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Abstract

Approaches for Autonomous Multi-Vehicle Underwater Inspections

Marina A. Ruediger

Chair of the Supervisory Committee:
Ashis G. Banerjee
Department of Industrial & Systems Engineering and Department of Mechanical
Engineering

Underwater robotic inspections are an ongoing challenge for large naval platforms. Although
many approaches to specific aspects of robotic inspection tasks have been previously explored,
the limitations of specific approaches leave large gaps in underwater inspection capabilities.
By developing and implementing a cooperative multi-robot system for underwater inspec-
tions, we aim to bridge these gaps in existing methods. Cooperative underwater robotic
systems face the unique challenges of highly dynamic environmental conditions, extremely
limited communications and sensor ranges, expensive and easily damaged hardware, and lim-
ited simulation options. This dissertation focuses on bringing together variations on existing
methods for task allocation, task discovery, SLAM, and motion planning, modifying them
to fit the unique underwater challenges, and integrating them into a system that takes ad-
vantages of the similarities and strengths of different methods to build a cooperative robotic
system for underwater inspection and maintenance.

To begin the testing and integration of various task allocation, SLAM, and motion plan-
ning, these methods must first be tested on simulations and datasets. By leveraging aspects
of several tools, we are able to develop a basic simulation that allows testing of coordination
methods while allowing a controlled environment with the basic tools needed to evaluate the

performance of a decentralized task allocation method. By modifying the d-CBBA method



to account for task additions and communication limitations, we enable our simulated robots
to distribute dynamic sets of tasks.

Without prior knowledge of the geometry of the objects being inspected, a method to
generate appropriate inspection locations during exploration is needed to determine which
tasks should be passed on to be allocated between the robots. With the extreme limitations
on communications, there is no way to communicate environment maps between robots in
real-time. Individual robots can generate their own maps through onboard SLAM processes,
but the only environmental information they receive from other robots in the system is
the location of tasks passed between robots. To approach the task discovery problem, we
develop Map-TIDAL, which uses the individual robot maps to generate candidate tasks,
then compares them to the set of existing tasks made available to the robots through the
task allocation to determine the best tasks to add. By integrating task allocation, SLAM,
and task discovery, the robots are able to coordinate their efforts with significantly reduced
communication bandwidth.

By adding motion planning methods into the Map-TIDAL framework, the multi-robot
system will be able to perform inspections without risking collisions that could damage the
robots or the vessels being inspected. Analysis is performed on several available planners, to

determine which planners would be most applicable to the underwater inspection domain.
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GLOSSARY

AUV: Autonomous Underwater Vehicles, typically used to refer to torpedo shaped UUVs.

CAD: Computer Aided Design, the process of using a computer system to create and
analyze digital models. Also used as an adjective to describe the models created in
such a process or the computer software and tools that are used in the CAD process.

DOF: Degree of Freedom, the number of different directions or states that can be sepa-
rately controlled in a dynamic system.

DVL: Doppler Velocity Log, an underwater velocity sensor based on measuring the fre-
quency shift of reflected sound waves (the Doppler effect).

ENU: East North Up, the standard coordinate system for air and land based robotics,
with the x-axis pointing east (or to the right in body fixed systems), the y-axis pointing
north (or forward in body facing systems), and the z-axis pointing up.

GPS: Global Positioning System, a position sensor based on triangulating the position of
an object using a signal received at multiple locations.

IMU: Inertial Measurement Unit, an acceleration sensor.
NED: North East Down, the standard coordinate system used in underwater robotics,
with the x-axis pointing north (or forward in body-fixed systems), the y-axis pointing

east (or to the right in body-fixed), and the z axis pointing down.

RGB: Red, Green, Blue, one method of conveying digital color images using integer values
for the red, green, and blue intensity information for each pixel of the image.

RGBD: An extension of RGB images that also includes depth (distance) information for
each pixel to create a 3D image.

ROV: Remotely Operated Vehicle, a vehicle typically operated by a remote control pro-

cess. Can be used to refer to autonomous vehicles that can be remotely operated even
if they are not doing that while acting autonomously.

vi



SLAM: Simultaneous Localization and Mapping, a process in which sensor data is used
to determine both where a robot is located and to create a map of where the robot has
been.

UUV: Unmanned Underwater Vehicle, an underwater vehicle operated without any hu-
mans on board, either remotely or autonomously.
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Chapter 1

INTRODUCTION
1.1 Motivation

Underwater inspections of hulls and interior spaces are important in assessing the safety and
readiness of seagoing vessels and are used to detect corrosion, biofouling, cracks, coating
failures, and other damages. A summary of the existing tools and methods for underwater
inspections can be found in [1,]2]. Human divers are unable to keep up with the demand for
inspections due to necessary safety precautions such as limited dive times and large support
teams [3], as well as from the sheer scale of naval vessels as shown in Figure[l.1] Human divers
do excellent work and their skills and adaptability are needed for more complex underwater
operations. However, large scale, generalized survey inspections are not a good use of their
time and efforts when these can be done by a team of robots. Confined space inspections
are also extremely dangerous both for divers if the tanks are filled, or for inspectors if they
are emptied first. Between 1996 and 2024, 310 people have died in maritime confined space
accidents, 31 of those were in 2023 [4]. By using a robotic solution in areas where the unique
human abilities are not needed, we can reduce the workload on human divers and inspectors,
which will in turn reduce the risks to human lives. Other benefits of underwater inspections
include faster completion of work, better guidance for where maintenance will be required,
and improved dry dock scheduling and estimation, which will all provide huge cost savings
and improve fleet readiness.

Autonomous inspection challenges persist due to high operational costs (expensive, highly
customized platforms); huge scales of operations (detecting small defects in large vessels
while operating in the open waters); and lack of system robustness and resilience (robot

hardware and autonomous decision-making failures). While ground and aerial robots have
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Figure 1.1: Size comparison of several naval vessels to common references.

highly functional platforms available on many different budget scales, the same is not true
for underwater robots. There are very few underwater robots that are available on lower
budgets, and those that are available are often not autonomous or have very specific, limited
functionality. Underwater sensors are less readily available than their air based counterparts,
in part due to the need for waterproofing and pressure tolerance. Maritime industries are

fishing, drilling, transportation, military, ecological, meteorological, etc.) and there

~—~

plentiful

are numerous applications for underwater robotics at the industrial level, but very few at



the consumer level, which leaves the lower budget options lacking.

Due to the high cost of underwater robots and the limits on underwater communication
speed, many systems focus on the ability of a single robot rather than multi-robot systems.
Shipyard conditions are very rough on robots, in addition to the hazards of saltwater immer-
sion for electronics, robots will be dropped, kicked, shoved, dragged, and thrown, regardless
of instructions otherwise. This treatment will result in robot breakdowns, leaving single
robot systems non-functional while repairs and recalibrations are completed. Multi-robot
systems are more robust to this kind of breakdown; even with several robots out of order,
the system as a whole can still continue to function with the remaining robots. Multiple
robots are also able to divide the work of large scale inspections, leading to faster completion
overall. Another advantage of multi-robot systems comes from the ability to manage differ-
ent robots with different capabilities all working together, allowing less capable robots to still

be helpful in guiding more advanced robots to areas where their capabilities are required.

1.2 Underwater Robotics

1.2.1 Simulations

Accurate simulations of unmanned underwater vehicles (UUVs) are widely used in the design
of multi-robot systems for the completion of underwater missions. However, there are only a
few environments that also simulate the hull of a submarine or surface vessel along with the
pertinent features for inspection and maintenance tasks. To the best of the our knowledge,
there is no publicly available open environment for high-fidelity, large-scale simulation studies
that require an entire hull of a vessel with access to internal structures such as water tanks.
In 3} we report our effort to build upon the work of Project Dave [5] and others to create this
rich simulated environment for future research and potential collaboration. We also discuss
our preliminary work on using the simulation for a simple multi-robot inspection task of a

realistic vessel hull.

Two different robots are featured: the Caracara from project Dave [5], and the BlueROV [6],



which is a widely available test vehicle. The simulation captures some of the important dy-
namics of the problem by including a vehicle motion model with parameters that are modified
to reflect the unique dynamics of each vehicle. The various vehicle thruster and sensor con-
figurations are also modeled. This modeling allows us to demonstrate task allocation and
realistic navigation for a simple inspection routine involving a group of three robots, where
each member of this group must visit all the allocated task locations on the outer hull of a

submerged vessel.

Manual
Stereo Image

Camera Data Processing [ Acceleration PID \

Velocity PID

RTAB-Map
Position PID
IMU Data Extendgd Kalman _
Filter
] Robot
Automatic Communications
Joystick Input l, 1
B PID
D Task Allocation
Waypoints
Thruster Output Thruster Manager

Physical Interfaces Controls Decision Making

Figure 1.2: System diagram of all the cyber-physical processes in a simulated underwater

vehicle.

A large part of preparing this open-source simulation is based on integrating existing ROS
modules to work together, rather than duplicating the effort of others. Figure [[.2] shows a
system-level diagram of all the cyber-physical processes that need to be executed together for
the vehicle simulation. Stereo image processing is provided by the stereo_image _proc ROS

package [7], the extended Kalman filter (EKF) is a part of the robot_localization ROS package



[8], and the Simultaneous Localization and Mapping (SLAM) is performed by RTAB-Map
[9]. Outside these packages, most other features are from either Project Dave or the UUV
Simulator, or altered versions of the ones provided by those sources. However, we develop a
new task allocation framework to investigate modifications to state-of-the-art decentralized
allocation algorithms to suit problems with these types of constraints. The task allocation

framework also serves to connect the messages from the various other packages.

1.2.2 Sensors and Hardware

The range of underwater sensors varies from those used in air-based robotics due to the
differences of how light and sound move through water as opposed to how they move through
air. In air, sensors frequently use light to both detect the environment and communicate
to other sensors. In water, light is quickly scattered rendering such sensors useless, however
sound travels very well through water and is frequently used in similar ways to how light can
be used in air-based environments. This idea is what leads to sensors such as underwater
GPS (position is determined by triangulating an acoustic signal from an antenna or an array
of receivers). Other frequently used underwater sensors include pressure sensors (for depth),
DVLs (for velocity measurements calculated using sound reflected from the seafloor and
the Doppler effect), side scan sonars (SSS) (for mapping surfaces using echos received as
the vehicle moves forward), 2D sonar (for mapping one 2D layer of the environment using
reflections of a single sound beam), and 3D multibeam imaging sonar (for 3D environment
mapping, similar to the 2D sonar, but featuring multiple beams to create a point cloud of the
environment). With proper waterproofing, calibration, lighting, and filtering, cameras are
also used underwater. Stereo and monocular cameras work well and color cameras require
some color correction but are also very frequently used. However, cameras that use structured
light (ex. infrared) to determine 3D distances to images do not work underwater, due to the
light scattering properties of water. Camera range is often significantly reduced underwater
due to turbidity and lighting limitations. Many typical internal state sensors work under

water, such as IMUs, encoders, and gyroscopes, though when conducting inspections near



steel hulls or tanks, it is important to use non-magnetic options.

Underwater communications are a particular challenge when dealing with underwater
multi-robot systems. Wifi, bluetooth, and radio do not work well underwater due to light
scattering. Underwater acoustic modems often only work directionally at very low speeds
and are both large and expensive for use on UUVs. Wired connections are fast, but can
easily become tangled or damaged. Tethers also add additional controls challenges as they
create more drag depending on how much is in the water, especially when moving through
currents. If wireless methods are used in an underwater robotic system, it is important
that the system be powered onboard, fully autonomous and decentralized, since underwater
wireless communications are incredibly slow and often unreliable. Tethered systems allow
for remote operation and power delivery, and present some options for a centralized system,
though with a multi-robot system, it is still best for each robot to be autonomous since

human attention can only be on one thing at a time.

1.2.3  Cooperative Robotics

We consider a low-cost cooperative multi-robot system, and present a SLAM-based task dis-
covery and allocation algorithm to generate the inspection tasks from environment meshes
without prior geometric knowledge. This approach aims to address key underwater chal-
lenges: recovery from the loss or addition of perceptual and/or motor capabilities of robots,
extremely slow and unreliable communications, and limited visibility due to turbidity and
sparse features that complicate localization and mapping.

When considering the challenges of robotic coordination, the way robots decide which
robots should do what portion of the job depends on the conditions the system needs to
operate under. In the underwater inspections here, we consider each task as something that
can be done by a single robot, one at a time. In many air based systems, reliable, high-
speed communications can be assumed, allowing the task allocation to be centralized, where
one computer or robot delegates tasks to the other robots in the system, allowing individual

robots to have a lower computing power onboard. This does not work in situations with slow



and unreliable communications. Decentralized methods, with each robot making decisions
based on their own algorithms and knowledge, even if incomplete, are needed for underwater
inspections.

