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Abstract

Autonomous Underwater Vehicles (AUVs) have become integral tools to solve
real world tasks of surveying, mapping and inspection of human made infrastruc-
ture, as well as monitoring in natural environments. AUVs are often used in areas
considered dangerous for human intervention, making the need for robust methods
of perception and navigation paramount. Depending on the task, AUVs vary in
size and form-factor which in turn also affects the onboard sensors used. For most
infrastructure inspection tasks the most common types of sensors include Doppler
Velocity Logs (DVL) and Inertial Measurement Units (IMU) for inertial navigation
and acoustic sonars for perception. While these sensors represent the best options
for AUVs, they have shortcomings such as often a prohibitively high cost, and a lack
of information rich perceptual data when considering imaging sonars. We discuss
the challenges faced in underwater localization and mapping with respect to imaging
sonars, such as the lack of a general framework which works across different types
of sonar makes, and also obstacles to engaging in research due to high setup and
operational costs for AUVs.

In this dissertation, we explore localization and mapping techniques designed for
cost-effective underwater robots. We begin with looking at the problem of perform-
ing accurate Simultaneous Localization and Mapping (SLAM) when using sonar
data due to featureless environments causing degenerate situations. I present a fac-
tor graph based solution to this problem. We then look at a framework for onboard
acoustic localization of multiple ultra-low-cost underwater robots using off the shelf
equipment. For improving feature-based SLAM using imaging sonars, I present
a pose-supervised network to learn sonar image correspondences called SONIC.
Lastly, this work is further expanded in C-SONIC to allow cross-sonar image cor-
respondence. This allows cheaper robots with low frequency imaging sonars to find
feature correspondences in maps made with high frequency imaging sonars.
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Chapter 1

Introduction

1.1 Importance of Underwater Robot Localization and Map-
ping

Mobile robotics research has advanced to a level where it is possible to deploy these robots in a
variety of situations and has enabled them to work autonomously or with minimal human inter-
vention. Examples of such robots are, but not limited to, - robots used for warehouse automation,
self-driving vehicles, exploration, inspection, and search and rescue. Most mobile robots are de-
veloped keeping in mind the kind of environment people are most likely to find them useful in,
such as indoors, on roadways, or in open air areas. However, there is an equally important need
for the development for challenging areas, where human presence is usually minimal, be it due
to potential hazards or infrequent need of access.

Underwater environments, be it indoor or open water, are an example of such a situation
where continued research is important. Despite covering the majority of the Earth’s surface, hav-
ing more artifacts than museums, and 94% of all life on Earth, it remains relatively unexplored.
Autonomous robotic exploration would allow us to better monitor offshore infrastructure such as
undersea cables, oil pipelines and drill rigs, and also monitor aquatic life continuously, something
which is ever more important in today’s world with the collapse of ecological harmony.

Robot autonomy is highly pursued as these robots are likely to be more efficient, safe, and
adaptable to changes in scenarios. For a robot to be truly autonomous, it needs to possess the
capability of estimating its location in known or unknown environments. This is commonly
referred to as localization. In unknown environments, it may be efficient for the robot to make a
note of the layout of its environment, landmark positions and objects in its vicinity. This process
is called mapping. The ability of a robot to perform localization and mapping enables the robot to
perform several tasks such as navigating to points of interest, planning paths for best viewpoints,
and returning to visited areas efficiently. In other words, this allows the robot to perform tasks
and interact with the environment in a meaningful way.



1.2 Sensing when Underwater

As in the case of most autonomous robots, remotely operated vehicles (ROVs) and autonomous
underwater vehicles (AUVs) also need a combination of sensors for navigation and perception.
The sensor selection is dependent on the suitability of use when under water. For example, the
attenuation of electromagnetic signals under water makes the use of GPS or other wireless sig-
nal based localization methods impossible unless when at the surface. Underwater robots are
thus commonly equipped with inertial measurement units (IMUs) or inertial navigation systems
(INSs), which use accelerometers and gyroscopes to measure translational accelerations and ro-
tational velocities of the vehicle. To measure translational velocities in a plane, AUVs can be
equipped with Doppler velocity logs (DVLs). Similarly, pressure sensors can provide a depth es-
timate to provide a vertical measurement. A fusion of these sensors can be integrated over time
to provide state estimate based on dead reckoning. However as these are interoceptive sensors,
the pose estimates they provide are prone to drift from the true pose of the robot. As such, the
use of exteroceptive sensors to observe external objects, such as landmarks, are used to correct
for the sensor drift.

For most open-air applications, robots are equipped with exteroceptive sensors such as optical
cameras and laser-based lidars. These sensors are able to capture vast amounts of information,
whether from two-dimensional pixel information, or spatial 3D features from lidars and stereo
camera pairs. Underwater robots too have specialized versions of watertight cameras and lidars
[70]. While these sensors are very useful, and have an abundance of research support from open
air robotic platforms, they are plagued with loss of useful information in water due to attenuation
of visible and infrared spectrum in water, and also turbidity in open water areas, especially in
areas near the shoreline. This limited visibility severely shackles the usefulness of these sensors.

Thus, acoustic sensors are often the logical sensor of choice for underwater applications.
Sonars have been used for decades on ships as well as remotely operated vehicles (ROVs) as
well as AUVs, mostly for bathymetry and survey purposes. The commonly used sonar types are
the side scan (SSS) and synthetic aperture sonars (SAS). These are typically long range sonars,
meant to capture as large an area as possible with each scan, while compromising on resolution.
On the other hand, imaging sonars, also referred to as acoustic cameras or forward looking sonar
(FLS), are a different class of sonar which focus on short range, but higher resolution. This
makes imaging sonars ideal for tasks such as inspection, 3D reconstruction and high resolution
surveys.

Acoustic beacons are commonly used for underwater localization and communication. De-
pending on the travel-time system used, there are typically multiple beacons with transmitters
and or receiver, with the robotic platform having its own module as well. Popular methods are
the long-baseline (LBL), short-baseline (SBL), and ultrashort-baseline (USBL) methods. Re-
cently, more development has gone into the development of inverted USBL methods (1iUSBL)
which allow for one-way travel time localization and communication. These will be expanded
upon in later chapters.
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Figure 1.1: The basic imaging sonar sensor model of a point feature. Each pixel provides direct
measurements of the bearing / azimuth () and range (r), but the elevation angle (¢) is lost in the
projection onto the image plane - analogous to the loss of the range in the perspective projection
of an optical camera. The imaged volume, called the frustum, is defined by the sensors limits in
azimuth [0,,i,,, Ormaz], TANZE [Frmin, Tmaz)» and elevation [@pin, Gmae]. Reprinted from [90].

1.3 Barriers to Underwater Robotics Localization and Map-
ping Research

Underwater environments are possibly the most challenging for autonomous robots. While cam-
eras and lidars remain the most widely used and supported sensing modalities for in-air plat-
forms, they are largely ineffective underwater. Due to attenuation and turbidity, these sensors
have visibility limited to a few meters at best. Although imaging sonars are used underwater to
circumvent the issue of visibility in turbid waters, there are several drawbacks associated with
them as also described by [57, 30]. The drawbacks can be summarized to:

* Noise: Imaging sonars, like other acoustic sensors suffer from low signal to noise ratios.
There is also persistent speckle noise, which arises from coherent and random patterns
of constructive and destructive interference of back-scattered signals, creating pixels with
low and high intensity in the image[33, 19, 38]. This greatly effects image quality, making
it harder to get well defined features.

* Low and nonuniform resolution: Common imaging sonars like the SoundMetrics DID-
SON[79] and the Blueprint Subsea Oculus M1200d[5] that are used in our experiments
have their image resolutions determined the range bins and azimuthal beams. The maxi-
mum resolution achievable is close to 250,000 pixels. In contrast, even cheap consumer
grade cameras are able to give several million pixels in information. Aside from the num-
ber of pixels, the pixel footprints are not spread out uniformly. As seen in Figure 1.1, as the
range increases, the footprint of the pixel extends, resulting in lower resolutions at larger
ranges.

* Acoustic artifacts: Similar to how speckle noise is formed, it is possible that cross-talk
between transducers can result in erroneous measurements in the images. The bounce
back of acoustic waves from multiple surfaces before returning to the transducers (multi-
path reflections) also generates incorrect bearing and range measurements, often looking
like reflections of the true object.

* Variance from viewpoint and object materials: Images produced by optical cameras pos-
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sess a property called as photometric consistency. This means that points or objects viewed
from different angles would provide similar color frequencies or intensities across views.
This property is what makes multi-view geometry and structure from motion using optical
cameras possible. However when it comes to sonar images, pixel intensities are dependent
on the viewing angle. That is the angle between the sonar center and the normal from the
surface patch being viewed. Aside from the viewing angle, the material of the object also
dictates the uniformity of the image. Smooth metallic surfaces are likely to create specular
reflection compared to more rough or porous material like concrete.

Keeping aside difficulties in underwater perception, another hurdle for underwater robotics re-
search is the cost associated with it. Inspection and observation class ROV can be purchased in
the range of $15,000 to $250,000. These are suitable for depths upto a few hundred meters. Light
work and work class ROV’s which can operate in depths beyond thousand meters can range from
a quarter million to millions of dollars. The size of the robots, and available budget also dictate
the type, accuracy and resolution of onboard sensors. For navigation, onboard DVL or USBL
networks can cost anywhere between $10,000 to $100,000 and more. Similarly, sonars can also
come in the range of $6000-$300,000. While the cheaper alternatives are cost-effective, they can
often come at the compromise of resolution and accuracy.

In addition to this, there are operating costs for field experiments, which include hiring a boat
and crew to deploy the robot. The bigger the ROV, the more equipment and hands would be
needed. Unsurprisingly, this limits a large chunk of research capabilities to a small section of
researchers who have the monetary support for supporting this research.

1.4 Contributions

As broached upon in the previous section, cost is a significant barrier to underwater robotics
research. As such, the focus of this document is towards algorithmic techniques and tools devel-
oped for cheaper underwater robots to perform localization and mapping at levels comparable to
more expensive ROVs and AUVs.

As such the contributions of this thesis can be summarized as follows:

* A degeneracy-aware simultaneous localization and mapping (SLAM) framework, capable
of negating the effects of inaccurate state estimates from navigational sensors.

* A multi-robot, on-board, pseudo-ranging based acoustic localization framework, devel-
oped for small, low-cost bio inspired robotic fish.

* A learned feature descriptor for imaging sonar, allowing for noisy, lower resolution images
to be sufficient for feature-based SLAM.

* Expanding the learned feature descriptor to work for different sonar frequencies and pa-
rameters, allowing for robots with lower resolution sonars to use maps made by high reso-
lution maps to localize themselves.



1.5 QOutline of Thesis

In Chapter 2 we first go over preliminaries of the fundamental mathematics and models we use
throughout our developed techniques. We present the maximum a posteriori estimation frame-
work and inference using factor graphs. We then introduce the imaging sonar sensor model,
which is the sensor a majority of this thesis work is prepared for.

In Chapter 3 we describe our solution to failure in SLAM optimization arising from degen-
eracies in feature-poor areas, which are very common in underwater environments. To this effect
we introduce a two pronged approach, first, a degeneracy aware iterative closest point algorithm
for scan matching, and second, a degeneracy aware factor for loop closures. This chapter is based
on work from Hinduja et al. [24].

In Chapter 4 we explore the capability of low-cost and low-power underwater robots to
localize themselves without an external observer and present our acoustic localization method
inspired from global positioning systems. This chapter is based on work from Hinduja et al. [25].

In Chapter 5 we look at semi-supervised, learned methods to generate feature descriptors
for imaging sonar by leveraging sensor pose information. This would help perform more robust
feature-based SLAM considering most traditionally used feature point descriptors are formulated
keeping optical images in mind. This chapter is based on our work, SONIC [18].

In Chapter 6 we look towards extending the work from the previous chapter, focusing on
cross-sonar feature matching. The network is able to provide correspondences between images
differing in frequency modes as well as fixed parameters like maximum range.

Finally, in Chapter 7 we look at discussions, and directions for the future of the works
presented in this thesis.



Chapter 2

Foundations

In this chapter, we provide an overview of probabilistic inference and factor graphs for SLAM
as well as introduce the imaging sonar sensor model. To interact with and make meaningful
decisions in the world, a robot needs to infer information about its environment through its
sensors by relying on a priori knowledge. Observations or measurements recorded by sensors
are provided periodically at each time step. Individually, these measurements are typically noisy
and do not reveal enough useful information. However, robots can accumulate and combine
multiple such measurements to determine the “state” of the robot in the world. Due to noise and
uncertainties in the measurements received from the sensors, it is difficult to obtain the true state,
but we can obtain a probabilistic inference of the state. The state is typically modeled as a belief
over continuous, multivariate random variables X € R". In SLAM, we use sensor measurements
Z to infer the unknown states X which are the unknown robot and landmark positions.

2.1 Notation

We will attempt to adhere to the following notation in our mathematical equations throughout
the rest of the document. Bolded capital letters (e.g. A) will denote matrices, and bolded lower-
case letters (e.g. v) will denote vectors. Scalars are represented with lower-case letters (e.g. c).
We use capital letters (e.g. X) to denote sets. 6-DOF pose variables are denoted as x;, with an
appropriate subscript.

If any change in notation specific to a Chapter occurs, it will be explicitly stated so.

