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Abstract

This paper proposes a methodology for the generation and registration of three-dimensional data
sets to support an adaption of teach and repeat path following for an Autonomous Underwater
Vehicle (AUV) equipped with a multibeam sonar. The goal of this system is to enable an AUV to
generate a topological map of a path consisting of locally consistent sub maps and to re-follow this
path using newly collected data. For AUVs traversing long distances without external navigational
aids, this methodology would allow robust return-to-home capability, specifically in remote and harsh
environments such as beneath ice.
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1. Introduction

General navigation of an underwater robot is a challenging problem due to the limitations of
providing an external positioning source [1,2]. This problem becomes greater for robots that wish to
travel tens to hundreds of kilometres in uncharted and uncertain regions, such as those areas beneath
floating ice at the polar regions of the earth. In this context, robots such as Autonomous Underwater
Vehicles (AUVs) may be required to rely solely on their onboard sensors and computers to maintain
sufficient knowledge of where they are and how they should proceed to complete their defined task
and ultimately return to a location that allows safe recovery.

The traditional approach to this problem is the use of onboard attitude and heading sensors
combined with a velocity sensor, generally a bottom tracking Doppler Velocity Log (DVL) [3,4]. The
attitude, heading, and velocity are combined to perform dead-reckoning, where a known starting
position is periodically propagated along the sensed vector of travel through integration.

In the absence of any other motion, the position of the AUV in the global North-East coordinate
system N, E, with North-relative heading ®, and body referenced velocities of u, v in the forward and
starboard direction respectively, can be updated by the following equations:

N = N;_1 + (s cos O — vy sin Oy )dt

1
E:t=Ei_ 1+ (Mt sin ®; + v cos @t)di’ M

With an initial estimate of Ny, Eg and repeated integration of measured velocities, #, v and heading, ©,
the position of the AUV can be estimated at any time.

The measured heading and velocities are imperfect, suffering from both measurement noise
and systematic biases [3,5]. Over time these measurements are integrated, the propagated position
will deteriorate, and the estimate will not reflect the true location. For the work presented here, the
International Submarine Engineering (ISE) Explorer AUV is used. The vehicle utilises an iXBlue PHINS
INS [6] and a Teledyne Workhorse DVL. In optimal conditions the rated positional accuracy is 0.1% of
the distance travelled by the AUV. This rate is under ideal conditions, however higher rates have been
observed in the field [4]. This performance is typical for a survey grade AUV, but can be much worse
for smaller, cheaper platforms.
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DVLs work by projecting sound energy towards the seafloor and analysing the returned signal,
specifically the Doppler shift which it equates to the relative velocity of the AUV to the seafloor.
Depending on the power and frequency of the sensor, there is a minimum and maximum range from
the AUV from which the velocity can be measured. In addition, excessive rotational motion of the
AUV (i.e. pitch and roll) can limit returns from the seafloor. In instances where the seafloor cannot
be accurately referenced for velocity, the DVL may provide a velocity reference to the water column
itself or no reference at all. The former introduces the influence of water currents, where returned
velocities are no longer relative to the fixed seafloor but relative to the motion in the ocean. The
latter presents periods where no measured velocity is available and the navigation must rely solely on
inertial measurements and exponentially increasing errors.

1.1. Problem Statement

Given the potential for a degrading global navigation estimate, an AUV may be in a situation
where returning to a home location is risky or unlikely. This is more pronounced when operating
in a narrow corridor on very long paths and in the presence of a degraded sensor. This ability to
safely return to a home location once a primary task has been achieved, or abandoned, is the primary
motivation for this work. Specifically in the context of exploration beneath floating ice shelves, where
returning along the path taken may be the most likely, or only, safe path back to a safe recovery. This
problem space is discussed in more detail by the author here [7,8]. Within this context, the focus is
purely on the ability to reliably retrace a path and not to improve our estimate of global position.

The driving force of this work is to enable a robust and reliable ability to follow a path previously
traversed in the presence of imperfect sensors, with no reliance on an estimate of global position. This
work was motivated by the need to improve the reliability of AUVs operating in the Antarctic by
improving their ability to return to a safe recovery location and was developed using data collected in
the field near the Thwaites Glacier.

2. Background and Related Work

This work builds on prior work in the field of geophysical based navigation where a sensor is
utilised to detect and classify some aspect of the environment to generate some informative updates
to the navigation [3,9]. Specifically, the sensor considered in this work is a multibeam sonar given
its popularity of use on AUVs. This work can be considered part of the author’s larger body of
work described here [2,8,10], which describes the problem statement and proposed solution utilising
sonar images generated from a side-scan sonar. Much of the background theory is the same with the
methodology altered to utilise a different class of sensor.

