, the improve-
ment in vision tasks is a by-product and not an integral component of the enhancement
algorithm. Thus, it is possible that general enhancement may not help or may even
hinder specific vision tasks, depending on task requirements and environmental effects.
As these AUVs in many circumstances work with a team of divers, the ability to detect,
track, and follow divers becomes an essential capability.

For underwater diver tracking, traditional methods and more recent tracking-by-
detection approaches have been successfully used. Islam et al. [I7], extending the Fourier
Tracker algorithm [91], uses frequency-domain motion signatures of divers as a ‘filtering’
criteria to identify tracks extracted using Hidden Markov Models [92]. Current methods
of visual diver detection and tracking include training state-of-the-art (SOTA) detec-
tion models on diver datasets (e.g., [93]) using CNN-based models [94] and tracking
algorithms that take into account diver motion (e.g., [95, 96]). As these methods are
dependent on the dataset used in training, there will be situations, such as due to envi-
ronmental factors (see Fig. , where the trained detector does not work adequately
without pre-processing or re-training. These are the cases, as explained above, where
it is shown that first using an image enhancement model and then performing diver
detection can improve results [60, 97]. Here, we attempt to improve diver detector
performance using a generative image enhancement model that incorporates
a detector’s feedback during the training stage. In other words, instead of re-
lying on generically-improved images, we specifically enhance images such that diver
detection is improved. Methods for integrating information, such as object location and
classification with GAN image enhancement, have been used for improving small-object
detection [98] [64] [65], [63], and reducing blurriness of images [99]. However, due to the
properties of the underwater environment and run-time requirements, the availability
of these models to work within the constraints of AUVs is unknown. As a basis for
the method we investigated, we attempt to build upon a network that has been shown
to have real-time use capabilities and incorporate a diver detector directly during the

training process. In summary, we make the following contributions in this chapter:

e We discuss a proposed method for improving diver detection through a Detection-
driven Underwater Image Enhancement GAN, which we refer to as DUnIE-

GAN. Rather than re-training an image detector for differing water environments,
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Figure 6.1: A few samples showing the gain in diver detection accuracy on the detection-
driven enhanced images (top row) compared to the raw images (bottom row) from our
first detector experiment. Their respective enhanced pixel differences (middle row)
show that the underlying image statistics in the foreground regions are improved, which

positively impacts the detection performance.

our model focuses on improving the images captured by the AUV before they are
sent to the diver detector. We do this through learning image-to-image translation
from a distorted to enhanced domain, while also making use of bounding box lo-
cations and classification information provided by a trained diver detection model

to guide the enhancement towards better detection results at inference time.

o We experimentally attempt to validate the positive effects of incorporating detec-
tion information into a GAN-based image enhancement model [4] in evaluations

with two different pre-trained diver detectors.

6.1 Methodology

As shown in Fig. [6.3] our proposed DUnIE-GAN model integrates a trained diver de-
tector with a GAN-based image enhancement model. Similar to the existing paired
learning-based models [4, [60], given a source domain X of distorted underwater images

and target domain Y, our goal is to learn a mapping for an image generator: G : X — Y.
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Figure 6.2: A few sample training pairs are shown; images on the top and bottom row

belong to the target domain and distorted domain, respectively.

However, rather than learning a map that perceptually enhances the resulting image,
our goal is to enhance the images in a way that focuses enhancement on the ability
to detect divers. It should be noted that the enhancement is learned on the
underlying image statistics guided by a specific diver detector’s feedback,
hence the resulting images may not appear perceptually enhanced. For this
research thread, we investigated the use of two diver detectors, both trained Single Shot
Detectors (SSD) [28] model with a MobileNet V2 backbone.

6.1.1 Data Preparation

Our supervised training dataset is prepared with the end goal of better diver detection
performance. Our training and ablation datasets utilize images containing single divers
in a variety of oceanic environments found in [93] and [94]. To limit the cases of no divers
being detected during training, we use the trained diver detector model to select images
in which the diver is detected with a minimum confidence score of 0.55. These images
are then distorted based on the standard style transfer method adopted in [4] to create
paired instances; some samples are shown in Fig. A second test set, made up of
randomly selected images from [93] and [94], is utilized for the generalized experiments.
Hand-labeled annotations of all images are used as ground truth bounding box data

both during the training process and experimental analyses.
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Figure 6.3: An outline of the proposed learning pipeline: we use the generator and
discriminator networks of a pre-trained FUnIE-GAN model [4] alongside a trained SSD-
based diver detector. Note that these modules can be replaced with any other image
enhancement and object detection models. In Sec. [6.2] we present results using results

of two different trained SSD-based diver detectors.

6.1.2 Overarching Model

Following the standard paired training pipelines of [60, 4], we use distorted images as
input to the generator. The generator then produces synthetic images, which are sent
to the discriminator to determine their validity. As mentioned earlier, the generator and
discriminator then play a min-max game to eventually learn the mapping G : X — Y.
In our model, in addition to the discriminator, the synthetic images are passed through
a trained diver detector to generate bounding boxes and classification scores. These are,

in turn, utilized in an additional detection-based objective function.