2.2 Maximum a Posteriori Estimation

We will now introduce the nonlinear least squares optimization that is used to solve the maxi-
mum a posteriori (MAP) formulation of a SLAM problem. The objective of MAP estimation
is to achieve the most likely state X of a system given a set of measurements . We begin by
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Figure 2.1: Factor graph representation of a toy SLAM problem. Here the state X is comprised
of poses 1, w9, and z3 as well as landmarks [; and /5. The measurements are represented by the
smaller black vertices and are not labeled for simplicity. Figure reprinted from [9].

maximizing the posterior of the state:

X* = argmax p(X|Z) (2.1)
- argfnax p(X)p(Z]1X) (2.2)
= arg)r(nax p(X)1(X;2) (2.3)
: N
= argglax p(X) H [ (X;z) (2.4)

i=1

where | (X; Z) < P (Z]X) represents the likelihood. Here we assume conditional independence
of measurements, which is encoded in the connectivity of the factor graph. Note that although
we use the notation p (z;| X), the measurement z; is only conditioned on the subset of variables
from the state X to which it is connected in the factor graph. The prior p(X) can be dropped
on the assumption that we have no prior information about the state. We also assume additive
Gaussian noise in the measurement model such that [ (X;z;) < p(z;|X) = N (h;(X),3;) and
can be expanded as:

1
10m) o e {5 I0(X) i, ) @s5)

Here h; (X) is function that predicts a value z; of the measurement z; based on the state esti-
mate X. To represent the uncertainty in the measurement z;, we use the covariance matrix 3J;
which may be derived from sensor specifications or found empirically. The monotonic logarithm
function and Gaussian noise model allow us to simplify the optimization into a nonlinear least
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squares (NLS) problem:

N
X* = argmin — log H [ (X;z) (2.6)
X i=1
N
— argmin D IR (X) = 23, 2.7)
i=1

where the notation ||. Hsz’ is the Mahalanobis distance with covariance 3J;.
While many iterative solvers are available, the Gauss-Newton algorithm is most commonly
used to solve the NLS problem in Equation 2.7. The prediction function can be linearized as

hi(X)=h; (X"+A) ~h (X°) + HA (2.8)
_ Ohi(X)
H = — Ny (2.9)

where X' is an initial state estimate, A = X — X0 is the state update vector and H; is the
Jacobian matrix of the prediction function h; (X). This approximation can be substituted into
Equation 2.7 as

N
arginm;H ( )—1— Z|E¢ ( )
N
_ arginin; [HLA = (z: — i (X°) |5, (2.11)
N
= i A A —by? 2.12
arginmizl I | (2.12)
= argmin |AA —b|? (2.13)
A

Through whitening, the Jacobian and error vector can be simplified as A; = 3, Y °H, and b; =
3 12 (z; — h; (X°)). Stacking all the terms of A; and b; together gives us a single matrix and
vector A and b, respectively. With this linear approximation, the three mandatory components

required from each sth factor are summarized as:

1. The square-root information matrix 3, 1 2, obtained from the covariance matrix.
2. The Jacobian matrix H; of the prediction function.
3. And last, the error vector z; — h; (X°), which is based on the prediction function.

Taking derivative of Equation 2.13 and equating it to zero results in the familiar “normal” equa-
tion:
(ATA)A*=A"Db (2.14)

where by using the pseudo-inverse we can solve directly for the current iteration’s update A*:

A*=A'b=(ATA) " AT (2.15)
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or by using the Cholesky or QR decomposition. The update A* is applied to compute the updated
state estimate, which is used as the linearization point for the next iteration in the Gauss-Newton
solver. The solver terminates after the magnitude of the update vector falls below a threshold or
after a maximum number of allowed iterations.

2.3 Imaging Sonar Sensor Model

Imaging sonars are active acoustic sensors which work on the principle of measuring the intensity
of the reflections of sound waves emitted by it. They are analogous to optical cameras in the
sense that they interpret a 3D scene as a 2D image. However, the images provided by these
sensors are very different. The imaging sonar sensor model uses a slightly different coordinate
frame convention compared to the standard pinhole camera model for optical images. The x axis
points forward from the acoustic center of the sensor, with the y axis pointed to the right and 2
axis pointed downward, as shown in Figure 2.2. This coordinate frame is preferred due to the
way the image formation occurs for imaging sonars. Unlike in the pinhole camera model, where
the scene from the viewable frustum is projected onto a forward-facing image plane, for imaging
sonars the scene is projected into the zero elevation plane, which is the zy plane in the sonar
frame.

Following the notation in [30], consider a point P with spherical coordinates (r, 6, ¢) - range,
azimuth, and elevation, with respect to the sonar sensor. The corresponding Cartesian coordinates
are then

X cos 6 cos ¢
P=|Y, | =r| sinflcos¢ (2.16)
Zg sin 6

When considering an image formed from the pinhole camera model, an arbitrary pixel loca-
tion can provide us information like the azimuth and elevation angle, but the range information
is ambiguous. Every point lying along the ray in 3D would project onto the same pixel location
in the image. In the imaging sonar model, a 3D point is projected onto the image plane, or zero

elevation plane as
rs | cosf | 1 X,
o= ] =r e - 3] a1

In the projective camera model, each pixel has a corresponding ray that passes through the
sensor origin. In contrast, the sonar sensor model has a finite elevation arc in 3D space, as
seen in Figure 2.2 as a red dotted line. A pixel in a sonar image can provide us the azimuth
and range information of the arc, but loses the elevation of the arc entirely, just like how range
information is lost for the projective camera model. This nonlinear projection adds significant
complexity, coupled with the very narrow field of view most imaging sonar sensors have makes
seemingly straightforward tasks for optical cameras appear rather difficult for imaging sonars.
Another complication arises from the information these pixels hold. For optical images, pixels
measure the intensity of the light reflected towards the sensor from a particular surface patch
along the corresponding ray. Thus, each pixel would likely correspond to a single unique surface
patch. This allows for different viewpoints to have similar pixel values when accounting for small
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Figure 2.2: The basic imaging sonar sensor model of a point feature. Each pixel provides direct
measurements of the bearing / azimuth (6) and range (r), but the elevation angle (¢) is lost in the
projection onto the image plane - analogous to the loss of the range in the perspective projection
of an optical camera. The imaged volume, called the frustum, is defined by the sensors limits in
azimuth [0,,i,, Oraz], TANEE [Trnin, Tmaz > and elevation [@pin, Gmaz]. Reprinted from [90].

motions of the camera origin. On the other hand, when it comes to acoustic images, each pixel
need not correspond to a single surface patch. All surfaces along an elevation arc may reflect
sound emitted by the sensor, and as such a single pixel may contain the compounded intensity of
multiple surfaces, which may not be consistent even with slight changes to the sensor origin.

2.4 Test Vehicle Configuration

Our experiments were performed using the Hovering Autonomous Underwater Vehicle (HAUV)
[16]. The HAUYV is equipped with five thrusters enabling control of all degrees of freedom
barring roll and pitch. For onboard navigation, the HAUV houses a 1.2MHz Teledyne/RDI
Workhorse Navigator Doppler velocity log (DVL), a Paroscientific Digiquartz depth sensor, and
an attitude and heading reference system (AHRS) fitted with a Honeywell HG1700 IMU. The
onboard computer of the HAUV is capable of providing odometry estimates by fusing readings
from these sensors. The depth sensor, and AHRS are capable of providing highly accurate and
drift free measurements of Z, pitch, and roll. However, in comparison the measurements for X,
Y and yaw rotation are subject to drift as they are estimated through dead reckoning from the
DVL and AHRS readings. For the purpose of mapping, we utilize a dual-frequency identification
sonar (DIDSON) [79]. This sonar has 96 azimuthal beams and 512 range beams, using a 2D
transducer array.

2.4.1 On-board odometry

A proprietary navigation algorithm fuses measurements from the AHRS, DVL, and depth sensor
to provide odometry estimates for the vehicle, in the coordinate frame of the DVL sensor. It
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Figure 2.3: Bluefin Hovering Autonomous Underwater Vehicle (HAUV)

is important to note that the depth sensor gives direct measurements of the vehicle’s depth, or
Z position. The AHRS is also capable of producing very accurate, drift-free estimates of the
vehicle’s pitch and roll angles by observing the direction of gravity. The X and Y translation
and yaw rotation are not directly observable, and are therefore estimated by dead reckoning of
the DVL and IMU odometry measurements. The pose estimate will inevitably drift in these
directions over long-term operation. This naturally leads to a formulation that treats the vehicle’s
odometry measurements as two separate types of constraints: a relative pose-to-pose constraint
on XYH motion (X and Y translation and Heading / yaw) and a unary ZPR constraint (Z position,
Pitch and Roll rotation) [83].

For these XYH and ZPR measurement factors, we make use of the Euler angle representation

) T
of 3D rotations to represent a pose x; as the 6-vector [wmi, Ocss oy U, 12 t;] , where 1,,,

0,.¢0., and are the roll, pitch, and yaw (heading) angles, respectively. All Euler angles are
normalized to the range [—, 7) radians.
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Chapter 3

Degeneracy-aware Factors for Pose Graph
SLAM

3.1 Problem Statement

SLAM systems utilizing laser range finders or RGB-D sensors have become commonplace over
the past decade. A multitude of algorithms have been developed using these sensors to provide
accurate state estimates and consistent maps in real-time [95, 94, 102], without the need for ab-
solute measurements from sensors such as a GPS. However, most of these methods are prone
to failure in certain scenarios. One particular failure mode is when the scene in consideration
has degenerate geometry or insufficient features for the method to get correspondences. Cadena
et al. [6] note that the absence of observable features, even temporarily, can hinder the SLAM
solution and necessitates the need for techniques to deal with the lack of observability. There are
broadly two approaches to handling degenerate situations in SLAM, which can be categorized
as either (1) limiting or (2) actively handling degenerate situations. Limiting the occurrence of
degenerate situations can be achieved by effectively supplementing the system with more infor-
mation to minimize failure. On the other hand, actively handling degeneracy in a SLAM system
requires analyzing the constraints imposed by measurements, identifying the degeneracies, and
appropriately compensating for them. Our approach focuses on actively handling degeneracy
and the contributions of this work presented are as follows:

1. A degeneracy-aware point-to-plane ICP algorithm, based on the solution remapping tech-
nique [101].

2. A new degeneracy-aware partial factor, which allows for the optimization of the pose graph
only in the well constrained directions, by using the results from the degeneracy-aware ICP.

3.2 Related Work

Limiting degenerate situations: As highlighted in Section 3.1, supplementing the system with
added information can reduce the occurrence of degeneracy. Hsiao et al. [27] use an IMU in
their planar SLAM framework to maintain the sensor pose for short durations when faced with
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(a) (b)

Figure 3.1: Examples of degeneracy:- (a) Planar registration: The smaller plane while con-
strained in X (into the plane), pitch and yaw, is unconstrained in the Y, Z and roll directions.
(b) Degeneracy in mapping simulated pilings: The optimization is unconstrained in the vertical
direction as well as along the curved surface, resulting in an incorrect registration when using
point-to-plane ICP.

texture-less scenes. In their point-plane SLAM system, Taguchi et al. [82] analyze the possible
correspondences found to satisfy certain properties, and reject the pairs likely to be degenerate
based on those properties. Tribou et al. [84] describes the use of multiple cameras with different
fields of view such that at a given time at least one camera’s observation can be used for localizing
the system effectively, even if in a visually poor environment. Other ways to limit degeneracy
could be by switching to different features or methods. For the mapping of texture-less pipe
systems, Ma et al. [52] substitutes visual features with voids detected via ultrasonic scanners as
landmarks, effectively avoiding degeneracies which would occur through visual measurements.
Hu et al. [28] switch between feature matching methods for RGB-D and RGB to deal with
different environments during mapping.

Active handling of degenerate situations: These techniques work by identifying degenerate
situations and dynamically compensating for them. Pathak et al. [63] describe a novel method of
scan matching using planes, where they determine and minimize the geometric uncertainty of the
configuration space. Cho et al. [8] build upon Pathak et al.’s method and propose the detection
of degeneracy between two sets of plane features by comparing the ratios of eigenvalues in
the second moment matrix. They then project the value of the IMU recorded orientations in
the directions estimated to be degenerate, which is then used to optimize their state estimate.
Rong et al. [71] use the eigenvalues of the Empirical Observability Gramian to represent the
observability of the system parameters. They then use the local condition number to determine
the degeneracy online, and detect future motions which may result in degenerate cases. As
Zhang et al. [101] define, an optimization problem in SLAM is degenerate if there exist one or
more directions in the state space of the optimization which are not well constrained. However,
even if some directions in the optimization are degenerate, the well constrained directions can
still be used to update in a subspace of the original optimization. They separate the degenerate
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Figure 3.2: Pose graph representation of a SLAM problem: Green circles represent the pose
nodes zj to be estimated. The small black dots represent measurement factors (odometry wu;
or loop closures [;) that are connected through edges to one or more pose nodes. The prior p
constrains the first pose to remove a gauge freedom.

and non-degenerate directions and introduce a technique called solution remapping to perform
incremental updates only in the non-degenerate directions.

3.3 Pose Graphs for SLAM and Iterative Closest Point

In Section 2.2, we introduced MAP formulation for SLAM to be solved as a least-squares opti-
mization. This optimization can be represented in graphical form using a pose graph or factor
graph [9]. Pose graphs are a special form of factor graphs where all variable nodes are robot
poses, and the factors represent pose-to-pose constraints. A typical pose graph is shown in
Fig. 3.2 with robot poses z1, ..., x,,. Between adjacent poses we have pose-to-pose odometry
constraints, 1, ..., u,_1. Loop closure constraints /;, connect two arbitrary poses. The variables
nodes in the graph are estimated using nonlinear least-squares using Gauss-Newton or a similar
algorithm.

Equation 2.7 gives us the general nonlinear least squares form of the pose graph optimization.
We now represent an expanded version of the nonlinear least squares formulation for the SLAM
system represented in Fig. 3.2. We assume a motion model f(x, u), where u; = uy, ug, ..., uy,
are the added odometry factors between poses ;1 and x;, along with a measurement model for
loop closures g(z;, z;). Then, for a sequence of poses X = {x; X, ..., X,, }, the MAP estimate
can be written as:

N
X' = argmin (Z [£iie1 (X35 Xig1) — uiH;i +
x i=1
N
2
> lei (@i wy) — 151%,) G.1)
i=1

To acquire a loop closure constraint 1;; between poses x; and x;, a popular method for measure-
ments from range scanners and RGB-D sensors is the point-to-plane ICP algorithm [7]. Here we
introduce the linear least-squares optimization for point-to-plane Iterative Closest Point (ICP) as
described by Low [50].