Our method is based on a decentralized multi-robot task allocation framework that uses
very small message sizes and intermittent communications [10]. We extend this framework
with an adaptive task discovery method that focuses the inspection effort on geometrically
interesting areas identified during SLAM mesh generation. Specifically, we contribute a novel
algorithm that automatically discovers inspection tasks from SLAM-generated meshes for
heterogeneous multi-robot teams performing visual inspections of hulls or fluid-filled interior
tanks. The inspection consists of visiting locations defined by position and orientation and
capturing color images. Selected locations are referred to as tasks, while potential locations

during discovery are candidate inspection points (CIPs).
1.3 Dissertation Outline

This chapter has discussed the importance and challenges of underwater naval inspections.
It began with an overview of the reasons for underwater inspections, highlighting the dangers
and scale of such operations. Then introduced a simulation tool further developed in[3] The
discussion then turned towards challenges of underwater hardware, with a brief overview of
various underwater sensors and communication challenges. After an introduction to under-
water cooperative robots, this outline for the rest of this work is presented.

Chapter 2 covers literature related to the topics under discussion. Section [2.1] gives an
introduction to the motion models, sensor configurations, and simulation options found in
literature. Section focuses on cooperation methods used both in and out of the water,
especially those related to multi-robot tasking. In section [2.3] an overview of the principles
of SLAM is presented, followed by a discussion of several relevant methods used in this work.
After a discussion of works concerning underwater inspection coverage in section [2.4] chapter
2 is concluded with a discussion of path planning methods in section [2.5

Chapter 3 of this dissertation presents our work on a simulation specifically for underwa-



ter multi-robot cooperation. This simulation is then used to test a task allocation algorithm
based on a modified decentralized Consensus Based Bundle Adjustment algorithm. Chapter
4 builds on the task allocation algorithm to present Mapping-based Tasks for Inspection:
Discovery and ALlocation (Map-TIDAL), which uses SLAM meshes to determine an ap-
propriate set of inspection tasks for a set of robots, allocates them between the robots,
dynamically adjusts bundle generation as additional tasks are added and uses the full set
of tasks as a shared representation of the environment. Chapter 5 features an analysis of
existing motion planning tools, within the context of underwater inspections and potential
for integration into Map-TIDAL. Chapter 6 concludes the dissertation with a summary of

the contributions, potential impacts, and future directions for continuing this research.



Chapter 2

RELATED LITERATURE

In this dissertation, methods for underwater multi-robot inspections are presented, of-
ten through expanding on, modifying and integrating existing methods to work with the
unique challenges of underwater inspection. Section presents relevant simulation tools
and datasets. With those basics covered, section provides an overview of robotic co-
operation methods both in and out of the water, as an introduction to the task allocation
algorithms developed later in the dissertation. As Map-TIDAL is based on the positioning
and mapping done in the SLAM process, a general overview of SLAM with a specific focus
on methods for underwater SLAM is presented in section [2.3] Map-TIDAL also features
aspects of coverage based planning methods, these methods are discussed in section [2.4]
This chapter finishes off with a review of path planning and collision avoidance algorithms

in section that will be relevant to our planned research.

2.1 Simulations and Datasets

Underwater robotics are typically very expensive, and break down easily. In addition, un-
derwater environments are very challenging to test in, both due to unpredictable effects of
weather, tides, currents, waves, and turbidity that are uncontrollable, and because any in-
door facilities are increasingly costly with the more control one needs over the environment.
Because of this, underwater simulations are needed to enable algorithm development and
proof of concept before the investment is made into hardware and facility access. Another
tool frequently used in early development is datasets, and while many options exist for air-
based environments, those for underwater environments are not as common, harder to find,

often very platform specific, and frequently lack ground truth verification tools. Underwater
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simulation tools often focus on limited aspects of underwater robotics, simply due to the huge
complexity of underwater environments. These typically come in three main forms: simu-
lations and datasets focused on image processing and sensor realism, simulations focused
on obtaining detailed motion models and accurate underwater dynamics based on fluid flow
analysis, and generalized all purpose simulations that feature some aspects of both. Since
this dissertation is not about detailed fluid dynamics analysis, this section focuses on sensor

based and general purpose underwater simulations and datasets.

The VAROS dataset presented in [11] is an excellent example of a synthetic underwater
dataset that focuses on accuracy of images and sensor data. Using the Blender modeling
and rendering engine, they create a realistic underwater environment with both natural and
man-made features, generate sensor data for several sensors including appropriate image
adjustments for water conditions and light scattering, and generate a sequence of poses.
They use a simplified motion model of a spherical body with a simple linear quadratic
regulator based control system. While the simulation itself is not available, the dataset
has been made available and provides simulated monocular RGB images, surface normal
vector images, depth images, ground truth pose data, IMU measurements, and depth gauge
data. The provided data is useful in many kinds of early stage testing, such as verification
of SLAM techniques or task generation algorithms. However as it is a constant dataset
on a single environment there are challenges it cannot address, including dynamic motion
planning and controls, as the simulation does not feature things such as tides or currents
or waves, or advanced vehicle configurations. Most importantly, the sensor data is limited
to the sensors that were already modeled with the system, which does not include several
staples of underwater sensing, such as DVL or any variety of sonar data, or stereo camera
data.

Datasets on real underwater scenes are available, but most feature a limited set of sensors.
The AQUALOC dataset described in [12] features greyscale monocular camera images, IMU
data, and pressure data from three underwater scenes at varied depths. One of the biggest

challenges in underwater datasets is developing accurate ground truth data to use as a
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comparative baseline. The AQUALOC dataset does this through offline reconstruction of
the environment using structure from motion and robust image matching. While this is not
exactly ground truth data, evaluation of the average reprojection error shows the data to be

high quality.

One of the most frequently used open-source underwater simulators is the UUV simulator
presented in [13]. The UUV simulator uses ROS and Gazebo to enable modular underwa-
ter robotics simulations, including a wide variety of plugins for various underwater sensors
(IMUs, DVLs, various cameras, multi-beam sonars, positioning transponders, pressure, etc.),
hydrodynamics (thrusters, fins, currents, etc), controls and manipulation, and multi-robot
options. Unlike previous simulators such as those described in [14}(15], the UUV simula-
tor includes full consideration of the added mass, Coriolis, and centrifugal forces, and of
hydrodynamic drag. By using these plugins rather than rigid models, the UUV simulator
allows for complete customizability of any robot with known parameters and configurations,
making it highly versatile. This simulator is a good option, but still has some gaps in func-
tionality. One of the biggest challenges using the UUV simulator with new robots is finding
the parameters for the added mass, Coriolis, and hydrodynamic drag forces, in addition, it
does not take into consideration surface wave conditions or tether forces, and has limited

simulation of underwater light sources and water turbidity effects such as floating particles.

Project Dave, [5], is built on top of the UUV simulator to add additional sensing and
modelling ability. It adds increased sensor functionality such as 3D underwater LiDAR,
Ultra-Short Base-Line (USBL) positioning systems, bottom occlusion models, object de-
gredation models, an array of underwater manipulation tools, forward facing sonar, more
complex ocean current models, and the ability to use bathymetry models to create underwa-
ter environments. Their underwater camera models accounts for distortions due to turbidity,

light attenuation, and backscattering.
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2.2 Cooperative Robotics

Allocation of tasks between sets of robots is necessary when robots are working together,
whether in or out of the water. The multiple traveling salesman problem (mTSP) is a
frequently used method to formulate the problem of task allocation, based on the traveling
salesman problem (TSP). The TSP can be summarized as finding the minimal total path
length when visiting a set of locations. One method of solving the 3D TSP can be found
in [16], which uses a neighborhoods based approach to provide a feasible solution. Branch
and bound techniques |17], mixed integer linear programming (MILP) |18//19], and heuristics
based solutions |20] have been proposed as well. In the multi-robot case, less computationally

demanding auction based methods are commonly used.

The decentralized consensus based bundle adjustment (d-CBBA) [21] is an auction based
method using a two step process to allocate a set of single robot tasks between a set of
robots that perform one task at a time. In this method, each robot completes an auction
stage individually based on their current knowledge of the other robots, then communicates
their bid information to the other robots in the system. With this new information, conflict
resolution is performed to determine if the new information is relevant or not given the
previous information stored on each receiving robot. If required, the process is then repeated
taking into account the most up to date information. This process is described in more detail

in chapter

Similar auction based methods have been used to account for task reallocation as in [22],
where auctions are used to distribute tasks that were discarded due to path conflict during
airplane wing assembly. In [23], task scheduling with precedence was taken into account
with a similar wing assembly problem involving multiple tools. Moving into underwater
environments, [24] uses several variations of CBBA algorithms to account for path limitations

of heterogenous AUV systems in mine countermeasure missions.
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2.3 SLAM

Many advances have been made in the field of underwater SLAM, as summarized in [25}26].
Due to the extremity of the underwater environment, many typical sensors used in aerial or
ground SLAM solutions are unavailable or have limitations. Vision-based sensors that work
well include both monocular [27] and stereo cameras, but care must be taken with shifts
in color, water clarity 28|, and image distortion [29]. Sonar systems are widely used for
range finding-based SLAM [30-32], as acoustic waves have significantly lower attenuation
rates in water and are not affected by changes in illumination conditions. However, they are
often expensive. As an alternative, LIDAR systems have been used, although they work at
different frequencies of light than their aerial counterparts [33].

Internal state-based sensors are often fused with external environmental sensors to over-
come external sensing challenges. Doppler velocity logs (DVLs) use acoustic pulses to calcu-
late velocity, compasses provide orientation data, inertial measurement units (IMUs) mea-
sure both linear and angular acceleration, and depth sensors calculate depth based on water
pressure [25]. Often, multiple sensors are fused together to provide a robust solution. For
example, [34,35] combine visual, inertial, and sonar data; [36] uses visual, inertial and depth
data; [37] couples DVL, visual, and inertial data; [38] fuses sonar, visual, inertial, and water-
pressure data; and |39] presents a new dataset along with a solution encompassing stereo

camera, IMU, DVL, and pressure sensor data.

2.4 Coverage Based Methods

Multi-robot (or more generally multi-agent) coverage problems appear in a wide variety of
domains, including inspection and surveillance, search and rescue, agriculture, manufactur-
ing, traffic management, law enforcement, and more. Although many solutions have been
proposed, typically, the coverage problem is addressed either through a detailed considera-
tion of the choice of agents’ viewpoints over a complex but well-known geometry or through

the partitioning of a simple bounded region for a set of agents with known capabilities.
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For example, measurement uncertainties based on optical parameters are used to generate
a set of viewpoints in [40]. An enhanced rapidly-exploring random tree is then used to
compute the optimal subset of viewpoints that maintains full coverage and visibility of all
the measurement points. A semiautomatic view planner is presented in [41], which uses
3D triangulation between a camera and a laser to actively calculate the viewpoints from
an existing mesh model. A multi-robot boustrophedon coverage method for unknown 2D
environments using line-of-sight communications among the explorer robots is developed
in [42]. This method relies on cell splitting around obstacles to enable coverage using a
heterogeneous system of a team of coverer robots and up to two teams of explorer robots. A
sensor-based coverage path planning method that uses a generalized Voronoi diagram-based

graph to model the energy capacity of multiple robots is presented in [43].
2.5 DMotion Planning

Path planning is the necessary process of planning an exact, collision free path for a robot be-
tween two points. The open motion planning library (OMPL) [44] provides implementations
of a number of different motion planning algorithms for situations with various constraints.
OMPL divides their available planners into 3 categories: geometric planners (based on kine-
matic and geometric constraints), control-based planners (based on state propagation), and
multilevel-based planners (based on simplifying state space representations), though some
planners fall into multiple categories. The SPArse Roadmap Spanner algorithm (SPARS) [45]
and one of the many variations on Rapidly-exploring Random Trees (RRT) [46] seem most
promising initially for integration under the constraints of underwater inspections.
Rapid-exploring Random Tree (RRT) is an often adapted planning method for explo-
ration based on computing collision-free trajectories considering both the kinematics and
dynamics of the system and environment [46]. The RRT uses a tree grown forward from
and initial position. At each iteration, a random state is generated and the nearest neighbor
of the random state in the tree is calculated. By applying possible controls starting at the

nearest neighbor, a set of successor states are generated. If a successor state satisfies velocity
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constraints, has no collision and minimizes a metric relating the position to the random state,
it is added to the tree. For either tree, if an added state is within a small neighborhood of any
node in the other tree, a candidate solution trajectory has been found and is recorded. This
method was tested on several models, including situations such as a 3D body with rotation
featuring a 12 dimensional state space, similar to that used in the simulation of underwater
robotics. While this method is simple and effective, it comes with no optimality conditions
and can take longer computation times.