6.1.2.1 Generative Adversarial Network Architectures

The GAN portion of our model is based on the FUnIE-GAN [4] architecture. The
generator network follows the U-Net [81]-like encoder-decoder structure with an input

resolution of 256 x 256 x 3; the encoder eventually learns 256 feature-maps of size 8 x 8.
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The decoder uses these feature maps to learn to generate an enhanced 256 x 256 x 3
image. The discriminator uses the Markovian Patch-GAN [59] architecture, which takes
as input the combination of real and generated images in 256 x 256 x 6 form and outputs
a 16 x 16 x 1 real or fake response. Specific network details on FUnIE-GAN architecture
can be found in [4]. As the generator and discriminator networks are not altered, we can
take advantage of seeding our model with a pre-trained FUnIE-GAN model to initiate

training.

6.1.2.2 Diver Detector

As shown in Fig. (6.3 we incorporate a trained SSD (MobileNet V2) diver detector model
outside the GAN architecture, i.e., independent of the generator and discriminator
networks. This design is intentional for creating a modular network that could be used
with various types of detectors or image enhancement models. For the training process,
we lower the detection threshold to maximize detection potential. However, we choose
to return only the detected bounding box with the highest classification score as all
images contain a single diver. For each batch during training, the detector runs on
every generated image and outputs a bounding box, b = (Zmin, Ymin, w, h), as well as
the confidence score, s € [0, 1]; here, (Zmin, Ymin) i an image coordinate, whereas w and
h represent width and height of the box, respectively, and s represents the probability
of a correct detection. During our investigation, we look at the effects of using two
different trained models, the first used in [94]EI and the second trained on images from
the VDD-C dataset [93].

6.1.2.3 Objective Function

Similar to the learning pipeline of FUnIE-GAN [4], our objective function incorporates
global similarity and image content losses, as well as the conditional adversarial loss to
maintain the original image statistics. Additionally, we design a detection feedback ob-
jective function based on the combination of bounding box regression and classification
loss terms.

Base GAN Loss: We use the standard conditional adversarial loss [I00] to learn

! The model weights are imported from https://github.com/IRVLab/deep-diver-following,


https://github.com/IRVLab/deep-diver-following

68
the mapping of G : {X,Z} — Y, where X (Y') represents the distorted (target) domain
and Z represents random noise. With D representing the discriminative model, the
conditional GAN loss is defined as

Lecan(G, D) =Exy[log D(Y)]

(6.1)
+ IE'X,Y [log(l - D(X’ G(X7 Z)))],

whereas the loss terms for global similarity (£1) and image content (Lc.,) are defined

as follows:

L1(G) :EX7Y7Z[||Y—G(X, Z)Hl], (6.2)
Loon(G) = Exy.z[[|8(Y) - B(G(X, 2))]J2]. (6.3)

Here, ® refers to high-level feature contents extracted by the block5_conv2 layer of a
pre-trained VGG-19 model.

RC Loss: The regression and classification loss, £,., is determined by the output
of the diver detector. Let s be the confidence score, and b; and b, be the bounding
box information from the detection and ground truth annotations, respectively. The

detection loss is then calculated as

Lyec = Smoothr, (bg,ba) + Leas(s), (6.4)
where Smoothr, (b, b,) is defined as follows [101]:

0.5(bg — ba)?  if |bg — ba| < 1,
Smoothr,, (bg, bs) = (6.5)
|bg — ba| — 0.5 otherwise.

This is used to determine a bounding-box regression loss, while L., = —log s allows
our model to take advantage of the confidence score to compute classification loss. The
formulation of these loss terms is inspired by the methods used in [98] [64] and [63].
However, our application of these loss terms differs in that we use information directly
from the diver detector rather than introducing additional branches to the discriminator
or to the fully-connected layers. Moreover, when the detector is unable to locate a diver
in the generated image, an artificial bounding box and score are introduced to create a
high £,. to penalize inaccurate detections. Our ablation experiments investigate these
effects during the training phase (see Section [6.2.1.2]).
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Objective function: Using the loss components defined in [4] as well as the new
detector-based loss formulated in Eq. our final objective function is expressed as

G* = arg mGin mSXECGAN(G, D)+ ML1(G)

(6.6)
+ )\cﬁcon(G) + »Crc-

A1 = 0.7 and A\, = 0.3 are the loss scaling factors as determined by [4].

6.2 Evaluations

As mentioned in the introduction, this chapter provides research into an exploration
of a task-based image enhancement model therefore, although no firm conclusion can
be made about the efficacy of this type of architecture, in this section we provide the
experimental evaluation of the results of training our model with two different diver
detection models. The first subsection presents original results using the [94] model. As
can be seen in the following section, the model was unable to match or improve upon
image detection against raw images, this led to our secondary investigation utilizing a

different trained detector.