Lets; = (Siz, Siy, Siz, 1) and d; = (d;y, dyy, diz, 1) " represent the source and their corre-
sponding destination points. n; = (1, Ny, Nz, O)T is the unit normal vector at d;. The resulting
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error metric can be represented as follows
Top = argmin » ((T-s; — d;) - n;)? (3.2)
T

where 7' is the 3D rigid body transformation for transforming the source points such that the
total error is minimized. As derived in [50], on further simplification our original metric can be
re-arranged into a matrix expression as

Xopt = argmin |[Ax — b|? (3.3)

Here, A is our covariance matrix obtained from our source points and the corresponding normals,
and x is the 6 x1 vector of the unknown transformation.

In controlled environments, coupled with only small increments in orientation, point-to-plane
ICP converges well when a unique global minimum exists and thus provides an optimal solution.
However, complications arise when the optimization might get trapped in a local minimum. This
is common in cases of degeneracy due to planar and textureless environments, in which all 6
degrees of freedom (DoF) are not constrained. In these situations the registration either fails
completely and aborts, or even worse, gives an incorrect solution in some directions. Visual
examples of such degeneracies are shown in Fig. 3.1.

Using the background provided by Equations 3.3 and 2.7, Section 3.4 describes the formu-
lation of the degeneracy-aware ICP and partial loop closure factor, which help in avoiding the
situations described above.

3.4 Approach

3.4.1 Degeneracy-Aware ICP and Solution Remapping

As mentioned earlier in the previous section, point-to-plane ICP can provide an incorrect reg-
istration due to degeneracy, which can result in a very poor trajectory estimate when the loop
closure is added to the pose graph. To combat these errors, we need to detect the degenerate,
or poorly constrained, directions of the state space, and make use of only the well-constrained
directions in the optimization step for ICP. Zhang et al. [101] show how to iteratively solve a
nonlinear system by performing updates only in the well constrained directions. After determin-
ing the values of eigenvalues \; and eigenvectors v; from the A matrix of a linearized system,
the method of Zhang et al. constructs three matrices V, Vy and V. The three matrices are con-
structed such that V;; contains the degenerate direction’s eigenvectors, V the fully constrained
direction’s eigenvectors and 1/ the complete set of eigenvectors. This division is based on the
comparison of the individual eigenvalues \; against a common threshold );. The linearized sys-
tem as usual is solved as x; = (AT A)~'ATb. Then, this standard solution is projected onto the
space of well-constrained directions. This incremental update is added to the state estimate, and
the procedure repeats at the new linearization point.

In our degeneracy-aware ICP system, we only use the well conditioned directions to update
the optimization solution, and ignore the directions determined as degenerate. The degeneracy-
aware ICP algorithm is described in pseudo-code in Algorithm 3.1.

15



Algorithm 3.1 Degeneracy-aware ICP
Input: Initial relative transformation from odometry 7,40,
Output: Relative ICP transformation 7},

1: ,Ticp < Todom

2: while nonlinear operations do

3: Linearize the optimization problem at 7;,
toget ATA

4: Compute eigenvalue )\; and eigenvector v; of AT A
for: =1...6

5: Determine an eigenvalue threshold \;

Construct matrix V' containing all the eigenvectors
Construct matrix V; containing only
well conditioned directions based on ),
8: Compute update Az, < (ATA)"1ATDH
9: ,I;cp — T;Cp + V71VfAIf
10: end while
11: return T,

The degeneracy-aware ICP was implemented by extending the Point Cloud Library’s [73]
point-to-plane ICP method. The linearization of the point-to-plane error metric to obtain AT A
and ATb was achieved by the method described in [50]. The fundamental difference between
the solution remapping technique presented by [101] and our proposed degeneracy-aware ICP is
that at each iteration we re-compute the well conditioned directions on the basis of a different
covariance matrix (A" A). By doing so we acknowledge the fact that at each iteration where we
linearize at an updated 7;.,, the degenerate directions might differ.

3.4.2 Thresholding

To determine which directions are degenerate, we need to set a threshold \; to be compared to the
eigenvalues we receive from the degeneracy-aware ICP. Zhang et al. [101] use a sample dataset
with predetermined degenerate and non degenerate sections, and determine their threshold based
on the mid point of the minimum eigenvalue distribution they get. However this method is not
suitable for real-time evaluation. Cho et al. [8] compare the ratios of eigenvalues amongst the
different directions and set up a ranked list, using their sensor properties to determine their fixed
threshold. Similar to [71], we use the condition number, i.e. the ratio between the maximum and
minimum eigenvalues, A, and \,,;,, for each iteration as our eigenvalue threshold for the loop
closure candidates. The benefit of this threshold is largely seen in highly degenerate cases, where
Amin might be an extremely small value, along with other directions, thereby making A\; much
larger. This automatically rejects that constraint on account of it being unreliable.
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3.4.3 Degeneracy-aware Loop Closure Factor

After obtaining the matrix of fully constrained eigenvectors V; through the degeneracy-aware
ICP, we incorporate this result into the pose graph formulation with our proposed partial loop
closure factor. Given a measurement model for loop closures g(x;, xy ), and referring to our least
squares approach to SLAM optimization in Section 3.3, we can use the matrix V; as follows:

X" = argmin Y Vy (8w @) = La)llj 0,07 (3.4)
X (i,k)eL

where L is the set of all tuples (¢, k) for which we consider loop closure constraints, and Az
is the covariance for the registration between x; and x;. This formulation of the measurement
model enables the generation of a partial factor for the well constrained directions of the tuple
(i, k). The covariance for loop closure constraints, A;, is updated at each iteration as VfAik;VfT
to reflect the selected well constrained directions. Upon incorporating our partial factor, we can
perform MAP inference on the resulting pose graph as to determine the value of unknown poses
x; that maximally adhere to the information given the uncertain measurements.

3.5 Application

The degeneracy aware frame work was applied for underwater SLAM for ship-hull inspection.
Using the HAUV platform with the DIDSON sonar presented in Section 2.4. We modify the
sonar to be used in “profiling” mode by fitting a concentrator lens which reduces its vertical field
of view to 1°. Similar to [26, 83], we assimilate a fixed number of these sonar profile scans
to form a single submap, which is used as the basis of our mapping system. The following
subsections detail how the pose graph, and related parameters, including factors were set up.

3.5.1 Pose Graph Formulation

For each time instance ¢;, we have a new pose estimate x; and sonar scan .S; available. The
odometry between two subsequent scans is given by the difference between their poses

Ujit1 = Tip1 O T4 3.5)

where © expresses the first pose in the local coordinate frame of the second pose.

As shown in Fig. 3.3, our factor graph is formulated such that each subsequent pose z;,
Tit1, ... 1s represented as a node in the graph, and the odometry constraint between consecutive
poses, u;it+1, 18 a factor that is connected to these pose nodes. The second row depicts the
submap formulation where we combine a fixed number of scans together to form a submap.
Each individual scan is registered to the coordinate frame for the first scan and is referred to as
the base pose of submap m,. The base poses for consecutive submaps m,; and my, are connected
via a factor representing the accumulated odometry constraints for submap m;, u; ;. The third
row shows our degeneracy-aware loop closure factor /; ; that can be added between any two
submaps satisfying the necessary conditions [83].
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Figure 3.3: Pose graph formulation for underwater SLAM

We use an Euler-angle representation for a pose x; as a vector [gbxi, Oy Vays s 1Y t;] T,
where ¢7 . tY and ¢} represent the translation in X, Y'and Z, and ¢,,, 0, and ¢, are the heading,
pitch, and roll angles respectively. Our odometry factors are split into u; ;41 and v;. u; ;41 1s a
3 degree of freedom (DoF) XYH factor, represented as w; ;11 = [szw+ o Ui Duis L viisa
unary ZPR constraint linked to the base pose of the submap m;, represented as v; = [t , 0, ¥y,].
A more detailed representation of the XYH and ZPR factors can be found in [93]. We use the

1SAM library [37] for our factor graph framework optimization.

3.5.2 Odometry Prior

As previously mentioned in Section 2.4, the HAUV’s AHRS and depth sensor give highly ac-
curate and drift free measurements. To take further advantage of this information, we take the
readings for depth ¢, , pitch 6, and roll ¢ and improve the performance of the 6 DoF ICP algo-
rithm by biasing the transform with a priori odometry information.

Section 3.3 introduced the linearization of the ICP transformation 7T;., between two poses x;
and x;, which can be represented as an over determined system Ax = b.

We use A to represent the vector difference between the depth z, pitch 6, and roll ¢ of the
two poses. Thus A = (t;j — 17,00, —Op;, u; — ¢s,;)- Let X p,cq denote predicted measurements
for the same X,,cq = (t;md, Opreds Ppred)-

To add the prior odometry information in this case is equivalent to adding more constraints
to the original matrix A and vector b from our linearized system. Let the matrix P and vector d
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be used to encode the prior constraints. Through whitening we simplify to get [9]:

P=x"X] (3.6)
d=2"12A"T (3.7)

Thus, our system can now be represented as:

-

Upon solving this system, we get a 6 DoF ICP transformation estimation biased towards our
odometry prior.

3.5.3 Partial Factor for Loop Closure

Consider two poses x; and x; with overlapping submaps which satisfy the conditions for a loop
closure to be triggered. The relative transformation between them through odometry measure-
ments can be represented as lfjom = x; © x;. Let the resulting measurement from point-to-plane
ff;’ . As explained in Section 3.4.1, we can find the
eigenvalues and eigenvectors of the resulting of A" A matrix. Let V be the resulting matrix of
eigenvectors for all 6 DoF, and V; the well constrained matrix. To prevent double-counting due
to the added odometry prior in the ZPR directions, we introduce a constant matrix C', such that
the diagonal for X, Y and yaw are 1, and the rest are 0. Referring to Section 3.4.3, our final loop

closure measurement model can be represented as:

ICP (with solution remapping) be denoted as [

g, ;) = [|[Vi(Clla; © ) © [T

K1) M- (3.9)

Our factor is constrained to be a maximum of 3 DoF for the X, Y and yaw directions on
account of the matrix C.

3.6 Results and discussion

To evaluate the performance of the degeneracy-aware ICP and loop closure factor, we compare
the maps generated by: (1) odometry only, (2) point-to-plane ICP with odometry prior (PTP-OP)
and full loop closure factor, and (3) our proposed degeneracy-aware ICP with the partial loop
closure factor, supplemented with the odometry prior. We perform these experiments on both
simulation and real world datasets which are bifurcated into the following two subsections:

3.6.1 Simulated Datasets

The two datasets we used are the simulated pilings and propeller. The pilings dataset in partic-
ular is an extreme example of degeneracy given the nature of the loops made around the pilings
and submaps formed by the system. We model the motion of our simulated robot to mimic the
real HAUV. We also add additional Gaussian noise to the odometry to compare how well the

19



Table 3.1: RMSE values for simulated datasets. The proposed algorithm gives better results
over the standard point-to-plane ICP formulation, as well as considerable improvements over the
odometry solution.

’ Dataset \ Odometry \ PTP-OP \ Degeneracy-aware ‘

Pilings 0.183 0.618 0.173
Propeller 0.346 0.429 0.168
o T P o, | PN
7{(\\ \\“: / \\ 7{ /1 Q 7{(/ \..‘ { )u.g
" \\wﬁr-ﬂ/'// \\_/ / zr\\%”/ 4 6 é\\b/;?// &,. 70’7
Z i/;;\\ ; Q <1J L&/*-}X o:z
21 \\ / 5 :z \\\/‘&/ 0.1
(a) Odometry solution (b) PTP-OP solution (c) Proposed solution

Figure 3.4: Results for simulated pilings, top down view (RMSE)

accumulated navigational drift can be corrected. Fig. 3.4 shows the top down view of the sim-
ulated pilings reconstruction. Here, the reconstruction in black corresponds to the ground truth,
and the SLAM solution is shown in a progressive color scheme from blue to yellow, signifying
increasing error.

Fig. 3.5 show the maps generated for the propeller dataset. The Root Mean Square Error
(RMSE) comparisons for the two datasets is shown in Table 3.1. The results for our proposed
algorithm show a marked improvement over the standard point-to-plane ICP formulation, which
tends to substantially drift from the ground truth. For comparison, the PTP-OP results had 34
loop closures, whereas our proposed algorithm only accepted 9 for the simulated pilings dataset.
Similarly, for the simulated propeller we see 45 loop closures for PTP-OP and 17 for the proposed
algorithm. This is expected on account of the threshold we set, which rejects loop closures with
very small \,,,;, values. Both algorithms were provided with identical parameters.

3.6.2 Real World Datasets

Our algorithm was also tested for real world datasets induced with additional Gaussian noise.
We compare our results with an odometry only solution as well as results from Teixeira’s [83]
original submap SLAM formulation.

We first test against a similar dataset used by Teixeira which is the running gear (rudder +
propeller) of the SS Curtis. We use the odometry only solution, without added noise, as the ref-
erence solution for each of the three SLAM solutions which are under additional noise. Fig. 3.6
shows the three results. The reference point cloud is in gray and the 3 solutions are represented
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Figure 3.5: Results for simulated propeller (RMSE)

by a progressive color scheme ranging from blue to yellow, representing increasing error from
the reference, similar to the simulated datsets.