Variations of RRT that are analyzed in [5| are RRT-Connect [47] and RRT* [48]. RRT-
Connect invloves growing two trees simultaneously. The forward tree generates successor
states as in the original algorithm, but with extended control durations until an obstacle or
boundary is reached, while the backwards tree generates successor states by integration over
the small At, likewise extended to meet obstacles or boundaries as possible. RRT* features
tree pruning to see the chosen successor state can be connected to other previous states to
form a shorter path and pruning the nodes bypassed by these shorter routes to optimize the
tree.

Kinodynamic Motion Planning by Interior-Exterior Cell Exploration (KPIECE) [49] is a
planner based on discretization of the environment, optionally on several levels. The cells
are sampled so that exterior cells are more highly weighted than interior cells, to promote
exploration of the environment. After a new cell is chosen, motions are sampled and progress
is determined by the increase in exploration of the cells.

The SPARS method for motion planning is based on building a roadmap that can be
queried multiple times, rather than a tree that must be built new each time a new path is
required. This method [45] uses both a sparse roadmap of the continuous space, and a dense
roadmap of the local visible space using the §—PRM (probability road map) method. By
leveraging the connections between visible regions, the spanner is able to build a graph based
representation of the space, and use the visibility properties of the regions to ensure collision
free navigation. In the implementation, it proves to equal the abilities of other roadmap

based planners in terms of path quality, and exceed them significantly in reducing roadmap



memory space and query resolution time.
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Chapter 3
UNDERWATER COOPERATION SIMULATION

3.1 Simulation Components

The simulation makes extensive use of several available tools for simulating robots in ROS
Noetic [0] and Gazebo 11. The first of these is Project Dave [5], which is built upon the UUV
Simulator |13]. This provides the framework for several robots, and simulates a variety of
undersea conditions, hydrodynamics, sensors, and manipulators. The BlueROV simulation
is specifically based on the UUV Simulator implementation found in [51], edited to function

within the Project Dave environment.

3.1.1 CAD Model of Vessel Hull

The marine hull used in the simulation is a CAD model of a generic underwater vessel, as
shown in Fig. It was publicly released by the Naval Undersea Warfare Center (NUWC)
Division Keyport for research purposes. This vessel model was developed through interviews
with Navy inspection personnel, but is not an exact replica of any specific hull. The model,
like a real hull, has limited features to use for robot localization, but does include sea chests
and weld seams. It also contains an external access point to an internal water tank, which

is another area of considerable interest in vessel inspection.

3.1.2  Robot Modeling

Although the files to represent Caracara and BlueROV vary, each robot requires detailed
meshes for both visualization and collision avoidance. Note that bounding planes can be used
for collision checking in the case of the RexROV. These collision elements allow the robots

to interact with the simulated underwater environment, including external disturbances such
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Seachests

Weld Lines
Tank Access (not visible)

Figure 3.1: Simulation of a generic underwater vessel, featuring weld lines, sea chests, and

an internal tank access point.

as waves and currents, and deliberate interactions such as control surfaces and thrusters. To
facilitate these interactions, the hydrodynamic properties must be specified for the robots.
This is accomplished by including an added mass matrix, and linear and quadratic damping
terms per the Fossen model [52,53]. It is also important to consider that the thruster
responses are unique to each robot. The Caracara model is based on the scaled versions of
those values specified in the existing program, while the BlueROV thruster responses are
found from [6] with the added mass and drag matrices estimated based on the similar ellipse
method from [54].

We then obtain a thruster allocation matrix to transform the thruster forces to the forces
and moments acting on the six degrees-of-freedom robot body. This allows us to compute
the individual thruster commands from the control inputs. The onboard sensors, namely an
inertial measurement unit (IMU) and a stereo camera system, are then integrated into the
robot models, and the range and noise parameters are set to match the available hardware
capabilities. Due to limitations of the dynamics models, it is important that when the
sensors are added, the balance of the robot is preserved; otherwise, the small weight added
due to the sensors causes the robots to not behave properly, even if the robot’s mass matrix

already includes the weight of the sensors. We recommend making the inertial element for
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the Gazebo instances of the sensors as small as possible in order to minimize this behavior,
since the sensors’ true weights should be already included in the robot. Unfortunately, the

inertial mass cannot be made zero, as the sensor is not simulated in that case.

3.1.3 Robot Control

Two different control schemes can be used to operate the robots in the simulation: remote
control through a joystick (‘'manual’), or trajectory control based on autonomy control pro-
cesses (‘automatic’). At any point, the user can enter any joystick command and resume
manual control of the robots. This is provided as a part of the safety tools when switching
between the simulation and real robot testing.

In the manual mode, the robot is controlled through a cascaded proportional-integral-
derivative (PID) controller, provided as a part of the UUV Simulator. This can be used to
control position, velocity, or acceleration from the human operated joystick. The regulated
input signals are sent to the thruster manager to be appropriately allocated among the
thrusters on the robot, depending on robot configurations.

In the automatic mode, the robot is controlled by the trajectory tracker from the UUV
Simulator, which relies on both the task allocation and the SLAM modules. The SLAM
module is responsible for providing accurate world knowledge, including robot odometry
and optionally a cost-map for the environment. Task allocation provides a list of waypoints
the robot needs to visit in order to complete the desired tasks. Depending on the chosen
methods, the trajectory generator creates a path via the waypoints, then commands the
robot based on the odometry feedback and a simple PID controller. Similar to the manual

mode, the input signals are sent to the thruster manager for actuation of the robot.

3.1.4 Single Robot SLAM

Since we want this simulation to reflect the behavior of actual robots during an underwater
inspection routine, all localization has to be separate from the ground truth. In order to

model this properly, SLAM (and, in turn navigation) relies only on IMU and stereo camera
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Marine vessel

Figure 3.2: Partial map of an underwater environment generated by a BlueROV.

data. Other sources of positioning data, such as depth, and even a range measurement from
a sonar buoy, will likely be included in the future depending on the performance of the other

Sensors.

We are currently using RTAB-Map []gﬂ to perform visual-inertial SLAM, where the camera
inputs are merged with the IMU data using the robot localization ROS package . We are
only using two of the default cameras and the default IMU provided in the UUV Simulator.
We use the stereo image processing package 7] in ROS to handle the raw camera data before
sending it to RTAB-Map. The speed of the IMU data allows immediate feedback for the

processing of the control signals, while the SLAM data is used to construct the map and
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correct the positional discrepancy that builds up from the inaccuracy of the IMU. Figure

shows a partial point cloud generated from a short run of the simulation.
3.2 Multi-Robot Task Allocation

3.2.1 Approach

Currently, we use a simple auctioning of pre-defined tasks on the outside of a vessel, where
each task can be done by a single robot. Any task is considered complete as soon as the
robot reaches the known location specified by the task. These assumptions represent the
properties of simple tasks such as taking an image of a region of interest, which only requires
maintaining a certain pose for less than approximately two seconds. Each robot submits a
bid for a task that is proportional to the Euclidean distance of the task location from its
current location. The bids also take into account factors such as the speed of the robots
and the locations of the other assigned tasks. Future implementations will take into account
the time to complete more complex tasks, tasks that require specialized tooling, and the
possibility of multiple robots being needed for a given task.

The task manager package is implemented to connect messages from the different ROS
packages, and simulates anticipated realistic restrictions on underwater inter-robot commu-
nication. Figure [3.3] shows the basic structure and flow of the task manager. The following
sub-sections describe the important features of the task manager program that runs on each

robot.

Task Manager Initialization and Overview

The task manager is a custom package that includes a launch file which launches a node for
each robot in the system. Each node is responsible for managing several lists of tasks for
the individual robot. The node also maintains important information about the capabilities
of the robot. As shown in Figure B.3] the robot stores lists of known tasks (colored in

grey), bundle (blue), path (green), and completed tasks. The task manager also stores a
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Figure 3.3: Process diagram for the task manager, including colors for which areas of memory

are changed during different operations.

list of winning bids (yellow), the robots that made the winning bids (purple), and the times
of the latest communications with the other robots in the system (orange). It also stores
information about the robots, with each robot namespace corresponding to a particular robot
ID, communication range, the number of tasks that can be present in the bundle, and the

robot position.

Several ROS topics are used to facilitate communication among the robots: one subscriber
topic to accept incoming lists from the other robots, another subscriber to receive the robot’s
odometry, and one publisher topic per robot to send outgoing lists - which are received via
the other robot’s subscribers, plus an additional topic for the user (either for debugging, or

to be used in a future application).

Upon launch, each robot starts an instance of the task manager node, which monitors
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and handles messages. When a message is received, it is added to the queue for handling.
Depending on the message type, different actions are triggered, and the allocation process

proceeds according to the diagram in Figure 3.3

Task Message Structures

There four main message types: the Task, the Basic Task, the Task_ list and the Basic
Task_list. The format of the Task message type is designed to facilitate the auctioning process
presented in [21], while allowing for new algorithms to be explored in future research. A Task
message contains the ID of the robot who found the task ("FoundID’), the ID assigned by
that robot to the task ("TaskID’), the pose that the robot needs to reach to complete the
task, and a Boolean value to indicate task completion. To prepare for future implementations
of the algorithms that will involve the discovery and addition of new tasks to the existing
sets, both the IDs are needed to distinguish between the different tasks and avoid robots
overwriting the unknown new tasks that the other robots may discover.

The second important message structure is the Task_list message type, which is used
whenever tasks need to be transferred among the robots. In addition to a list of tasks,
the Task_list message also includes the ID of the sending robot, the current location of the
sending robot, a string representing the type of the message, that robot’s list of bids and
winners, and when that robot has last heard from each of the other robots. This information
is important for the cycle of auctioning and conflict resolution. The current location of
the robot is used in the process of simulating the limited communication range. The task
manager can be configured to discard a message from a robot that is too far away based on
the senders location (B in the Figure [3.3).

The last of the task message structures is the Basic Task, which can be used to reduce
the size of the messages sent among the robots. This feature is especially important when
coordinating with a limited bandwidth connection. Unlike the full Task message, the Basic
Task only contains the FoundID and the TaskID, which can be sent in a message as small

as 2 bytes (compared to the 30-31 bytes of a standard Task message). In implementations
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that use the basic task structure, the full Task message would be sent only if requested by a
robot. This situation would occur if the robot discovers that its neighbors have found new
tasks while out of communication range - tasks that now need to be added to the allocation
cycle.

This setup also requires a different list message type for the Basic Tasks under the same
structure, and additional ROS topics set up to transfer these Basic Task lists. The Basic
List types also have reduced sizes, using rounded integers for the sender’s position and bid
values and an integer number code for the type string, rather than the strings and floats
used in the full messages. In this paper, while the full Task message types are used by all the
auction, conflict resolution and bidding algorithms, only a few small changes are necessary
to recreate the full messages from the smaller messages when all the tasks are known to the
robots. As such, the rest of this section refers to the full Task messages and lists, but would
apply just the same to the Basic Task messages after reconstruction of the full Task message

before processing.

Processing Messages

Every incoming message is placed in the queue for processing. When using rospy, a new
thread is created for each publisher, which can lead to unwanted behaviors. For example, if
two auctions are running simultaneously, both can add the same task to the bundle at the
same time. This results in a duplicate task in the bundle, which leads to an under-allocation
of actual tasks as the bundle contains duplicates rather than unique tasks. We prevent these
overlaps by creating a single thread to handle the messages by pulling them from the queue
(which is thread locked), rather than directly from the messages published on the ROS topic
(which is not locked).

The following paragraphs describe the sequence depicted in Figure When a message
is pulled from the queue (A), the range of the sender is checked to see if the message can be
successfully transmitted to the receiving robot (B). For testing purposes, we choose a range

of 200 meters, which is based on the WaterLinked Modem M64, but other modems ranges
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can also be used. When simulating the communication speed limitations, the bandwidth of
this modem is 64 bits/second. Once the message is confirmed to be in range, the type of the
message determines what the robot does with the message (C').

Currently there are four main functional types that are present in the Task_list messages:
simple, set, auction, and conflict resolution. For the simple type (D), the tasks included in
the message are added to the robot’s list of known tasks if they are not previously known,
and their bid and winning robot values are set to 0. This message type is most frequently
used by the user to initialize the system, and in the future it will be used to add tasks to
the robot’s list as they are discovered. The set option (E) is similar to the simple type, but
it also adds the list of tasks to the robot’s bundle. This action is meant to allow the user to
override the current list of tasks for a robot, but can also be used to initialize a set of tasks
that will be acted on immediately by the robot.

