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Abstract

This thesis presents methods for observing high resolution spatial distributions of sta-
tionary and mobile fauna and habitat features from image-based, reef-scale, seafloor
reconstructions. Advances in underwater imaging equipment and autonomous un-
derwater survey platforms have made it possible to routinely collect large volumes
of underwater images and to generate georeferenced 3D reconstructions of reef-scale
seafloor extents. The scale of the datasets, and novel data products facilitated by
these technologies present an opportunity to broaden the scope of our understanding
of benthic habitats.

Two main barriers to the use of image-based habitat reconstructions for routine obser-
vation and monitoring of benthic ecosystems are addressed. Firstly, these technologies
yield high volumes of image data which require time-consuming manual annotation to
process. This has, to date, made them infeasible for routine or ongoing observation of
benthic habitats, particularly where the objects or organisms of interest are densely
aggregated. Secondly, mobile fauna are typically not observed from image based re-
construction type surveys since their movement between frames can cause them to
be missed, duplicated, or distorted in the final reconstruction. This work addresses
these challenges through the use of automated image analysis and by exploiting the
vehicle navigation information and georeferencing contained in these data to detect
and localise benthic targets.

Image based mapping approaches build a mosaic and 3D reconstruction of the sur-
veyed habitat from a series of views. The mapped extent increases progressively as
the imager (or imagers) move along the survey path. As a result, the technique used
to observe features depends on the rate at which they move relative to the rate that
the survey area is observed. The key contributions of this work lie in the development
of a series of techniques for observation of the spatial distributions of variously mobile
objects over large extents and using minimal manual annotation. In particular, the
novel contributions of the work include:

e A general approach to estimating the abundance and spatial distri-
butions of benthic targets using observations from a moving imaging
platform. Previous studies observing benthic fauna in large-scale composite
images have been limited to stationary or slow moving animals which can be
treated as fixed features in the habitat over the course of the survey. The rate
of movement of the targets relative to the rate at which the imaged seafloor
area expands affects the methods needed to observe the distribution of targets.
By considering the locomotory behaviour of the target species a probabilistic,
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tracking based approach is developed by estimating the likelihood that a given
detection is either a new individual, or a repeat detection of a previously ob-
served individual. This results in predictions of the possible distributions of
individuals based on the observed detections and the assumptions made about
their behaviour.

e Automated spatial mapping of stationary and slow moving benthic
features. Automated object detection and image segmentation techniques are
used to estimate the spatial distributions of habitat features and slow moving
benthic fauna directly from reef-scale mosaics. This facilitates observation of
these key features at high resolution over scales that are impractical or impos-
sible using traditional in situ observational techniques and allows for efficient
surveying of even densely aggregated individuals which would otherwise require
time-consuming manual annotation.

e Automated detection of faster moving animals from unprocessed AUV
images and reprojection into 3D. Faster moving fauna may move between
successive frames and therefore can appear distorted, appear multiple times or
be absent in the final mosaic or reconstruction. An approach for observing the
distributions of such animals is presented. Animals are detected in the unpro-
cessed image frames where the objects can be clearly seen. These detections
are projected into 3D space by intersecting a ray through the image plane to
the surface of the 3D seafloor reconstruction. This results in a set of detections
of individuals localised within the survey area. These localised, automated
detections can be paired with the tracking based approach developed in the
first contribution to estimate the abundance and distribution of mobile benthic
targets at reef scales.

e Segmentation of seafloor photomosaics using appearance and struc-
ture information. An approach for incorporating the structural information
measured using image based mapping techniques for segmenting objects of in-
terest from reef-scale imagery is demonstrated. Benthic habitats, and reefs
particularly, exhibit complex and diverse physical structure. The structure of
reef features is often used to aid in the identification and delineation of reef
features such as habitat forming organisms. Image based habitat modelling ap-
proaches generate aligned reconstructions of the appearance and 3D structure
of the surveyed area. The work presents two methods for incorporating both
visual and structural representations of seafloor habitats into an automated seg-
mentation algorithm, and demonstrates their use for segmentation of kelp and
hard corals from reef-scale reconstructions.

Together, the contributions of this thesis allow for efficient mapping of benthic habi-
tat features and fauna over large extents. This allows for detailed analysis of the
interactions between and among these inhabitants and the structure of their environ-
ment. The ability to efficiently observe the distributions of benthic fauna and habitat
features at high resolution and over large seafloor extents facilitated by the methods
presented in this thesis provide a unique way to observe benthic habitats.
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Chapter 1

Introduction

Earth’s oceans are home to a rich diversity of organisms. This diversity is highly
concentrated in coastal reef systems, which only make up a fraction of the total area
of the world’s oceans but are home to a disproportionately large amount of its biota.
These environments rival terrestrial ecosystems in density, abundance, and diversity
of lifeforms [21]. This concentration of biodiversity makes them a critical contributor
to the oceans’ health and functioning. Additionally, fish and other organisms tar-
geted by commercial, recreational and subsistence fishers often rely on reef habitats
for some or all of their life stages. As a result, reefs support an essential food source
for millions of humans [168], particularly in developing nations [6]. Robust, efficient
sampling procedures allow us to better understand and monitor change in these crit-

ical ecosystems, which is essential for their ongoing management and sustainability.

This thesis presents methods for observing the spatial distributions of physical struc-
tures, habitat forming organisms, and benthic fauna from high resolution, large scale,
image based seafloor reconstructions. Automated image analysis is employed to allow
for efficient processing of the large volumes of data generated by these techniques. A
range of novel approaches are presented which allow for mapping the distributions
of both stationary and mobile benthic fauna and habitat features. This is achieved
by using automated detections of objects or features and reprojecting them into 3D

space using the vehicle’s navigation data, and a tracking based approach for estimat-
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ing the abundance of mobile fauna using detections made from a moving platform by

considering the targets’ locomotory behaviour.

The approaches in this work combine to allow observations of how benthic fauna
interact with one another and with their habitat at sub metre resolution over large
spatial extents. The ability to implement these methods without the need for large
amounts of manual processing of imagery means they can be efficiently applied, for

both exploratory type surveys, and for routine monitoring of benthic ecosystems.

1.1 Motivation

Reef structure can be influenced by the underlying geology, local or regional oceano-
graphic conditions, and by habitat forming organisms, such as calcifying corals, en-
crusting algae, or kelp. Reefs are therefore complex, spatially heterogeneous envi-
ronments, comprised of microhabitats with varying physical, biological, and environ-
mental conditions allowing them to support their characteristic diverse and abundant
biological assemblages [16, 34, 7]. This variation in conditions within a reef means
that the fauna that inhabit it are not uniformly distributed, but show affinities for

particular habitat types or environmental conditions [102, 87, 84].

Seafloor associated fauna are often responsible for key ecosystem drivers including
grazing and predation, and are often directly targeted by fisheries, or form a part
of the food webs on which they rely. An understanding of how these organisms
are spatially distributed and how they interact with their habitat facilitates more
accurate estimates of population density. Additionally, observations of fine scale
spatial distributions of reef features can be used to explore the mechanisms which
drive the habitat preferences of benthic fauna and the ecological structure of marine
ecosystems. This can guide management decisions such as the planning and evaluation

of marine protected areas (MPAs).

Image-based seafloor reconstructions, which utilise structure from motion (SfM) tech-

niques [194] to estimate the 3D structure and appearance of habitats, have become
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an increasingly common tool for observing the seafloor, and are widely employed for
surveying benthic habitats [61, 55, 155]. These approaches can be used to capture
a "snapshot" of the reef at a point in time, and provide an estimate of the spatial
distributions of observed features and 3D structure of the habitat. However, as the
area of interest becomes larger it becomes increasingly difficult to maintain full cov-
erage of the reef, and the time and computational resources required to process the
imagery increases significantly [158]. Benthic imaging AUVs can be programmed
to collect overlapping imagery over large extents of the seafloor. They often em-
ploy algorithms such as simultaneous localisation and mapping (SLAM) to efficiently
find corresponding features among large numbers of images and build high resolu-
tion (O(1073m)) habitat reconstructions over large spatial extents (routinely up to
O(10*m?)) [180, 205, 24]. This level of detail allows observation of fine-scale processes
over large regions, e.g. observing the branching structure of coral colonies over an

entire reef patch [193].

Their ability to generate reconstructions of large seafloor extents has driven increasing
use of these data for observation and monitoring of benthic habitats (e.g. [207, 31, 140,
182]). However, while reef fauna can be observed in these habitat reconstructions, and
their positions determined (e.g. [126, 174, 190, 204]), there are a number of challenges
which have limited their use for routine surveys of benthic fauna. This thesis aims
to address these challenges and provide a cost and time effective process for spatial

surveys of benthic targets.

1.2 Problem Statement

Using image-based habitat reconstructions for observing of benthic fauna allows their
spatial distribution, and that of the underlying habitat, to be recorded at large spatial

extents. There are two primary hurdles to performing such surveys:

1. Movement of the target organism while the survey imagery is being collected

makes it difficult or impossible to detect them in the processed photomosaic.
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Detecting them in the underlying images is possible but requires further steps

to localise the detections and associate them to individuals.

2. These surveys generate massive volumes of image data. Relying on manual
annotation to estimate the abundance and distribution of benthic targets is time
and cost intensive and limits the ability to scale up observation or monitoring

programs.

Therefore, there is a need for processes to detect and localise individuals in AUV
benthic images, and to automate this analysis to facilitate routine application of these
methods for observing the abundance and spatial distributions of benthic targets. The
contributions of this work aim to address these gaps to pave the way for widespread
adoption of these surveys. This would allow observation of fine-scale interactions
between benthic fauna and their habitat at extents that are impossible to efficiently

perform using existing tools.