6.2.1 Evaluation on First Pre-trained Diver Detector
6.2.1.1 Implementation Details

Our model is implemented using PyTorch librariesE] for the majority of the optimization
pipeline. However, the trained diver detector is implemented in Tensorflow [102], so our
environment includes both libraries. Each DUnlE-GAN model is trained on a Linux
Machine using an NVIDIA GTX 1080 GPU, on 8k images with single annotated divers.
The various categories of test sets are created by images from [93] and [94] that were
excluded from the training. More detailed information on these test sets can be found
in Section

Our model uses pre-trained weights of FUnIE-GAN on the EUVP dataset[ﬂ , and
then it is further tuned with our training pipeline in Eq. The convergence of different
training models falls between 80-160 epochs in addition to the original FUnIE-GAN

2 PyTorch libraries: https://pytorch.org/
3 FUnIE-GAN (PyTorch) model is available at: https://github.com/xahidbuffon/FUnIE-GAN
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training. In particular, the model using L,. to optimize the generator and discriminator
is trained for 120 epochs, while the model with L,. in the discriminator is trained for
140 epochs. A batch size of 32 is used in all the training modes; here, we use a larger

batch size than is used in [4] to increase the possibility of detectable divers in each
batch.

6.2.1.2 Loss Ablation

We first present an ablation study based on how the object detection loss, L., is
integrated with the GAN architecture. We abbreviate the location of the application of

L. loss optimizations as follows:

e Applied to generator and discriminator: DUnIE-GAN-B

Applied to only generator: DUnlE-GAN-G

Applied to only discriminator: DUnlE-GAN-D

Applied to neither: DUnIE-GAN-N

As we are interested in increasing the diver detection accuracy, we use DUnlE-
GAN in conjunction with the diver detector used in training our model in our ablation
study. We use Average Precision (AP) [103] and Intersection over Union (IoU) as our
performance metrics. Mean IoU per image is found, with penalties of an additional
score of 0 included for each extra detection per image. The mean of all IoUs over the
dataset is then taken. All tests are performed with the diver detector score threshold
of 0.55, as in the real-world use case we prefer an above average confidence score for
the AUV to act. The overall performance is determined based on 415 distorted single
diver images that are not used for training or validation. The results are illustrated in
Table [6.1] The baseline for this evaluation is determined by using the diver detector
directly on the distorted images.

It can be seen that while all models increase detection results, DUnlE-GAN-B and
DUnIE-GAN-D have the highest scores of IoU and AP, respectively. To test these re-
sults on a more generalized task, we use these two models in comparison with other
underwater enhancement tasks on non-distorted images. Liu et al. [65] mentions that

adding a loss similar to L, to the generator may minimize performance on real images,
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Table 6.1: Ablation results for £,.: AP and mean IoU on distorted underwater images

of single divers.

Model AP (%) | IoU (%)

Distorted Images | 63.38 33.9
DUnIE-GAN-B 70.08 44.2
DUnIE-GAN-G 69.34 43.8
DUnIE-GAN-D 71.26 43.8
DUnIE-GAN-N 69.78 43.2

as the model will be tuned towards good detections on synthetic images. However,
Zhang et al. [63] suggests including a similar loss in optimizing the generator to help
enforce a semantic level similarity constraint. These insights also lend to the interest
of examining the results of both DUnIE-GAN-B and DUnIE-GAN-D in further exper-
iments. In addition, we make note that as our base network architecture and losses
are inspired by FUnIE-GAN, results of DUnlE-GAN-N would be similar to those of
pre-training FUnIE-GAN with the EUVP dataset and then additionally training with

our diver dataset.

6.2.1.3 Ocean Image Test Set and Comparison Models

We compare DUnlE-GAN with several underwater image enhancement models, based
on both the results of the task of diver detection and the results of image quality metrics.
The test set, like the training set, contains images taken directly from [94] and [93] in
various categories based on thresholding the detected divers at 0.55 with the detector.

The various categories include:
e Single Diver-Detected (SD-D): 415 images
e Single Diver-Undetected (SD-U): 1014 images
e Multiple Divers-All Detected (MD-D): 1021 images

e Multiple Divers-Some Undetected (MD-U): 1025 images
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Table 6.2: Quantitative comparison of diver detection performance on enhanced images

based on AP and mean IoU. Higher scores are better.