Geophysical navigation most generally attempts to associate a present set of measurements of the
environment with some prior collected data of an overlapping area. This can be an entire map of the
region of operations provided prior to the deployment, such as in [11,12], or data collected earlier in
the same deployment. For the latter a classification is made based on whether the map is collected
in a distinct mapping phase, or if the mapping and data association occur concurrently. The latter is
termed Simultaneous Localisation and Mapping (SLAM) and many works are available on the topic
[3,9,13,14]. It is the former which relates most closely to our problem statement, where a reference map
is collected during an initial phase, then utilised on a return phase. The most common description of
this type of approach is Teach and Repeat [15-17], with some references to Sequential Visual Homing
[18,19].

2.1. Teach and Repeat Path Following

The foundations for Teach and Repeat (TR) path following are based on the fact that a robot with
imperfect sensing capabilities will generate imperfect maps. These maps will be globally inconsistent,
but for navigation to occur they need only be locally consistent to enable robot autonomy [20]. As
discussed earlier in this section, our ability to maintain an estimate of our position deteriorates over
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time, but over a short span of time our estimates are satisfactory. The errors will divert us from the
global truth, but over a short time scale our estimates will agree locally.

The key concept in TR navigation is that the map of the environment is represented as a connected
set of these locally consistent spaces, or views [21]. These connections are logical, such as nodes on
a graph, to avoid establishing erroneous metric relationships beyond the capability of our sensing
methods [22]. Locally sensed data will be consistent and show coherence with prior views of the same
region. For navigation throughout the space a logical approach of associating the next view in the path
is relied upon. The navigation then becomes a matter of steering the vehicle towards the next node,
not explicitly driving it to a location.

Achieving the target location in the path is a process of localising to a node through sensing and
directing the vehicle along a sequence of nodes that arrive at the goal. The solution becomes more
akin to homing the vehicle towards the goal, rather than strict navigation. Functioning TR systems
have been successfully demonstrated by the work of Furgale and Barfoot [15] in which a robot rover
traversed a repeat path over 32km and by the author’s own work, where TR methodologies were
adapted and tested on an AUV in [2] utilising a sidescan sonar.

The primary difference in this work and previous works is the adaption to an underwater vehicle
utilising a downward facing multibeam. The AUV is floating in its medium and thus has six-degrees
of freedom, the sensor is fixed to the AUV, and the seafloor remains fixed. The views are constructed
not as images, but as three-dimensional tiles that accurately represent the seafloor. This context is what
distinguishes the methods presented here.

3. Methodology
3.1. Conventions

The conventions are based on the SNAME conventions for submerged bodies [23] and are used
when referencing the pose and position of the AUV, the global inertial frame, and the data coming
from the multibeam sensor.

The global frame and any estimates therein are defined as an inverted right-hand rule, labelled
the North-East-Down (NED) frame with the axes N extending positive to North, E positive to East,
and Z extending positive downward. Heading is rotation about the vertical axis, represented as ® and
positive during rotation from North to East. For this work N, E, Z positions are in metres assuming
a local horizontal flat plane representation of the earth, in line with the local Universal Transverse
Mercator (UTM) zone. Where translation is required from this reference to an ellipsoid representation,
the World Geodetic System (WGS) 84 is assumed.

We define a body-frame fixed to a reference point on the AUV. The axis defined as x, extending
along the longitudinal axis of the AUV with velocity u, positive towards the bow or nose. The y axis
extends along the transverse axis, with velocity v, positive towards starboard. The z axis is orthogonal
to x and y, and positive down. We define roll (p) as rotation about the x — axis, positive when the port
side rises, pitch (g) as rotation about the y axis, positive as the nose rises, and Yaw (r) as rotation about
z, positive as the nose moves towards starboard. Measurements are discrete with an associated time.
We do not consider linear acceleration or angular velocity in our calculations.

These conventions are summarised in Table 1 and shown visually in Figure 1.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 1. Conventions.

Symbol Name Frame Unit
N North NED meters
E East NED meters
V4 depth NED meters
e Heading NED degrees
x x-position Body meters
y y-position Body meters
z range Body meters
u forward speed | Body | meters-per-second
v transverse speed | Body | meters-per-second
p roll Body degrees
q pitch Body degrees
4 yaw Body degrees

N

(b)

Figure 1. (a) Body frame of reference. (b)Global frame of reference.

3.2. Multibeam Sonar

This work utilises three-dimensional multibeam sonar data collected along the seafloor below the
AUV as it travels along its prescribed route. The multibeam sonar periodically transmits an acoustic
pulse and utilizes the received echo to generate an array of relative range vectors. These vectors are
regularly spaced along an arc producing a horizontal swath along the sensor’s transverse axis. The
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angular component of these vectors is relative to the sensor’s centre and the magnitude is the slant
range distance from the sonar head to the estimated point of contact with the seafloor as illustrated in
Figure 2.

Figure 2. Multibeam vectors. Each consist of an angle relative to the sensor’s vertical axis and the measured range
from the sensor to the point of contact on the seafloor.