1.3 Contributions

This thesis is concerned with estimating the abundance and spatial distributions of
benthic targets, including mobile reef-associated fauna. The primary contributions of

this work are:

e A general approach to estimating the abundance and spatial distri-
butions of benthic targets using observations from a moving imaging

platform.

Existing studies using benthic imaging AUVs for census of benthic species
largely involve observation of fixed habitat features or stationary and slow mov-
ing fauna (relative to the survey image collection timescales). They typically

assume that each new detection of the target object represents a new individual,
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not a repeat detection of a previously seen one. This is possible since the ob-
served objects they are slow moving compared to the vehicle so their movement

over the course of the survey is not a consideration (e.g. [174, 191]).

In contrast, this work develops methods which account for the relationship
between the movement of the imaging platform and the likely movement of
the targets for detection, localisation, and association to individuals. For more
mobile targets, the algorithm uses the vehicle’s navigation information, and
knowledge about the target species’ behaviours (e.g. movement speed, home
range preference) to generate an estimate of the abundance and distribution of

individuals within the survey area.

e Automated spatial mapping of stationary and slow moving benthic

features

Observing the spatial distributions of benthic fauna within a reef using tra-
ditional methods is either restricted to small extents (square metres) using
quadrats or belt transects, or, requires large amounts of in situ observation
(e.g. [129]), manual image analysis [43, 174], or a combination of both [193].
Even when large scale reef reconstructions are available, researchers often choose
to observe target features within them, e.g. using virtual quadrats or belt
transects (e.g. [126, 153]) since analysing the entire reconstruction would be

infeasible.

The trained algorithm developed in this work detects objects in the georefer-
enced photomosaic resulting in a map of individuals over the survey area. This
approach was applied to estimate densities of sea urchins and detected similar
inter-annual trends in abundance of benthic fauna compared with manual anal-
ysis of the same survey imagery, and in situ counts from the same plots. This
shows that automated image analysis approaches can complement or replace

manual methods to increase the efficiency of survey and monitoring regimes.

e Automated detection of faster moving animals from unprocessed AUV

images and reprojection into 3D
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Mobile benthic targets cannot be reliably observed in the georeferenced pho-
tomosaic since their movement during the survey image collection since distor-
tions introduced during the reconstruction process can cause them to appear
distorted, duplicated or be completely absent the composite images. Instead,
this thesis presents an approach that allows individual organisms to be auto-
matically detected, and exploits the vehicle’s navigation solution and the 3D

reconstruction to localise these detection within the surveyed reef.

e Segmentation of seafloor photomosaics using appearance and struc-

ture information

The structure of reefs is shaped in part by the habitat forming organisms from
which they are composed. For instance, on a coral reef, individual colonies of live
coral show distinct growth patterns between one another and the surrounding
reef substrate. This structural information is therefore useful for identifying
reef elements. SfM habitat survey methods provide us with an approximation
of the 3D structure of the seafloor and this can be used to segment regions of

interest within reef-scale photomosaics.

A novel segmentation model architecture has been developed which incorporates
the appearance and structure of the seafloor. The network is applied to segment
kelp from imagery of a temperate rocky reef. Models trained using both struc-
tural and image information are shown to improve segmentation performance

in certain cases.

1.4 Thesis Structure

Chapter 2, which follows, describes existing techniques for observing reef habitats and
fauna, and provides a background on the image processing and species distribution

modelling techniques employed in the subsequent chapters.

Chapter 3 outlines how the relative movement between the image capture platform

and observed benthic targets affects the necessary methods for detection, localisa-
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tion, and aggregation of detections in order to estimate their abundance and spatial

distribution using image-based seafloor reconstructions.

Chapter 4 demonstrates how this process can be used to automatically census station-
ary or slow moving benthic targets, using the long-spined sea urchin ( Centrostephanus
rodgersii as an example. Interannual trends in C. rodgersii abundance calculated us-
ing the automated estimates are compared to those calculated using manual counts

from the survey imagery, as well as in situ estimates.

Chapter 5 applies the pipeline to mobile fauna, using the southern rock lobster (Ja-
sus edwardsii) as a case study. Automatic detections of J. edwardsii individuals are
made in the unprocessed imagery, then projected into 3D using the vehicle’s naviga-
tion solution. These are then aggregated using an understanding of the locomotory

behaviour of the species.

Chapter 6 demonstrates how estimates of the spatial distribution of benthic targets
can be combined with fine scale measures of structural comlexity derived from 3D
reconstructions to model the relationship between mobile benthic targets and their
habitat. It also introduces a novel model architecture which combines appearance

and structure information to segment diffuse habitat forming organisms (e.g. kelp).

Chapter 7 summarises the conclusions of this thesis, and proposes directions for future

research and applications of this work.



Chapter 2

Background

Monitoring of marine ecosystems has traditionally relied on either direct, in situ
observations, or catch based methods. Advances in the quality and availability of
underwater imaging systems has lead to widespread uptake of image based systems

to supplement and, in some cases, replace traditional observational techniques.

In this chapter, we will explore established and emerging methods for observing ma-
rine habitats and the animals that use them. Existing techniques for these surveys
tend to experience a trade off between survey resolution and extents, so we will
then discuss how emerging 3D habitat reconstruction processes and image processing
techniques can facilitate observing fine-scale spatial distributions of stationary and
mobile benthic fauna and habitat features allowing for routine, repeatable mapping

of animals and habitats over large spatial extents.

2.1 Established Methods for Observing Marine Ecosys-

tems
The wide range of environments, species, and research problems related to marine

environments means there are a multitude of methods for observing these habitats.

Typically, marine observational techniques are used to study a combination of the
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physical structure of the habitat, the composition and condition of the water col-
umn (e.g. temperature, salinity, flow), and the composition of biological assemblages
present in a given system. The choice of observational approach is strongly tied to
the spatial scale at which the system is to be observed, with very different approaches
being employed for surveying at, say, oceanic scales compared to reef scales (i.e. a

descriptor of the spatial scale of individual reefs e.g. [127, 143, 77]).

2.1.1 Habitat and Habitat Forming Organisms
Physical seafloor structure

Variation in depth of the seafloor (called bathymetry) can be observed at broad
scales using a range of remote sensing techniques (see review in [17]). The presence of
seafloor structures can be predicted at oceanic scales from observations of depressions
in the sea surface which can be detected using satellite altimetry [115]. Bathymetry
can be measured at higher resolution and precision using acoustic methods [29], most
commonly using ship-borne multibeam echosounders (MBESs). These surveys can
observe structure with resolutions of tens of centimetres up to tens of metres de-
pending on water depth and the frequency of soundings [109]. Much finer resolution
bathymetry can be captured using aircraft mounted light detection and ranging (lidar)
systems. However, due to the attenuation of light in the water column, lidar meth-
ods are restricted to relatively shallow coastal areas (typically O(10m) [111]), such
as shallow coral reefs (e.g. [28]). In addition to estimating its physical structure,
acoustic measures can also be used to provide information about the composition of
seafloor substrate by measuring the properties of the return from a generated pulse

of sound, known as backscatter [44].

The physical structure of the habitat is ecologically important. Habitat complexity
has been shown to be a strong driver of biodiversity in both terrestrial and aquatic
ecosystems (See review [114]). The ratio between the surface and planar areas of
a habitat, called the surface rugosity, has become a widespread analogue for struc-

tural complexity. Studies have used habitat rugosity to predict the presence of hard



2.1 Established Methods for Observing Marine Ecosystems 10

seafloor substrates from bathymetry [56], to measure the response of habitats to dis-
turbance [62], and many have shown rugosity to be correlated with fish diversity and

abundance [129, 67, 84, 45, 82]

The traditional technique for measuring surface complexity at reef scales involves
comparing the length of a chain draped along the surface of the habitat between two
points (see Figure 2.1). However, this approach is difficult and time-consuming to
implement. Small changes in the positioning of the chain can result in large variation
in the rugosity estimate, and the link size of the chain must be chosen to match the
scale at which rugosity will be estimated. Due to the difficulties associated with the
chain-tape method, researchers often visually score habitat complexity as low or high
complexity (e.g. [119]), or into a number of classes based on complexity (e.g. [159, 85]).

This allows a rapid, if coarse, estimate of habitat complexity [211].

Figure 2.1 — From [68]. An illustration of the chain-tape method for estimating sea
floor structural complexity. The ratio between the length of the chain and that of
the tape is called the habitat rugosity and is a commonly reported analogue for
habitat complexity [114].

Ecological composition of the seafloor

While acoustic and lidar generated bathymetric data is useful for observing habitat
structure, and can hint at the geological (i.e. the physical structure) and biological
composition of the seafloor (i.e. the abundance of individuals of different taxa in
the habitat), different observational methods are generally necessary if more detailed

information about the ecology of a site is required. Direct observations of the com-
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position of seafloor sediments and biota can be made using techniques such as grab
sampling [145]. However, many samples are required to create a complete picture
of the variation within an area [98], so these approaches cannot be feasibly used to

observe the distribution of habitat features at reef scales.

In situ observation of seafloor communities can also be used to estimate the commu-
nity compositions. Typically the distribution of species in a sample area is observed
and used to extrapolate the cover of each component over the survey sites. Sampling
units can include quadrats draped over the reef (e.g. [15]), or belt-transects swum

across a section of seafloor (e.g. [18, 209]).

Recently, image based surveys have become an increasingly common tool for esti-
mating seafloor composition. These allow for rapid data collection in the field and
facilitate improved consensus on identification of benthic species. However, the ease
of data collection often means the bottleneck is the manual annotation of imagery

required.