Dataset | Unenhanced MS- | WaterNet | UGAN | FUnlE- Deep | DUnlIE- | DUnIE-
Retinex GAN | SESR | GAN-B | GAN-D

_.| SD-D 91.86 11.24 56.46 62.22 64.32 | 69.88 75.68 68.73
§ SD-U 25.56 1.08 7.89 9.18 19.84 | 20.23 18.36 19.03
% MD-D 92.00 2.83 41.11 51.66 66.67 | 82.27 71.76 76.34
MD-U 54.45 2.42 21.43 29.38 40.78 51.62 44.89 47.01

—~ | SD-D 67.3 12.5 33.0 38.3 42.3 45.5 48.2 44.0
§ SD-U 2.8 1.6 2.3 3.2 5.0 5.3 9.2 7.5
:O) MD-D 64.9 4.5 23.9 27.5 36.5 49.3 41.8 44.2
- MD-U 25.4 3.4 12.0 14.6 18.2 22.1 21.5 21.3

These sets are not synthetically distorted; also note that Single Diver-Detected are
the undistorted images used in the creation of images for testing DUnlE-GAN ablation
and have not been seen by the model during training. The test set is broken down in
this manner to more clearly see results in relation to how detections on enhanced images
relate to how well the diver detector performs on the unenhanced images. The enhance-
ment models that we use for comparison include the physics-based model multi-scale
Retinex (MS-Retinex) [104] and the learning-based models WaterNet [58], Underwa-
ter GAN (UGAN) [60], Fast Underwater Image Enhancement GAN (FUnIE-GAN) [4],
and Deep Simultaneous Enhancement and Super-Resolution (Deep SESR) [57]. All the
learning-based models are trained holistically on the EUVP (paired) dataset [4].

6.2.1.4 Diver Detection Comparisons

For the comparison of diver detection performance, we use the same metrics as in the
loss ablation: mean AP and mean IoU. We evaluate the results of the diver detector after
enhancing the images using the various models. The baseline is created by running the
diver detector directly on the unenhanced dataset images. The results of this comparison
can be seen in Table We find an interesting result that in this dataset, none of the
enhancement models return AP results better than the unenhanced images and so is
something to improve upon. However, both DUnIE-GAN model results are competitive
with the enhancement models, while DUnIE-GAN-B achieves the highest scores on AP
and IoU for the SD-Detected dataset.
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Unenhanced MS-Retinex WaterNet . UGAN FUnIE-GAN Deep SESR DUnIE-GAN-B DUNIE-GAN-D

Figure 6.4: Sample qualitative comparisons of diver detection performances by the

enhancement models; all detections with a confidence score over 0.55 are shown.

In regard to mean IoU, we again observe favorable results with both DUnIE-GAN
models, particularly in the case of SD-Undetected, having the highest scores. As we
intentionally train the model for minimization of distance between annotated and de-
tected bounding boxes, an increase in IoU when objects are detected is an encouraging
result. This is also important as the return of accurate and concise bounding boxes by

a detector is integral in AUV tasks such as diver following.

6.2.1.5 Image Quality Analysis

To analyze enhancement, we conduct a performance comparison of all models using the
underwater image quality metric (UIQM) [L05]. We choose this evaluation in particular
as it is inspired by properties of human vision systems and evaluates image quality in
methods that are shown to relate to human preference. A higher overall score lends
itself to a higher correlation with perceived image quality. Results of this comparison
are found in Table As our goal is to show task-specific enhancement, rather than
enhancement for human perception, we are not looking to have the best score, but
rather are interested in these results in conjunction with the detection results of the
above section. We find that while WaterNet and UGAN receive high UIQM scores, this
does not translate to high detection results with an off-the-shelf detector. See Fig.

for a visual comparison. As our model is designed for task-specific goals, depending on
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Table 6.3: Comparison of average UIQM, PSNR, and SSIM, scores of enhancement

models over the test set; scores are shown as mean =+ vvariance.

Dataset Unenhanced MS- WaterNet UGAN FUnIE- Deep DUnIE- DUnIE-
Retinex GAN SESR GAN-B GAN-D
SD-D 1.05+0.37 1.01 +0.38 2.48 4+ 0.40 2.58 +£ 0.36 2.37 +.048 1.87 + 0.42 1.46 £ 0.34 1.40 £+ 0.36
5; SD-U 1.20 £+ 0.36 1.16 + 0.39 2.78 + 0.36 2.82 £+ 0.37 2.57 £ 0.44 2.05 £ 0.44 1.52 + 0.33 1.48 £ 0.33
5 MD-D 0.87 £ 0.31 0.83 + 0.29 2.31 £ 0.26 2.44 £ 0.25 2.15 4+ 0.37 1.66 + 0.31 1.33 +0.33 1.27 +0.32
MD-U 0.90 £+ 0.37 0.86+0.37 | 2.40+0.33 | 2.51£0.30 | 2.18 +0.46 | 1.70+£0.40 | 1.34+£0.36 | 1.28 +0.37
¢ SD-D — 29.09 £ 1.1 21.06 £ 2.0 23.14 £ 2.0 27.70 £ 2.1 31.09 £ 2.1 31.23 £ 1.9 32.12+1.9
Z SD-U — 29.90 + 1.1 21.61 £ 2.1 24.83 + 2.4 29.68 £+ 3.1 31.42 £ 2.6 30.01 £+ 3.4 30.89 £+ 3.2
E MD-D — 28.85 £ 1.2 20.73+1.5 22.58 + 1.3 27.71+ 2.3 31.26 £1.9 31.01+1.9 32.06 £ 1.7
MD-U — 28.98 £ 1.2 20.67 £ 1.8 22.98 + 1.8 2797+ 2.4 31.62 £ 2.1 31.30 £ 2.1 32.38 £ 2.0
SD-D — 0.43 + 0.04 0.58 £ 0.03 0.59 + 0.03 0.68 £+ 0.03 0.75 + 0.04 0.84 + 0.05 0.86 + 0.04
E SD-U — 0.43 +0.01 | 0.56 £0.02 | 0.58 £0.02 | 0.66 +0.03 | 0.74 £ 0.06 | 0.83£0.06 | 0.83 +0.07
% MD-D — 0.43 4+ 0.04 0.59 £+ 0.02 0.59 + 0.03 0.69 £+ 0.03 0.76 + 0.03 0.84 + 0.03 0.85 4+ 0.03
MD-U 0.43 + 0.03 0.58 4+ 0.02 0.58 4+ 0.03 0.69 4 0.03 0.76 4+ 0.04 0.84 4+ 0.05 0.86 4+ 0.04