Each ping returns an array of ranges R; and a corresponding array of angles A; of length n, where
n is the number of beams per ping. In this work, n and A are fixed values for the entirety of a mission.

Rt:[ro 1 o... rn]

At:[uo a ... an] ?

The multibeam sonar is rigidly mounted to the AUV, and thus, the range vector arrays are fixed
relative to the AUV body frame of reference. As the AUV travels along its path, sequential arrays of
sonar data are combined to generate a three-dimensional representation of the seafloor which should
remain consistent over time such that if the AUV were to cover the same area again, the representations
would be coherent.

An AUV includes sensors that measure its motion and attitude relative to the world around it.
This is required for navigation. In its most basic form, an AUV will measure its speed, heading, and
orientation within the global frame. From the AUV navigational information we can take each array of
bathymetric range samples and determine where each point lies on the seafloor, such that a local map
of seafloor measurements can be constructed and referenced on subsequent visits. The process involves
translating the sonar relative vectors to the body reference frame, then to earth-relative locations.

3.3. Pose Merging

Each individual ping of multibeam data is recorded and timestamped on an onboard computer
at some fixed ping rate. Concurrently, the vehicle’s pose, or position and attitude, is estimated by
the INS and the data is logged to the AUV main computer and timestamped, generally at a higher
rate. Individual computers are kept relatively time-synced through a common Network Time Protocol
(NTP) server. Prior to applying corrections from the INS data to the multibeam, the individual data
records are first aligned by time. To align the data, each multibeam ping is assigned to the nearest
navigation record in time, within an expected tolerance of one-half the INS sampling period. This
ensures that each multibeam record has navigation information that is within one half of the INS
recording period.

In this work, the Pandas Python library is utilised to manage each dataset as a DataFrame object.
For the merging, the provided merge_asof function takes the two datasets, indexed by time, and
systematically merges them by finding the nearest match within the provided tolerance. The field
data used in this work has multibeam data collected at approximately 1.5Hz, and navigation data at
10Hz. We utilise a tolerance of 0.05s. Upon merging we get an average time difference between the
multibeam record and the INS data of 0.025s, with a standard deviation of 0.016. As our AUV platform
is relatively slow moving at 2.0m/s and generally stable in yaw and pitch, as shown in Figure 3, we do
not perform any interpolation.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202507.2132.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 July 2025 d0i:10.20944/preprints202507.2132.v1

6 0f 20

Yaw Rate Pitch Rate Roll Rate

1500

1250

1000

750 4

500

2501

04 0 0
-1.0 =05 0.0 0.5 1.0 -10 -0.5 0.0 0.5 10 -1.0 -05 0.0 0.5 1.0

Figure 3. Histogram of AUV rotations to show the general stability of the Explorer AUV. Mean values are: Yaw
0.04, Pitch 0.1, Roll 0.1.

This merged dataset contains timestamped records of all required information to cast the sensor
samples into a representation of the covered seafloor. The AUV’s onboard estimate of position is not
utilised in this process as the primary motivation of this work is to generate an independent estimate
of position, free from accumulated error.

The relative positions are generated from measured speed and heading, which when integrated
over a short time scale suffer less error growth stemming from sensor noise and bias. For example, a
well behaved navigation system with DVL bottom lock will exhibit and error rate of 0.001 of distance
travelled [6]. If our tiles are merely 100m long, then we’d only expect a localised error across the tile
of 0.1m. In the worse case of no seafloor speed reference, we could expect 3m of error [6]. This error
would remain relatively constant per tile, no matter how long the mission.

3.4. 3D Point Set Generation

From the merged dataset we apply the necessary corrections to take the individual sonar-relative
range vectors and project them into a local earth-relative NED-frame. These steps vary depending on
a particular sensor and vehicle, so the following are based on the configuration of our AUV at the time
of the field data collection, but the principles and techniques are generally applicable.

Each multibeam record holds an array of raw slant range and relative angle. The raw ranges are
based on the time of travel of the sound pulse from the sensor head to the seafloor and back using a
fixed estimate of sound speed in water of 1500/ /s. Therefore, each raw range is corrected using the
current AUV measured sound velocity:

Ct

Ry =R
F= 21500.0

©)

Where R; is the adjusted array of range values at time ¢ and C; the measured speed of sound.
The range and angle vectors are converted into an array of x, y, z points x in the AUV body-frame
using basic trigonometric transformations and offsets from the sonar centre to the body-frame centre

as follows:
X0 X1 ... Xn [O 0 ... On} Xof fset
X{T=1v0 1 - Yu|=1| Ry-sin(A) |+ |[Yoffset (4)
20 21 .-+ Znm Rt'COS(A) Zoffset