The second dataset is of pilings from the pier. Fig. 3.7 depicts the environment of the dataset.
Each piling is identical and rotational motion of the HAUV to navigate around them increases
the chances of degenerate observations. The visual results are shown in Fig. 3.8. The same color
scheme as before applies here as well. The original algorithm by Teixeira et al. was specifically
formulated for the mapping of ship hulls which are continuous surfaces that are locally mostly
planar, explaining the poor result for the pilings. Our method shows its versatility for the mapping
of different types of structures, giving consistently better results.
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Figure 3.7: Environment in which the pilings dataset was created
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(a) Odometry only solution (b) Texeira et al. solution (c) Proposed solution

Figure 3.6: Results for running gear dataset, bottom up view

3.7 Conclusion

To create a pose graph optimization robust to degeneracies in the sensor data, we present a
degeneracy-aware ICP algorithm for loop closure registration and show how to create partial
factors that only incorporate well-constrained dimensions. For evaluation we use an underwa-
ter volumetric submap SLAM framework by integrating the degeneracy-aware ICP and loop
closure formulation. We demonstrate the ability and robustness of our approach to correct for
navigational drift by showing improvements over standard point-to-plane ICP for loop closure
registration.

In future work, automatic selection of the threshold ); should be investigated. Our experi-
ments have shown that different types of environments benefit from different threshold values,
indicating the need to calculate the threshold from properties of the sensor data.
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(c) Proposed solution

Figure 3.8: Results for pilings dataset

23



Chapter 4

Acoustic Localization and Communication
Using a MEMS Microphone for Low-Cost

and Low-Power Bio-Inspired Underwater

Robots

4.1 Problem Statement

Having accurate localization capabilities is one of the fundamental requirements of autonomous
robots. For underwater vehicles, the choices for effective localization are limited due to limita-
tions of GPS use in water and poor environmental visibility that makes camera-based methods in-
effective. Popular inertial navigation methods for underwater localization using Doppler-velocity
log sensors, sonar, high-end inertial navigation systems, or acoustic positioning systems require
bulky expensive hardware which are incompatible with low-cost, bio-inspired underwater robots.
To solve this problem, we introduce an approach for underwater robot localization inspired by
GPS methods known as acoustic pseudoranging. Our method allows us to potentially localize
multiple bio-inspired robots equipped with commonly available micro electro-mechanical sys-
tems microphones. This is achieved through estimating the time difference of arrival of acoustic
signals sent simultaneously through four speakers with a known constellation geometry. We
also leverage the same acoustic framework to perform one-way communication with the robot to
execute some primitive motions.

4.2 Related Work

Underwater robots are increasingly being used to explore uncharted depths, inspect artificial un-
dersea structures, as well as monitor aquatic life and the physical and chemical properties of their
surrounding environment. While larger robots like autonomous underwater vehicles (AUVs) are
more suited to tasks such as the inspection of ship hulls, harbors [83] and sub-sea pipelines, bio-
inspired robots are better equipped to closely monitor underwater life given their smaller size and
lack of moving parts likely to disturb the surrounding environment [68, 62]. Bio-inspired robots
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have improved over recent years in aspects of locomotion, control, and communication. In 2014,
Marchese et al. [54] presented their novel actuation method for a soft robotic fish capable of agile
movement. Soon after in 2015, the group presented a compact acoustic communication module
for in-water control of the robot [10]. More recently, an improvement over the previous work
was presented by Katzschmann et al. [39] through their soft robotic fish, SoFi, which could be
controlled using a handheld acoustic modem based controller presented in the research done by
Marchese et al. [10]. The drawback here is that the controller is considerably expensive and can
only communicate with one robot at a time. A more recent example of a smaller bio-inspired
underwater robot is PATRICK from Patterson et al. [64], which demonstrated the capability of
performing closed-loop locomotion planning using an external camera and Bluetooth communi-
cation. Here, the use of Bluetooth for passing instructions to the robot limits it to only operate
at surface level or shallow water since it requires a non-submerged Bluetooth antenna to receive
instructions. However, despite the limitations, these examples demonstrate the promising transi-
tion towards autonomy for bio-inspired underwater robots.

Receiver Module

Speaker Constellation

" Y s
| "
MEMS Microphone
%7 4

N

Speaker Constellation

-y

(a) Setup for pseudorange localization (b) Bio-inspired fish robot

Figure 4.1: Water Tank Experiments: (a) Experimental verification of acoustic pseudoranging
based localization. Estimated positions are compared to known ground truth positions. (b) A
proof-of-concept bio-inspired robot with three actuated fins connected to the receiver module is
verified to execute selective motions on receiving specific acoustic signals.

A fundamental necessity for an autonomous robot to navigate and perform specific tasks is the
ability to localize itself accurately. Traditionally in robotics, there are systems that can achieve
accurate location estimates by utilizing one or more sensors like cameras, lidars, radars, inertial
measurement units (IMUs) and the global positioning system (GPS). Underwater robots face
unique challenges when it comes to localization. In real-world scenarios, sensors like cameras
and lidar are ineffective due to turbidity, and signals from absolute positioning systems like GPS
cannot be received underwater. Most commercial AUVs rely on sensors like Doppler velocity
logs (DVLs), depth sensors and IMUs for inertial navigation methods to help localize themselves.
Sonars and cameras can be used for aiding inertial navigation by leveraging the geographical
features of the surrounding environment. As mentioned earlier, cameras are effective only in
clear water and sonars often make the cost of underwater vehicles prohibitively expensive. Costs
and practicality aside, their weights and bulky form factors limit them to be used only on larger
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robots. In this work, our focus is on localization for small, low-cost and low-power, untethered
robots.

For localization of smaller and cheaper underwater robots, such as bio-inspired robot fish,
acoustic positioning methods have more potential as a viable solution. The oldest and most
popular methods of acoustic positioning are long baseline or short baseline (LBL/SBL) and ul-
tra short baseline (USBL) systems [65, 40]. These methods are two-way travel-time (TWTT)
methods, which means the beacons and the AUVs need to be equipped with active acoustic
systems to communicate with one another. The use of atomic clocks to synchronize both bea-
cons and AUVs can allow for localization using one-way travel-time (OWTT) methods. Earlier
approaches achieved range-only OWTT localization and navigation by using filtering or fusion
with other onboard sensors [14, 32]. More recently, Rypkema et al. [74] presented their novel
method of one-way travel-time inverted ultra-short baseline (OWTT-iUSBL), which allowed for
real-time on-board navigation using a single speaker and an array of four passively listening hy-
drophones on the AUV. Matched filtering and phased-array beamforming on the four received
signals from each hydrophone gives a range and bearing estimate of the robot with respect to the
speaker position.

While the OWTT-1USBL can perform effective localization with a relatively cost effective
setup compared to commercial AUVs, the components used are still expensive and too heavy
to be used on much smaller bio-inspired robots. Atomic clocks, which make OWTT methods
possible, are still expensive relative to other options. For a swarm of robots, these costs can
add up significantly. Accurate time-of-arrival information is paramount for OWTT methods, and
cheaper embedded real time clocks (RTCs) are prone to significant drift and lack the superior
precision of atomic clocks. Time-difference of arrival (TDOA) techniques, on the other hand,
allow us to avoid the need to know the exact time a signal was sent. This is achieved by instead
measuring the differences between the arrival time of multiple signals which were known to be
transmitted simultaneously from different beacons. This technique is commonly referred to as
pseudoranging, and is the foundation of GPS localization [41].

In this paper we present a method for localization of a small robotic fish that is based on
acoustic pseudoranging. This is accomplished using cheap, miniaturized, low power sensors
and computation. Referring to Fig. 4.2, pseudorange localization and acoustic communication is
performed on a fish-inspired robot that swims in a water tank that is instrumented with acous-
tic speakers and receivers. The robotic fish is embedded with a small and inexpensive micro-
electro-mechanical systems (MEMS) microphone that is used for communication and localiza-
tion through the estimation of TDOA of signals sent simultaneously from the four speakers in
the water tank.

As an acoustically passive method on the receiver side, pseudoranging allows for multiple
agents to be localized simultaneously without the need for individual signals specifying time of
flight (TOF) information or cross communication between transmitter and receiver to achieve
time of arrival (TOA). Variations of acoustic pseudoranging have been utilized for the localiza-
tion of larger underwater vehicles before. Jorgensen et al. [35] presented an observer to estimate
several parameters like position, velocity and IMU biases. Leveraging pseudorange measure-
ment differences along with attitude and accelerometer gave better position estimates. A long
range underwater navigation algorithm based on acoustic pseudoranging was tested in an area
spanning ~275,000km? by Mikhalevsky et al. [55] by using GPS assisted beacons. Recent works
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Figure 4.2: System Overview: The transmitter module periodically plays a sequence of identical
chirps (black) followed by another, different, chirp (blue) through a constellation of speakers.
The receiver module uses the information to estimate position as well as execute basic locomo-
tion tasks.

by Berlinger et al. [3] and Novak et al. [60] have also explored the localization of a swarm of
fish, both robotic and natural, through optical and acoustic methods respectively. However both
methods perform localization from an external observer and not on-board the agent, which makes
acoustic pseudoranging more suitable to use cases where geo-referenced data collection, and on-
board navigation are important.

4.3 System Architecture

This section will now describe the hardware and framework for acoustic pseudoranging based
localization and one-way acoustic communication. A diagrammatic illustration is shown in
Fig. 4.2. There are a minimum of four speakers connected to a single computer playing a se-
quence of chirps followed by a single, different chirp, periodically. The receiver is time syn-
chronized with the transmitter computer before deployment. The receiver, equipped with a
MEMS microphone, records the acoustic signal from the transmitter’s speakers, and processes
the recorded sequence to obtain the pseudoranges to each speaker. The pseudorange observations
are then used to solve for the receiver position and time bias between the receiver and transmitter
clock. While an initial time sync is necessary to coordinate when the receiver should expect
the signal, having a low-latency or highly accurate synchronization is not required. The same
setup can also be used to listen to different types of signals to receive commands for certain
tasks. Details on the system hardware and framework are discussed in detail in the subsequent
subsections.
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4.3.1 System Hardware
4.3.1.1 Acoustic Transmitters

The transmitter module consists of four Lubell UW30 underwater speakers connected to a sin-
gle Raspberry Pi 4 through a StarTech USB multi-channel sound card. The Raspberry Pi 4 is
connected to a wireless network and makes available its local system time through network time
protocol (NTP). A four channel WAV file with the same chirp signal in each channel, staggered
at known intervals, is played periodically every 10 seconds. The chirp pattern used is a 10 ms,
4.5-8.5kHz linear up-chirp. While using four diverse chirps with different frequency bandwidths,
played simultaneously would intuitively be more convenient, having a wider bandwidth and mod-
erately longer chirp length gives better ranging resolution when using matched filters [42]. Thus
the linear up-chirp is repeated at intervals of 200 ms across the 4 channels, with the sequence
order known beforehand. We also use three shorter chirps in different bandwidths to each other
and the aforementioned sequence to communicate different motion behaviors for the robotic fish.
One of these shorter chirps then follows the sequential chirps for the purpose of relaying motion
instructions to the robot.

4.3.1.2 Receiver and Bio-inspired Robot

The receiver module runs on a Raspberry Pi Zero W powered by a 5V Li-Poly battery. The
only sensor attached is the 1CS43434 12S MEMS microphone. The choice of using a MEMS
microphone over commercially available hydrophones was made considering the significantly
lower cost, and smaller form factor of the microphones. The receiver module is synchronized
with the transmitter clock through NTP over wireless networks before submersion in water. After
this point, the inbuilt RTC clock is sufficient to keep track of the periodic signal being sent by the
transmitter. The receiver begins recording 2.5s long WAV files at each time step. The recording
starts before the transmitter module plays the signals to keep ample buffer space to ensure all
the chirps are recorded. Accumulated clock drift is corrected by using the time bias calculated
in the pseudorange solution. The 1 GHz ARMI11 32-bit processor of the Raspberry Pi Zero
W takes approximately 6.05s for each final location estimate, including the recording duration.
Fig. 4.3 (a) shows the static receiver module used for localization experiments. The bio-inspired
fish robot used for experiments is shown in Fig. 4.3 (b). It functions on the same components
as its static counterpart with the addition of MOSFET trigger switches for the fins. To achieve
locomotion, each fin was individually activated by the commands from the controller to generate
thrusts that result in overall forward or turning motions. All the electronic components and
battery were waterproofed inside the central box while the cables carrying alternating current
were connected to the end actuators at the fins.

4.3.2 Localization

The localization framework first performs the matched filtering of the recorded acoustic signal
and uses the filter results for the pseudoranging based localization. As a pre-step, we also analyze
speaker constellation geometry. The steps are explained in detail in the following sub-sections.
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Raspberry Pi Zero W

Sealed MEMS Microphone
(a) Static receiver module

Receiver Module with ‘

MOSFET Trigger Switches

(b) Receiver module on fish-inspired robot

Figure 4.3: Acoustic Receiver Setup: (a) Receiver module for localization tests: While the
MEMS microphone is sealed for water tightness, its bottom port is only covered by a very thin
membrane to reduce the dampening of incoming signals. (b) The proof-of-concept bio-inspired
fish prepared for experiments is internally identical to the box used for localization evaluation
with added MOSFET trigger switches to control the actuators for its fins.

4.3.2.1 Data processing and matched filtering

We perform matched filtering on the recorded chirp sequence from the four speakers to obtain
our pseudorange estimates. The matched filter is a linear filter suited for maximizing the signal-
to-noise ratio of the recorded signal. The filter conducts a convolution between the recorded
sequence, x[n| and a replica of the original chirp played by the speakers h[n|:

N—

yln] =Y hin — kla[k] (4.1)

k=0

—_

The sample number that resembles the replica h[n] most gives a maximal or near maximal
amplitude for output y[n]. Typically, the maximum output would indicate the sample number to
be chosen. However, due to non-line-of-sight reflections in smaller enclosed environments, we
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Figure 4.4: Matched Filter Example Output: The normalized filter output is compared against a
threshold to pick the first significant peak for each chirp. The sample numbers, after adjusting
for the known 9600 sample delay, provide a pseudorange of 843.415, 843.445, 843.847, and
843.477 meters to each speaker as in Eq. 4.2.

have observed that choosing the first major peak gives the best results. The four pseudoranges are
obtained by adjusting the known signal delay between each chirp, giving us the sample number
for each chirp s; and multiplying by the speed of sound in fresh water (14807*) and dividing by
the sampling rate (48kHz) gives us the pseudorange observation:

. ¢ , 1480
P'=—s=—-"-¢ 4.2
F,” ~ 48000° 42
An example of the matched filter output is shown in Fig. 4.4. The filter output is normalized
to keep a constant threshold to select the first significant peak for each chirp. As the expected
gap between each chirp is known (9600 samples), the adjusted pseudorange observation for each
speaker can be found and used to localize the receiver.