the task, it may be preferable for the enhanced image to have UIQM scores similar to
those of the original image.

We also consider two standard image quality metrics named Peak Signal-to-Noise
Ratio (PSNR) and Structural Similarity(SSIM) [I06]. PSNR is based on MSE and
measures the reconstruction quality of the enhanced images as compared to the ground
truth, in this case unenhanced images. As the results in Table indicates, DUnlIE-
GAN scores competitively with Deep SESR for this metric. On the other hand, SSIM
evaluates the luminance, contrast, and image structure of a given image. Both DuNIE-
GAN networks perform best for this metric. Detailed results for all SOTA models are
provided in Table

6.2.2 Evaluation on Second Pre-trained Diver Detector
6.2.2.1 Implementation Details

This version of our algorithm is implemented using a different pre-trained diver detector
with all modules utilizing PyTorch librariesﬁ . Each DUnIE-GAN model is trained using
an NVIDIA v100 GPU on 8k images with single annotated divers from [93] and [94]. As
the pre-trained detector was trained on data from [93], we include these images in our
training set to seed raw images where the diver is detected, however we exclude these

images from the validation and test sets using only data from [94] that were excluded

4 PyTorch libraries: https://pytorch.org/
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from the training.

This model again uses pre-trained weights of FUnIE-GAN on the EUVP datasetﬂ
and then is further tuned with our training pipeline in Eq. A batch size of 32 is
again used in all the training modes to increase the possibility of detectable divers in
each batch. The results of training this second version of the DUnIE-GAN algorithm

are presented in the following section.

6.2.2.2 Validation and Testing Conclusions

Here we present evaluation results of our second implementation of DUnlE-GAN. For
these results, we focus on the different models as DUnlE-GAN is trained with our
detector-based loss optimization, L., in different locations: located in both the genera-
tor and discriminator, only generator, only discriminator, and neither location. We first
present the validation results of an ablation study performed by training all models for
200 epochs. As can be seen in the plot in Fig. the resulting IoUs do not converge
during training. However, the models that include our additional loss function outper-
form the model that does not. See Table [6.4] for the IoU scores for the most successful

epoch during training.

Table 6.4: Validation ablation results for locations of L,.: Highest mean IoU on under-

water images of single divers and the epoch at which it occurs.

Model Epoch | ToU
Original Images - 0.478
DUnIE-GAN 100 | 0.513

DURIE-GAN (No Generator Detector Loss) 190 | 0.499
DUnIE-GAN (No Discriminator Detector Loss) 100 | 0.503
DURIE-GAN (No Detector Losses) 10 0.412

When evaluating the test set, however, we found inconsistencies in the resulting
detections. The DUnlE-GAN model with the additional losses in either the generator

or discriminator provided better detection results than when the detection losses were

® FUnIE-GAN (PyTorch) model is available at: https://github.com/xahidbuffon/FUnIE-GAN
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Mean Values for Different Models: Validation Set
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Figure 6.5: ToU results of diver detection on the validation set for all models throughout
training. The x-axis represents epochs trained, y-axis represents the mean IoU of the
detections by the pre-trained diver detector on generated images, and the black line

along the top of the plot denotes the mean IoU of unenhanced images.

located in both the generator and discriminator. In all cases, models that included some
form of detection-based loss performed better than training without the additional loss
(See Table . The results of this second implementation show that there is merit to
the use of detection-based losses when implementing underwater image enhancement

models.