Filtering is then applied to remove points that are considered invalid. As the points are now relative
to the AUV body-frame, we utilise the AUV’s own measure of seafloor range, or altitude, to remove
points that do not fall within some reasonable tolerance. The AUV altitude is taken from the DVL and
is an average of 4 beams projected down and away from the vehicle. The measured altitude is very
resistant to noise. The multibeam provides raw range samples and it is not uncommon for a portion of
the samples to be invalid. An assumption is made that each valid multibeam z-value should be within
50% of the measured altitude. For this work, altitudes are in the range of 75 meters from the seafloor,
thus allowing points that vary 37.5 meters, which in terms of expected seafloor morphology is ample.
This will eliminate many noisy outlier points but generates many false-positives. This is done at the

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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present stage to reduce the number of points requiring further calculation. This is summarised below
in Equation 5.

low = zz,; X 0.5
]’llgh = Zjy] X 1.5 (5)
% = {x € x|low < x, < high}

where z;,; is the DVL measured height above seafloor.

To place the AUV relative points into the local NED-frame we apply in order the measured roll,
pitch, and yaw and add the measured AUV depth below sealevel to the resultant z component, as
shown in Equation 6.

cosr —sinr 0 [cosq 0 —sing| |1 0 1 0
X = |sinr cosr O 0 1 0 0 cosp —sinp|x+ | 0 (6)
0 0 1| [sing 0 «cosqg ||0 sinp cosp Zauv

3.5. Local Map Generation

To create a local map multiple sequential arrays of earth-corrected points, X, are combined using
the relative motion of the AUV between each point array to place them topographically in a point
set, as depicted in Figure 4. For instance, if the AUV was moving forward along the North axis, the
arrays would be aligned along the direction of travel, with their N coordinate spaced by the distance
travelled between each sample instance.

Figure 4. Tile point data projected into the global frame based on AUV depth, orientation.

Formally, from an initial ping we determine the relative displacement for each subsequent ping
in the N, E plane based on speed of travel, heading, and the elapsed time. The N and E components
of the displacement are then added to the X vector resulting in a set of points projected to the local
seafloor, as shown in Equation 7 and visually in Figure 4. The number of pings included in each tile
segment is pre-selected.

AX = gy ;- dt
AN = Ax - cos(r)
AE = Ax -sin(r)
AE

X=X+ |AN

0

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.6. Filtering

As the points are relative to their true seafloor representation, the fact that the seafloor is a
continuous surface is used to further reduce any residual noise in the data. The Z value should of each
sample should be consistent with the points nearest to it, and those that are inconsistent are likely
erroneous. For each point in our set we look at those points closest in the N, E dimensions and compare
the point’s Z value to the general mean and variance of its neighbours. If it agrees with the local
distribution it is kept, if it does not it is removed. We limit our search to a maximum distance away
from the point and to a maximum number of neighbours to improve efficiency. The filter threshold is
some number of standard deviations above and below the mean.

To facilitate a fast comparison of each point to those around it we organise our point data into a
KD_Tree. This balanced tree structure, where each node is a point in the set, allows efficient searches
for neighbouring points. In this work we utilise the SciPy implementation cKDTree [24]. Performance
is expected to be O(nlogn) for building the tree, and O(logn) for search, where 1 is the number of
points in the tile.

The final result is a set of points, or point cloud. The set of all point clouds forms the input to the
navigation system described in subsequent sections.

3.7. Data Preparation Workflow

The complete workflow of preparing the raw data for the path-following system is shown
systematically in Figure 5.

AUV
Navigation

Map Generate

Figure 5. Data preparation and tile generation.

4. Teach and Repeat Implementation

This work is foundational to an eventual implementation of a TR path following system for an
AUV with mounted multibeam sonar. Thus, all further analysis will be in the context of application
to a TR system. Utilising work as described in Section 2.1 the core concepts of TR are applied to this
particular work. Fundamentally the system operates in two distinct phases. First, a teach phase is
enabled while the AUV performs some initial task, in our case an exploratory mission into an unknown
environment where the AUV must return to its point of departure upon task completion, or failure,
to ensure safe recovery. The AUV collects a sequential set of local sub-maps along the travelled path,
internally organising them as a directed graph where each vector is a map tile and the edges are the
logical connections to the next node in the path. The nodes are aware of their relative position to
the path start based on the AUV navigation and the relative vector to the subsequent node. Figure 6
illustrates this logical association of data with a reference set.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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id:3
xI:341 id: path node array index
y:a47 X,¥: node center relative to path origin
angle: relative angle to next node in array

angle: 120

Figure 6. TOP: Raw multibeam data coloured by depth. MIDDLE: Multibeam data coloured by its index in the
reference path. BOTTOM: Tile metadata for a particular tile.

The second phase is a repeat phase triggered either by task completion or by some detected
condition that warrants abandonment of the path goal. These conditions are more fully described in
[8]. During this phase, as the AUV collects new tile-maps, they are compared to the stored reference
map of tiles and localisation is attempted. With sufficient belief that our position along the map is
known, we utilise the relative node-to-node vectors to steer the AUV such that it achieves each node in
sequence to complete a return to the path origin.