2.1.2 Mobile Fauna

Observational techniques for mobile marine fauna can be separated into two classes:
catch-based methods, and fishery-independent techniques. Catch-based methods, as
their name implies; involve capturing individuals of the target species using e.g.
traps [50], nets [200] or lines [178]. Conversely, fishery-independent techniques do
not rely on capturing individuals, rather they use direct observations to estimate

abundance and/or community composition of the target species.

Rapid estimates of biomass (7.e. the mass of observed organisms) can be made using
acoustic methods [25], however, more precise community composition estimates rely
on in situ observation. Underwater visual census (UVC) involves a diver recording
observed species in a survey area. Some studies employ a stationary observer scan-
ning a fixed area (e.g. [82]), while others will make observations while swimming a

transect(e.g. [121]).
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UVC allows for accurate estimates of community composition of mobile species. How-
ever, there are several challenges associated with implementing UVC based studies.
Firstly, observers require extensive training in order to correctly identify individuals’
species [141]. Secondly, surveys are restricted in depth and time by the limitations of
SCUBA diving. A further complication is that the presence of the observer can influ-
ence the behaviour of the subjects. However, techniques for minimising such impacts
are widespread, e.g. waiting to begin point counts to allow aclimation or swimming
transects from a greater distance to the seafloor [152]. Image based methods for ob-
serving mobile species address these challenges and have become more widespread in
recent years. They result in a permanent record of the status of a site, allowing for
confirmation by expert taxonomists of species ID, and reuse of the survey imagery in
future studies. Remote image based surveys can also be performed at depths which
divers cannot access and over longer periods than SCUBA allows. Remote cameras (if

unbaited) may also have a smaller impact on target behaviour than human observers.

Stereo imaging allows for more accurate and precise length estimates of targets than
UVC [91], facilitating repeatable estimates of size distributions and biomass of mobile
species. A range of implementations of stereo imaging can be found in the literature
including ROV mounted systems [172], drifters [202] and towed systems. However
the most common stereo surveys involve either stereo diver operated video (DOV),
or baited remote underwater video (BRUV). DOVs surveys are typically treated like
belt transect UVC where each new target is assumed to be an individual so can be
used to directly estimate abundance and community composition [79]. For BRUVs,
the same cannot be assumed, since the attraction of the bait may cause the same indi-
vidual to repeatedly enter the frame, and since it is typically impossible to distinguish
between individuals of the same species. For this reason, BRUVs are typically used to
estimate a relative abundance measure. Often the maximum number of individuals

in a frame, called maxN, is used as the relative abundance metric [38].
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Figure 2.2 — From [203]. An illustration of the impact of observation scale in spatially
heterogeneous habitats (such as reefs). Increasing the extent of the study (large
squares) increases the likelihood that distinct features in the area are captured.
Increasing the grain (small squares) means that smaller patches are combined into
single samples and are therefore averaged out.

2.2 Effects of Survey Scale

It is impossible to observe an entire ecological community in all but the simplest of
systems [195]. Therefore, an understanding of the ecology of a system, that is the
structure, composition and interactions between the species of which it is comprised,
must be developed based on observed samples. The characteristics of the sampling
technique therefore dictate the inferences which can be made, so careful design of the
method of observation is critical. In particular, the ability to make inferences from a

sample based study depends on its extent, the area covered by samples, and its grain,



2.3 Observing Species-Habitat Associations 14

the resolution of each individual sample (Figure 2.2 [203]).

In practice, to observe features or patterns over a larger area, you generally need
to increase the extent of your individual samples (i.e. increase the survey grain).
However, by increasing the grain, you lose the ability to resolve patterns at scales
smaller than this unit. Conversely, if you were interested in smaller patterns, you
would reduce the extent your individual sampling units (7.e. reduce the survey grain),
more of which would be required to observe the variation within your survey extent,
essentially putting an upper limit on the area you can observe. Therefore, using

traditional methods, there is a trade-off between the grain and extent of surveys.

Using traditional observation methods, the spatial information within a sampling unit
is typically lost once the observation is made. Take the example of a diver count-
ing organisms in a quadrat to estimate their abundance. The count of individuals
within the quadrat is typically compressed to a single value for that sample, so their

distribution within the quadrat is not recorded [76, 100, 118].

Reef-scale image reconstruction techniques allow for large areas of reef to be observed,
while preserving the spatial distribution of the features within the mapped region.
The use of AUVs to produce these reconstructions allows us to generate a continuous,
georeferenced image of the seafloor over large extents [108]. The ability to capture
large swathes of habitat in a single survey mean that the spatial distribution of
elements within the survey area are preserved, allowing fine-grain observations over

large extents and addressing the trade-off inherent to typical observational techniques.

2.3 Observing Species-Habitat Associations

Understanding how species interact with their habitat, and the mechanisms which
drive variations in the diversity and distributions of organisms is a central problem
in ecology. Countless studies exist that explore the relationships between fauna and

their habitat.

In the marine environment, particular interest is shown on the effect of structural
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complexity on populations of corals (e.g. [62, 84]) and mobile fauna (e.g. reef fish [129,
45, 136, 82, 73, 146], demersal fish [192, 9], and mobile invertebrates [5, 101]).

Another common field of research is exploring the associations between mobile fauna
and habitat forming organisms. Examples of studies exploring such associations in-
clude relationships between fish distributions and coral cover [15, 136, 113], fish distri-
butions and macroalgal community composition [154, 210}, invertebrate distributions
and macroalgal community [215], seagrass shoot density and epifaunal community

composition [95], and reef fish abundance and coral settlement and recruitment [42].

Species distribution models (SDMs) are numerical models used to quantify relation-
ships such as those observed in the studies above. Building an SDM involves associat-
ing the occurrence or abundance of a species of interest with habitat characteristics,
and can be used to predict their influence on the spatial distribution of the target
species [59]. SDMs have been widely applied to marine species, particularly fish
(e.g. [72, 73, 139]), but also invertebrates such as mussels [96], barnacles [48] and
rock lobster [101].

To observe species-habitat interactions (and to build robust SDMs) the studies pre-
sented in this section require observing where individuals of the target species are
present, and the characteristics of the habitat in these locations. Implementation of
these two steps are typically decoupled and these observations are constrained by the
tradeoff between grain and extent described in Section 2.2. This means that observing
such interactions at fine spatial scales is difficult to scale to large spatial extents. The
tools described in the next section allow spatially conserved, simultaneous observation
of organisms and habitat over entire sections of reefs. Utilising such data to observe
species-habitat interactions, and build SDMs, will allow for a better understanding

of how marine species interact with their environment.
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2.4 3D Reef Reconstructions

Three dimensional scenes can be reconstructed by imaging them from different view-
points in a process called structure from motion (SfM)[194]. These tools have become
increasingly common for observing reef ecosystems [62, 55, 155]. SfM can be used to
capture a "snapshot" of the reef at a point in time, and facilitates non-destructive,
fishery-independent observations of the spatial distributions of observed features and

3D structure of the reef habitat.

At smaller scales, photogrammetric reconstructions have been used to observe the 3D
structure of individual coral colonies to quantify their growth rates and patterns [218,

61] and to predict their responses to disturbances [217].

Moving up to the reef-scale, StM methods are able to generate reconstructions of whole
sections of reef by stitching together images captured over large swathes of seafloor
(e.g. [197, 160, 155, 193]). These approaches have been applied to observe a range of
benthic habitats (e.g. coral reefs [35, 62, 164], temperate, rocky reefs [126, 186] and
volcanic fields [116])

There are three primary benefits to using these reconstructions to observe benthic
habitats, firstly they allow cost and time effective observation of traditional metrics
such as organism density or percentage cover of habitat types [126, 186]. This is
achieved by transferring the analysis time from in the field (as would be required for
typical in situ analyses, to in the lab after the data is collected, reducing the expense
of performing the surveys.! Secondly, these methods preserve the distribution of ob-
served targets within the surveyed area. This means they can be used to analyse
spatial interactions among them. Example applications include quantifying the pat-
terns of clustering among coral colonies [58], or observing size-frequency distributions

of corals [97]. Finally, since these approaches allow for precise georeferencing of the

LA potential tradeoff of this shifting of analysis away from the field is that if targets are not
observed in the imagery (e.g. due to occlusion or poor imagery), these observations are lost. This
is often reflected in lower estimates of abundance or density in studies using imagery compared to
in situ surveys (e.g. [126, 186]). Similarly, while imagery can be used to confirm identifications by
consultation with experts, if the distinguishing characteristics are not visible in the collected images,
a coarser classification must be used, or in situ confirmations of identifications are required [193]
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generated reconstructions, they can be used to observe changes to a site over time.
This has been exploited to observe changes in structural complexity of a coral reef
in response to disturbance [62], observerving patterns of growth in individual coral
colonies [117], and for generating baseline data and observing the response of coral
communities to restoration activities such as in the Ecological Intelligence for Reef

Restoration initiative (EcoRRAP).

Figure 2.3 — Process for generating 3D seafloor reconstruction using terrain features.
Overlapping seafloor images containing terrain features (grey shapes) are collected
from a moving platform (top left). Keypoints are detected in each image and
matching features between images are identified (top right). The keypoints are
used to triangulate the position and orientation of the camera at each image
(middle). The 3D positions of the keypoints can then be estimated and used to
generate a 3D triangular mesh (bottom left) and a 2D georeferenced projection
of the seafloor (bottom right).