The auction message (F') initializes the auction process for the robot, based on the robot’s
list of known tasks. This message type ignores whatever list is sent with the message, and
only triggers the start of an auction, the end of an auction, and when the conflict resolution
message is sent to the other robots in the system. The conflict resolution message type (G)
begins the conflict resolution algorithm based on the content of the message. If necessary,
the conflict resolution performs another auction, and if the order of composition of the
allocated tasks changes significantly, it sends another round of conflict resolution to the rest
of the robots. In addition to the functional message types that cause changes to the robot’s
planned trajectory or task list, other string messages can be programmed to allow the user to
interject, monitor, or debug. This allows the user to understand what the system is planning,

or evaluate the performance of different algorithms.

Auctioning

In our current simulation, we use a modified version of the consensus-based bundle algorithm
(CBBA) presented in [21]. This method consists of two steps: the first one builds a bundle,

path, and finds the optimal bids, and is referred as the auction; the second step handles the
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decentralized conflict resolution. Algorithm [I| shows this auctioning algorithm for agent 7 at
time t. We use z; to represent the list of winning robots, y; as the list of winning bids, b; as
the bundle, p; as the path, L; as the maximum length of the bundle, ¢;; as the reward for
robot ¢ completing task j, k;; as the bid robot 7 places on task j, J; as the chosen task to
bid on, and J as the list of tasks being bid on. Further, n; ; denotes the optimal location of
the chosen task on the path, R is the completion value of each task, I? is the distance from
task a to task b, [} is the distance from the robot’s current location to the first task in the
bundle, SZP M 45 the reward for the path up through index n, S} i) as the total reward of
the path without adding a task to it as defined in , and S} i@} ig the total reward
of the path with task j inserted into the path at location n. I() is an indicator function that

returns 1 if the statement is true and 0 if the statement is false.

Algorithm 1 CBBA Auction phase for agent ¢ at iteration ¢
1: Zz(t) = Zz(t — ].)
2 y;(t) =y;(t—1)
4 p;(t) =p;(t — 1)
5. while |b;(t)| < L; do

6: C’ij = maxn<|pi(t)‘+1 <S,Lpl(t) @n{]} - SlPZ(t)) ,VJ c j\bl(t)
&D,.{i}

7 Ny = argma:cnSZP"(t)

8 ky=R— Y (1ot 4 g

9: hiy = (ki = yi),¥5 € T\bi(t)

10: Ji = argmaz;c;j - hij

1: by(t) =bi(t) B, {Ji}

12:  py(t)

130y, (t) = ki,
(

14: Zi.J; t) =1
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Algorithm (1} is modified from the original version in [21] to include a bid that is different
from the reward function. This auction process involves calculating the optimal reward and
best insertion point for each task on their list, and the transmitted bid for each task. The
availability function h;; is used to determine whether the robot is able to outbid the other
robots in the system, based on the robot’s knowledge of the existing bids. The best task
is determined as the one that offers the highest difference in reward functions. This task is
then added to the end of the bundle, and inserted at the best location in the path, and the
bid and winner lists are updated. After this auction is completed, the conflict resolution is

sent to the other robots in the system.

Bid Determination

One important requirement for the convergence of the CBBA auction and conflict resolution
steps is that the bid values for each task must have diminishing marginal gains (DMG),
where the bid value is monotonically non-increasing as the task are placed towards the end
of the path. Since our motion planner is not performing detailed trajectory prediction for
obstacle avoidance at this stage, to reduce the computational complexity, we choose a simple
reward and bidding function based on the Euclidean distance between the robot and the
tasks. Each task is assigned a completion value, R, which, for now, is chosen to be the
length of the tether, [ = 100m. The total reward for a path is then
m(t)—1

PO —m(t)yx R— Y (1Y) + 14 (3.1)

i=1
where, m(t) is the number of tasks in the path p,(t). Then, during the auction algorithm,
the reward for adding an individual task to the list at a location is the difference between
the total path rewards with and without adding the task. This reward is used to determine
which task to bid on, while the bid is used to determine if the robot takes the task in its
bundle. The value for the bid, k;;, differs from the reward in that it only considers the

completion value of the single task, and the sum of the distances to that task.
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(a) Task allocation using auc-

tioning (b) Robots move to begin completing tasks

(¢) A BlueROV approaches a task for completion

Figure 3.4: Allocation and execution of nine inspection tasks on the exterior hull of an

underwater vessel by a team of three robots.

Since we want the robot to achieve some synergy among the tasks, the reward of adding
a given task to the bundle can be higher at some later point in the path than at the first
position, if we use just the Euclidean distance as the reward. Using the differences in the

rewards as bids results in the bid function not being DMG; however, these values lead to
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a more optimal assignment of tasks, since the robot always bids on a task that gives the
shortest total travel distance. In order to make the bidding mechanism DMG, we change
the bid values of the tasks to reflect the distance that has to be traveled along the path to
reach the task at the given location. However, we retain the total path reward to choose
which task the robot bids on. This preserves convergence in the algorithm (see Appendix [A)),
while still providing a simple representation of the effort needed by the robot to complete

the tasks.

In future implementations, we plan to consider more complex bidding functions that
take into account additional factors such as avoidance of obstacles and tangling tethers,

underwater currents, and changes in orientations to transition from one task to another.

Conflict Resolution

Our conflict resolution algorithm is the same as that presented in [21]. It starts when a robot
sends its list of tasks, bids, winners, and communication times to a receiving robot. The
receiving robot then compares this list to its own list, using the times the sender has heard
from the other robots to determine who has the most up-to-date information. Afterward, it
either leaves everything unchanged (in the case of agreement, or after determining it has the
most recent information), or updates the task (after determining that the sender has more
up-to-date information), or resets the task (if the values are conflicting that indicates both
the sender and the receiver are wrong about who has the task). When a task is removed
from the receiving robot’s bundle and path, all the tasks added to the bundle after that task
are also removed from the bundle and the path, since their bids are no longer accurate. If
the bundle changes during the conflict resolution stage, a new auction is started. If changes
are made to the bundle, or conflicts are ignored since the receiver has the most up-to-date
information, the receiving robot send its updated list and information to the other robots

and begins completing the assigned tasks.
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3.2.2  Simulation Results

Figure [3.4] shows the results of a simple inspection scenario within our simulation, in which
a team of three different robots must complete a given set of nine tasks by visiting each task
location. The tasks are initially unassigned and the location of each task is represented by a
small circular marker. After the task allocation is complete, the color of each circle changes
to reflect the winner of that task. These task markers are simply visual representations for
the user with no physical properties within the simulation. The allocation is seen in Figure
[3.4a], with each robot being assigned a total of three tasks. Figure shows the robots
heading toward their first tasks. Figure[3.4c/shows a BlueROV in the simulation approaching
a task for completion. The auctioning and conflict resolution for this set of tasks, with each
robot initially knowing about only 3 of the tasks, is completed within 28 conflict resolution

messages.
3.3 Conclusions

While our simulation platform is quite preliminary, it demonstrates both the complexity of
simulating underwater multi-robot inspection of marine hulls and the utility of doing so for
autonomous robotics research. Using our platform as an initial test bed, researchers can
investigate a variety of algorithms for multi-robot task allocation, simultaneous localization
and mapping (SLAM), and motion planning and control, without having to purchase ex-
pensive underwater hardware. As this research continues, we anticipate our platform to
be used extensively as we test more complex, geometry-based decentralized task detection,
(re)-allocation [22|, and prioritization [23]; cooperative visual SLAM [55]; and coordinated
motion planning [56] methods. We also plan to consider additional features that are crucial
to the success of the overall inspection mission, such as the communication bandwidth among

the robots, water turbidity that clouds the field of view of the cameras, and so on.
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Chapter 4
MAP-TIDAL

4.1 Method

4.1.1  Task Allocation

Map-TIDAL employs a decentralized task allocation framework based on the consensus-based
bundle algorithm (CBBA) with domain-specific modifications for underwater multi-robot in-
spection [10]. The task allocation system operates through a distributed auction mechanism,
where each robot maintains autonomous decision-making capabilities while coordinating with
the team through as few message exchanges as possible to achieve consensus — a critical
requirement for bandwidth-constrained underwater communication environments.

Each robot executes a local task manager responsible for maintaining: (1) known task
inventories, (2) bid histories from neighboring robots, (3) communication timing logs, and
(4) conflict resolution protocols. The auction process utilizes a reward function based on
path optimization, where the reward for incorporating a given task into a robot’s bundle is
calculated as the difference in total path distance when the task is optimally inserted versus
the original path configuration.

The bidding mechanism employs distance-based metrics, where each robot’s bid repre-
sents the cumulative distance to reach that task location. This approach ensures convergence
properties while providing computationally efficient effort estimation for task completion.
Upon completion of the local auction phase, bid information is disseminated to neighbor-
ing robots for decentralized conflict resolution following the consensus protocols established

in [21].
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Figure 4.1: Flowchart of the task discovery and task allocation processes.

The integration of task allocation with SLAM and task discovery processes in Map-
TIDAL enables fully autonomous operation, where newly discovered tasks are seamlessly
incorporated into the existing allocation framework and communicated efficiently through-
out the robot network. Figure shows the integration between the task allocation and
task discovery steps in the pipeline from the SLAM keyframe mesh through the communi-
cation and conflict resolution stages. The consensus-based task sharing inherently creates a
distributed understanding of spatial coverage across the inspection area. This shared aware-
ness of existing task locations enables intelligent mesh analysis during task discovery, where
newly generated candidate inspection points can be evaluated not only for their current
viewpoint coverage but also for their contribution to overall coverage gaps identified through

the collective task inventory.
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4.1.2  Task Discovery

In this work, we use Kimera-Multi [57,[58] to fuse IMU, stereo vision, and DVL data. While
originally intended for aerial and ground environments, Kimera-Multi is able to handle un-
derwater sensor fusion. With properly calibrated cameras, Kimera-Multi calculates location
and generates a lightweight 3D mesh from very sparse keypoint data using structural regular-
ities [59]. This mesh is ideal for underwater inspection since visual features underwater are
typically clustered only in areas with strong visual differences, such as patches of barnacles
or algae, a scratch or rust damaged area, or a piece of complex geometry like a weld line or
sea chest. These visual features are the exact things that need the most attention during
inspections. In areas with large, smooth sections with very few, very sparse features, the
robots will rely on the DVL and IMU for localization and the mesh will be less dense and
will generate fewer tasks.

There are four main steps in the task discovery part of the Map-TIDAL process which

begins whenever a keyframe mesh (M) is produced by Kimera.

1. Candidate inspection point generation: For each triangle in the mesh M, can-
didate inspection points (CIPs) are generated by projecting along the surface normal
by the ideal length (L;), as shown in Fig. . L; is optimized based on camera focal
length and water turbidity to maximize image quality while maintaining safe standoff

distance from the vessel surface.

2. (a) Pruning based on existing tasks (when T, # ()): Each CIP undergoes spatial
filtering against existing tasks 7, using dual geometric constraints: radius of ex-
clusion (r.,) and angle of exclusion (f,). A CIP is discarded if any existing task
lies within both the spherical radius r., and the angular cone 6,.,, ensuring that
retained points provide sufficiently distinct viewpoints for inspection coverage, as
shown in Fig. d.2pb. If T, contains only points outside of 7, from any CIP, step

2b is performed instead.
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OR

(b) Pruning based on self-comparison (when 7, = ()): When no prior tasks exist
within r., of any CIP, CIPs undergo self-comparison using reduced thresholds
(ps = 70% of re, and 6.,) to eliminate redundant inspection points within the

candidate set, preventing over-dense task generation in highly featured areas.

3. Keypoint scoring: Each remaining CIP is evaluated by projecting the camera field-
of-view (FOV') cone and counting intersected mesh keypoints shown in Fig. [4.2c. CIPs
scoring above the threshold (¢) percentage of maximum possible keypoints in the local
mesh region are promoted to confirmed tasks, prioritizing geometrically complex areas

that correlate with potential defects.

4. Final spacial pruning: Remaining sub-threshold CIPs undergo iterative comparison
against the newly confirmed task set using the spatial exclusion criteria from Step 2a.
Tasks are processed sequentially, with each addition expanding the exclusion zones for

subsequent candidates, ensuring optimal spatial distribution in the final task set as

shown in Fig. [4.2d.

Once the new task list has been finalized, it is sent to the auction phase of Map-TIDAL,
which in turn sends the new task information to the other robots in conflict resolution, and

updates the master list of tasks. This full Map-TIDAL process is described in algorithm
and in Fig. [4.1]
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Figure 4.2: a. Inspection point (orange) generation from mesh (grey) using the centroid
(blue) and normal (green). b. Comparison of inspection points (orange) to existing tasks
(blue), point A has no tasks inside the radius of exclusion, point B has a task in the radius of
inclusion, but the angle is outside of the angle of exclusion, point C has a task that is within
both the radius and angle of exclusion, and will not be removed. c. Calculation of keypoint
scores based on the camera field of view. The score is the total of the keypoints (green)
that fall in the field of view for the inspection point (orange) normalized by the number of
keypoints. d. Final pruning on remaining inspection points, done in alphabetical order tasks

E and H are removed, the remainder become tasks.