4.3.2.2 Acoustic Pseudoranging

Acoustic pseudoranging is a TDOA technique inspired from GPS trilateration. Our implementa-
tion of acoustic pseudoranging differs from its GPS counterpart in a few ways. Unlike in the case
of GPS satellites, the speaker positions are constant and known, as well as connected to the same
central transmitting module. As such, it does not necessitate the need to account for transmitter
side clock biases and errors. We refer to literature from GPS point positioning [23, 4] estimation
to formulate our acoustic pseudoranging equations which are described as follows:

Given speaker positions [z%, 4", '] for speakers i € [1,4], receiver position [z, y,, 2,], time
step 1" and receiver clock bias dt,, each pseudorange for the four or more speakers can be mod-
eled as:

PT) = R\(T) + ¢ x dt,(T) (4.3)
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where the distance between each speaker ¢ and receiver r is given by the Euclidean distance
RUT) = /(@' = a:(T) + (' — 5o (1)) + (* — 2(T))? (4.4)

To find the location of the receiver with respect to the speakers, we need to solve for the
unknown parameters which are the receiver position and receiver time bias [x,,y,, 2., dt,] at
each time step 7". Assuming initial estimates of receiver position and time bias, [z, Yo, 20,dto],
are known, the relationship of the initial estimates of receiver r, and the update parameters can
be written as:

T, =x9+ Az, Yy, =y + Ay
Zr = 20 + AZ, dtr = dto + Adt (45)

Ax, Ay, Az, Adt are now the parameters we use a least squares formulation to solve for. Using
a first order Taylor expansion, Eq. 4.3 can be expressed as

i _ pi opr
PAT) = By(T) + 5

oP
A el
x4+ ay

0P
Ay—f‘a

Az+a—P

BYT Adt (4.6)

to

zo Yo 20

where R} is found from Eq. 4.4 by using the initial position estimate. The partial derivatives
from Eq. 4.6 are:

oP| _ _#'—zo(T) 0P| __y —u(T)
dr|  RyT) ~ dy|  RyT)
xo Yo
OP|  2'—z(T) oP|
92| T R(T) 8dtt_c @7

Using our partial derivatives from Eq. 4.7, and rearranging the known terms together, we can
rewrite Eq. 4.6 as:

PiT) - RyT) = ~ L= 20Dy, =l

’” Ry(T) Ry(T) |
2 — z(T)
— Az + e x Adt (4.8)
Ry(T)
For ease of reference, let:
Al — T _.xo(T)
o Ry(T)
v o~ Y (D)
o Ry(T)
ai — _z _'Zo(T>
- Ry(T)
b' = P((T) — R\(T) (4.9)
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Assuming we have the minimum of four required speakers, we have the system of linearized
simultaneous equations:

b' =a) Az + a;TAy +al Az + cAdt

b =al Az + aZTAy + a2 Az + cAdt

b =al Az + azTAy + a2 Az + cAdt

b' =a; Az + agrAy +a; Az + cAdt (4.10)

which can be simplified in their matrix form as:

Uy, a, Uy, C
A a;,r ay, a;T c
a, Ay Ay C
| a,, ay  ap C
[ Az bt
Ay b?
=1 AL | b= B 4.11)
| Adt b*

where:
b = prediction error
a = vector of unknowns which are the receiver position and clock bias update parameters.
A = design matrix constructed from the linear functions of the unknown variables.

Eq. 4.10 can now be expressed in matrix-vector form as:

Az =b 4.12)

To better represent the observed measurement errors, which in acoustic pseudoranging arises
from selecting the right peak from our matched filter result, we would need to adjust the predic-
tion error and design matrices. This can be done through a form of whitening as explained in [9].
Let Y = diag(o?, 05,03, 03) where 0y, .., 04 represent the average error observed in pseudorange
measurement for each speaker. The design and prediction error matrix are weighted as:

A, =%"1"?4,B, =" (4.13)
Finally, our least squares problem is solved as:
x = (ALA,)TALB, (4.14)

The updated parameters from @ are then used to re-initialize the estimated receiver position. The
least squares optimization is repeated until the desired error threshold is reached.

4.3.2.3 Dilution of Precision

Akin to GPS, the ability of acoustic pseudoranging to provide an accurate position estimate
depends on the geometry composed by the speaker positions. One of the most popular metrics is
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the geometric dilution of precision (GDOP). It can be obtained from the design matrix A in Eq.
4.11 by getting the covariance matrix as:

Y. = (ATA)™! (4.15)
The GDOP is given as the root of the trace of the covariance matrix, >, [100]:

GDOP = \/tr(%,) (4.16)

A lower GDOP value indicates a better constellation geometry. Based on an analysis by Isik
et al. [31], values between 0-5 are considered to give excellent to great estimates, 5—10 give
moderate and values 10-20 give a fair estimate. Values above are unlikely to give a reliable
solution. As such, the use of acoustic pseudoranging in small spaces requires speaker geometry
configurations be analyzed beforehand to ensure good estimation accuracy is obtained.

4.3.3 Communication

Apart from acoustic localization, the same hardware and framework can be leveraged to perform
one way communication to perform some pre-determined behaviors. As seen earlier in Section
4.2, the controller used by Katzschmann et al. [39, 10] demonstrated the acoustic control of
bio-inspired robots while in water. While this method is highly suitable for precise control of a
single robot, its ability to simultaneously pass commands to several robots is to be seen. Fischell
et al. [15] present a more viable solution for multiple robots to be given acoustic commands
through a single speaker. While, the current framework with a single microphone will be unable
to perform maneuvers needing bearing estimates to the beacon, it is still possible to give general
commands relating to diving or re-surfacing, and directional commands when equipped with
other supplementary sensors like IMUs or depth sensors. In our work, as a proof-of-concept, we
execute directional commands to move a robotic fish with three actuated fins. We once again
rely on matched filtering to differentiate between the type of communication signal received as
well as the sequence used for localization. The maximal filter output determines the motion to
be executed. The chirps used for communication can have shorter frequency bandwidths since
timing resolution is not important to perform simple detection.

4.4 Evaluation

To test the localization framework, experiments were performed in a cylindrical water tank with
diameter 7.3m and depth 2.7m. The tests were performed using a watertight box containing
the receiver module described in Section 4.3 as seen in Fig 4.3. Ground truth positions were
measured by using a graduated rope across the tank with the receiver hanging down from marked
positions at pre-measured heights from the bottom of the tank as in Fig. 4.1 (a).

The experiments were repeated in three different speaker geometry configurations for a com-
parative study. First, the total available volume for each configuration was analyzed to obtain
their average GDP values and "solvable volume". We divide our analyzed space into four groups,
with GDOP values ranging from 0-5, 5-10, 10-20 and lastly, unsolvable space, where we are
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Figure 4.5: Analysis Of Available Volume: The three configurations show the solvable volume
ranging from yellow to dark green, depicting a decrease in GDOP value. All points were provided
an initial position estimate of (0,0,1). Configuration 1 shows the lowest solvable volume despite
a better spread of the speakers in the X-Y plane. However due to the smaller variation in the
speaker heights, a good spread in the X-Y plane is not enough to give reliable estimates. The
average GDOP value for the solvable space for each configuration was calculated to be 9.39,
6.81 and 5.54 respectively, as evidenced with the increase in the dark green points as seen in (b)
and (c).

unlikely to receive a good estimate of the receiver position. Configuration 1 is indicative of a
moderate speaker geometry where only 59% of the total available volume of the tank is able
to give a GDOP value under 20. Configurations 2 and 3 on the other hand prove to be better
constellation geometries with 88% of the total available volume having GDOP value under 20.
Details on speaker positions and further information are presented in Fig. 4.5.

A diverse number of positions were chosen to obtain localization estimates. Mean error
across all trials was found to be 0.345m with a standard deviation of 0.228m. We break down
our results on the basis of the speaker geometry configuration. Configuration 1 had tests con-
ducted for several X-Y coordinates in the tank as well as static X-Y position with different depth
placements. Fig. 4.6 shows the estimated positions based on pseudorange observations along
with covariance ellipses drawn to the confidence level of 20. As seen in Fig. 4.6 (b) the covari-
ance in Z or depth exceeds the covariance in X-Y. This is also seen in Tables 4.1, 4.2, 4.3 and
4.4, where root mean square error (RMSE) in the X-Y plane is considerably lower than the total
RMSE. This is explained by the smaller variation (~2m) of the depths in the speaker constellation
geometry compared to the variation in the X-Y positions (~7m).
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Figure 4.6: Localization Results: Localization estimates for the three configurations are pre-
sented. All positions were provided with a starting estimate of (0,0,1). (a) Configuration 1
achieves good estimates despite the weaker constellation geometry. However, being in an un-
solvable space, like position 5, would give a very poor estimate. (b) The largest variation in
speaker depth is between speaker 2 and 3 at ~2m. This causes narrower elevation angles to the
receiver making it difficult to achieve lower variance in depth estimates. (c) and (d) compare the
change in position accuracy and confidence for the same positions with only speaker 1 shifting
position. We see that having more variation is beneficial to achieve better localization accuracy.
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Table 4.1: Configuration 1 Results

| PosNo. | Ground Truth |  Estimate | MSE | XY RMSE |
1 -1.90, 0.00, 1.87 [ -2.27,0.09, 1.40 [ 0.605 |  0.387
2 |-1.20,0.00,1.87 | -1.44,0.00,2.07 [ 0313 | 0.239
3 0.00, 0.00, 1.87 | -0.09,-0.14,1.73 [ 0225 [ 0.171
4 1.80,0.00, 1.87 | 1.91,-0.02,1.61 [ 0288 | 0.114
5 -1.10,-2.05, 1.87 | Out of Bounds NA NA
6 | -0.30,-1.58,1.87 | -0.52,-1.77,1.86 | 0.292 |  0.292
7 0.77,-0.77,1.87 | 0.71,-0.92,1.72 [ 0.217 |  0.157
8 2.45,0.42,1.87 | 2.60,0.54,1.74 | 0234 | 0.195
9 1.05,1.05,1.87 | 1.13,1.03,1.92 | 0.100 [  0.084
10 [ 0.00,145,1.87 | 0.07,1.43,1.67 | 0.214 |  0.077
Mean 0.276 | 0.190

Table 4.2: Configuration 1 Depth Variation Results

’ Pos No. \ Ground Truth \ Estimate \ RMSE \ XY RMSE ‘
la -1.90, 0.00, 1.87 | -2.27,0.09, 1.40 | 0.605 0.387
1b -1.90, 0.00, 1.23 | -2.10, 0.04, 1.19 | 0.207 0.205
lc -1.90, 0.00, 2.36 | -2.03, 0.03,2.18 | 0.224 0.139
2a -1.20, 0.00, 1.87 | -1.44, 0.00, 2.07 | 0.313 0.239
2b -1.20, 0.00, 1.23 | -1.70, 0.04, 0.40 | 0.967 0.499
2c¢ -1.20, 0.00, 2.36 | -1.49, 0.11, 1.67 | 0.761 0.314
7a 0.77,-0.77,1.87 | 0.71,-0.92,1.72 | 0.217 0.157
7b 0.77,-0.77,1.23 | 0.82,-0.83,1.28 | 0.09 0.077
7c 0.77,-0.77,2.36 | 0.80,-0.79,2.00 | 0.358 0.032
10a 0.00,1.45,1.87 | 0.07,1.42,1.67 | 0.214 0.077
10b 0.00, 1.45,1.23 | -0.01, 1.60, 1.30 | 0.170 0.153
10 ¢ 0.00, 1.45,2.36 | -0.10, 1.59,2.47 | 0.205 0.172

Mean 0.360 0.204

The localization results shown in Fig 4.6 (a) and (b) for configuration 1 are tabulated in Table
4.1 and Table 4.2. To be noted, position 5 is in an area which is considered to be unsolvable as
per our GDOP analysis from Fig. 4.5 (a). As predicted by the analysis, experimental results for
position 5 provide an out of bounds estimate. Comparatively, configurations 2 and 3 have a larger
solvable volume, and are able to give reasonable localization estimate for position 5, although
with relatively higher error than other points. Tables 4.3 and 4.4 for configurations 2 and 3 show
results for tests conducted at the same positions which can be visualized in Fig. 4.6 (c) and (d).
Comparing Fig. 4.6 (c) and (d) shows that larger variance in speaker positions is likely to give
smaller localization error as evidenced by the smaller covariance ellipses seen for configuration
3. We ignore errors through multi-path reflections and speaker washout (being close enough to
any speaker may produce artifacts in recorded signal sequences). We still find the localization
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results to be satisfactory considering the low cost of implementing such a system.

Acoustic communication is successfully performed to cycle through three different motions
using matched filtering to differentiate between the acoustic signals. The motions we imple-
mented include moving the tail fin alone to move forward, and move left or right by simultane-
ously moving the tail and appropriate pectoral fin.