Figure 2.3 demonstrates the process for collecting imagery and generating a recon-
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struction at this scale. First, overlapping images of the seafloor are captured. A
keypoint detector (see examples in Section 2.5.1) is used to characterise keypoints in
the images. By matching keypoints between images, the relative trajectories of the
keypoints can be estimated. Since these are terrain features and therefore are sta-
tionary, this relative motion can be solely attributed to the movement of the camera
between frames, and therefore is used to estimate the 3D position and orientation
of the camera as it captures images. This information can then be used to estimate
the 3D position of the identified keypoints, and therefore build a model of the reef

structure.

The reconstruction can be scaled using reference features of known dimension (re-
ferred to as ground control points). This allows that accurate size and distance

measurements of observed features in the reconstruction and projections [83].

The 3D reconstructions generated using SfM can be used to create a more nuanced
understanding of the geometry of the reef compared to in situ methods like chain-
tape, or visual scoring. Friedmann et al. [69] describe an approach for generating

multi-scale measures of habitat complexity from a 3D reconstruction.

Similarly, preserving the spatial distribution of habitat forming organisms (e.g. corals)
can allow for unique ways of quantifying their communities. For example, it facili-
tates simple analysis of the distribution of different sized individuals, or trends in the

adjacency of different species.

While purely appearance based SfM applications are convenient since they only re-
quire a camera in the field, the computational requirements increase significantly as
the reconstruction extent increases. This is because the keypoint matching process
needs to consider many candidates over all the collected images. This often makes

the processing step the bottleneck in generating reconstructions.

2.4.1 Benthic Imaging AUVs for Seafloor Observation

The use of autonomous platforms to collect the imagery for these processes reduces the

limitations imposed on scientific divers. Benthic imaging AUVs can be programmed
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to collect overlapping imagery over large spatial extents, and can be fitted with navi-
gation sensors. Precomputing the vehicle’s path using a navigation algorithm with in-
formation the vehicles sensors allows for efficient detection of correspondences among
large numbers of images facilitating the construction of sub-millimetre resolution habi-

tat reconstructions over large spatial extents (up to O(10m?)) [180, 205, 24, 81, 193].

A common solution employed for the navigation of mobile autonomous platforms
involves concurrently estimating the robot’s position and mapping landmarks of the
environment as the robot moves. This approach is known as simultaneous localisation
and mapping(SLAM)[183], and fuses information derived from all the robot’s sensors
(including the benthic images) to determine the optimal solution for the vehicle’s path.
By using the suite of sensors rather than purely matching image features (as in image
only SfM), much larger reconstructions can be created with fewer computational

resources.

The AUV Sirius, operated by the Australian Centre for Robotics (ACFR), is based
on the Seabed platform built by Woods Hole Oceanographic Institution [180]. Sirius
collects images of the seafloor at 2 m altitude using its onboard stereo camera pair?.
These images are used to generate a three dimensional, georeferenced reconstruction
with the aid of its onboard navigation sensors; multibeam sonar, a depth sensor,
Doppler velocity log (DVL) including a compass with integrated roll and pitch sensors,
and an ultra short baseline (USBL) acoustic positioning system. The imagery and
navigation data are combined using a SLAM algorithm [206, 108]. Sirius has been in
operation since 2007 and has collected over 5 million benthic images, predominantly

in reef environments around Australia.

The survey data collected by Sirius used throughout this thesis was accessed through
Australia’s Integrated Marine Observing System (IMOS). IMOS is enabled by the
National Collaborative Research Infrastructure Strategy (NCRIS). It is operated by
a consortium of institutions as an unincorporated joint venture, with the University

of Tasmania as Lead Agent.

2The use of a calibrated stereo camera pair allows for direct scaling of the captured images and
therefore the generated 3D reconstructions and projections. This eliminates the need to use ground
control points to scale the imagery.
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2.4.2 Observing Benthic Fauna in Seafloor Reconstructions

Reef fauna are often seen in AUV generated habitat reconstructions, and their posi-
tions can be accurately determined using the vehicle’s precise navigation information.
This makes them an ideal platform for performing surveys of these fauna and their
use for this purpose is becoming increasingly widespread. Ling et al. [126] utilised
Sirius to observe urchin habitats and found that while their population density esti-
mates (7.e. the number of individuals per unit area) manually derived from the AUV
imagery were lower than those made using in situ diver surveys, underlying temporal
changes in the populations could still be observed. Tolimieri et al. [191], Clarke et
al. [43], and Seiler et al. [174] used AUV platforms to survey benthic and demersal
fish in rocky and highly rugose habitats, which are typically inaccessible to tradi-
tional trawl surveys. The use of these platforms allowed the observation of spatial
patterns within the surveyed areas such as age and size specific habitat preferences.
Such patterns are not possible to capture using extractive methods, and in situ diver
based techniques are difficult to scale to the survey extents that AUVs are capable of

covering.

These studies demonstrate that the data collected by these vehicles can be used
to support scientific exploration of marine habitats and can provide unique insights
compared to existing survey techniques. However, they rely on manual annotation of
the imagery or terrain models to extract the species of interest. AUV surveys can be
composed of tens of thousands of individual images, so it can be prohibitively time
consuming to manually find and identify all individual animals or habitat features
captured in a survey. Additionally, it has been shown that multiple observers are often
necessary in order to limit the biases introduced by annotators, further increasing the
required annotation effort [57]. This time requirement can result in a bottleneck in
data collection and processing pipelines therefore increasing the cost of performing
surveys. To combat this, researchers often choose to collect smaller datasets, or to

subsample their image sets, often only analysing a fraction of the collected data [157].
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2.5 Automated Image Analysis

Image based ecological survey techniques can generate large volumes of image data,
which typically requires a significant time investment to process and extract the de-

sired information. This can result in a bottleneck in the data collection and processing

pipeline [86, 131].

Machine learning based image analysis techniques can allow for objects of interest
to be automatically detected, identified, and measured, with minimal human inter-
vention. Recent advances in algorithm design, and increased availability of high
performance computing has led to rapid development of artificial neural networks
for solving computer vision problems [198, 1]. Deep neural networks learn patterns
from data they are provided and reduce the need for manually crafting image fea-
tures. In particular, convolutional neural networks (CNNs) which can learn abstract
representations from image data [8], are well suited to the challenges of automating
the analysis of underwater images and often outperform traditional feature based
techniques in machine vision challenges [181, 120]. Automated image processing fa-
cilitates rapid processing of the high volumes of data generated using AUV collected
image-based seafloor reconstructions and facilitate their use as large scale samples for

measuring reef community compositions and distributions.

2.5.1 Feature Based Learning

Traditional machine learning techniques for image analysis involve identifying specific
features in images (e.g. edges [37] or corners [88]) then classifying the images based

on the presence and distribution of these features.

Such approaches have been applied for classifying underwater images, including for
classifying kelps [20], and other benthic categories (e.g. [70]), as well as for census

and measurement of fish [176, 185].

However, the need to handcraft image features mean these methods are fairly rigid,
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and require much fine tuning to adapt to the complex underwater imaging environ-

ment.

2.5.2 Deep Learning

Deep learning models do away with the need for handcrafted image features, instead
they learn the relevant representations from the training data [149, 142]. Their ability
to learn abstract concepts from large datasets, mean they are useful for extracting
information from complex data sources, such as audio and imagery. This means that,
provided they are trained on sufficiently large and diverse datasets, they can become
invariant to non-informative fluctuations in the data, and do not need to be manu-
ally tuned to new datasets. These characteristics make deep approaches extremely
attractive for processing underwater images, since large amounts of noise and poor
image quality are often encountered due to the light attenuating characteristics of

water, and the ubiquity of suspended sediments in marine environments.

In particular, CNNs, which include layers that learn filters which are convolved over
the data, are particularly suited to such tasks. This includes facial detection [188]
and recognition [173], semantic segmentation of medical imagery [166] or to aid au-

tonomous driving [220],

2.5.3 Automated Analysis of Underwater Imagery

Deep learning has been taken up rapidly for processing underwater imagery for ob-
serving marine habitats (see review by Rubbens et al. [167]). This includes classifi-
cation of corals in benthic images [14, 133], detection of fauna on the seafloor [171,
144, 189] and in the water column [201], classification [177], detection, and measure-
ment of fish [105, 169, 162], for planning AUV surveys [175], detection of harmful
species to aid with their control [52], and automating analysis of video surveys of fish

from BRUVs [134].
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Additionally, deep learning based approaches have been used to process large-scale
seafloor reconstructions. Mahmood et al. [132] utilised a CNN based network, VG-
Gnet [179], to annotate coral reef mosaics generated by the AUV Sirius in North-

Western Australia.

Mizuno et al. [138] employ the U-Net image segmentation algorithm to perform pixel-
wise classification of large scale image mosaics of coral reefs. The U-Net algorithm was
originally developed for processing medical images but has been commonly applied
for many segmentation tasks such as for analysis of remote sensing images [94] e.g.

for street scenes [11].

2.6 Summary

In this chapter, we've discussed traditional techniques for observing benthic ecosys-
tems. These tools are limited in their ability to estimate fine-scale spatial distribu-
tions over large extents (e.g. for observing and modelling associations between reef
associated fauna and habitat characteristics). Emerging sampling techniques such as
AUVs and SfM pipelines allow large areas of seafloor to be mapped, facilitating direct

observation of individuals and habitat features.

However, these technologies produce large volumes of data, which are time-consuming
to manually annotate. Also, since they survey large areas by stitching together images
taken from many viewpoints, estimating the abundance of mobile targets requires a

way of associating detections to individuals.

This thesis will address these challenges by developing:

1. An aggregation approach which generates scored hypotheses for the association
of detections to individuals. These can be used to generate a probabilistic
estimate of the distribution of a population of mobile, reef-associated fauna (in

Chapter 3).
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2. A pipeline for automatically detecting and localising targets from AUV data (in
Chapters 4, and 5). This addresses the bottleneck where human annotation is
required to analyse AUV imagery, allowing for rapid, cost-effective surveys of

benthic targets over large seafloor extents.