36

Algorithm 2 Task Discovery Process

10:

11:

12:

13:

14:

15:

16:

Inputs: Kimera mesh (M), existing task list (7¢)
Parameters: L;, r.;, 0., t, FOV
Output: New task list (T),c0)
> <— indicates appending to the end of a list

> () indicates an empty list (ordered)

: from M extract keypoints (K) and polygons (P)
: C' <~ GENERATE POINTS(P) > step 1

. if T, is () then

C + PRUNE(C,0,2) > step 2a
. else
C < PruNg(C|T,,0) > step 2b
Trew < 0

: Cremains — @

: S < CALCULATE SCORES(C, K) > step 3

for i in length(S) do
if S[i] > ¢ then
Thew < Cli]
else
Cremains < Cli]
Trew < PRUNE(Cremains, Tnew, 1) > step 4

return 7,,.,
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Algorithm 3 Pruning

Parameters: L;, r.;, 0., FOV,

1: function PRUNE(C, Comp, n)

2:

3:

4:

10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

23:

24:

25:

precheck < 1

Cpruned 0

Ceompare < 0

if n =0 then
Ceompare <= Ceomp

else if n =1 then
Cpruned < Ceomp
Ceompare <= Ceomp

else if n = 2 then
Cprunea <= C0]
Ceompare <= C|0]
Tex < Tex X Ps
Oc = Oz X Ps

for X in C do

d—0 a+ 10

Ps

> Boolean that marks if prior tasks exist within r.,

> C'is compared to only Ceomp

> C'is compared to Ceppp W.r.t. own tasks

> C'is compared to itself

> precheck strength

d < distance(X,Y) for Y in Ceompare

a < angle(X,Y) for Y in Ciompare

keep <+ 1
for ¢ in 0 to length(d) do
if d[i] < r, then
precheck < 0
if afi] < 0., then
keep < 0
break

> Boolean indicating whether to keep a task
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26:

27:

28:

29:

30:

31:

32:

if keep =1 then
Cpruned < X
if n=1or n =2 then
Ceompare <= X
if n =0 and precheck = 1 then
Chprunea < PRUNE(C, 0, 2)

return Cpuned

Algorithm 4 Additional Functions

1

2:

3:

4.

10:

11:

12:

13:

14:

15:

: function GENERATE POINTS(P)
for z in P do
¢ < centroid(x)
n <— normal(x)
p—c+ L; Xxn
0+ —1xn > angle expressed as a quaternion

C < (p, 0)

return C

: function CALCULATE SCORES(C, K)

S0

for X in C' do
FOV; + transform(FOV, X)
T « > (Delaunay(FOV,). find_simplex(K) > 0)
S <= T'/length(K)

return S
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4.2 Experimental Results

4.2.1 Physical Setup and Data Collection

To validate Map-TIDAL, we collected two sets of in-situ data in an OSB test tank with saline
water. We used a team of two BlueROV2 [6] robots customized with an NVIDIA Jetson
Xavier AGX on-board processor, a WaterLinked A50 DVL (only on the robot of interest),
and an OAK-D stereo depth camera. While the tether is used as a safety measure for
monitoring and manual control takeover if required, all necessary processing and recording
are done on the Jetson.

In the first test, a short video and IMU data with the robot manually held in a stable
position were collected. This video data was then used with offline Kimera processing to
determine initial feasibility and algorithm development. Figure shows the results of this
initial algorithm development on a single mesh frame featuring 326 triangles. The initial
parameters were chosen as L; = 1.5 m, r., = 0.8 m, 0., = 0.1 rad, and t = 0.4. The
left image with keypoints and the mesh are shown in Fig. and Fig. [4.3B, showing the
concentration of the keypoints on the geometrically and visually interesting places such as
the ladder feet and edges of the window and frame, and the two visible edges of the corner.
Using these values and an initial list of 21 tasks selected randomly from the CIPs, the number
of CIPs is reduced from 326 to 98. This can be further reduced with appropriate parameter
tuning.

In the second test, the robot was allowed to rise slowly a distance of about 0.5 m, and
the first 7 keyframes were analyzed to find the ideal parameters for this environment. In
pretest observations, with high water clarity and good, indoor lighting at the saltwater
tank, we found the OAK-D provided the most accurate point clouds when it was positioned
approximately 1 meter from the surface it observed, this was set as the L; value.

Parameters r.;, 0.., and t were varied separately with the goals of minimal uninspected
area, appropriate levels of overcoverage, aiming for an average number of views in the 2-2.8

range, and between 15-25 tasks. We observed that 6., produces the number of tasks in that
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Figure 4.3: A. Left camera image with tracked keypoints overlaid in green and untracked
keypoints in red. B. Kimera mesh with A. as texture. C. Initial tasks shown as arrows in
red, mesh in blue, keypoints as rainbow dots. D. The 326 CIPs generated in teal. E. The
165 CIPs remaining after the first pruning in teal. F. The 49 tasks kept from their keypoint
scores in green, with the remaining 116 CIPs in red. G. The 98 tasks kept after the final

pruning.

range for values between 0.25 and 0.45 rad, r., produces tasks in that range between 1.5 and
2.0 m, with the rate of adding additional tasks higher with lower values of r., and 0.,. The
threshold has little effect on the rate of adding tasks, but a large effect on the initial number
of tasks, with higher thresholds producing fewer tasks overall, and very little change in the
number of tasks produced for any threshold variance over 80%. The results of varying each

individual parameter are presented in figure [4.4]

4.2.2  Analysis

To analyze the effective coverage of the new task locations, we modeled the region of the
test tank used during testing. This region includes a flat section with an inset window, two

angled sections, and a short part of the longer sides of the tank, as shown in Fig. The
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Figure 4.4: Total number of tasks over seven frames with: Top: varied r., values, 6., = 0.3
rad, and ¢ = 75%; Middle: varied 0., values, 7., = 1.5 m, and t = 75%; Bottom: varied ¢

values, 0., = 0.3 rad, and r., = 1.5 m.
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Figure 4.5: A. Top view of the test tank with dimensions. Solid lines show geometry used
to generate inspection points for Voronoi and sweeping pattern methods, dashed lines show
the edges of the voxelized region used to evaluate method effectiveness. B. Test tank with

two modified BlueROV2s with the main robot at the center.

bottom of the tank and the surface of the water are not included in the model. The model

is voxelized using Open3D libraries.
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For each point in the discovered task sets, the FOV cone is transformed, and any voxels

within the cone are shaded red. If a voxel is seen from multiple positions, the shade of red is

made brighter with each point that views it. By analyzing the distribution of the number of

times each voxel is seen, we can compare the effectiveness of the variations of each parameter

within their effective ranges.

Table 4.1: Average Views per Voxel, Number of Tasks, and Percent Uninspected

Oc, (rad)
t | rep (m) 0.25 0.3
avg |num | % | avg | num | %
1.5 4.26 1.49 | 3.97 3.71
1.6 3.63 | 24 7.60 | 3.19 | 21 8.06
70%
1.7 22 128 1230 18 | 21.16
1.8 271 19 6.18 | 2.79 | 19 5.77
1.5 4.05 3.05 13.50| 23 5.69
1.6 3.12 1 22 | 11.73 | 2.83 | 20 9.53
75%
1.7 2.06 | 20 3.81 | 2.38 | 18 6.79
1.8 248 | 18 6.84 | 255 | 18 6.42
1.5 23 1.06 21 1.40
1.6 2.62 | 22 | 1190|231 | 19 8.07
80%
1.7 4.06 3.710 1315 21 5.13
1.8 3.78 | 23 6.35 | 3.09 | 20 6.45

Avg indicates the average views per voxel, num the number of tasks generated with that

set of parameters, and % the percentage of voxels that receive no views.

Green values

indicate optimal performance, yellow values acceptable performance, and red values indicate

significant overcoverage.
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Table shows the average number of views per voxel, the number of tasks generated,
and the percentage of voxels with zero views for various values of r.., 0., and t. Ideal values
with less than 5% uninspected are shown in green, and for these values, between 15 and 25
tasks, and an average of less than 2.5 views per voxel are also shown in green. Yellow values
indicate values outside of that range, but under 30 tasks or with an average lower than 3.5,
while red values indicate averages over 3.5. The best coverage is achieved at r., = 1.7 m,
0er = 0.25 rad, and t = 75% but other values also show acceptable results. In general, lower
Ter and O, values lead to higher numbers of tasks with better coverage, but a higher average

coverage.

4.2.8  Comparison Metrics

Metrics on inspection quality such as the coverage percent and averages can be easily com-
pared, but finding a metric that also shows the distribution of overcoverage can be a challenge.
Some overcoverage can be desired, especially around complex geometry to ensure that all
angles are viewed to reveal all defects, but too much overcoverage is a sign that there are
more inspection points than needed- leading to wasted time and energy. But what is the
ideal balance that ensures coverage without too much overcoverage? While many options are
present, we have chosen to examine the distribution of number of views per voxel compared
to the gamma distribution. While this function is typically used for wait time variables, the
inherent 0 minimum, left skew, and exponentially decreasing tail make the gamma distri-
bution good for our purposes as well. The gamma distribution has the probability density

function in equation 4.1}
1

[(a) 5

By choosing the shape parameter a and the scale parameter 3, we can modify the shape

flz;a,B) = z@tem/B, (4.1)

of the distribution to fit our desired inspection requirements- that there be a the least number
of voxels inspected 0 times, that the peak value be between 1 and 2, and that the number of

voxels with large amounts of overcoverage be low. The peak value of the gamma distribution
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is at B(a—1), so if we set a desired peak value, either parameter can be used to tune the whole
distribution. Using 2 as the peak value and setting o = 4 gives = %, and checking with
the cumulative density function, this choice of parameters gives less than 1% of voxels being
inspected less than 0.5 times. Since the gamma distribution is continuous while the number
of views is discrete integer values, when discretizing data from the gamma distribution, this

would be the cut-off for voxels that would be inspected 0 times using integer centered bins.

4.2.4  Comparisons

A C

A
Ny z

Figure 4.6: Simulated coverage analysis for A Voronoi, B Map-TIDAL, and C sweeping
patterns with task locations shown in blue and voxels colored brighter red with each time

they are viewed.

Some understanding of other prevalent area coverage methods is required to compare
them to the performance of MAP-Tidal. Voronoi diagrams are made by dividing a space
into regions that contain all the points closest to a point within a set of points. A survey of
Voronoi methods for robotic coverage is provided in [60]. The generation of the points used
to generate the Voronoi diagram can be generated by using robot start positions, random
generation based on various distributions, or other various methods. The Voronoi partitions
can be generated with a constant cost function or on a distributed cost function over the

region based on previous knowledge of the environment. From the starting positions, the
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Figure 4.7: Histogram showing normalized views per voxel for different task generation

methods compared with the discretized ideal gamma distribution.

diagram can be optimized using Lloyd’s method, which moves each point toward the centroid
of the corresponding Voronoi partition to recompute the new partitions. For our comparisons,
we use WebSVG’s Voronoi editor [61], which uses a seed generation method that controls

the spread and regularity and allows for weighted distributions and wall avoidance.

Boustrophedon patterns are based on sweeping linearly back and forth over a space.
In , the optimization of sweeping patterns occurs over a space that can be represented by

a 2D space with holes as no-fly zones. Bahnemann et al. develop a tool to calculate optimized
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paths using a generalized traveling salesman problem framework that can be modified during
runtime as a user adds additional no-fly zones. While this implementation was originally
demonstrated using flying robots searching a hillside for mines with a set altitude offset, it
can be applied to other situations where a 3D space can be represented by a surface with an
offset robot, such as our inspection problem.

For both the Voronoi and sweeping patterns, we use a projection of the rectangular
surface onto the wall of the tank with a distance offset of 1 m and an angle perpendicular to
the surface of the tank. A top-down section of the portion of the tank considered is shown
in Fig. [£.5] Similar to the evaluation of coverage used for parameter adjustment, the same
tank model is voxelized and the same parameters can be used to evaluate the effectiveness
of the coverage of these methods.

Fig. shows the best version of each generation method and Fig. [£.7]shows a histogram
chart with the views per voxel overlaid with the ideal gamma based distribution generated in
part IV.C. The Boustrophedon pattern was generated using two interpolation points between
sections longer than 1 m, with a lateral overlap of 0.1 m. The Voronoi partition is generated
with 20 points including wall avoidance. Map-TIDAL used r., = 1.7 m, 0., = 0.25 rad, and
t = 75%.