Table 6.5: Test set ablation results for locations of L,.: Mean IoU of the test set of

images with single divers utilizing the training epoch determined appropriate through

validation.
Model Epoch | ToU
Original Images - 0.469
DUnIE-GAN 100 | 0.433

DURIE-GAN (No Generator Detector Loss) 190 | 0.479
DUnIE-GAN (No Discriminator Detector Loss) 100 | 0.476
DUnIE-GAN (No Detector Losses) 10 0.386




77

6.3 Conclusions and Discussion

In this chapter, we present an approach towards the improvement of diver detection
for AUVs. The proposed model, DUnIE-GAN, though inspired by current image en-
hancement techniques in creating a GAN-based architecture, incorporates a detector’s
feedback information during the training process. Due to the modularity of the DUnIE-
GAN pipeline, our model can be altered to fit a variety of detection-driven enhancement
tasks, and we present results on experiments performed for pipeline development. For
the diver detection task, our first evaluations demonstrate improvement when compared
to existing general image enhancement models over a variety of scenarios, however, no
enhancement model is shown to improve detection results over unenhanced images. In
response, we investigated the results of utilizing a different pre-trained diver detector.
While the most beneficial location to add the detection loss proved inconclusive, results
showed improved detection over both unenhanced images and images enhanced with a
model that does not include our additional loss functions. Research that we have com-
pleted with this thread has led to new interesting challenges for future work including
potentially updating the current GAN architecture or using another generative network.

All of our research has centered around applications for use on board AUVs. In
Chapter[7] we discuss in greater detail our contributions to the various sensor and robotic

platforms used throughout this dissertation.



Chapter 7

Hardware Systems

In this chapter, we outline the various sensor and robotic systems that were designed
and used in the data collection and testing stages of our work. While our work is
designed to be robot agnostic, we tested our work on two main platforms. We first
briefly introduce the Aqua, a pre-built AUV capable of stereo vision, then discuss our
stereo data collection rig, HydroEye, and our contributions to its creation and validation.
Finally, we present our contributions to the LoCO AUV, which was designed in-house
in the IRVLab. All three platforms are shown in [7.1]

Figure 7.1: From left to right, the hardware platforms used in our research: Aqua,

HydroEye, and LoCO AUV. This image was taken during a field trial in Barbados.

78
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Figure 7.2: We test a diver-tracking algorithm and Aqua autonomously follows a diver

in the Caribbean Sea.

7.1 Aqua

Aqua [I1], developed by researchers at McGill University, is one of the autonomous
underwater vehicles used for data collection as well as real-world validation. The AUV
has many attributes that make it appropriate as a platform for testing diver-AUV
collaborative methods; Fig. shows the validation of an autonomous diver following
algorithm. To carry out this and other such evaluations, the AUV has the following

features:

e Aqua moves in five degrees of freedom (roll, pitch, yaw, surge, and heave) through

the use of six flippers.

e The AUV is equipped with three cameras, including a pair of stereo-synchronized
cameras on the front to allow for data collection and validation of methods requir-
ing depth information such as DIP-3D (Chapter . A single camera in the rear

can also be used for visual perception and U-HRI.

e Aqua has three onboard computers including a control stack to control the com-
mands for AUV movement, a vision stack which processes sensor information such
as from the cameras, and an NVIDIA Jetson Tx2 which permits for the onboard

processing of deep learning models.
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Figure 7.3: Here we validate the recording capabilities of HydroEye and capture data
for other members of the IRVLab off the coast of Barbados in the Caribbean Sea.

7.2 HydroEye

HydroEye is an underwater stereo-vision data collection sensor. While data collection
with an AUV is necessary for some tasks, this device was developed by members of
the TRVLab to simplify the process for underwater visual data collection and reduce
the need to deploy an AUV when mobility processes are not needed (See Fig. [7.3]).
This data collection rig is easily deployed by a single diver, runs on its own battery
source, and can be deployed with or without a tether dependent on data collection
needs. The overall design of the HydroEye sensor includes a watertight enclosure with
a transparent acrylic front plate for clear camera vision, a stereo camera and a mobile
GPU for image processing. HydroEye uses the Robot Operating System (ROS) [73],
which allows us to save data in the same form that would be used by the AUV systems.
Our main contribution to the HydroEye platform includes testing various stereo cameras
and general software improvements. HydroEye has been used to collect for much of the
research discussed in this dissertation. Although stereo data was unnecessary for DIP
(Chapter |3) and SPOC (Chapter |5, data collected with HydroEye was used during
the development of the algorithm and for the hand gesture dataset, respectively. We
collected stereo data for the evaluation of the DIP-3D (Chapter 4] algorithm.
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Figure 7.4: We tested the autonomous capabilities of the LoCO AUV off the coast of
Barbados in the Caribbean Sea.

7.3 LoCO AUV

The LoCO AUV [12], designed by members of the IRVLab, originated to lower the
barrier to underwater robotic research through the creation of a relatively inexpensive
AUV that can be easily built and modified. The design, parts list, and building instruc-
tions have been released under open source licenses El (we have GPL V3 and Creative
Commons V4) for any who would build the AUV. We participated not only in the de-
sign and building of the AUV, but also in testing the AUV and making improvements
during field trials (See Fig. . LoCO has been the main research platform for both
DIP (Chapter and SPOC (Chapter. The work presented in this chapter highlights

our specific contributions, some of which is sourced from the collaborative paper.