By addressing these gaps in current capabilities, the tools presented in this thesis will
allow for mapping benthic features and fauna with minimal manual annotation and
using existing field sampling techniques. Examples of the novel analysis techniques
for these data made possible by the developments in this thesis are presented in

Chapter 6.



Chapter 3

Spatial Census of Seafloor Targets
from a Moving Benthic-Imaging

Platform

3.1 Introduction

As discussed in Section 2.4, to create an image-based reconstruction, overlapping
images from multiple viewpoints must be captured. A composite of these overlapping
images can be produced by aligning matching features among images allowing for a
3D reconstruction and 2D projections of the entire surveyed area. Since the image
collection process is not instantaneous, the observed region of seafloor grows as the
imager traverses the reef, be it propelled by an autonomous vehicle, or swum by a
human operator. The rate of this growth is largely a function of the seafloor area
captured in each image. At the extreme, if the entire area is captured in a single
image, the rate of expansion is instant. In a more realistic case, where multiple
images are used, the rate of map expansion also depends on the vehicle’s linear speed

and the survey path used to capture the imagery (see Figure. 3.1).

Estimating the abundance and distribution of benthic targets using a 3D, image-based
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Figure 3.1 — A demonstration of the expansion of a mosaic generated from imagery
collected by the AUV Sirius at St Helens Island, north eastern Tasmania. The
vehicle began the survey at the green pin and ended at the red pin, travelling
along the green dotted path. Each dot shows the location where an image was
captured by the vehicle. The mapped area grows in the direction indicated by the
dotted arrow as the AUV progresses along the survey path.

habitat reconstruction (e.g. as collected by a benthic imaging AUV) involves three

steps:

1. Detection - identifying targets in the survey imagery

2. Localisation - estimating the position of target detections within the survey

region

3. Aggregation - associating each detection to an individual

This chapter develops the approach needed to observe benthic targets from imagery
collected from a moving platform (e.g. an AUV). The design of these surveys typically
assumes a stationary scene, therefore the methods presented here adapt them for the

observation of mobile targets.

If we wish to observe benthic targets using a moving imaging platform, the rate at

which the targets are likely to move will impact their appearance in the generated
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imagery and therefore the required approach for each of these steps. The effect of

target motion on their appearance in the composite images is explored in section 3.2.

Where the rate of map expansion is much greater than the targets’ rate of movement
(i.e. stationary or slow moving targets), individuals can be detected in the gener-
ated photomosaic. This simplifies the localisation and aggregation process since the
data is already georeferenced, and each detection can be assumed to be of a distinct

individual.

Faster moving targets (i.e. those whose rate of motion approaches the rate of map
expansion) cannot be reliably observed in the photomosaic, and need to be observed
in the individual, unprocessed images. The steps required to detect benthic targets

are outlined in section 3.3.

If such targets are detected in the source imagery, they cannot simply be localised
using the georeferencing of the photomosaic. Section 3.4 outlines an approach for lo-
calising detections made this way. Additionally, since they may move while the survey
is underway, each detection cannot be assumed to be a unique individual. Section 3.5
describes a proposed approach for associating localised detections of mobile benthic

targets to individuals in order to estimate their abundance and spatial distributions.

3.2 Impact of Target Motion on Appearance and

Observability in Benthic Composite Images

The process by which images can be used to estimate the 3D structure and spatial
distribution of benthic terrain features is described in Figure 2.3. Similarly, benthic
habitat features and fauna can be used as keypoints in generating the reconstruction
and therefore their positions can be estimated within the survey area. Movement
of these targets - whether due to the force of the water column acting on a non-
rigid target, or as a result of the target’s locomotion - will affect how they appear in

the generated composite image and 3D reconstruction. This, in turn, will affect the
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process required to detect, localise, and aggregate detections in order to estimate the

spatial distribution of targets within the surveyed region.

3.2.1 Stationary Benthic Targets

Physical habitat structure, sessile invertebrates, and habitat forming organisms (e.g.
corals, sponges, and kelp) will typically be clearly visible in reef-scale photomosaics
since they are attached to the substrate and cannot move while the survey images are
collected. Many slow moving benthic fauna, including some echinoderms, arthropods,
molluscs, and even species of bottom dwelling fish may also be observed in these
reconstructions provided they do not move while the images are collected (Figure

3.2).

Rigid benthic features such as reef substrate, or hard corals will not move between
subsequent images, regardless of the time between them within the survey. Therefore,
parts of these features will produce image keypoints which can be readily matched
between images and therefore will be present and undistorted in the final composite

image products.

Non-rigid, attached habitat features and sessile organisms (e.g. kelps, soft corals)
while not moving along the seafloor, can sway and distort between successive images
(Figure 3.3). This makes it less likely that matching kepoints will be found for the
moving parts of these organisms, and if they are, the solution that incorporates these

will be incompatible with features taken from rigid points in the scene.

The appearance of the reconstruction is built using the images which provide the best
views of the selected keypoints. So, targets which are present in the images but whose
keypoints are not used due to their movement may still appear in the reconstructions
since they are likely to be adjacent to other valid keypoints in the scene around them
(or on rigid sections of the target in questions e.g. a kelp’s holdfast). However,
their relative position to these keypoints will be different in each image due to their
movement, which can result in shadowing (7.e. multiple views of the target being

superimposed), or distorted in the composite image.
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(b) A patch of seaweeds

(c) A sea star and a long-spined sea urchin (d) A bottom dwelling reef perch (Heli-
(Centrostephanus rodgersii) colenus percoides)

Figure 3.2 — Examples of benthic targets, with increasing levels of mobility, observed
in photomosaics generated using a benthic imaging AUV. Rigid, stationary tar-
gets such as clams (a) appear undistorted in photmosaics. While sessile organisms
such as seaweeds (b) are attached to the seafloor and cannot move from their posi-
tions, their non-rigid structure mean they often appear distorted in the composite
image due to deformation between views by the imager (see Figure 3.3). Mobile
organisms such as in (c) are capable of movement along the seafloor, but are typ-
ically slow moving so are often observed in the same position in the survey image
sequence where they typically appear undistorted in the photomosaic. Observing
fish in composite benthic images is typically difficult due to their capacity for rapid
movement throughout the water column. However, some species such as the perch
shown in (d) spend extended periods of time resting on the bottom where they can
be observed in composite images .
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Figure 3.3 — Non-rigid benthic organisms such as kelp are challenging to observe using
composite imaging techniques such as structure from motion (SfM). This figure
shows two views of a section of seafloor containing a kelp. Matching keypoints
can be found in rigid elements of the scene such as the terrain feature (shown as
a grey diamond), and the kelp’s attachment point to the reef (called a holdfast).
However, movement of the blades of the kelp result will mean it is difficult to locate
matching features on those parts. This results in a blurred appearance when the
images are combined to create the final data products.

3.2.2 Mobile Benthic Targets

Observation of mobile benthic targets in composite images will result in similar effects
due to the deformation of their body parts as they move. More significantly, their
locomotion along the seafloor will again result in keypoints on the organism being
incompatible with the larger solution and these keypoints are therefore less likely to
be used to create the composite image products. This will again result in distortions

(Figure 3.4) or shadowing of the target along its path (Figure 3.5).

Since overlapping images of the seafloor are required in order to build the reconstruc-
tion and composite images, it is possible that if a target moves out of a particular
patch of reef during the survey, the algorithm could use only views where it is not
present to generate that region of the reconstruction. This would result in the target

not appearing at all in the final reconstruction and composite image.

These effects mean that the target’s abundance in the survey area cannot be reliably
estimated from detections in the composite images, since individual targets can appear

in multiple instances or be missing entirely.
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Figure 3.4 — An example of distortion of a mobile benthic target (a southern rock
lobster) in a composite photomosaic. Movement of the target while the survey
image is being collected can result in such distortion, but can also result in the
target appearing multiple times (called ghosting) or being completely absent in
the depending on the keypoints and images used to generate the final projection.

While their movement may mean that keypoints on the target are unlikely to be
matched between frames, their proximity to the seafloor mean that instances can

usually still be localised using their adjacency to features in the stationary scene.

3.2.3 Free Swimming Organisms

Organisms that move through the scene but are not necessarily associated with the
seafloor (e.g. fish) can be observed in benthic composite images, however there are
significant challenges associated with using these data to survey free swimming or-

ganismes.

Typically, when such organisms are observed in composite images, they are on or near
the seafloor, so can be observed similarly to reef-associated fauna (see Figure 3.2).
If they are swimming in the water column as the imager passes several factors make

them unlikely to be observed in either the raw images or processed composite.

Since these targets are able to move around the water column, they are able to move

out of the volume being observed (i.e. swim above the imager) where they cannot
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Figure 3.5 — Illustration of the effect of a target’s locomotion on their appearance in a
composite image. A sequence of three images captures a lobster moving along the
seafloor (top). If these images are used to create a reconstruction of the seafloor,
the individual would appear in three positions corresponding to their location in the
individual frames. This duplication complicates estimating the spatial distribution
of mobile benthic targets directly from composite images, since a single individual
can result in multiple detections.

be detected. Additionally, benthic imaging systems, as the name implies tend to
be suited to observing the seafloor, so targets above the seafloor are likely to be
out of focus and undetected even if they are within the observed volume. It has been
observed that some fish will, in fact, follow the AUV around, rendering them invisible
to a vehicle imaging the seafloor [187]. Furthermore, this suggests that the imager
may in fact have some impact on fish behaviour of target organisms. Considerations
of the potential impact on survey operations is beyond the scope of this particular

work.