From the histogram in Fig. 4.7, it can be seen that Map-TIDAL achieves 3.81% unin-
spected voxels with an average of 2.56 views per voxel in 20 tasks as compared to the Voronoi
(17.32% uninspected, 1.39 average views, 20 tasks) and boustrophedon (8.94% uninspected,
1.80 average views, 30 tasks). The average of absolute differences between Map-TIDAL
and the ideal is 0.029, while the Voronoi (0.100) and boustrophedon (0.081) display larger

differences.

4.2.5 Additional Experimental Verification

The third test was conducted in a fresh water pool with no additional parameter tuning,
as the pool visibility was similar to that in the OSB test tank. This test involved more

movement of the robot, with a surface not directly perpendicular to the robot, similar to
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Figure 4.8: Task discovery with steps shown over the first two mesh frames in pool testing.
CIPs are colored blue initially. In the case of the first mesh, the final tasks are shown in
black, which remain when they are used in the second mesh as the existing tasks. For the
second mesh, during the score separation step, ones that are selected are green, while the
ones subject to final pruning are red, and the final selection is shown in light green. These

light green tasks are then combined with the existing list of tasks for the next mesh frame.

what it would see if moving along a hull at an angle.

Figure shows the results of the first and second mesh frames in one instance of
pool based testing. Based on observations made during testing, this set of tasks appears well
distributed over the environment, though it can be noted that the Kimera mesh visualization
is not complete. The mesh includes all triangles in the mesh while the visualization includes
only ones over a certain size. It can also be noted in later mesh frames (not shown) that
the reflection of the wall onto the surface of the water causes additional mesh irregularities,
indicating that additional visual processing should be developed to handle regions near the
surface. Overall, this third test was very successful, demonstrating the usefulness of the

Map-TIDAL algorithm in different environments with varying geometric complexities.
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(a) Sweeping Pattern: 28 Tasks (b) Voronoi: 24 Tasks

(¢) Map-TIDAL: 12 Tasks

Figure 4.9: Simulated coverage analysis of a pool section for three methods with task loca-

tions shown in blue and voxels colored brighter red with each time they are viewed.
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Figure 4.10: Histogram showing normalized views per voxel for different task generation

methods compared with the discretized ideal gamma distribution on a pool section.

Similar analysis was done to that in section [£.2.4] the results of which are shown in figures
4.9 and [4.10] In this example, a larger section of the pool is modeled than was analyzed, to
enable each method to show the ranges of the selected task positions that will force additional
exploration on the robotic system. The Map-TIDAL results were generated using the same
parameters as used previously in the test tank. The sweeping patterns were generated on a
section of the pool wall up to 2 m deep and the bulkhead, with the space corresponding to
the open section under the bulkhead and the sloped region of the bottom set as no-fly zones.
To simulate the same shape using the Voronoi generator, any points generated in the same
blocked region were discarded. Similar to with the test tank, Map-TIDAL shows more of a
clustering of tasks near potential points of interest, in this case the light fixture (on the wall
about a meter off of the bulkhead) and the corner where the bulkhead and the wall meet.

Map-TIDAL also shows better extension into the areas with gray voxels that represent the
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pool space outside of the area already covered in the inspection. When looking at the results
shown in figure this space is much larger than that shown in the test tank trials, and the
ideal distribution has been adjusted to have the same shape value with a higher peak value
to allow for this larger coverage region. Map-TIDAL has an average absolute difference from
ideal of 0.081, while the Voronoi (0.108) and boustrophedon (0.095) display larger differences
once again. Though the benefit is not as high in this case as it was in the test tank case, it

is still present, even with half the number of tasks used in the other methods.
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4.3 Discussion

Qualitative analysis of the areas with the brightest reds in the task discovery method from
Fig. [1.6B, shows clear concentration of views on the center and upper right side of the tank.
This corresponds with the position of the safety ladder during the testing, so it is expected
that that region should be viewed from more angles due to the concentration of keypoints in
that area. Both the sweeping and Voronoi patterns lack this concentration in the provided
examples, but with modifications to weighting parameters both methods have the potential

to incorporate weighted distributions to task generation.

The main limitation of the Voronoi and sweeping patterns for the underwater inspection
case is that they require a model before they can generate their points. The sweeping pattern
tool is able to recalculate quickly on the fly when a user adjusts the model of the space, but
still requires user input, preventing the system from being fully autonomous. The Voronoi
patterns also calculate quickly, but require the geometric limits of the space before starting.
Changing the environment for either set would overwrite the existing tasks with a new set,
which would be challenging, since underwater communication is slow and unreliable. This
limits the effectiveness of both methods in dynamic environments with no prior knowledge

of the geometry.

The proposed Map-TIDAL method is not without limitations. Since task discovery is
based on the meshes generated during SLAM, it does not require prior knowledge of the
geometry to be inspected. However, the quality of the generated tasks will depend heavily
on the quality of the SLAM meshes. In murky water, additional sensors, such as the DVL, are
necessary to maintain localization when no objects are visible, since any errors in localization
result in corresponding errors in task positions. In addition, it is possible that the generated
tasks may be placed in areas the robots cannot access due to the fact that only the map

viewed by the individual robot is available during task discovery.
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4.4 Conclusions

In this paper, we present a new algorithm, Map-TIDAL, for online task discovery from
a SLAM generated environment mesh through candidate inspection points generation and
pruning based on their keypoint scores and proximity to other tasks. These tasks can then
be efficiently distributed to a multi-robot system through a decentralized auctioning and
conflict resolution process. As new geometry is discovered (explored), the corresponding
tasks are distributed, avoiding the need to maintain models of the inspected structures and
focusing the inspection on areas with large numbers of visually distinct features. With
suitable parameter adjustment and accurate SLAM, Map-TIDAL produces task locations
that provide excellent coverage with appropriately low levels of overinspection.

Future works will include investigating collision avoidance during SLAM-based task dis-
covery and allocation. Another potential direction is multi-modal sensor fusion, where fusion
of camera images with side scan sonar data could augment localization and map generation
abilities. Side scan sonar data would also provide more accurate meshes for Map-TIDAL’s
task discovery process. Although Map-TIDAL currently focuses on visual inspection data,
the algorithm could be extended for other inspection sensors, such as ultrasonic thickness
testers, or for the use of additional tools, such as brushes, scrapers, and probes. Map-TIDAL
is designed for underwater use, but has potential for use in challenging aerial environments

with limited communications and visual range if adapted for a system of flying drones.
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Chapter 5

ANALYSIS OF MOTION PLANNING IN UNDERWATER
CONTEXTS

This chapter focuses on the understanding and analysis of selected motion planning tools
from the suite of tools provided through the OMPL [44]. A total of 6 methods from both the
control-based and geometric-based tools are explained, tested, and analyzed in two different
underwater environments: the tank and the pool discussed in[d] When considering how these
methods would be able to integrate within the Map-TIDAL process, factors such as memory
use, computation time, and accuracy of final location are all important metrics. Additional
factors such as the path complexity and the ability to work with dynamic environments and
information from other robots will also come into play with the choice of methods and their
overall effectiveness in underwater planning. From the controls-based set of tools, RRT and
KPIECET] are chosen for analysis, likewise the geometric version of KPIECEL] is also analyzed
for comparison of controls and geometric versions of the methods, with RRTConnect, RRT*,

and SPARS as the remaining geometric methods to be reviewed.

5.1 Summary of Methods

5.1.1 RRT

Rapidly-Exploring Random Trees (or RRT) and derivations of it have become a backbone
of robotic motion planning techniques. As introduced briefly in chapter 2, RRT is based on
building a tree by randomly selecting configurations, finding nearest neighbors within the
configuration space, and adding them to the tree if they meet appropriate conditions. In
the most basic form of the algorithm from [46], given an initial condition, x;,;; and a state

transition equation that provides a new state based on dynamics and constraints, a tree T
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with IC vertices can be generated iteratively until the desired location is reached. In each
iteration of the tree, a random state within the free configuration space is generated and
compared to the existing vertices in the tree to find the nearest neighbor according to a
distance metric corresponding to the state space in use. Then inputs are generated to move
the tree toward the random state based on the timestep, At, being used to generate the tree.
The new states are checked for collision to ensure that they remain in the free space, and
the new state that is closest to the randomly chosen state is added to the tree as a vertex,
and the corresponding control input is added as the edge between those two states.

When considering applications in the underwater field, the notable benefits of RRT are
the computational simplicity, the applicability to partially controllable systems, and the bias
toward exploration of unseen areas. Paths that tend towards unseen areas are ideal for
the task detection in Map-TIDAL. Computational speed and low memory use are both of
high importance when path planning is running alongside complex SLAM and task detection
with limited onboard computational power. In addition, RRT has been shown to function for
partially controllable agents, making it a natural choice for lower DOF underwater robots.
Limitations on the original method include that there is no optimization of the path, and
convergence rates can be low. Reliance on an accurate distance measure is also a challenge,

as will be discussed further when selecting appropriate state spaces.

RRT-Connect

RRT-Connect [47] has two main differences from the original algorithm. First, rather than
only extending the tree incrementally at each step, it attempts to extend the tree further
until either the goal position or an obstacle or boundary is reached. Second, it features
the growth of two trees, one from the initial position, the other from the goal position, and
attempts to connect these two trees to find the solution.

The big limitations on this method are that it not intended to work with differential
constraints, and needs an inverse kinematic solver for the second tree to get full control

commands, or to be solved as a purely geometric problem without the inverse kinematic
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considerations (as is used in the OMPL geometric implemenation). However, due to the
longer sections and multiple trees, paths are often more direct and efficient, even without an
explicit optimization method. RRT-Connect is also applicable to largely open spaces, such
as on the exterior of hulls, because the extended edge lengths allow more space to be covered
in fewer steps. Not only is that good for reducing the need to increment many times in
such open spaces, but it also leads to a path with fewer arbitrary sharp changes in direction.
Underwater robots often struggle with sharp turns, higher DOF UUVs due to the wobbling
generated in abrupt changes, while the torpedo shaped AUVs are often strictly limited in

their maximum turn radius.

Optimal RRT

Optimal RRT [48], or RRT*, is a modification of the original RRT to include optimization
as the tree is built. When a new vertex, ,., is added to the tree in RRT*, a cost function
(typically distance) is used to compare the path length along the tree to the path length if
Tnew 18 connected directly to previous nearby vertices. If this new connection is shorter than
the previous connections and collision free, the two vertices are connected with a new edge,
and the edges and vertices that were a longer route are removed. This ensures that when
the solution is found, it is asymptotically optimal.

The biggest benefit of RRT* is the optimality condition, which ensures that the paths
generated will not be significantly larger than they need to be. Like the RRT-Connect
algorithm, RRT* also provides paths with fewer unnecessary turns than the RRT method,

in this case due to the tree simplification step rather than the extension step.

5.1.2 KPIECE

Kinodynamic Motion Planning by Interior-Exterior Cell Exploration (KPIECE) [49] is a
single-query motion planner designed for systems with complex dynamics. It works by dis-
cretizing the environment on several levels, so that each level becomes more fine, and this

discretization can be used to find areas that have been explored less. These discretized cells
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are considered exterior if they have less than 2n instantiated non-diagonal neighbors (where
n is the dimension of the discretized space), and interior if they have 2n instantiated neighbor
cells. A tree of motions is built by sampling motions that expand into different cells with a
bias toward exterior cells. Once a cell is chosen, the controls to get to that cell are sampled,
and the progress is computed based on increased coverage of the cells. The motions used
in KPIECE are generated with only forward time motions considered, meaning no inverse
kinematics are needed, and they can be done based on simulated robot physics.

KPIECE offers a flexible framework with the ability to run in multiple levels of discretiza-
tion, multiple parallel threads in cases with multi-core machines, and the ability to change
the progress metric and add a goal bias to suit the use case. It has speed-up benefits shown
against several other planners, including the basic RRT algorithm. It frequently provides
paths that are not optimal in terms of distance, but offer extensive exploration in the en-
vironment which could be a benefit to inspection cases and task generation. The OMPL
implementation used in this evaluation is KPIECE1, which uses one level of discretization,

a grid.

5.1.3 SPARS

The SPARS [45] method builds two graphs in parallel, the sparse graph S and the dense graph
D. S is built of an adaptively selected subset of nodes from D, while D is built of samples
from the free configuration space. Sparse edge lengths are limited by 2 * A (the visibility
range is A), and by using a maximum neighborhood radius of ¢ in the dense graph. A node
is the representative of a sample if they can be connected with an obstacle free path shorter
than A and the node is the closest node that can do this. Similarly, the visibility region for a
node is the set of all collision-free configurations that share the node as their representative.
”The interface between two nodes ... is the shared boundary of their visibility regions” [45].
A sample from the dense graph supports the interface of its representative spanner node if
there is another dense graph sample with a different representative so that the local path

between the samples is an edge of the dense graph. From these definitions, the midpoint
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between two spanner nodes is on the interface if the local path is obstacle-free. A sample ¢

is added to the spanner (S) if: (in order)

1. If no existing spanner nodes connect to ¢ it is added as a ”guard” for coverage purposes.

2. If it connects two nodes that aren’t connected, an edge is added between those nodes.
If adding an edge is not possible, ¢ is added as a "bridge” node and connected to both

nodes.