Table 4.3: Configuration 2 Results

| PosNo. | Ground Truth |  Estimate | RMSE | XY RMSE |
3 0.00, 0.00, 1.87 | -0.04,0.04,1.98 | 0.128 |  0.059
5 [-1.10,-2.05,1.87 [ -1.56,-1.39,2.18 | 0.745 |  0.677
6 [-0.30,-1.58, 1.87 | -0.69,-1.60, 1.46 | 0.569 | 0.391
7 0.77,-0.77,1.87 | 0.84,-0.64,2.14 | 0.312 | 0.149
10 | 0.00,1.45,1.87 | -0.08,1.62,1.79 | 0.211 | 0.194
Mean 0.393 | 0.294

Table 4.4: Configuration 3 Results

| PosNo. | Ground Truth |  Estimate | RMSE | XY RMSE |
3 0.00, 0.00, 1.87 [ -0.03,-0.10,1.71 | 0.186 | 0.101
5 |-1.10-2.05,1.87 | -1.81,-2.22,1.26 [ 0.754 | 0.448
6 |-030-1.58,1.87 |-0.71,-1.75,1.65 | 0495 | 0.445
7 0.77,-0.77,1.87 | 0.63,-0.69,1.81 | 0.168 | 0.159
10 | 0.00,1.45,1.87 | 0.03,1.59,1.86 | 0.153 | 0.153
Mean 0.351 0.261

4.5 Conclusions

This chapter presented an acoustic localization and communication method suitable for small
underwater robots such as bio-inspired robotic fish. Our approach uses a cheap MEMS micro-
phone on the robot in combination with a constellation of four speakers in a known geometry that
makes it possible for multiple robots to localize themselves simultaneously, which is useful for
geo-referencing collected data. We present an implementation using a cost and power efficient
Raspberry Pi Zero W on a bio-inspired robotic fish.

Enclosed spaces, like the water tank are prone to artifacts like multi-path reflections, speaker
washout, and difficulty in finding ideal speaker constellation geometry. As such, acoustic pseu-
doranging is likely to perform better in larger, open waters. We show that despite being deployed
in a small area, it is still effective in providing a reasonable position estimate. Future directions
for the work on acoustic localization would involve the implementation of filtering and smooth-
ing for trajectory estimation and optimization. Information from auxiliary sensors like IMUs
and MEMS pressure sensors when fused with pseudoranging-based position estimates provide a
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more accurate state estimate. We aim to prove the efficacy of the improved method in open water
compared to traditional inertial navigational methods used for underwater robots.

The paper also demonstrates the use of the same architecture for controlling a robot through
acoustic signals. While we limit our experiments to basic signal processing and primitive mo-
tions, more robust communication protocols like frequency shift keying can be used to perform
a vast array of motions and tasks. Future iterations would aim to have a more sophisticated
communication framework to achieve closed loop navigation and control, pushing bio-inspired
underwater robots further towards autonomy.
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Chapter 5

SONIC: Sonar Image Correspondence
using Pose Supervision for Imaging Sonars

5.1 Problem Statement

Feature-based methods excel at localization and mapping by tracking distinct features over time.
With camera frameworks, these methods utilize photometric consistency and invariance to com-
mon transformations such as scale and rotation, to produce precise feature correspondences [56].
Camera-based localization and mapping face hurdles underwater due to reduced color depth and
visibility, limiting usable data. In contrast, forward looking or imaging sonars excel underwater,
offering long-range visibility impervious to water particulates. While sonars are optimal for such
scenarios, they currently lack robust feature descriptors. In the camera imaging domain, feature
descriptors and detection are well-researched, with notable examples being SIFT [59], ORB [72]
and AKAZE [1].

The robustness of these feature descriptors stems mainly from two principles, photometric
consistency and geometric invariance. Photometric consistency maintains pixel value stability
against viewing angle variations and noise, while geometric resilience ensures feature recogni-
tion across varying orientations and scales. On the other hand, imaging sonars exhibit variations
in intensity returns and observable shapes when viewing the same object from different angles,
influenced by the object’s material and geometry. These aforementioned descriptors struggle
with the prevalent speckle noise and intensity variations characteristic of sonar images, espe-
cially in the polar space. An example of such a failure shown in Fig. 5.1, in row 3 with AKAZE
and the brute force (BF) matcher. The downstream effects of this failure can result in poor, or
error-prone loop closure detection and state estimation.
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Raw Images

SONIC (Ours)

AKAZE + JCBB

SuperPoint + LightGlue

Figure 5.1: Real-world matching performance: Sonar images taken from different planar posi-
tions in a test tank show our method providing significantly better matches than AKAZE with
the brute force matcher, and the SuperPoint keypoints matched using LightGlue. Given the key-
points in the first frame, SONIC uses expectation matching to determine the correspondences
and presents only those correspondences with high confidence.
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Our work addresses this issue by using pose supervision grounded in sonar geometry. This
offers a feature correspondence method for sonar images, robust against photometric and ge-
ometric variations. Recent research has improved upon the matching performance of camera
images with deep neural network based approaches using ground truth correspondences [75, 11,
81][75, 11, 81]. There has also been recent semi-supervised work techniques leveraging pose-
supervised learning [88]. These models, though powerful, are trained on camera data and suffer
from the same problems explained above when used on sonar data.

Motivated by [88] and the availability of pose-supplemented sonar data using simulation [67],
we propose a novel pose-supervised method to learn sonar image matching using a sonar epipolar-
contour (see 5.3.1) based loss function. In addition, we also enforce cyclic consistency as done
in [88]. Our network learns directly from sonar images in the polar space and the loss is calcu-
lated in this space ensuring the model learns unique representations in sonar images. Specifically,
our main contributions are:

1. A novel semi-supervised method for sonar image correspondence, utilizing sonar-specific
epipolar geometry negating the need for ground truth correspondences. This technique of-
fers correspondences tailored for imaging sonar, producing features resilient to viewpoint
changes.

2. An extensive simulated dataset that comprises over 300K pairs of sonar images and their
corresponding ground truth poses, collected across 10 distinct scenes. Each scene is made
from randomized positioning of a specific set of objects, with repeatable sensor motion
from different pose offsets.

5.2 Related Work

The descriptors mentioned in Section 5.1 have been utilized for sonar images in the past for
applications towards acoustic structure from motion (ASFM) and feature-based SLAM [29, 91,
76, 44, 92]. These descriptors worked as long as the change in viewing angle was minimal.
A couple of recent works [61, 85] give a summary of different keypoint detectors and feature
extractors on sonar images and they along with [91] suggest the need for an invariant sonar
specific feature descriptor.

Hand-designing a new feature descriptor for a specific type of sensor is a viable approach [20,
99], and there has been recent development on a SIFT-like descriptor made for multi-beam
sonar[103]. The drawback to this process is that the descriptor parameters would need to be
manually tuned for different imaging sonar models, as each sonar make has a unique elevation,
bearing and range specification, and signal-to-noise profile. On the other hand, recent research
on learned feature descriptors for cameras [11, 81, 17] and 3D lidars [12] have shown encour-
aging results when used for correspondence estimation. Similarly, methods like [69] leveraged
deep neural networks for place recognition for sonar images but have not learned feature cor-
respondences. These methods utilized deep networks to solve the problem of large variations
across scenes, and multiple sensor makes. Looking specifically towards research for camera
images, there have been several supervised methods such as SuperPoint [11] and LOFTR [81].
SuperPoint’s network works on producing the learned feature descriptors using homographic
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adaptations for supervision. Follow-up work in SuperGlue, and more recently, LightGlue [75,
49] utilize the SuperPoint feature descriptors to form a robust feature matching framework. Ap-
proaches similar to SuperPoint rely heavily on abundant training data, for example from the
MegaDepth dataset[46]. Other approaches, like the current state of the art, SILK[17], depend on
sub-pixel ground truth correspondences as a linear mapping during training.

These techniques, while likely to yield similar great results for sonar, are a challenging en-
deavor to replicate for imaging sonar. This is primarily owing to the scarcity of readily available
open-access sonar data and a dearth of ground truth feature point and correspondence informa-
tion. Additionally, for sonar images, the motion model for planar scenes do not reduce to a
homography [57]. To address these issues, we look towards ongoing research dedicated to semi-
supervised approaches that harness sensor pose data. This enables us to circumvent the necessity
for precise ground truth correspondences among feature points. These methods have demon-
strated success in achieving equivalent, if not better accuracy compared to their fully supervised
counterparts, all while demanding a smaller volume of training data. A noteworthy example of
a pose supervised method is CAPS[88]. With access to pose information relating to two images
capturing the same scene, CAPS effectively employs a pair of loss functions: epipolar loss and
cyclic loss. The foundation of their system rests upon the fundamental notion that a point of
interest in the initial image should invariably align with the epipolar line corresponding to its
counterpart in the second image. Our approach builds on the backbone of CAPS, utilizing an
analog to epipolar geometry for imaging sonars which is detailed in Section~\ref{sec:System}.
This gives a data and time-efficient way of obtaining trained feature descriptors for sonar images
which can outperform the currently popular methods in use.

5.3 Pose Supervision for Imaging Sonar

In this section we first introduce the concept of sonar epipolar geometry, and then discuss the
approach to be taken for training descriptors for imaging sonar.

5.3.1 Sonar Epipolar Geometry

Negahdaripour introduced the concept of the epipolar contour [58]. In cameras, the epipolar
line is defined as the intersection of the epipolar plane of a point in space with the image plane.
As a result, it can also be thought of as the projection of the line joining the camera center and
the point in 3D on to the image plane of the other camera . This line represents the depth and
direction from the first view. In sonar stereo, elevation arcs serve as the analog to the epipolar
lines found in cameras, and their projection is an epipolar contour. We will describe the epipolar
geometry in brief here, but refer the reader to [58] for a detailed explanation.

We refer to Section 2.3where we again use Equation 2.16 for notation relating to the con-
version of a point in polar space to the Cartesian space. However, since we are focused on
training sonar images, we prefer to use pixels in the range bearing space instead. Given a point
in one sonar image at some range, R and bearing . We know that the point in 3D will lie along
the elevation arc at the same range and bearing as defined and at some arbitrary elevation an-
gle, ¢. Since we do not know the elevation angle, the ambiguity is along the elevation arc for

42



© <= Qmaz and © >= Q.. Now, the conversion of points in 3D Cartesian space to the range
bearing space is as seen in Equation 5.1.

R Vi +y? + 22

P=|0|=r arctan2(y, x) (5.1)

¢ arctan2(zx, \/x? + y?)

Assuming we have a feature point p in the first image, and I2; »and ¢, »are the known rotation
and translation between the coordinate frame of image 1 and image 2. The locus of the same

feature point in image 2, p/ is calculated as seen in Equation 5.3. This 3D feature locus can now
be projected into the polar sonar image plane as in Equation 5.4. Fig. 5.2 visually describes the
process of projecting the elevation arc from the first frame onto the second image plane. The red
line is the epipolar contour we use for the loss function described in a later section.

1
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Figure 5.2: Sonar Epipolar Geometry: The elevation arc of a point in the first image is trans-
formed into the frame of the second image and then projected, which creates an epipolar contour.

5.3.2 Keypoint Detection

SONIC, like CAPS, trains feature representations and requires keypoints as an input. We use a
combination of AKAZE and SuperPoint keypoints for training to ensure we have enough key-
points per frame while training. Keypoints are found in polar space as converting sonar images
to euclidean spaces leads to loss of information, especially when near the sonar.
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5.3.3 Network highlights

We use a CNN based encoder-decoder architecture with a differentiable matching layer and
coarse-to-fine technique similar to [88]. Unlike CAPS, SONIC uses a ResNet-34 [21] base to
prevent overfitting our small dataset. From here, similar to CAPS, the encoder creates a coarse
representation; given the input keypoint we find the corresponding point in this representation
using the differentiable matching layer. A pictorial representation of the differentiable match-
ing layer and coarse to fine architecture is shown in Fig. 5.3 (a) and (b) respectively. Given
two images, the network with shared weights creates the representation M; and M. For each
query point z1, the feature descriptor M (x1) is correlated to each point in M;. This is used to
find the probability of each point being the correspondence of z; in M; as shown in Eq. 5.5. A
correspondence is calculated by finding the expectation of this probability in Eq. 5.6.

Searching correspondences for all points over the image is very computationally costly, hence
it makes most sense to sparsely sample the query points for supervision. This coarse to fine ar-
chitecture improves on efficiency. At the coarse level, a correspondence distribution is computed
over all the locations. However, at the finer level, the distribution is only computed at the high-
est probability location observed from the coarse map. The loss functions are imposed on both
levels. Our other modifications to the original CAPS architecture include changes to work with
single channel sonar images, and condense final coarse and fine layer outputs to 64 dimensions
instead of the original 128.

exp(Mi(z1)" Ms(z))
, My, M) = 5.5
plalas, M, M) Zyef2 exp(My(z1)T Ma(y)) -2
.%2 = h1_>2(l’1) = Z T .p(x\xl, Ml, Mg) (56)
xz€ls

5.3.4 Supervision

Like CAPS, we propose two loss functions, modifying it for sonar images. We introduce the
sonar-epipolar and sonar-cyclic loss. Given the relative pose between two image frames /; and
15, we use use Equations 5.3 and 5.4 to determine the epipolar contour. The predicted point, if
predicted correctly, should lie on this epipolar contour. Thus, we use this as a distance metric that
we can optimize over. The epipolar loss term, Lpipoiqr in Equation 5.7 is defined as the shortest
distance between the predicted correspondence of a feature point x,in /; and the epipolar contour
of x1 in the second image /. In our implementation, we sample points along the elevation arc
of the first point in the first image and then transform and project them on to the second image
to create a discrete epipolar contour of the sampled points. In the polar frame, the loss is thus
the minimum of the distance between the predicted point and each point on the arc as seen
in Equation 5.11. The epipolar loss only checks for the predicted match to lie on the estimated
contour, and does not necessarily look in the vicinity of the ground truth correspondence location.
To further constrain the system, a cyclic consistency loss is utilized which aims to keep the
forward-backward mapping of the point to be close to itself. The weighted sum of the losses
Lepipotar and Liyciic 1s our final loss function as seen in Equation5.11. A point to note is that the
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Figure 5.3: Network architecture highlights: a) For each query point x4, its corresponding loca-
tion Zo(Eq. 5.6) is represented as the expectation of a distribution computed from the correlation
between the feature descriptors. The associated uncertainty also helps in reweighting training
loss. During training, keypoints serve as queries. (b) Searching correspondence across the entire
image is costly. The location of the correspondence p© at the coarse level is used to ascertain a
local window at the fine level, p/ is found in this window using differentiable matching.
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distances found for both the losses are in the range-bearing space. Due to nature of sonar images,
it is important for the network to learn this distinction, and the combined loss terms in the range
bearing space help with this. A graphical representation of the losses is seen in Fig. 5.4.