7.3.1 Overall System

LoCO is designed to be an all-purpose AUV, adaptable to a variety of missions. In the
standard configuration, LoCO is a dual-camera, vision-guided AUV with three thrusters.
One of our main contributions to LoCO is the concept of the overall design of the
AUV, the two-tube “binocular” design. As such, LoCO consists of two water-tight

! https://loco-auv.github.io/
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(a) “Helicopter” style. (b) “Submarine” style. (c) “Binocular” style. (d) Final design.

Figure 7.5: CAD renderings showing the development of LoCO AUV.

enclosures, each containing various components, with one thruster mounted between
the enclosures, and two mounted behind, as seen in Fig. While several designs
were considered (see Fig. , our two-enclosure design was selected for a variety
of reasons. Firstly, it allowed for a reasonable placement of a pitch-control thruster,
along with providing space in between the enclosures which provides space to mount
sensors, thrusters, or manipulators in the future. Additionally, the design called for
two enclosures side by side, narrower than the enclosures used for the other designs,
which would reduce the robot’s forward profile, allowing it to move through the water
with less resistance. Finally, the separation into two enclosures enforces a base level
of modularity. Most control-related electronics are in the left-hand enclosure, with the
computational hardware for deep learning inference in the right-hand enclosure. While
any type of hardware modification requires changes throughout the system, changes or

replacements can be made with minimal impact on the layout of components internally.

7.3.2 Simulator

In addition to releasing the specifications of the AUV, a base Gazebo simulator [107]
is released as well, using ROS for AUV modeling and control. Qur contribution to the
simulator is focused on sensor integration and includes the integration of usable camera
sensors that follow the specifications of those in the LoCO AUV.

The SolidWorks CAD design model shown in Fig. was used as the template
for creating the robot’s Universal Robotic Description Format (URDF) model file. To

improve simulation efficiency while not affecting simulation physics, the mesh file that
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Figure 7.6: The LoCO AUV in Gazebo simulation.

provides the visual representation of the robot does not include internal components
other than the front cameras. The model is shown in the Gazebo simulator in Fig. [7.6]
We added camera sensors directly to the URDF model file through a Gazebo plugin
(libgazebo_ros_camera.so), and these can be modified to match the specifications of the

cameras used on the physical robot.



Chapter 8

Conclusion

8.1 Summary of Presented Research

The research presented in this dissertation has focused on meeting the unique challenges
of communication between humans and robots in the underwater domain. We presented
methods for improving visual communication for divers and Autonomous Underwater
Vehicles (AUVs) for underwater task-based collaboration. Centering around natural
human communication to facilitate ease of use and understanding to minimally add to
a diver’s cognitive load, we primarily explored the use of pointing gestures to facilitate
task-completion communication and use scene information to guide the AUV. In Chap-
ter |3| we presented Diver Interest via Pointing (DIP), the first use of a pointing gesture
to indicate an object of interest to an AUV. We found that the region of interest created
with the use of single-image human pose estimation and feature detection, provided suf-
ficient information to enable the AUV to locate the object indicated by the diver. Diver
interest via Pointing in Three Dimensions (Chapter {f) introduced the third dimension
of distance to diver-to-AUV pointing communication. This is a necessary capability to
determine the direction the diver is pointing, i.e., forwards, to the side, or backwards,
especially if there are multiple objects that would be found in the same region of in-
terest in a 2D image. Design choices for the creation of both of these communication
methods were made with functionality by both the diver and the AUV in mind. Both
methods have also been validated through the use of AUV onboard testing. Chapter

Semantic Pointing for Communication (SPOC) greatly improved the utility of visual
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communication through pointing gestures. SPOC provided a system that identified an
object of interest, assigned the task that should be performed, and provided feedback
to the diver that the information was received. The system runs fully onboard and was
validated using the LoCO AUV. As vision-based methods for collaboration improve,
techniques to compensate for poor visibility are needed for optimal communication in
visually degraded environments, such as underwater. Enhancing images prior to their
use in perception-based tasks provides one way to meet these challenges. Chapter [6] pre-
sented our findings on an investigation into the addition of a task-relevant component,
in our case diver detection, to a deep learning based image enhancement method. While
our investigation provided interesting results, more research into this thread would be
needed prior to utilizing onboard an AUV. All work presented in this dissertation is
designed to be used onboard an AUV, and consequently the development and use of
robotic platforms has been an integral part of our research. In Chapter [7] we discussed
the hardware systems that allow us to collect data and evaluate our Underwater HRI
methods onboard an AUV. In particular, we discussed our contributions to the design

and construction of HydroEye sensor and the LoCO AUV platforms.