The steps and data flow for each phase are shown visually in Figure 7.

MultibeamSonar

o>

>

Tile Generate

Multibeam Sonar

Tile Generate

Likelihood
Tile
Particle Set
State Estimation

Localisation
Belief

@ (b)
Figure 7. Flowcharts for: (a) Teach phase, (b) Repeat phase.
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4.1. Tile Association

A key functionality in all geographic or terrain-relative navigation schemes is the ability to reliably
compare data collected in some area and determine the likelihood that it represents an area for which
prior data exists. In this work, a set of points representing a recently collected tile is compared to the
set of existing reference tiles to determine how likely it matches.

We can consider the set of reference tiles and the candidate tile to be two measurements of the
same entity - the three-dimensional shape of the seafloor. Coincident measurements should be similar
with some associated noise. From related works a common approach is to model this comparison as
Gaussian [25] where the likelihood is a measurement of probability that the difference between the
measurements is zero. The probability density function of this likelihood is represented as a Gaussian

p— ! exp{_l(x‘“)z} )

27102 2 o?

function:

Where x is the measured value, y is the mean, or expected value, and ¢ the standard deviation.

Given a candidate tile consisting of a set of depth measurements Z at locations N, E, we extract a
set of potential locations from the reference map. Drawing on work in Iterative Closest Point (ICP)
registration [26], for each location in the candidate set we find the closest point in the reference set,
within some tolerance, to perform the likelihood calculation. Similar to work in [25], our likelihood
calculation utilises the mean square of the difference between point sets, given as:

1 (Z-E)
L= ————xexp{ 55" )
271(0% + 02) 207 + 0%

Where Z is the subset of measurement points with an associated point from the reference set, denoted
E, 07 and o, are the corresponding standard deviations, and 7 the number of corresponding nearest
point pairs. The use of a subset of the measurement set is purely to reduce computational load, and
the amount of sub-sampling is explored as a parameter in our analysis of the control test results below.

4.2. State Estimation

The goal of the state estimation is to reliably and repeatedly determine the most likely pose of the
AUV relative to the reference path using newly acquired sensed data, in this case a bathymetry tile.
Each tile is a view of a potential location along the reference map, changing with each update as the
AUV moves. This is an example of robot localisation, one of the most essential problems in robotics
[27], and one of the most studied.

The state locations belong to the set of two-dimensional coordinates covered by the map. The
state changes between observations are determined by the motion of the AUV, and are not necessarily
linear, nor are they perfectly measurable. The platform’s instantaneous motion is affected by the forces
acting upon it, such as buoyancy, current, thrust, hydrodynamic reaction, and its control surfaces. The
overall path is determined by the navigational algorithms which set the target waypoints and make
decisions regarding the final executed path, which though deterministic, are dynamic and responsive
to the environment.

During each update cycle we consider a newly acquired tile against all possible locations in the
state space to determine a measure of likelihood that a particular location best represents the location
of the AUV, should one exist. If there is a sufficiently likely location we then consider this our estimate
of location, or more formally, the current state.

In implementing a TR system, we consider a couple of caveats to inform our decision on the
selection of a state estimator. First, we consider the path to be a set of discrete nodes along a logical
path, where each node has a position and a reference to the relative location of the next node. Second,
at any time we must consider that we have no idea where our AUV is starting its return path journey,
so we begin in a state of total entropy; known as global localisation. Third, we must consider that
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the AUV may fall off the path due to unforeseen factors, such as environmental, vehicle dynamics, or
conflicting mission task, and thus even if our path position is known, we may lose our place and must
return to the initial state of total entropy; a scenario referred to as the kidnapped robot problem [28,29].

Considering finite locations and the need for global localisation, our problem is not merely a
tracking problem. With feature-based TR as described in [2] the system only has to consider an estimate
of the most likely node, and the path offset is inferred by the feature matching itself. The utilisation of
3D points gives only the likelihood of location, with no implied offset, thus offset positions must be
included in the state space. Therefore, a fixed histogram/grid-based approach may not be tractable.
For example, a 30km path would result in approximately 100 nodes and thus require many 1000s of
possible states to account for the multitude of offsets.

To limit the search for the most likely estimate of state we instead utilise a particle filter (PF), an
implementation of a non-parametric Bayesian estimator that uses a finite set of estimates distributed
throughout the state space instead of a complete set of estimates. This is similar to the approach taken
in [12]. The locations of each estimate, or particle, evolves as updates arrive and the belief in the most
likely estimate represented by the distribution of locations of all the particles.

We initiate the filter as a set of randomly chosen state estimations evenly distributed across the
state space. For our application this is a set of # positions within the coverage area of the reference map.
The choice of n influences the computation load of the system as each particle requires a likelihood
calculation, but also the ability of the filter to represent the belief as more particles can better cover the
search space and can better represent the true distribution of belief.