Lepipoiar (1) = dist(hi2(x1), ep_contour) 5.7)
Leyetic(x1) = |[homsi(hisa(21) — 24, (5.8)
L(Il,Ig) = Z[Lepipolar(xi1> + )\Lcyclic(xil)] (59)
=1
Lcyclic((rl, 01), (’I"Q, 02)) = ’T‘% + ’T‘g — 2’["1’)“2(608(01 — 02)) (510)
Lepipotar (Pproj (), 72, b2) = m(;n(r(¢)2 + 15 = 2r(p)ra(cos(8() — 65))) (5.11)

\

cyclic

~

Figure 5.4: Loss functions: The yellow point x; represents a queried keypoint in the first image.
The red cross 5 is the predicted point. The yellow dotted line represents the sampled points
on the epipolar contour of point ;. Lepipoiar 1S the shortest distance to the epipolar contour, or
simply the epipolar loss. L.,q;. s the cyclic loss to assert that the mapping of the feature point
is close to its original position.

5.3.5 Data and Training

Acquiring numerous sonar images with ground truth pose is challenging, and real-world data
often lacks feature-rich frames for network training. While there are sonar datasets like those by
Singh et al. [78] and Malios et al. [53] for object classification or SLAM, they either lack pose
information or do not use wide elevation imaging sonars. Thus, simulated environments, par-
ticularly the HoloOcean simulator [66, 67], supplemented by custom worlds, offer an enhanced
solution for data generation.
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For our primary application, seafloor mapping, sonar images were gathered from 1-4m above
the floor at a downward pitch of 10-20°. Multiple trajectories with varying rotation and transla-
tion offsets produced image pairs. Our dataset comprises approximately 300K training and 30K
validation pairs. We configure our simulated images on the Blueprint Subsea M1200d’s [5] low
frequency mode. In this mode, the images have a maximum azimuthal field of view of 130°
and elevation of 20°. The maximum range is set to be 10m. The image is comprised of 512x512
range and bearing bins. Image noise parameters are marginally varied around the values provided
in HoloOcean’s example scenarios.

Epipolar and cyclic losses are given 0.7 and 0.3 weights, respectively. We train the network
for ~ 7 epochs with a batch size of 14 pairs, using a Nvidia GeForce 4090 RTX with 24GB
memory.

5.4 Evaluation

We assessed matching performance by comparing SONIC, AKAZE, and the camera-trained
LightGlue model. As highlighted in Section 5.1, AKAZE is the preferred keypoint and de-
scriptor for imaging sonar applications. LightGlue [49] is a recent improvement on SuperGlue,
with a performance equivalent to LoFTR [81] and MatchFormer [89] which are considered the
current state of the art for camera image correspondence. We compare SONIC with LightGlue
since both use SuperPoint keypoints and require a keypoint detector, unlike other detector-free
matchers.

Assuming a planar scene we evaluate the number of matched keypoints that are considered
to be inliers for each of AKAZE, LightGlue and SONIC. Inliers are classified by projecting the
keypoints from the reference image using the ground truth relative pose information as described
in Section 5.3.1 onto the query image. The threshold selected for simulation images is 12 pixels,
which corresponds to 0.23m in range or 3° in bearing. We increase this threshold for real images
to be 20 pixels, which corresponds to 0.2m and 5° in range and bearing respectively. To show
the benefit of our method towards downstream tasks such as feature-based SLAM, we evaluate
performance in relative sensor pose recovery using the two-view acoustic bundle adjustment
framework to recover sensor pose information as presented by Westman et al. [92].

It is typical for hovering underwater vehicles to be equipped with pressure sensors for depth
estimation, and to be limited to planar motion [36]. Most graph-based solutions for underwater
SLAM would thus model Z, pitch and roll as a separate unary factor, independent to planar
motions in X, Y, and Yaw [83]. Thus we focus mainly on evaluating the average absolute error in
planar translation (xy) and rotation (yaw).

Prior pose estimates are derived from corrupted ground truth data. These poses are used to
filter matches. We perform a Z-test on the distance between the corresponding projected and
matched query keypoints. We prune matches not falling under a 20 threshold for all three meth-
ods. The same noisy pose prior is provided to the acoustic bundle adjustment optimizer along
with matched keypoints from the reference and query images, passed as their bearing and range
values. In SLAM application, the data association could be improved by using RANSAC [77] or
JCBB [92].

We present and discuss results for our simulated datasets first, and then for the real world
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’ Method \ Simulation - Small Variation \ Simulation - Large Variation \ Test Tank ‘

AKAZE 24.23% 10.22% 40.08%
LightGlue 39.13% 11.18% 51.92%
SONIC 49.43 % 23.56% 74.53%

Table 5.1: Percentage of Inliers

Simulated Data

Method Small Variation Large Variation

Translation (m) \ Rotation (rad) | Translation (m) \ Rotation (rad)
AKAZE | p:4.24,0:240 | p: 1.56,0: 1.22 | p: 5.06, 0: 2.35 | pu: 1.44, 0: 1.01

LightGlue | p: 3.62,0:4.52 | 1:0.97,0: 1.12 | p:3.49,0:3.53 | pu: 0.97,0: 1.00
SONIC | p: 0.88,0: 2.01 | p: 0.25,0: 0.61 | p: 2.23,0: 3.35 | p: 0.60, 0: 0.82

Table 5.2: Planar Translation and Rotational Accuracy

data from a test tank.

5.4.1 Simulation

We sample sonar image pairs, unused for SONIC’s training, with varied pose differences includ-
ing minor roll, pitch, and z variations, and broader x, y, and yaw differences. These pairs are
categorized into two groups: small and large variation. The small variation group contains pairs
with yaw < £5° and x,y < £1.5m. The large variation group contains pairs with up to £40°
variation in rotation and +7m in translation. Evaluation images had the same parameters for
range, bearing and elevation as used in training.

We first look at the inlier ratio in Table 5.1, where both small and large variation groups show
significantly more ground truth pose agreeable matches than the other two methods. We then look
at Table 5.2 to see the average absolute error and standard deviation for planar translation(meters)
and rotation(radians). Our method outperforms the other two in all situations. SONIC is specif-
ically trained to identify features which are more likely to be invariant to viewpoint changes,
as well as learn the geometric variance of features across these changes. The inductive bias of
convolutional neural nets also ensures that it looks at a area and structure around the keypoint
and finds matches closest to that in the other image. AKAZE and other traditional descriptors
try to describe features such as as corners, edges and blobs which do not stay consistent in sonar
images. LightGlue, and other learned matchers also look at the image as a whole and thus per-
form much better than AKAZE. However, since LightGlue is trained on camera images it cannot
predict accurate matches when the structures or keypoints change over significant translation or
rotational variation due to the change in object geometries occurring in the polar image-space as
seen in Fig. 5.5.
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LightGlue

SONIC (Ours)

Figure 5.5: Simulation Matching Performance: LightGlue is unable to match features when the
structures’ shape warps under sensor motion, a common phenomenon in polar images.

5.4.2 Test Tank Evaluation

Transferring simulated performance to real-world scenarios is challenging. As SONIC was solely
trained on simulated data, it’s crucial to assess if it learned the geometry of view-invariant fea-
tures in actual sonar data. Accurately modeling sonar noise is challenging, making real-image
performance evaluation vital. We conducted experiments in a test tank with a sliding gantry
system with a configurable 6 degrees of freedom sensor pose as seen in Fig. 5.1. We used a
Leica Total Station 16 [43] with a tracking prism for ground truth estimation. Here, we show
two sample frames, taken at differing positions with a change of 1.153m and 1.310m in x and y
and a yaw rotation of —15°. The other degrees of freedom remained constant. We observe our
method is able to provide the right matches, whereas previously used methods like AKAZE with
symmetric nearest-neighbour brute force matching and SuperPoint descriptors with LightGlue
are unable to do so. The matching results of the three methods in the tank can also been seen in
the same figure. While we trained our images on a maximum range setting of 10 meter, the real
world parameters was fixed to 6m due to the small size of the tank (7m diameter). We also had
to limit the keypoint detectors for all three methods from detecting points beyond the general
position of the objects due to significant acoustic reflections between the metallic surfaces of the
tank wall and pipe placed inside the tank. Due to the limited change in pose, and concentrated
features, the two-view acoustic bundle adjustment framework was unable to resolve the relative
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pose for most image pairs. However, we can see from the inlier ratio in Table 5.1 that SONIC is
once again more likely to provide better correspondences.

5.5 Conclusions

We propose SONIC, a pose-supervised model that solves the challenging problem of feature
correspondence in sonar images. Our results demonstrate that SONIC excels over existing tech-
niques in sonar image feature extraction, addressing the need for sonar-centric feature correspon-
dence. Our method achieves this through a novel sonar epipolar loss and a cyclic consistency
loss. The epipolar loss utlizes the epipolar contour projected by an arc onto the second image
using relative pose information. This guides the predicted correspondence to align with this
contour. Simultaneously, our consistency loss ensures cyclic congruence between the predicted
and the initial keypoints. Our method, trained solely on simulated data, demonstrates promising
real-world feature correspondence due to its understanding of underlying geometry. However,
more thorough open water tests are needed, along with supplementing real data towards train-
ing to close the gap between simulation and real-world results. Future applications of this work
include the extension of the method to incorporate different sonar frequency modes and param-
eters under one model. Recent work on image matching using attention [96] opens the door to
enable cross-sonar feature matching and improving performance, which could potentially help
cross-platform localization and mapping.
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Chapter 6

C-SONIC: Cross-Sonar Image
Correspondence for Generalized Feature
Matching in Imaging Sonars

6.1 Problem Statement

Imaging sonars are often used in deep water applications where visibility and turbidity make the
use of cameras suboptimal. They offer long-range visibility that is largely unaffected by par-
ticulates. However, there are some notable downsides to their use, most notably the variability
in image formation. This variability arises due to user-defined parameters like frequency mode,
maximum and minimum range, and manufacturer design specifications like range and azimuthal
binning. This compounds the issue of geometric invariance and the lack of photometric consis-
tency in sonar images. Thus, when it comes to fleet applications, it is desirable to have the same
sonar on all robots for collaborative mapping, which can lead to a significant expense if higher-
end sonars are required. In our previous work, SONIC [18], we demonstrated the use of pose
supervision to train a network to learn feature correspondences for imaging sonars in a fixed
parameter setting. SONIC provided consistent and coherent feature correspondences between
images taken from significant viewpoint variations. In this chapter, we present a natural pro-
gression of SONIC called Cross-SONIC or C-SONIC in short. As the name suggests, C-SONIC
enables cross-sonar image feature matching. C-SONIC provides a general purpose model capa-
ble of finding reliable correspondence between different frequency and range parameters. This
opens the possibility of localizing a cheaper AUV with a more cost-effective sonar through a
map generated by a more expensive AUV with a higher frequency sonar. The contributions of
this work can be summarized as follows:

1. A new cross-sonar feature matching model capable of working for most of the Blueprint
Subsea Oculus family of imaging sonars. This also includes a framework to train a new
model using custom data from other imaging sonars.

2. A 550K image pair dataset containing imaging sonar data with differing frequency and
range parameters for the Blueprint Subsea Oculus family of imaging sonars, as well as
a small subset of data modeled around the SoundMetrics DIDSON imaging sonar. All
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the image pairs, as with SONIC, contain pose information. In addition, the dataset also
contains metadata information for each frame.

SuperPoint + LightGlue

Figure 6.1: Real-world matching performance: Sonar images taken from different planar po-
sitions in a test tank, with the left being in the low frequency mode, and the right in the high
frequency mode. We see our new method, C-SONIC, providing significantly better matches than
LightGlue, and the retrained SONIC network. The cross-attention layer improves matching per-
formance significantly, even with different frequency mode image pairs.
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6.2 Related Work

A significant challenge posed to determining correspondences between two images when con-
sidering the same scene or object is the variability in viewpoint, texture or illumination. In sonar
imagery, this problem is further pronounced due to the underlying acoustics-based mechanics of
image formation. As acoustic reflections are highly dependent on incidence angles and object
material textures, images captured from different viewpoints can vary drastically. The previous
chapter highlighted the use of pose-supervision as a potential solution to this problem. However,
when it comes to camera images, different makes and models of cameras still produce generally
similar looking images. On the other hand, sonar images produced by different sonars can look
very different. Thus, this in effect becomes a semi-multi-modal perception problem.

Attention mechanisms in deep neural networks have evolved from their early applications
in sequence-to-sequence models [2, 51] to becoming the core component in the groundbreak-
ing "Attention is All You Need" paper [86], which introduced the Transformer architecture and
revolutionized natural language processing. Since then, attention mechanisms have made their
way into visual networks in both CNN architectures [34, 97], as well as the vision transformer
networks [13]. While self-attention allowed classification tasks to perform better, it is cross-
attention (also referred to as co-attention) which made the performance distinction for feature
and object correspondence and detection in single [81, 89, 96] and multi-modal perception mod-
els [45]. While transformers can provide greater flexibility and improved performance for com-
puter vision tasks, it often comes at the expense of computational costs and larger datasets [13].
Similarly, inference times also increase multifold while using transformer architectures. Hence
we look towards using cross-attention modules in CNN architectures like the work done by Wiles
et al. [96] in their CAPS variant, which forms the backbone of SONIC. They introduce a modular
cross-attention layer which can be applied at different stages of the architecture. In this work, we
focus on a single such module, embedded into the final encoder layers instead.

6.3 Method

In this section we describe the key improvements to the architecture of SONIC which lead to bet-
ter correspondence matching performance in cross-sonar images with variable parameter settings
through C-SONIC.