In the case of mobile benthic fauna as described above, the target can be localised
using the keypoints generated from stationary parts of the scene adjacent to them.
For free swimming targets, there are unlikely to be any rigid, stationary objects
nearby. This means they cannot be localised using the 3D reconstruction. For vehicles
equipped with stereo cameras, the position of observed targets can be triangulated
(similar to the approach used in stereo BRUVs and DOVs [90]) independently of the

habitat reconstruction.

For these reasons, spatial census of free swimming mobile organisms is outside of the
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scope of this thesis. Instead the focus will be on a pipeline for observing the spatial
distributions of stationary and mobile reef associated targets. The following sections
will describe how the appearance of benthic targets in composite images affects their
detection, localisation, and aggregation required in order to estimate their spatial

distributions.

3.3 Detection of Benthic Targets in Composite Ben-

thic Images

The first step in estimating the spatial distribution of targets from composite images
is to detect individuals. As discussed, the movement of a target affects its appearance
in the imagery, and will therefore affect the way in which individuals can be detected

for estimating their distribution and abundance.

3.3.1 Detection of Stationary Benthic Targets

Stationary benthic features which readily appear in 2D projections of reef-scale re-
constructions can simply be detected in the composite image. Dense aggregations
of targets in the survey area can make this process slow to complete manually, and
therefore automated approaches can help in facilitating scalable, low cost analysis of

these imagery.

Objects which occur as discrete instances - like slow moving benthic fauna such as
sea-stars - can be detected as such either by manually marking the point or region
they occupy in the image or mosaic, or using automated object detection algorithms
(see Chapter 4). Other features, in particular habitat forming organisms like kelp
or coral are more difficult to assign as an instance. Instead these tend to appear as
regions of the reef which would need to be delineated either manually, or using an

automated segmentation approach (see Section 6.3).
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3.3.2 Detection of Mobile Benthic Targets

The distortion, shadowing, or absence of mobile benthic targets in composite images
described in section 3.2.2 mean that they cannot be reliably detected in the generated

composite images in order to estimate their abundance and distribution.

Instead, they must be detected in the unprocessed images. Here the limiting time
scale becomes the shutter speed of the camera, rather than the rate of map expansion,

facilitating detection of much faster moving targets.

SfM surveys can contain tens of thousands of images, so manually detecting targets
in these images is likely to be prohibitive in terms of the cost and time required for
comprehensive, manual annotation. Therefore, it becomes almost essential to employ

automation in order to facilitate performing such surveys at scale (see Chapter 5).

Since the targets are not being detected in the georeferenced data products, localisa-

tion will involve reprojecting their position in the image onto the 3D reconstruction.

3.4 Localising Detected Benthic Targets

Composite images generated from 3D reconstructions on the seafloor can be goeref-
erenced using either navigation sensors and calibrated stereo-cameras on the imaging
platform, or using ground-control points with known positions in the scene. This
allows estimation of the geographic position of points in the scene. For stationary
elements of the imaged area - including attached benthic habitat features and fauna -
this allows for straightforward estimation of their spatial distributions. Detections of
individuals made in the 3D reconstruction or composite image are therefore also geo-
referenced. Since targets in the composite image represent unique individuals, these
georeferenced detections can be used to estimate the abundance and distribution of

targets in the survey area.

However, this approach must be modified for mobile targets which need to be observed
in the unprocessed images. A process for reprojecting the location of the target de-

tected in the images onto the 3D reconstruction is necessary in order to estimate the
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position of observed targets. During the seafloor reconstruction process, the vehicle
pose is estimated for each AUV image. The rigid transformation between the vehicle
origin and the stereo-camera system is known, so the camera origin position and ori-
entation is known for each image. Additionally, the stereo cameras are pre-calibrated
so the intrinsic camera parameters and relative stereo orientation are known. This
information can be used to transform an image point onto the 3D surface generated

using the AUV data processing pipeline.

Consider a target detected in an unprocessed benthic image collected as part of an SfM
survey. Assuming this target lies on the seafloor - as would be expected for a ben-
thic species - a ray passing through the point of detection in the image intersects
the seafloor at the position of that target in space (see Figure 3.6). Therefore, an
estimate of the position of a detected target can be made by projecting a ray through
the detection in the image and locating the intersection point on the generated 3D
mesh. Section 3.4.1 describes the geometric solution for this transformation. Addi-
tionally, many SfM software suites (e.g. AgiSoft Metashape [3]) provide functions for
performing this transformation in their graphical user interface (GUI) or application

programming interface (API).

3.4.1 Reprojection Geometry

Since the camera model used to calibrate the system assumes linear projection of
points, non-linear deviations introduced by imperfect optical equipment need to be
corrected for. A four parameter distortion model [89] was used to perform this cor-
rection. The direction of a ray passing through a (distortion corrected) image point

(u,v) in the reference frame of the camera is given by:

u
re=C"1ly (3.1)
1
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Figure 3.6 — Diagram showing the projection of an image point into world coordinates.
A camera ray (red) passing through an image point (e.g. where an animal detec-
tion has been made) intersects the seafloor at the approximate 3D position of that
point. This geometry can be used to localise a target detected in an unprocessed
image by finding the intersection point between the camera ray and the 3D mesh.

where C' is the camera matrix, which can be estimated using a camera calibration

routine (e.g. [26]).

The vehicle’s SLAM navigation solution provides an estimate of the vehicle’s 3D
position with respect to some local origin (vy, vs,v3) and its orientation, in the form
of Euler angles about the X, Y and Z axes («, (3,7). The ray’s direction, in the vehicle
reference frame is given by:

ry = Rre (3.2)

where
R - R3R2R1 (33)

and,

cosae sina 0
Ry = |—sina cosa 0 (3.4)
0 0 1
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1 0 0
Ry =10 cosf sinf (3.5)
0 —sinf cospf

cosy sinvy 0—
Ry = |—siny cosy 0 (3.6)
0 0 1

So a point along the ray, in the vehicle’s coordinate frame is given by:

U1

U3

The 3D seafloor reconstruction was output as a triangulated mesh surface comprising
a collection of triangles joined by their shared edges. The normal vector of a plane

on which the three vertices of a triangle (p1, p2, ps) lie can be given by:

N = (A,B,C) = (p2 — p1) X (p3 — p1) (3.8)

And the distance from p; to the origin is:

o (3.9)
The plane’s equation can be given as:

A(pu) + B(pi2) + C(p13) = D (3.10)

To find the location where a given ray intersects the mesh, the ray intersection between
the planes containing each of the mesh triangles was calculated. To determine whether
the intersection point lies within a given mesh triangle, the point is converted into

barycentric coordinates [64] with respect to the mesh triangle being considered (Figure
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3.7). A point (P) lying on the same plane as a triangle with vertices A, B, and C an

be described using two scalars v and v, where:

P = uAC +vAB (3.11)

Ifu>0,v>0,and u+ v < 1, then P lies inside ABC.

Figure 3.7 — A point P lying on the same plane as triangle ABC can be described in
relation to the two vectors AC and AB using two scalars u and v. If u or v are less
than zero (regions shown in orange and magenta respectively) or u +v > 1 (cyan
region) then P lies outside ABC. This approach is used to determine whether the
ray projected through a detected animal intersects with a given triangle in the 3D
reconstruction mesh.

The barycentric method allows for fast determination of which mesh triangle the ray
passes through. To further improve the computation time for calculating the ray-
mesh intersection point, only the portion of the triangular mesh near to the location
of the vehicle at the time of the detection are considered. It is possible that a ray
could intersect the mesh at more than one point, particularly if the mesh is especially

complex and folded upon itself. In this case, the first point where the ray intersects
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the mesh is likely to be where the detected individual is located, since that surface
would be visible to the camera. This scenario would also be largely avoided when
using images from an AUV or other survey where a fixed altitude is maintained by

the imaging platform, resulting in a predominantly overhead view of the seafloor.

We’ve discussed how localised detections of mobile benthic fauna can be generated
from reef-scale composite images. These detections can be used to interrogate e.g.
how habitat characteristics drive the distribution of mobile benthic fauna (see Chap-
ter 5). However, individuals are likely to be observed in multiple images as the vehicle
traverses the survey area, so are likely to result in more than one localised detection.
Therefore we need an approach to aggregate these detections and associate them to
individuals in order to make reliable estimates of the abundance of mobile benthic

targets.

3.5 Aggregation of Detections of Benthic Targets

After localised detections of individuals are made, the final step in generating an
estimate of their abundance and distribution is assigning each detection to a unique
individual. This ensures that repeat observations of the same individual do not result

in an overestimate of target abundance.

3.5.1 Aggregation of Stationary Benthic Targets

Stationary targets can typically be detected and localised directly from the photo-
mosaic or 3D reconstruction. Since they would not have moved in between image
captures, it can be assumed that each detection in the composite image is a unique
individual. This means that these detections can directly be used to estimate the

abundance and distributions of individuals in the survey area.

However, there are some cases where observing benthic targets in the underlying

imagery is beneficial. Photomosaics are a 2D projection of a 3D surface. Consider
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the case of a highly rugose habitat where the seafloor substrate forms overhangs. A
top-down projection of this habitat will not necessarily capture all the places where
benthic targets may inhabit. These regions are also often poorly resolved in 3D recon-
structions, making observations of targets difficult. Therefore the underlying imagery
may provide views of individuals not seen in the composite image or 3D reconstruc-

tion.

These points need to be reprojected onto the surface in order to estimate their posi-
tions. Errors in this process may result in observations of the same individual being
projected to different locations. Assuming a well solved reconstruction, these repro-
jections should be tightly grouped so can therefore be aggregated to prevent multiple

counting of detections originating from a single individual.