3. If ¢ is on an interface, and ¢ and each other sample (¢’) do not share an edge, they are

candidates for addition, then SPARS attempts to add them as ”pair”:

(a) If possible, an edge is added between the representatives of ¢ and ¢’ (v and v’

respectively). If not:

(b) If the local path between v and v’ is not collision free, SPARS checks if they can
be connected through the midpoint between ¢ and ¢/, the midpoint is added and

interfaces are reduced if possible. If not:

(c) Both ¢ and ¢ are added to S and connected appropriately, then interfaces are

reduced if possible.

If ¢ is still not added, considering all neighbors v” of v that are not linked to v/, it

attempts to as as a "path”:

(a) Find the longest path on S between the midpoint m(v,v") and the midpoint of
each m(v,v").
(b) Find the shortest path between ¢ and all samples that support the interface be-

tween v and v” that have v as their representative in D.

(c) If the length of that shortest path is shorter than ¢ (the spanner stretch factor)
times the length of the longest path, consider all samples along the shortest path

for addition and reduce interfaces if possible.
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4. If q is not added after all of this, increment the failures count.

Because of the communications constraints between robots underwater, it is hard to com-
municate large detailed maps between underwater robots. In [45], the authors present trials
showing many orders of magnitude smaller roadmaps than other roadmap based methods.
While the maps are still too dense to be transferred fully between robots given the communi-
cation constraints (their largest map for the many holes trial would be about 27.8kB, which
would take just over an hour to transfer), however it seems feasible that the task positions
themselves may be able to act as additional sparse nodes for areas, and with the estimate
they give of 12 bytes per edge (about a second and a half to transfer at 60 bits/s), it could
be possible to update maps using the existing shared task list with new connections as they
are discovered by the robots, especially if additional data compression is possible.

The second feature of SPARS that appears applicable to underwater inspections is the
idea of visibility embedded into the graphs used. With one of the hardest parts of underwater
inspections being the limited visibility, having a dense graph built only for areas that are
currently visible, then saving only the minimum of what is needed for the sparse graph outside
of that seems like an efficient way to manage the challenges of dynamic environments, while
accounting for the very low visibility underwater. This also feeds the idea of using tasks
discovered by other robots as potential nodes in the sparse graph, since tasks from one robot
are likely to be outside of the visual range of the other robots in the system, but still represent

knowledge of the overall environment.
5.2 Adaptations for the Underwater Environment

5.2.1 State Space Setup

OMPL greatly simplifies the implementation and evaluation of the chosen path planning
algorithms, but some changes are still required to work specifically for the underwater en-
vironment. OMPL defines several state spaces that work with their implementations of the

algorithms, and for the most part, only small adjustments are needed. Of the spaces avail-
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able, the most applicable for the BlueROV 2 is the SE3 state space, with three variables
for position and a quaternion for orientation. The distance metric in this space is a simple
Euclidian distance for the position and an arc length for the orientation. For the geometric
planners this is almost enough, but when using meters as the units, the arc length calcula-
tion quickly overbalances the position based distance, so the weighting of the arc length was
lowered.

For the control based planners, velocity is also a part of the state, and an additional
compound state was used. The compound state was made of a standard SE3 space with the
adjusted weights for the distance metric, alongside a 6-element vector for the velocity. While
it is possible to consider the desired velocity as part of the goal, to keep things equivalent
between the methods, the weighting for the velocity vector was chosen to be zero, so that the
velocity was only used as a part of the motion calculations for the controls. The control space
in this case has 4-DOF, x, y, z and the yaw angle, in keeping with the standard BlueROV 2
configuration.

Testing for the motion planning models’ applicability is done for the BlueROV 2 here,
but other state spaces of interest included in the OMPL library include the Owen [63]
and Vana [64] state spaces. These spaces produce gently looping flight paths for aerial
vehicles and AUVs, which require a minimum forward velocity and have limited turning
ability. These spaces would be ideal for torpedo shaped vehicles, and would be used in

future implementation involving that kind of vehicle.

5.2.2 Motion Model and Visualizations

While the geometric based planners require only the geometry of the space and the robot to
complete their motion planning, the controls based planners also require a motion model to
generate the correct control responses for the robot. While the robot itself is only controllable
in 4-DOF, it still moves in a 6-DOF manner. While the OMPL planning algorithms do not
take into considerations such as waves, tides, and currents, the same motion model used in

the simulations from chapter |3| can be applied here, with the external forces (waves, tides,
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and currents) set to zero. Equation shows the motion model from [52], where 7 is the
generalized position and orientation in the NED coordinate system, v is the generalized
velocity, 7 is the external forces (set to zeros here), M is the inertia matrix with both rigid-
body and added mass, C(v) is the Coriolis and centripetal matrix, D(v) is the hydrodynamic

drag matrix, and g(n) is the hydrostatic forces and moments, all in the standard.

Mv+Cwyv+Dw)v+gn) =1 (5.1)
18814 0 0 O 0 0
oD 888
M= 0 0 0 0113 0 0 (5-2)
0 0 0 0 01726 0
0 0 0 0 0" 0.2429
—8.814—21.42v¢ 0 0 0 0 0
0 —920.1—-28.4113 0 0 0 0
_ 0 0 —20.1-52.13v 0 0 0
D(V) = 0 0 0 —19.24v5 0 0 (5-3)
0 0 0 0 0.0604—22.17v, 0
0 0 0 0 0 —0.0279—14.98v5
0 0 0 0 30.1vs  —30.113
0 0 0 —30.10 0 18.81v
_ 0 0 0 30.1v;  —18.81v 0
C(V) = 0 30.10,  —30.11 0 0.2707v5 —0.112104 (5-4)
—30.1v5 0 18.81v9 —0.2707vs 0 0.113v5

30.1v1 —18.81vp 0 0.1121v4 —0.133v3 0

0
0

Q(V) - 29.43(:03774 sinns (55)
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0

The final step of adapting the motion model to the OMPL tools is to perform a coordinate
transform to match ENU convention used in OMPL. This is necessary for the visualization
within the application provided within OMPL, and to work with the provided state space
models, which are also in ENU convention. As OMPL uses a world fixed coordinate system
for the overall motion planning, the CAD model for the pool was transformed so that the
initial position of the robot from the previous analysis of the Map-TIDAL algorithms is the

origin of the model. The tank model has its origin on the floor in the center of the tank.
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5.3 Analysis and Results

5.3.1  Quantitative

The path planning methods are compared in several different sets of trials. Six trials are
done in the pool environment, and three in the tank environment. In the pool, two different
starting points, the origin start 1: (0.0, 0.0, 0.0) and randomly chosen start 2: (1.30, -0.73,
1.98), and three different end points, simple goal 1: (1, -1, -1), behind the bulkhead goal 2:
(1.5, 0, 2), and randomly chosen goal 3: (-0.46, -2.38, -1.02), are used in each combination.
In the tank environment, the robot starts at (2, 3.5, 0) and has three goals: randomly chosen
goal 1: (2.25, 2.6, 0.51), the randomly chosen point with an quaternion change to goal 2: (0,
0, 0.1041662, 0.9945599), and the first task location generated by Map-TIDAL goal 3: (1.64,
1.62, -0.049) with rotation (0, 0, 0.1041662, 0.9945599).

Each trial was run 10 times with each planner. Each planner was given a time limit of
100 seconds, a memory limit of 10000 MB, and a goal threshold of 0.01 m. Interestingly
enough, every planner used about the same amount of memory, between 350 and 357 MB per
run, regardless of the planner chosen. Computation times fell into three categories for the
purposes of application to underwater robotics, planners that used the maximum amount
of time given: RRT*, control RRT, and control KPIECEL; planners that were complete in
under 0.02 seconds: RRT-Connect and geometric KPIECE1L; and SPARS, which processed
in a wide variety of times in the 10-100 second range, averaging around 28 seconds over all
the trials. It was also noted that in visualization trials, the planners that use the full time
given were able to produce similar quality of results given only 10 seconds for the geometric
based planners, and 30 seconds for the control based planners.

The resulting average distances from the goal are presented in table [5.1] for the control
based planners. All the geometric planners were able to find an exact solution each time,
indicating that they produce more exact results. The lack of consideration of the actual
control efforts may mean that the paths generated by geometric planners may not be able

to be followed accurately enough. The control version of KPIECE1 got slightly closer to the



Table 5.1: Average Distance Between Final Location and Goal (m)

Control RRT Control KPIECE1
Pool: Start 1, Goal 1 0.1040429 0.09628323
Pool: Start 1, Goal 2 0.2353666 0.16370444
Pool: Start 1, Goal 3 0.10562171 0.1199825
Pool: Start 2, Goal 1 0.2958421 0.2253596
Pool: Start 2, Goal 2 0.338674 0.29338891
Pool: Start 2, Goal 3 0.0961419 0.08786319
Tank: Goal 1 0.4701992 0.41762703
Tank: Goal 2 0.4963848 0.42859
Tank: Goal 3 0.53696065 0.3639301

final goal location on average than the RRT in most trials, but the results of both methods

were in an acceptable range.

The next point of comparison is the overall path length for each planner. Of the paths
found by the control planners, RRT almost always showed a shorter path than KPIECEL, a
trend also seen in the geometric versions of the planners. As expected, RRT showed much
longer paths than the more optimized RRT-Connect and RRT*, with RRT* usually having

the shortest, or tied for shortest, path lengths.

Each of the geometric planners also featured a simplification to optimize for near minimal
path length performed on the final paths chosen in each instance. While the paths found
before simplification in each run were different, it is interesting to note that regardless of
planner, the simplified solution for every run of every trial except the pool trial converged to
the same value, the Euclidean distance. This is likely because the environments of both the
pool and the tank are very open, reflecting the openness of large interior tanks and on the

exterior of hulls. The exception is the goal location that was set behind the pool bulkhead,
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for which following the path along the shortest distance would result in collision. In that
trial, the planner with the shortest path length was the simplified RRT* (the simplified
version was only 0.03 m shorter, so it is hard to see on the graph).

Another interesting observation from the path lengths before simplification is that the
KPIECE1 methods had significantly longer path lengths than any other method, and the
variation in the path lengths within the same trials were much higher, often 20-60 meters
different between runs, while the other geometric planners saw paths within 0-3 m of each
other. Even though the path length averages for RRT are in the same average length to the
KPIECEL methods, RRT generally had only about 10 m of variation in path length. This
again shows the tendency of KPIECE1L to wander and explore the region, while the other

planners provide more direct paths.

5.3.2  Qualitative

In addition to the performance statistics presented in the previous section, several aspects of
the motion planners are better observed as more abstract qualities of the results. Here, the
planners are evaluated in terms of smoothness, exploration, excess angular displacement, and
mapping ability. Smoothness in this case refers to how sharp the turns in the path are, since
sharp turns are challenging for underwater robots. Paths that make turns more gradually
are preferred. The balance of exploration to discover more tasks at the edges of the explored
regions and the efficiency of direct paths where possible is important, and moderate amounts
of exploration can be good, but huge, unnecessary variations in path will lead to excessive
time and energy spent when it is not needed. While the system will eventually feature robots
without tethers, it is possible there could be tethered robots still in the system, leading to the
third quality being evaluated- excessive angular displacement. For tethered robots, spinning
will quickly result in twisted, tangled and possibly damaged tethers, while for untethered
robots, spinning is more of a localization problem as large angular changes will likely result
in a loss of visual contact with the vessel being inspected, forcing relocalization in the visual

SLAM module when the vessel is in view again.
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Figures and show samples from each planner, visualized using the OMPL app.
The second pool trial, featuring the move under the bulkhead, was chosen to visualize as
it was the one with the most numeric differences between the methods, as well as the most
interesting motions. As expected from the quantitative review, the control based planners
feature significantly longer and loopier paths, and are not exact in reaching the goal location.
Both control based methods have expansive trees with many motions in them, unlike the
geometric methods with much more sparse trees, largely due to the finer timestep needed for
forward propagation within the motion model. For the geometric planners, the trees shown

are the full results, while the BlueROV 2 is visualized on the simplified path.

(a) Control based KPIECE1 (b) Control based RRT

Figure 5.2: Sample of paths generated by each planner.

The smoothness of the control paths is generally much better than that of the geometric
based planners, especially looking at the part of the path that goes under the bulkhead. For
each of the geometric paths, it drops down, then sharply back up in a V shape. The control
based planners make this transition more smoothly, in a curve rather than a sharp V, though

they do have some sharper turns in the parts of their paths that loop, and the control based
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KPIECEL is generally more abrupt in direction changes than the control based RRT.