6.3.1 Cross-Attention Module

The aim of the cross-attention module is to determine the location of a set of features in the
first image which should attend to a set of features in another image. Referencing from Wiles et
al. [96], consider a set of features g and h in images /;and /5 respectively. For each feature 7 in
g, the module attains a feature g; as seen in Equation 6.1:

. exp(g; h;)
iZE:Ai'h’ Ay = ——2Ji i)
P T S el ) 6D
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Figure 6.2: Cross-attention Module applied at the encoder level in SONIC: Feature maps from
the ResNet layer 3 are cross-attended to each other. Using residual connections, we obtain a
conditioned layer 3 feature map, which is used to derive the coarse (M) and fine (M £y layer
maps. This process is repeated for the second image, by reversing the key, query and value
orders.

where ¢; is the weighted sum over all spatial features from /5 . A is the similarity matrix com-
paring g and A using the inner product followed by the softmax normalization step.

This cross-attention is applied on the ResNet layers in the encoder. This is done for both im-
ages, and the attended features are passed through a skip connection, concatenating the attended
feature map to the original layer, and is then passed on to the coarse and fine layers.

We utilize multi-headed attention as described in Vaswani et al. [86] which enables the model
to attend to different aspects of the input simultaneously, and enhances expressiveness. For em-
beddings, we look towards rotary positional embeddings [80, 22] to enhance spatial relationships
between correspondences and introduce rotational invariance while retaining relative positions.
We also implement attention dropout for regularizing the attention weights [87, 48] which dis-
courages excessive interdependence among the diverse contextualized feature vectors.

6.3.2 Architecture

In this section we describe how the cross-attention module is applied to SONIC. The feature
maps from the ResNet layer 3 are cross-attended to each other through the attention module.
The attended features are added back to the layer 3 map to provide the refined layer 3 map. The
refined layer 3 feature map along with layer 1 and layer 2 ResNet feature maps are then passed to
the decoder. The layer 3 output undergoes a convolution to form the coarse layer, and the 3 layers
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together finally provide the fine layer feature map after a series of further convolutions. This
provides an efficient way to apply cross attention which affects both, coarse and fine layer maps,
without needing a specific fine layer cross-attention module. Further cross-attention modules
could be added to the fine layer outputs, but at a significantly higher computational expense
which is avoided by instead applying it before the coarse layer.

The cross-attention modules are used to condition the descriptors generated by SONIC for
both images. A visual description of how cross-attention is applied is shown in Figure 6.2. As
seen in the figure, the output of the cross-attention module leads to produce coarse and fine fea-
ture maps for image 1, attended by image 2. The order is then reversed to provide the coarse and
fine maps for image 2 attended by image 1. The rest of the network remains largely unchanged
from SONIC, which includes the sonar specific epipolar and cyclic loss functions introduced in
Chapter 5. To diminish the network learning to find correspondence in shadowed or occluded
regions, a mask is introduced which checks the ground truth correspondence pixels lying in the
second image. If these pixels fall under a certain intensity threshold, they are considered to be
lying in shadows, and are reweighed to reflect a bad correspondence.

6.3.3 Data and Training

Continuing with the application focus on seafloor mapping, we expand the dataset prepared for
SONIC. We continue to configure our simulated images on the Blueprint Subsea M1200d’s [5].
We diversify the dataset with multiple scenes captured in both high and low frequency modes,
with varying noise and maximum range values. Range values now vary from 10 to 25 meters. As
before, sonar images were gathered from 1-4m above the floor at a downward pitch of 10-20°.
Multiple trajectories with varying rotation and translation offsets and image parameters are used
to generate randomized pairs. Each image has an associated pose, and metadata information.
This metadata information contains all image parameters like azimuth, elevation and range bins,
as well as image width and height. The dataset used in training amounted to 550K image pairs,
with 60K validation pairs. The network was trained for ~ 6 epochs with a batch size of 14 pairs,
using a Nvidia GeForce 4090 RTX with 24GB memory.

6.4 Evaluation

Similar to how we assessed SONIC, we compare matching performance between C-SONIC,
SONIC, and the camera-image trained LightGlue model [49]. All three methods use SuperPoint
keypoints and require a keypoint detector, unlike other detector-free matchers [81, 89].
Assuming a planar scene we evaluate the number of matched keypoints that are considered
to be inliers for each LightGlue, SONIC and C-SONIC. Inliers are classified by projecting the
keypoints from the reference image using the ground truth relative pose information as described
in Section 5.3.1 onto the query image. The threshold selected for simulation images is 12 pixels,
which corresponds to roughly 0.23m in range or 3° in bearing for all images. We increase this
threshold for real images to be 20 pixels, which corresponds to 0.2m and 5° in range and bearing
respectively. To show the benefit of our method towards downstream tasks such as feature-based
SLAM, we evaluate performance in relative sensor pose recovery using the two-view acoustic
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’ Method \ Simulation - Low Variation \ Simulation - High Variation \ Test Tank ‘

LightGlue 33.39% 12.39% 36.25%
SONIC 37.28% 28.77% 47.09%
C-SONIC 40.93 % 31.76% 64.62 %

Table 6.1: Percentage of Inliers

bundle adjustment framework to recover sensor pose information as presented by Westman et
al. [92].

It is typical for hovering underwater vehicles to be equipped with pressure sensors for depth
estimation, and to be limited to planar motion [36]. Most graph-based solutions for underwater
SLAM would thus model Z, pitch and roll as a separate unary factor, independent to planar
motions in X, Y, and Yaw [83]. Thus we focus mainly on evaluating the average absolute error in
planar translation (xy) and rotation (yaw).

We perform a Z-test on the distance between the corresponding projected and matched query
keypoints. We prune matches not falling under a 20 threshold for all three methods. Prior pose
estimates are derived from corrupted ground truth data. These corrupted poses are used to further
filter matches. We utilize the sonar-epipolar loss function as a cost function for outlier rejection
as seen in 6.1. The noisy pose prior and the filtered matched keypoints from the reference and
query images are passed to the acoustic bundle adjustment optimizer to obtain relative pose
difference between the frames.

We present and discuss results for our simulated datasets and real world data from a test tank.
We divide our sampled simulated dataset for evaluation into two groups, low and high variation.
Both subsets contain randomized pairs containing images from both frequency modes, multiple
maximum range parameters and varying sensor origin poses. The low variation group contains
pairs with yaw < +10° and x,y < £1.5m. The large variation group contains pairs with yaw
< £40° and x,y < £10m. The test tank data was collected as described before in SONIC, with
different objects in the test tank.

In Table 6.1 for the inlier test, we see that C-SONIC benefits from the cross-attention layer
added into the network. This improvement is more pronounced in real world scenarios, which
differ significantly from the simulated training data. The cross-attended features offer more
robustness and accuracy. In Table 6.2 we see the results from the two-view acoustic bundle
adjustment. As evident by the lower mean error for both small and large variation test groups, C-
SONIC is able to provide more accurate matches, reducing the dependency on computationally
expensive robust data association algorithms like JCBB [92]. An example of the matches pro-
duced by the methods for an image pair with different frequency modes can be seen in Fig. 6.1.
We see that while SONIC does find good matches, C-SONIC, is able to find more accurate and
diverse matches which are not concentrated to regions. This is especially beneficial for the two-
view bundle adjustment optimization, where well spreadout matches provide a better constrained
solution space. As before, LightGlue struggles to perform when the pose variation increases, as
well as the difference introduced by the variations in the frequency mode.
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Simulated Data
Method Small Variation Large Variation
Translation (m) \ Rotation (rad) | Translation (m) \ Rotation (rad)
LightGlue | u: 4.34,0: 6.17 | p: 0.88,0: 1.12 | p: 8.27,0: 9.51 | p: 0.49, 0: 0.82
SONIC | p:2.08,0: 1.78 | p: 0.86,0:0.93 | u: 3.24,0:1.93 | p: 0.39, 0: 0.49
C-SONIC | p: 0.79,0: 1.87 | p: 0.41,0: 0.82 | 12 0.90,0: 1.44 | p: 0.18, 0: 0.31

Table 6.2: Planar Translation and Rotational Accuracy

6.5 Discussions

The attention mechanisms are very versatile and can be placed at multiple steps. However there
are several considerations needed, especially with respect to computational costs during training
and inference. A self-attention layer prior to cross-attention was explored. While it performed
better than SONIC, it did not do better than using a single cross-attention layer as deployed in
C-SONIC. This also leads to slower inference speeds due to the additional complexity.

An additional cross-attention layer could also be applied to the fine layer feature map. How-
ever due to the feature map depth at the fine layer, it requires more memory to train which sig-
nificantly increases costs. The cross-attention implementation in C-SONIC allows the encoder
level attended features to directly influence both the coarse and fine layer feature maps in a far
more efficient manner.

Lastly, loss re-weighting experiments determined that biasing more towards the epipolar loss
is counter-productive, and the weights used for SONIC remain as the optimal choice.

Algorithm 6.1 Outlier Rejection using Epipolar Cost Function
1: procedure EPIPOLAR_OUTLIER_REJECTION(mkptsl, mkpts2, posel, pose2, metal,
meta2, num_iters, th)
2 best_inliers <— empty list
3 for : = 1 to num_ziters do
4 subset_indices <+ randomly select len(mkptsl)/4 indices from mkptsl with replacement
5: s_mkptsl, s_mkpts2 < mkptsl|subset_indices|, mkpts2[subset_indices]
6: epipolar_cost < sonar_epipolar_cost(s_mkptsl, s_mkpts2, metal, meta2, posel, pose2)
7
8
9

epipolar_cost < epipolar_cost/ max(epipolar_cost)
inlier_indices < indices where epipolar_cost < th
inlier_mkptsl, inlier_mkpts2 < mkptsl[inlier_indices], mkpts2[inlier_indices]

10: if length(inlier_indices) > length(best_inliers) then
11: best_inliers < inlier_indices

12: end if

13: end for

14: return best_inliers

15: end procedure
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6.6 Conclusions

In this chapter, we introduced C-SONIC, an evolution of the SONIC architecture designed and
trained to find correspondences between sonar image pairs which can differ not only in sensor
pose, but also image characteristics. Thus, we present a general purpose model capable of finding
correspondences between images in both frequency modes, and larger variability in range values
for the Blueprint Subsea Oculus. This is achieved through cross-attention mechanisms inspired
from visual transformer architectures. The cross-attention layer implemented in C-SONIC allows
an efficient way of generating attended feature maps which directly influence the coarse and fine
layers with marginal impact on the inference speeds. Along with the pre-trained model, and
associated training data for the Blueprint Subsea family of imaging sonars, this work also gives
a general framework for other imaging sonars. By providing new data in the same format, the
network can be re-trained to learn correspondences between different makes of imaging sonars.

The model is occasionally prone to corresponding to occluded or shadowed regions. The
architecture can benefit from utilizing a regressor as seen in CD-UNet [96]. This adds an addi-
tional MLP to discriminate matches against pseudo-groundtruth correspondences to further tune
the confidence levels.
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Chapter 7

Discussion

7.1 Summary

This thesis explores underwater localization and mapping, particularly keeping cost-effective
AUVs in mind. To achieve this goal, I have worked on implementing several different algorithms
and frameworks for specific problems which impact low-cost AUVs.

For AUVs relying on cheaper inertial navigation sensors, I proposed the degeneracy aware
factor, which allows the factor graph to optimize loop closures only in directions that are well
conditioned. This selective optimization allows for greater robustness to sensor noise.

For the localization of low cost and low power bio-inspired robotic fish, I proposed an acous-
tic localization framework which uses pseudoranging to help localize multiple small robots
within a volume surrounded by a known constellation of beacons. This framework provides
on-chip localization, at a fractional cost using off the shelf components.

For improving feature based SLAM using imaging sonars, I identified the lack of reliability
from traditional feature keypoints and descriptors used for correspondence matching. To remedy
this, I proposed a novel pose supervised network to learn feature correspondences between two
sonar images with the same image parameters. The network, SONIC, achieved this through two
novel loss functions, the sonar-epipolar, and the sonar-cyclic loss function and provided robust
matches under significant viewpoint variations.

The framework provided by SONIC could be expanded to assist multi-robot SLAM, with
different sensors available to each. I proposed C-SONIC, an extension to SONIC which uses
cross-attention to learn correspondences between two images having different frequency modes
as well as parameters such as maximum range, azimuth and elevation. This allows a robot with
a cheaper, low frequency sonar to localize itself in a map generated by a more expensive, high
frequency sonar.

7.2 Future Directions

Underwater robotics is an exciting, but niche field. The barriers to scalable research and devel-
opment are getting lowered every passing year. This thesis lays the ground work for several key
problems underwater robots face, and tries to generalize the frameworks and solutions to cater to
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low-cost AUVs. The provided frameworks, models and training datasets aim to help accelerate
further development in the field.

For the works presented in Chapter 5 and Chapter 6, a key improvement could be made in
keypoint detection. The current system relies on camera image based detectors or models to iden-
tify keypoints in the reference image. I suggest the use of detector free methods, as seen in the
work by Sun et al. [§1] where a transformer architecture is used to find correspondences between
images without the need for explicit keypoints. The downside here is the added computational
costs, not only for training but also inference. However, given the progress made on board Neural
Processing Units (NPU), these models could very soon be run in real-time on smaller System on
Chips (SOCs), which could mitigate the inference penalty commonly observed on large models.

The availability of simulators which are able to generate customizable data, with pose infor-
mation, opens the possibility of a number of future projects related to underwater SLAM and
perception. Future research could explore Birds-Eye-View (BEV) solutions to localization using
forward facing cameras and satellite imagery [47, 98]. A similar architecture can be used to lo-
calize a hovering AUV with imaging sonar in a map created by long-range AU Vs using side-scan
sonars. Further investigations into cross-modal fusion techniques using cross-attention [45] to
find correspondences between camera and imaging sonar, or monocular depth and imaging sonar
could yield valuable insights. Lastly, increased collaborations and greater focus towards the col-
lection of real-world data to help supplement simulated datasets used for training, as well as to
create well crafted datasets used for benchmarking purposes as the field sees a boost in research
would be highly beneficial.
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