3.5.2 Aggregation of Mobile Benthic Targets

As discussed the movement of mobile benthic targets impacts their appearance in
composite images. Observing these targets in the underlying images is necessary for

performing a reliable spatial census of individuals.

Again, to turn these detections into an estimate of the abundance and distribution
of targets over the survey area, it is necessary to determine which detections are
repeat observations of previously seen individuals, and which are new. Otherwise,
repeated detections of a potentially moving individual may appear multiple times
in the reconstruction due to the image coverage and vehicle movement needed to
reconstruct the habitat. This may result in an overestimate of the population. This
problem is compounded by the targets’ movement, as repeat observations of the same
individual will not necessarily occur at the same point on the seafloor as it does for

stationary targets.

The primary challenge here arises due to the difficulties in distinguishing between in-
dividuals of many marine species commonly observed in imagery. Even for experts, it
is often impossible to distinguish between individuals, and many image based obser-

vational techniques for quantifying populations of mobile fauna consider this in their
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design. Typically surveys will employ a measure of relative abundance proxy such
as MaxN [161, 208, 39] rather than purporting to measure the actual abundance of
targets. As a result, we need a way to associate detections with a given individual in
order to prevent overestimation of abundance and to generate more consistent models

of the distributions of individuals within the surveyed region.

The problem of aggregating detections and associating them to target individuals
can be performed using naive methods which simply cluster adjacent observations,
through to more complicated approaches which consider the timing of detections and
the behaviour of the target species. Examples of these approaches will be applied in

Chapter 5 for estimating the abundance of mobile benthic targets.

3.6 Summary

In this chapter we have explored the steps involved in estimating the abundance and
spatial distribution of seafloor targets using data generated from a moving benthic-
imaging platform. The difference between the rate of expansion of the observed
seafloor area, and movement of the target organisms was shown to affect the steps

required to spatially census them.

In cases where the rate of map expansion is much greater than the possible movement
of the targets, detections can be made in the processed composite image, providing a

straightforward way to localise each target individual.

For targets with a greater likely rate of movement, detections are made the underlying
source imagery since their movement can cause artefacts in the final composite image
which make detections difficult. The detections are localised by projecting the image
points onto the 3D reconstruction using the vehicle’s navigation solution. A tracking

approach for associating these localised detections to individuals was also prevented.

Regardless of the movement of the observed targets, a requirement for performing
census of benthic targets requires localised detections of individuals in the survey

area. Generating these detections from SfM data manually can be extremely time
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consuming since the volume of images is so large. The next two chapters describe
how this process can be automated, and applied to stationary and slow moving fauna

(Chapter 4), and more mobile benthic fauna (Chapter 5)



Chapter 4

Estimating Abundance and Spatial
Distribution of Stationary and

Slow Moving Benthic Fauna

4.1 Introduction

The previous chapter discussed how the movement of benthic targets affects their
appearance in reconstructed composite images and therefore the methods required
to observe them. In this chapter these principles will be applied to spatially census
slow moving targets, using the long-spined sea urchin ( Centrostephanus rodgersii) as

a case study.

To observe these targets using SfM survey data we first need to determine how much
they are likely to move over the course of a typical survey. Section 4.3 examines studies
of urchin locomotion, directly observes their appearance in AUV survey imagery, and
considers methods that researchers have used to estimate their abundance from reef-

scale composite images.

Urchins often appear in dense aggregations, so image based census methods may

require time consuming manual annotation. Section 4.4 presents an automated ap-



4.2 Invasive Long-Spined Sea Urchin in Tasmania 44

proach to analysing reef-scale photomosaics for estimating urchin abundance allowing
low cost surveys. Abundance estimates made using this automated approach are com-
pared to those from existing studies using both in situ estimates and manual analysis

of imagery in Section 4.5.

4.2 Invasive Long-Spined Sea Urchin in Tasmania

Urchin barrens are areas of reef originally inhabited by kelp or other macroalgae,
where population growth of herbivorous sea urchins has lead to high levels of graz-
ing, leaving an exposed rocky region with high densities of urchins. These regions
often occur due to the expansion of the ranges of urchin populations to higher lati-
tudes facilitated by the global trend of warming ocean temperatures, and are likely
to become more widespread as this phenomenon accelerates [124, 63]. An increase
in the southward extent of the warm water, poleward flowing East Australian Cur-
rent [165] has resulted in increased larval transport of the long-spined sea urchin
Centrostephanus rodgersii, native to waters further north, into Tasmanian. Elevated
water temperatures in their newly expanded range have allowed them to establish
growing populations, leading to an explosion in the abundances of urchins. There is
now an estimated population of 20 million individuals, and a rapid rise in barren areas

in eastern Tasmania, increasing from 3.4% to 15.2% from 2001/02 to 2016/17 [123].

Interventions have been established, including harvesting and culling, to control popu-
lations of C. rodgersii, promote kelp recovery, and combat further expansion of barrens
in Tasmania [107, 47]. A recent Australian Goverment Senate inquiry [147] recom-
mended significant investment in urchin control measures, in particular establishing

a fishery for extracting urchins in Tasmania.

Rapid, low cost monitoring of these environments would therefore aid in tracking the
spread of these invasive organisms and assessing the effectiveness of any implemented
management efforts. If automated census methods can detect the same trends as
in situ or manual analysis of image based surveys, their use as a replacement or

supplement to existing surveys can be justified, allowing for increased temporal and
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spatial resolution in monitoring without the cost of expanded manual surveys or image

analysis.

4.2.1 Using Benthic Imaging AUV Surveys of Urchin Bar-

remns

Observing fine scale spatial distributions of benthic targets in situ is very time con-
suming. A diver would need to map out each individual with some reference to
the habitat. Estimating habitat characteristics at the same time would add more
time. This would not be scalable to the extents being observed here so AUVs (or
other SfM methods) make these analyses feasible. AUVs allow for efficient, scalable
observations of large seafloor extents, and can operate beyond the depth and time
restrictions of SCUBA diving. This makes them ideal tools for performing scalable,

routine monitoring of urchin barrens.

Their ability to simultaneously estimate the spatial distribution and abundance of
urchins, and model the seafloor structure and habitat composition would allow for
detailed studies of the relationship between these animals and their habitat. This
information could be used to better control their populations and identify vulnerable

habitat types for protections.

As discussed in Chapter 3, the rate of movement of a target during an AUV survey
impacts it’s appearance in the generated data, and therefore the required observation
technique. Therefore the typical rate of movement over the timescales of an AUV sur-
vey must be investigated before estimates of their abundance and spatial distribution

can be made.
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4.3 Effects of Urchin Movement During AUV Sur-

veys

Sea urchins are equipped with adhesive appendages, called tube feet, which they use
in conjunction with their spines to move across the seafloor [214]. They are relatively
slow moving, with field observations showing average rates of motion O(10)cm per
day [135]. Flukes et al. [65] specifically observed the locomotory behaviour of C.
rodgersii and found that their rate of movement was highly variable and depended
on the time of day and the substrate. Mean displacement of an individual over 12

hours during the night (when they tend to be most active) was around 40cm.

So, while capable of locomotion, over the course of a typical AUV survey (O(1)hour),
an individual urchin is unlikely to move very far. However, examining the movement

of individuals in survey imagery can support this.

Figure 4.1 shows the positions of urchin in benthic images taken approximately 20
minutes apart during the course of a survey by the AUV Sirius. Interrogating the
positions of the urchins present in each pair of images shows that none of the observed
individuals appear to have moved from their starting positions. This lack of movement
of urchins means that urchins appearing in the photomosaic are likely to be unique

individuals and abundance estimates can be made by counting them directly.

A study by Ling et al. [126] compared abundance estimates made by counting C.
rodgersii individuals in urchin barren photomosaics generated using images collected
by the AUV Sirius with those made using in situ counts by divers. They were able
to detect similar temporal trends in abundance using both methods also support-
ing the assumption that counts made directly from the composite images are not
significantly impacted by the locomotion of individuals during the survey. In fact,
abundance estimates from the photomosaic tended to be lower than the in situ counts
(Figure 4.5) which suggests that obstruction of individuals by seafloor structures pre-
sented a greater impact on abundance estimates than repeat appearance in the mosaic

due to movement of the urchins.
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Figure 4.1 — Two pairs of benthic images (top and bottom) collected by the AUV
Sirius at St Helens Island, Tasmania. Each pair of images captures the same region
of seafloor (shown in red on the inset composite image generated using the images
from the survey) but separated by approximately 20 minutes. Individual urchins
captured in the frames have not moved along the seafloor over this time period
(a matching individual is marked with a blue circle for each pair), suggesting that
estimates of urchin abundance can be made by counting individuals appearing in
the composite image. Note, the image pairs have been rotated to align the seafloor
features captured.
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4.4 Automated Detection of Urchins in Reef-Scale

Photomosaics

Object detection algorithms delineate targets from the background, often using a
bounding box. Applications include human face detection [219], vehicle [221] and
pedestrian [30] detection for autonomous driving, and automated measurement of

fish [134].

Here, we will use the RetinaNet object detection algorithm [122] to identify and
localise urchins in reef-scale photomosaics collected by Sirius. RetinaNet uses a single-
stage CNN-based approach to propose regions of images which match the target class
or classes. Single-stage object detectors directly estimate regions within an input
image which match the target class (or classes). This is in contrast with two-stage
detectors, which firstly identify regions of interest in the input image which are then
assigned to the appropriate class. Typically one-stage detectors process images faster,
but achieve lower performance on benchmark datasets [184]. RetinaNet was developed
to address this trade-off, and achieved state of the art scores for detection performance
and speed at the time of its release. It does this by addressing the class imbalance
issue which often arises in object detection problems due to the relative abundance
of the "background" class compared to the target classes. RetinaNet applies a greater
weighting to difficult (i.e. easily misclassified) classes compared to areas of obvious
background. This makes the RetinaNet algorithm particularly suitable for object
detection from benthic imagery, since typically the target organisms or features we

are interested in are less abundant than the background substrate.