Formally our particle locations X can be described as n randomly chosen positions from the set of
all positions included in the reference set M:

XERM

(10)
X =x1,X2,...,Xy

Following initialisation the filter operates on a sequence of predict-update steps triggered as
each new tile is received. The prediction uses the measured motion process of the AUV to first re-
project each particle to a new location. The update step then calculates the likelihood of each particle.
The resultant value assigned as the importance, or weight, of that particle. The resultant weighted
distribution at any step represents the posterior belief of the filter.

On its own this filter will suffer from degeneracy as a few particles will quickly gain most of
the distribution weight, i.e. those nearest the true state, leaving the majority of particles with little
to no influence on the estimate, but still consuming computational resources. To overcome this the
particle set is subject to re-sampling, where particles are selected based on their normalised weight.
This re-sampling utilises replacement, such that particles with high relative weights may be selected
multiple times, and low-weight particles not at all. The weights of this new set is re-initialised and the
distribution of particles over the state-space in the new set reflects the belief distribution.

Again there is a risk that strong particles will continue to dominate, as those with high relative
weights will be selected more often, leading to many copies of the same particle, known as impover-
ishment [? ? ]. To combat this, during the update step we consider the fact that our prediction is based
on measured motion and is not perfect, there is an element of uncertainty. As each particle is updated
we introduce an element of random process noise to each particle. This effectively causes identical
particles to spread out and diversify. Impoverishment can be avoided with sufficient process noise,
and we also directly introduce additional noise through roughening, or jitter [? ? ]. The amount of
jitter introduces is a key parameters explored in the analysis of our control test results below.

5. Trials and Results
5.1. General

The methodologies described in this work were tested on data collected in-field from the primary
area of interest, beneath the ice in Antarctica. Testing focused on validating the system’s ability to
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generate a reference set from raw sensor data and reliably register and localise using updated raw
sensor data. Though testing was strictly offline, the methods utilised would be compatible with an
online implementation. The onboard capabilities of TR are demonstrated in [2].

5.2. Data Collection

Data for this work was collected during a deployment of the University of Tasmania’s ISE [30]
built Explorer AUV, nupiri muka, to the Thwaites Glacier region of Western Antarctica [8]. The missions
conducted by the AUV represent the exact use-case for the developed TR system and saw the AUV
conduct a long-range incursion beneath the ice to achieve a set target location toward the grounding
line, followed by a planned return along the same track.

Deployment was from the Korean research ice-breaker Araon, which held station at the launch and
recovery site. Given the range of the missions and the ice cover, there was no ability to provide external
acoustic tracking or positioning, so the AUV relied solely on its ability to maintain a deck-reckoned
estimate of its position.

Figure 8 shows the area of operations and the mission track used in this work. Multibeam data
was collected during the incursion and return missions. The planned path was such that there is a
high degree of overlap between incursion and return data. Figure 9 shows the sensor coverage for
both the outward and return.

?- m1_Tkm
m2_2km
m3_1km
- m4_5km
-m5_1km
m6_30km
Seaice Extent (Feb 7)

Figure 8. Executed mission track from nupiri muka deployment to Thwaites Glacier 2020. Mission m6_30km
(yellow) is the primary dataset used in this work.

Figure 9. Lines used for testing. Green is the inward path, Red the outward return path.
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Missions were run at a fixed altitude from the seafloor of 75m and speed set-point of 2.0m/s. The
multibeam was an Imagenex 837B Delta-T [31] configured to collect 120 samples across a 120° swath at
arate of 1.6Hz. AUV navigation data was collected at 10Hz.

5.3. Tests

The mission data was split into the in-run and the out-run sections. TR tests were conducted
using two cases: control tests in which the in-run and out-run datasets are each used as both the teach
and repeat run; trial test in which each data set is used as teach with the other as repeat. The control
cases allow analysis of key parameters in an idealised situation where the repeat data matches the
reference data exactly. The trial tests are true performance tests of the expected ability of the TR system
operating on real-data where the two data sets are non-coincident.

We evaluate the performance of each test by looking at our knowledge of where the most likely
location match should be, based on the onboard navigation. Though we do not utilise this navigation
in the TR system, it is useful for evaluation. During our control tests, we expected that our estimated
position at any given time would match the onboard position, within some distribution due to the
likelihood calculation. At each step along the path following algorithm we calculate the estimated
position, which is the average position of all particles, the tile position as reported by the AUV, and the
nearest associated reference path location for both the estimate and the reported location.

5.4. Likelihood Performance

Using the control tests we analyse the ability of the likelihood function alone to discern tiles that
should match compared to those that should not. A tile is selected from the path and compared to
itself and the set of neighbouring tiles both preceding and following based on path index. We expect
the likelihood to be highest when compared to itself versus its neighbours. The resultant likelihoods
are normalised to allow relative comparison over multiple test sets. Figure 10 shows the results of tiles
compared against their 40 closest neighbours. In all cases the self-comparison, or 0-offset case, resulted
in the highest relative likelihood.