When looking at how each planner explores the region, it is clear that the simplified paths

have significantly less exploration than the paths before simplification, or the paths of the

control based methods. Looking at how the trees are formed, it is clear the RRT-Connect

has the most direct tree, with only one offshoot, while the control based methods have much
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denser trees. The high density in the control based trees comes from needing to have small
propagation step sizes for control considerations, and the lack of tree thinning involved in
the control based methods. Comparing the trees from geometric KPIECE1 and the RRT*
show that the KPIECEL1 tree forms more long zig-zag paths, while the RRT* retains a more
typical branching tree behavior. All the methods except the RRT-Connect have parts of
their tree or graph extending to fill the limits of the space allowed in the simulation. There
are two extremes here: in general the control based planners do too much exploration with
their extra loops, while the simplified solutions found in the geometric planner are all very

direct with little to no exploration.

In terms of excessive angular displacement, or spinning, in each planner, it is important
to note that despite only having 4DOF control, the requirement of keeping the full 6DOF
motion model means that the paths still include pitch and roll elements, even if the controls
would not be capable of producing them. In the case of the geometric models, the controls
are not considered, and thus these models also feature pitch and roll aspects that would need
to be accounted for in the collision checking when generating the controls for those paths.
Considering only yaw spinning, none of the geometric based models complete a full spin,
though the KPTECE1 planner comes close, then reverses the spin before arriving at the goal
location, and despite the additional looping, the same is true of the control based KPIECE1
and RRT.

The final quality, mapping ability is only present in one of the planners- SPARS. While all
the other methods tested here are one-shot methods, SPARS maintains a graph based map
of the environment. Because of this, it is easier to compare between the other methods, since
they function very similarly. However, the mapping ability of SPARS puts it in the unique
position of being the method most able to integrate with the long term list of planning
objectives generated by Map-TIDAL, and make use of them for more direct cooperative
planning. While the other planners are capable of planning faster than SPARS on single shot
trials, SPARS had to build the map fresh each trial, which added significant time- but note

that the extra time is still less than the expected time burden of underwater communications
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for the Map-TIDAL conflict resolution phases. It is expected that mapping will take less
time as time goes on, and the map is made more complete, and that the map will then
be limited in size, the other concern with final map. The quality of the graph based maps
generated by SPARS shows good coverage of both pool and tank environments.

5.4 Conclusions

From this introductory survey of how motion planners may be applied in the underwater
environment, there are three main questions with how the planners performed: to use control
or geometric based planners, which method performed best overall, and what method or
methods are worth investigating and adapting to work with Map-TIDAL.

The question of whether to use a control based planner or a geometric planner comes down
largely to optimization. The control based methods available through OMPL did not feature
any path or tree optimizations, while all of the geometric planners were optimized. While
some meandering and smooth paths can be a good thing, both controls based planners had
significantly longer paths than necessary, to the point where the euclidean distance estimate
used for cost in the auction phase of Map-TIDAL would be completely inaccurate. While the
final paths are not expected to match the Euclidean distance, in order to account for obstacle
avoidance, they shouldn’t be as far off as the paths generated by the control based planners
are. However, as the main feature responsible for this difference is the optimization, it would
be prudent to either try to apply controls considerations to the planners that already have
optimization, or to apply optimization strategies to the control based planners. With the
planning time as the next biggest concern for the planners, it can be noted that both control
based planners took the full allowed time, while several geometric based planners (SPARS,
RRT-Connect, and KPIECE1) did not. This, as well as potential options to consider controls
constraints without a full motion model, make it likely that a geometric based planner with
additional constraints will be best moving forward.

To determine the best planner, consider evaluations of time and solution quality. Of the

geometric planners, RRT-Connect, the geometric based KPIECE1, and SPARS all produced
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results in less time than allowed. While RRT* used the full time in the multi-run trials,
when run individually during the visualization tests, it also performed complete runs with
valid solutions in under 0.02 seconds, showing that it is also capable of producing quick
results. Of these, RRT* and RRT-connect displayed more branching and less wandering
paths. RRT-Connect and KPIECE1 perform path optimizations only after a connected
path is found. However SPARS and RRT* perform optimizations as they run, RRT* in
checking for a shorter direct connection to the start and SPARS in pruning the map to
remove unnecessary nodes. While both SPARS and RRT* also perform optimizations after
a path has been found, these optimizations result in smaller changes than RRT-Connect and
KPIECE1 required. The time advantage of RRT* over SPARS leads to the conclusion that
RRT* is the best planner of those evaluated, with SPARS being worth further investigation

for both optimality and the potential benefits that come from the graph based map.
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Chapter 6
CONCLUSIONS

6.1 Contributions

This dissertation has presented the contributions of several years of research into under-
water multi-robot systems for inspection and maintenance of naval platforms. By adapting
simulations to suit the challenges of slow communication, unique underwater sensors, and ap-
propriate motion models, task allocation algorithms could be tested on multiple platforms.
Using the simulation to verify functionality was critical when adapting previous d-CBBA
methods to be able to account for tasks added dynamically as the robots discovered them
in their environments. Dynamic task allocation is critical in the underwater environment,
where the exact geometry of the structures being inspected isn’t available to the robots.
Due to the harsh environment, the system must be able to adapt to the loss or addition of
members, as well as being able to handle a variety of robots with different capabilities. The
task allocation algorithm presented here is key to the functionality of cooperative underwater
robot inspections.

The Map-TIDAL system is the second major contribution in this work. While developing
the task allocation algorithm, one of the biggest challenges was to find a way to determine
where the robots in the system should go to perform the best underwater inspections pos-
sible. Existing methods were found wanting, as they required access to CAD models of
the inspected areas, large amounts of computational power, and/or relied on randomized or
equally distributed point generation. Underwater environments are a dual challenge of huge
amounts of largely featureless spaces, and small but important areas of interest with complex
geometry. Evenly distributed points ensure coverage, but do not offer enough detail to the

complex and interesting features. Randomized points within certain distributions can offer
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Solutions from this Research
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cess to include motion planning. From .

Overall, existing solutions work in isola-
tion or in the air, but cannot handle the
complexity and challenges of underwater

environments alone.

I have taken these partial solutions and
used their strengths to overcome the
weaknesses in other areas, combining
them in ways that fill the gaps in the abil-

ities of underwater multi-robot systems.
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similar levels of coverage, but without prior knowledge of the environment geometry, they
will also fail to take into account the areas of interest.

Map-TIDAL leverages the map created by the SLAM module to overcome these issues,
as more SLAM features are found, the mesh naturally becomes denser, while the mesh is
larger and more sparse in areas with fewer features. By using the geometry of the mesh to
determine the inspection points, areas of interest are automatically given more attention,
while the completeness of the mesh still maintains the necessary coverage. The combined
SLAM, task discovery and task allocation loop also allows the robots to maintain a shared
representation of the environment through the map of tasks they share, without burdening
limited communication bandwidths with direct sharing of SLAM maps.

With addition of motion planning to the suite of tools developed for underwater robotic
inspections, the system will be able to plot collision free courses to safely inspect interior
and exterior underwater structures. By evaluating different motion planning tools, their
strengths and weaknesses within the underwater inspection tasks can be balanced to find
the optimal methods. Based on the analysis of available motion planning tools, RRT* and

SPARS are the most applicable to adapt to work with Map-TIDAL.
6.2 Impacts

Underwater inspections of interior and exterior spaces is a huge challenge for naval vessels,
and robotic solutions are one of the best options to increase efficiency and overall capacity.
The contributions presented here all work towards that end. While multi-robot systems are
more challenging than individual robots, the benefits to robust operation and overall capacity
that come from multi-robot systems is worth the effort required to make them functional.
While work towards parts of the solution can be found in a wide variety of research and
industrial tools, most of these tools are made to work in isolation, without considering the
ways they could benefit a whole system or the end needs of the user.

Shipyards’ demands on robots lead to frequent breakdowns that render single-robot sys-

tems inoperable, a problem that multi-robot systems conquer by their numbers- as long as
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some of the system still works, the job gets done. Relieving the strain on the human divers
and tank inspectors is another huge benefit of the system this research works towards, saving
both lives and time by freeing up the human divers to focus on more specialized maintenance
needs. By knowing what needs fixed before bringing a vessel into drydock, repair time can
be reduced and more accurately predicted. If the time savings of a single robot can turn
a 2 week inspection into a single shift, the savings from using a multi-robot system can be

expected to be even higher.
6.3 Future Work

The future of this work has several promising directions to continue the push towards a
fully autonomous system. As noted in chapter [5 the analysis of the motion planning tools
available shows that implementing RRT* and SPARS as motion planning could benefit the
Map-TIDAL system, and fully integrating them is definitely one of the next steps. With
motion planning and collision checking, the system will be ready to begin larger scale trials
and demonstrations.

In addition to motion planning, there are also plans to integrate data from side scan
sonars, and a wider array of test vehicles. The addition of sonar and other sensors will allow
more accurate SLAM, better meshes for Map-TIDAL to work with, and an expanded range
of inspection capabilities. Using a variety of vehicles will also demonstrate the effectiveness
of the algorithms’ ability to handle heterogeneous systems. By enhancing the capability of
the system to work with whichever robots are available, the system will grow more robust.

One of the largest upcoming challenges for this system to reach the goal of being a
fully functional and usable tool will be demonstrating to leadership that the system is safe
for use and accurate enough to be relied on. Work towards not just demonstrations of
functionality, but also safety and accuracy will be an important next step. Development
of good visualizations and user interfaces will will also work towards proving the system to
leadership, operators, and inspectors alike. Even in the more technical sides of the research,

keeping the goals and needs of the end users in mind is important. No matter how effective
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the system, if people do not believe in its usefulness and trust its results, it will not be used.
Human factors are just as important as technical advancements.
This research brings together theoretical and experimental tools, integrating and adapting

them in a way that makes the whole bigger than the sum of its parts.
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Appendix A

PROOF OF DMG PROPERTY OF TASK ALLOCATION BID
FUNCTION

Ordering of
tasks are not
changed

i (from triangle
J m+2 m+2

b * G > I inequality)
Ordering of
tasks are not

changed

=12 + ¢ (forsmalle)

Robot r;
P Task (m+ 2)

Taskn

Figure A.1: Schematic illustration of task bidding by a robot.

Lemma 1. The scoring function in Algorithm 1 satisfies the DMG property for any suffi-

ciently large positive value of the constant task completion reward.

Proof. We show that the lemma holds individually for any given robot participating in the
multi-robot task auctioning and conflict resolution algorithm. Per standard notation, r;

maintains a bundle of tasks b;. The total value (or score) on adding an arbitrary task j in
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the very front (beginning) of the bundle b; is computed as

) (zg +y z’gl> . (A1)
k=2

Here, p; is the robot path to sequentially execute all the tasks in b;; R is the fixed reward
of completing any task by any robot; lf is the Euclidean distance (shortest path length) of
task j from the initial location of r;; and I¥ |,k = 2,3,... n, is the Euclidean distance of
the task at the kth position of b; from the task at the (k — 1)th position. Note here that
SP is the total score of completing all the other (n — 1) tasks in the most optimal manner
based on their respective distances from r; and each other. Accordingly, the marginal score

improvement of adding task j at the beginning of b; is given by

Cij [bz] _ SZPiGB{j} _ Slpz
—R-1U. (A.2)

This is true as the optimal sequence of the other, pre-allocated (n — 1) tasks is unchanged
when task j is added at the beginning (see Figure for geometric illustration). Note that
we do not use the max operator explicitly for the first term in the LHS of Equation (A.2)
(unlike lines 6 and 7 in Algorithm 1), as we assume here that the best position to place j is
in the front of b;.

Now, suppose that m < n tasks are included before task j in b; to realize an optimal task

execution sequence. The total score then becomes (with m + 1 as the best place to insert j)

Slpi@m{j}:nR_ <l3+2l£_1+[3ﬁ) ifm=n—1,
k=2

=nR — (lzl + Z Ui+ U+ Z l,’§1> otherwise. (A.3)
k=2

k=m+2

The marginal score gain is then given by

¢ij [bz ®, b] _ Sipz'@m{j} . Slpz7
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where b is the bundle before task j is added at the (m + 1)th position. This always comes
out to be

cij|b; @&m b] = R — (lin + l;nH — lfg”) m=12....n—1, (A4)

since the optimal ordering of the other (n — 1) tasks remains unchanged for both the first
and second sequences of m and (n —m — 1) tasks, respectively (see Figure for geometric
explanation).

Therefore, the DMG property is true as ¢;j[b;| > ¢;j[b; @, b] for any admissible value of

m, provided R is a sufficiently large positive number so that ¢;; > 0. O

Note that we can easily extend this result for the dynamic task allocation scenario, where

new tasks are added sequentially for a robot to bid on.
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