8.2 Future Research Directions

8.2.1 Pointing Gestures to Provide Directional Cues

Without the use of satellite navigation systems underwater, such as GPS, AUVs often
use dead-reckoning or surface to locate waypoints to navigate. If the AUV is working
with a collaborative diver, the diver should be able to make on-the-fly decisions about
where the AUV should navigate to. Current hand gesture systems often include
gestures for the AUV to move left or right, however specific directions are not given.
Methods using pointing gestures to provide a direction rather than simply interact with

an object are as yet unexplored.

8.2.2 On-Site Instruction for AUV Tasks

Underwater environmental characteristics can change rapidly and circumstances may be

different between an exploratory dive and a planned future mission. For example, a new
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species may be found in an unexpected area and the diver may want an AUV to check
for other creatures in nearby locations. In this case, the object located through pointing
is an exemplar of the object to be located during the mission. When combined with a
system such as SPOC (Chapter [5|) a single dive mission would be able to use on-site
information to provide multiple object-dependent tasks to the AUV, such as collecting

samples of a type of object while collecting close-up images of a different object.

8.2.3 Risk Aware Diver-AUV Communication

Many AUV tasks require interaction with their environment, such as picking up a piece
of trash or collecting a sample. The target of the task is often located in close proximity
to objects that should not be interacted with in the same way, such as if the trash
collection mission takes place on a coral reef. Confirmation that the correct action
is being taken with relation to the detected object is one potential solution, while
another may be a defined library of tasks available to be performed on an object with a
notification that the task is unable to be performed. A similar addition to Diver-AUV
communication systems may build more trust in field experts, thus expanding the use

of marine robotics into a wider variety of uses.

8.3 Concluding Remarks

The use of AUVs in fields such as biological monitoring, infrastructure inspection, and
more has shown growing potential in recent years, however there is still a great need for
AUV collaboration with divers to perform many tasks. As this potential for collabora-
tion improves, methods to facilitate communication are essential. It is imperative that
these methods are easily-used and trustable by non-roboticists in order to meet the full
potential of AUVs to assist with dangerous and time-consuming tasks. Our research
provided new methods for task-relevant communication between a diver and AUV that
have been designed for ease of use and with flexibility to change and update as needed.
We hope that aspects of our research contribute to a wider adoption of diver and AUV

collaboration.
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Appendix A

Additional Contributions

In addition to the previous work detailed in the main body of the proposal, we had the

great opportunity to support fellow lab members on the following research threads:

A.1 Robot Communication via Motion

This thread [I08, [109] presents the use of kinemes or language through movement for
use with robot-to-human communication by non-humanoid robots. While human-to-
AUV communication has been explored through many methods, such as those described
in 2.1 communication from an AUV to a diver has been less studied. Devices such as
lights, speakers, or viewing screens could be added to an AUV, however our intent with
this project was to design a method easily comprehensible to divers that a field robot
could implement without additional sensors or equipment. Kinemes use the motion of

the robot itself to pass along information, such as moving in a manner that is similar

Figure A.1: The Aqua AUV in the Caribbean, indicating a “No” by shaking its “head”
back and forth.
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Figure A.2: Average Accuracy and Operational Accuracy per meaning.

to a head nodding for “yes” or shaking for “no” (See Fig. for an example kineme
onboard the Aqua AUV).

For this project I was involved in the creation of the original library of terms and
their movements. As this work heavily relies on human understanding of the movements,
a human survey was used, part of our work with this project was to oversee in-person
surveys. The list of kinemes created along with resulting accuracy of the kinemes
and a baseline light setup can be found in Fig. Fig. shows the operational
accuracy of both lights and methods. Operational accuracy is determined to be when
the study participant would choose to act on communication from the AUV based on
how confident they are in understanding the phrase implemented through either the

lights or the kineme.
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Figure A.3: A few qualitative comparisons for the benchmarking networks: (left) se-
mantic segmentation with HD, WR, RO, RI, and FV as object categories; (right) saliency
prediction with HD=RO=FV=WR=1 and RI=PF=SR=BW=0. Results for the top perform-

ing models are shown; best viewed digitally by zoom for details.

A.2 Underwater Image Segmentation

This thread [I10] resulted in the first large-scale dataset of underwater images seman-
tically annotated with pixel annotations of eight categories: fish or vertebrates (FV),
reefs or invertebrates (RI), aquatic plants or sea-grass (PF), wrecks or ruins (WR),
human divers (HD), robots (RO), sea-floor or rocks (SR), and background waterbody
(BW). In addition, a benchmark comparison of 8 state-of-the-art semantic segmentation
and saliency prediction networks along with SUIM-Net, a novel encoder-decoder model
was performed. I participated in this project by assisting in the compilation, training
and evaluation of the benchmarking networks including FCNS8, UNet, and DeepLabv3.
Fig. shows qualitative results of the benchmark experiments.
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