0.8

Normalised Likelihood

0.2

0.0

Figure 10. Normalised likelihood of tiles compared against neighbouring tiles proceeding and following by path
index.

Beyond tile-to-tile comparison, the likelihood function should also discern the most valid posi-
tional offset. Again considering the control case where a tile is compared against itself over a set of
offsets from 0 in all directions should provide insight. Figure 11 illustrates the result of computing the
likelihood of a tile against itself for a range of two-dimensional offsets. As expected the likelihood is
maximised as we approach an offset of 0.
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Figure 11. Likelihood as calculated over a series of two-dimensional offsets. Both colour and size are proportional
to likelihood.

In regard to parameters, only the sub-sampling affects the likelihood calculation. It has an affect
on execution time, as with increased sub-sampling fewer points are being compared. Results shown in
Figure 12 indicate a reduction in execution time, but with diminishing returns beyond a factor of 10.

£ N

«

w

Average Execution time (ms)
I

~

0 25 50 75 100 125 150 175 200
Subsample Factor

Figure 12. Execution time of likelihood function against sub-sampling factor. Times are average result over 1000
iterations.

Availing of reduced computation should not come at the expense of functionality. Figure 13
illustrates that even up to a factor of 100, there is no discernible impact on likelihood performance.

(a) (b)
Figure 13. Likelihood performance for sub-sampling factors of (a) 1,(b) 10,(c) 100.

5.5. Control Results

For the control tests three core criteria were considered: 1) How many update steps did it take
the system to arrive at a confident estimate of position; 2) Did the system maintain a correct estimate
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for the duration of the run; and 3) How well did the estimated relative positions match the AUV INS
positions. To help tune the system, the performance is considered across the key parameters discussed
in Section 4: the amount of sub-sampling used in the likelihood calculation, the number of particles in
the filter, and the amount of process noise jitter.

For criteria 3 we take the distance from the TR system’s estimate to the recorded AUV INS position,
referred to as the error. A summary of the results from the control runs is shown in Table 2 for a given
set of parameter choices.

Table 2. Results of control tests.

Particles | Jitter (m) | Sub-sample | N to converge | Error (m) | Maintained

500 0.5 1 4 34.6 Y
10 4 51.6 Y

100 4 26.6 Y

1 1 4.5 72.7 Y

10 4 36.4 Y

100 Y

5 1 4 4.5 Y

10 45 221 Y

100 5 8.6 Y

1000 0.5 1 3 249 Y
10 3 23.4 Y

100 4 18.0 Y

1 1 3.5 12.6 Y

10 3 15.6 Y

100 3.5 18.6 Y

5 1 4 5.2 Y

10 4 12.2 Y

100 3 7.9 Y

5000 0.5 1 4 6.4 Y
10 4 3.6 Y

100 4 8.2 Y

1 1 4 5.2 Y

10 3.5 11.4 Y

100 3.5 10.0 Y

5 1 4 42 Y

10 4 2.7 Y

100 4 3.7 Y

Figure 14 shows the error results for three selected control runs based on the return path data set.
These plots visualize the evolution of the system as each update step progresses. As expected there is
an initial stage of maximum uncertainty that converges and maintains over the remainder of the test.
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(b)

A Error

Figure 14. Offset error between the estimated position and expected position for three control runs based on the
return path dataset. (a) Particles 1000, Jitter 1.0 m, Sub-sampling 100. (b) Particles 5000, Jitter 5.0 m, Sub-sampling
10. (c) Particles 500, Jitter 5.0 m, Sub-sampling 1.

In all cases the system was able to gain and maintain an estimate of the AUV’s position within 3-5
update cycles. In regard to the number of particles we can observe the main effect in the distribution
of overall error across the runs, as shown in Figure 15. Generally, we see an improvement in the error
with a higher number of particles, as expected. In the case of 5000 particles the majority of results are
within a band of 3-6m.

RMS Error distribution for number of particles

= 5000
== 1000
= 500

Count
P
I —

o M N
o 20 40 60 80 100 120
RMS Error (m)

Figure 15. Distribution of error against particle set sizes.

For jitter we see an improved performance with higher jitter, more pronounced with less particles.
This is intuitive as more particles can better represent the distribution naturally, but fewer particles
would benefit from increased diversity through jitter. In the cases of 500 and 1000 particles, jitter
improves error performance across the board, but for 5000 particles the effect is less obvious.

As indicated in the analysis of the likelihood function, the use of sub-sampling has no clear effect
on performance of the state estimation, other than to reduce computation load.

5.6. Trial Results

For the test results we have two distinct datasets collected at different times with variations in
their actual trajectory and environmental influences, such as tides and currents. These tests are an
accurate measure of the system’s ability to function in a real-world scenario as the data was collected in
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the exact fashion as would occur in a real-world deployment. Again we consider the same criteria as in
the control tests, but with the knowledge that the estimated and INS positions will never agree exactly,
as the two runs are afflicted by the inherent errors discussed earlier in the paper. For this analysis the
error is only indicative as during the trials there was no true measure of the navigation error.

Table 3 is a summary of the results against relevant parameters of particle set size and jitter. We
utilised a fixed sub-sampling of 10 based on prior analysis. Again we see that in all cases the system
maintained a correct estimate of the path tile location once global initialisation completed.

Table 3. Results of tests.

Particles | Jitter (m) | Sub-sample | N to converge | error (m) | Maintained
1000.0 0.5 10.0 3.5 16.0 Y
1.0 10.0 3.0 101.2 Y
5.0 10.0 25 319 Y
5000.0 0.5 10.0 3.5 26.4 Y
1.0 10.0 3.0 24.8 Y
5.0 10.0 3.5 37.5 Y

Figure 16 shows the distribution of error over all tests, with the majority of mean error, once
localised, within a band of 20-50m. If we consider the path length was 30km and the AUV was purely
dead-reckoning this error band is within our expected 0.1% of distance travelled.

RMS Error distribution for number of particles

= 5000
. w1000

B

80 100 120 140 160 180
RMS Error (m)

Figure 16. Distribution of error against a set of particle set sizes.

Figure 17a shows results for a single out-run as reference and return-run as repeat, and return-run
as reference, and Figure 17b the inverse. We see an initial phase of global localisation where the error
reduces with each update and then maintains itself within a band of less than 20m. Given the overall
length of the runs and the temporal separation, this is well within an acceptable range of error across
the runs.
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Figure 17. (a) Out run as teach phase, return run as repeat. (b) Return run as teach phase, out run as repeat.

Collection of data in the target area is a massively expensive undertaking in regard to time, money;,
and the logistics required. The test data utilised in this work represents months of planning and many
weeks of operating in one of the most remote regions on Earth. So though the quantity of test data was
limited, it is a true indication that the proposed methodology can work in this environment under real
operating conditions. The results are truly encouraging and have value for future exploration.

6. Discussion

The results are very promising, showing that a tile-based localisation methodology will work
with AUV collected multibeam data. The determination of likelihood between each new tile and the
reference set provided a sufficient belief factor to allow the particle filter first obtain and then maintain
an estimate of location along the path that closely matched the true location. The number of particles
used in the filter affected the overall gross error, where more particles tended to provide a better
result, but at the cost of increased need for processing resources. The particle set sizes selected for test
results, 1000 and 5000, provide a good balance of performance and efficiency and would be suitable
for on-board deployment on the target hardware. Where processing time is less that the time needed
to generate a new tile.

Over the set of tests conducted, the system was able to successfully gain and maintain an estimate
of relative position to the reference path, within an error value consistent to the expected navigation
error of the AUV. If we consider that the primary test data was taken from a 30km mission track, and
an idealised performance metric of dead-reckoning, we would expect an error accumulation of 30m
along each of the mission transects. From Figure 15 we can see that the majority of residual error
for the 5000 particle case was approximately 5m, and 10m for the 1000 particle case. From Figure
16 we see a true performance of 20m for the 5000 particle case and 25m for the 1000 particle case.
The improvements become more relevant when we consider that any real deployment would not be
idealised and additional navigational errors would be present due to any deep-diving periods where
DVL seafloor referencing was unavailable, and in periods of dynamic terrain where the DVL may drop
out.

For real world missions, the improvements of this methodology are clear, and improve as we
perform longer missions.

7. Conclusions and Future Work

This work presented a methodology for using a multibeam sonar on an AUV in an adaption
of Teach and Repeat (TR) path following. This type of system has important application to long-
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range deployment of AUVs in difficult environments, such as beneath ice, where navigation along an
already traversed path is important. This work shows that a TR system is feasible for use in our target
environment and was tested using actual data collected by the candidate platform in Antarctica. We
believe this is the first such demonstration of a TR based system utilising a multibeam sonar.

As an adaption to other work utilising sidescan sonar discussed in [2], the inclusion of multibeam
data will extend the utility of a TR based system for more general use on AUVs. This is most evident
for AUVs equipped with only multibeam, such as those performing terrain mapping. For AUVs that
have both sidescan and multibeam capability there are cases where one system is preferred to the
other. Firstly, multibeam can generally operates at farther ranges from the seafloor, thus allowing the
AUV to maintain more separation from the bottom in areas of dynamic terrain. Secondly, the physical
characteristics of the seafloor may favour one system to another. A flat seafloor with sediment based
features would work well with sidescan, but less so with multibeam, whereas an area with consistent
sediment by distinct slopes the inverse.

Though testing was limited, it was conducted on real data under real conditions. Future work
would require in-field testing of the system in a controlled environment, as in [2].
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