4.4.1 Training the Urchin Detection Algorithm

The data used to train and test the urchin detector were collected and described by
Ling et al. [126]. Photomosaics were generated from imagery collected by Sirius
at two sites, Elephant Rocks and St Helen’s Island, in north-eastern Tasmania over

three years (2009, 2011, 2013) using the method described in [206, 108]. All urchin
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Figure 4.2 — Automated detections of long-spined sea urchins (C. rodgersii) by the
trained RetinaNet algorithm in a large scale AUV photomosaic showing detail
(left), and the spatial distribution of detected urchins across the entire surveyed
area (right). Red dots show the predicted urchin positions.

individuals visible in one complete mosaic were manually annotated using bounding
boxes. Sirius collects downward facing imagery and maintains a fixed height from the
seafloor while performing a survey. From this perspective, urchins generally present
in the imagery as circular cross sections of a relatively uniform size (see Figure 3.2).
Due to this consistent appearance, and to allow for rapid annotation of urchins,
square bounding boxes of fixed size were used to annotate the urchins. This meant
that each individual could be labelled using only a single click at the centre of each
urchin, rather than resizing a bounding box for each observed urchin in the mosaic.
A custom Python script was used to perform this one-click annotation process on the

photomosaics.

A 30m x 30m survey mosaic was used for training the object detection algorithm. All
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visible urchins were manually annotated within this mosaic and formed the training
set for the detection algorithm. 387 urchins were labelled in total on this reef. The
trained algorithm was then presented with a new mosaic unseen at training time to
propose bounding boxes around areas where it predicted the presence of an urchin.
The centrepoint of each proposed bounding box detection was taken as an urchin’s
location. Since the photomosaic is georeferenced, the location of the detected object
within the image can be converted into a geographic coordinate. This allows the
position of each detected urchin to be projected onto the AUV generated habitat map
resulting in a representation of the spatial distributions of all detected individuals in

the surveyed area (Figure 4.2).

4.4.2 Evaluating Detection Performance

Figure 4.3 — Virtual 5 x 5 metre quadrats used to compare density estimates using
manual annotation and automated detection

To validate the performance of the detection and projection process against a manual
annotation process, the trained detection algorithm was presented with 30m x 30m

photomosaics from two surveys unseen at training time, one at St Helens Island, and
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one at Elephant Rock. Virtual 5m x 5m quadrats were laid over these photomosaics
(fig 4.3) and estimates of the density of the urchins were made using the automated
detections, and by manually counting visible urchins in the quadrats (Figure 4.4).
Automated density estimates approximated the manual estimates, with a mean er-
ror of 0.26m™2 over the 25 quadrats. This is well below the range of variation in
abundance shown within each of the two sites (approximately 2.3m~2 and 0.8m ™2 at
St Helens Island and Elephant Rock respectively) and suggests that this automated
approach can be used to complement or replace manual image annotation to estimate

urchin abundance.
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Figure 4.4 — Validation of automated estimates of urchin density by manual counts
and automated detections in the 25 5m x bm virtual quadrats at two sites in north-
eastern Tasmania, St Helens Island (orange) and Elephant Rock (blue) shown in
Figure 4.3. Overall the estimates made using the automated detections were lower
than those made from manual counts from the imagery (paired T-Test p=0.009).
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4.5 Observing Temporal Variation in Urchin Abun-

dances

In this section, the automated spatial census approach for urchins developed above
is used to estimate their abundance in AUV survey imagery of urchin barrens in
eastern Tasmania. Estimates of urchin density made using these automated detections
are compared with manual density observations from the imagery made by Ling
et al. [126] from the same imagery to determine whether the automated pipeline
developed in this thesis can be used to detect the same trends in urchin density as

existing methods.

4.5.1 Dataset

Ling et al. [126] estimated urchin density using photomosaics generated using imagery
collected by the AUV Sirius. Surveys were conducted over three years (2009, 2011 and
2013) at two sites on Tasmania’s east coast, St Helens Island and Elephant Rock. At
each site, the AUV surveyed 30x30m plots of reef. The authors estimated the density
of C. rodgersii by manually counting urchins lying within virtual 2x25m quadrats on
each photomosaic (Figure 4.5). Additionally, long-term in situ census of urchins by
divers within the surveyed area were completed. While the overall density of urchin
estimated by manual analysis of the imagery was typically lower than the in situ
estimates by divers, the authors concluded that both methods were able to detect
the same trends in densities. These showed that urchin densities remained relatively

stable at the two sites over the survey time period.

4.5.2 Automated Detection of Urchins

The trained RetinaNet based urchin detection model described in section 4.4.1 was
used to estimate the positions of urchins in the photomosaics from these surveys.

Variations in lighting conditions and image quality affects the reef mosaic generated
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Figure 4.5 — From [126] Urchin barren sites St Helens Island and Elephant Rock sur-
veyed by the AUV Sirius (left) and estimates of urchin density from counts by
divers (solid lines), and from the AUV generated photomosaic (dashed/dotted
lines) (right). Counts made from the AUV tended to estimate lower urchin den-
sity, however both methods observe the same stable trend over time. Automated
estimates of urchin density are made on the shallow sites (dashed lines) and
compared to these estimates in Section 4.5.2.

during different dives. This appears to affect the detection of urchins when using the
model trained on only the one training photomosaic. To address this, a small number
(between 30 and 50) individual urchins was randomly selected in each survey. These
individuals were annotated as described in Section 4.4.1 and re-trained the initial
model using these site specific annotations. The manual annotation and retraining
the network of this small for each dive takes little time (typically less than 10 minutes
in total), but the fine-tuned models outperform the pre-trained one for all the surveys

using their mean average precision (mAP') (see Table 4.1).

The automated detector performed particularly poorly on the survey imagery from St
Helens Island in 2011, even after retraining. The imagery from that survey did appear

degraded compared to the other surveys, with several holes in the photomosaic and

'mAP is a commonly used metric for assessing the performance of automated object detection
and instance segmentation models [151]. It assesses the performance on a scale from 0-1. The area
under the precision-recall curve is calculated for each class and the average across classes is the
mAP. The prcision-recall curve requires identifying whether each prediction is a true positive, false
positive, true negative, or false negative. To do thise, the intersection over union (IoU) between the
predictions and ground truch are calculated, and a threshold value is used to determine whether or
not a prediction is correct (here I have used a threshold of 0.5 (i.e. if a predictions overlaps a true
instance by over 50% it is determined to be a true positive).
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artefacts from the stitching process present (Figure 4.6). This suggests that image and
reconstruction quality has an impact on the performance of the automated detection

process.

Figure 4.6 — Portion of a photomosiac of an urchin barren at St Helens Island in
2011. This mosaic shows poor quality compared to others collected using the same
process (e.g. Figure 4.3). This may explain the poor performance of the automated
urchin detector (see Table 4.1), which resulted in significantly lower estimates of
urchin density compared to manual image analysis at this site (Figure 4.8).

4.5.3 Estimates of Urchin Density

To validate our automated pipeline against the manually generated estimates, the
densities of urchins were calculated using counts of detected urchins within six 2x25m
quadrats randomly placed within the photomosaic from each site (Fig 4.7). The

average density per quadrat and the variance were calculated for each site.

The automated pipeline tended to underestimate density compared to the manual
counts (Figure 4.8). This suggests that there are individuals missed using this method,
and mirrors the trend between density estimates made in situ and from the imagery

manually. The poor performance of the detector on the survey imagery from St Helens
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Table 4.1 — Performance of a RetinaNet urchin detection network on reef-scale photo-
mosaics generated at two sites in southeastern Tasmania over three years. At each
site the mean average precision (mAP, see footnote 1) is shown for a generic model
trained on a separate mosaic containing 387 individuals, and for the same model
fine-tuned using a small number of manually annotated individuals (between 30
and 50) from that survey. Fine tuning the original model improved performance
on the new data in all surveys. The 2011 survey at St Helens Island performed
poorly with both models (shown in red), and this is reflected in a low estimate in
urchin abundance (see Figure 4.8)

Site Year Original Fine-tuned

Model mAP Model mAP
Elephant Rock 2009 0.7003 0.8057
Elephant Rock 2011 0.6981 0.7632
Elephant Rock 2013 0.3875 0.6127
St Helens Island 2009 0.3721 0.5515
St Helens Island 2011 0.0000 0.0767
St Helens Island 2013 0.4004 0.5401

in 2011 appears to be reflected in a low estimate of urchin density for that survey.
However, apart from this outlier, the use of automated detection did appear to capture
a stable trend in urchin densities over the three sampling years as reported by Ling
et al.. To test this hypothesis that there was no observed trend in the urchin density
over the three years of surveys a two-way fixed effects analysis of variance (ANOVA;
n=>5 replicate quadrats per plot) was used with factors of Site (Elephant Rocks and St
Helens Island) and Year (2009, 2011, 2013), as an analogue to the analysis performed
in the study. The ANOVA showed no significant correlation between density and year
confirming the automated approach observed the same stable observations of urchin

density as the in situ and manual image based observations.
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Figure 4.7 — AUV generated photomosaic at Elephant Rock, Tasmania in 2013 showing
automated detections of C. rodgersii (yellow dots) and random virtual 2x25m
quadrats (blue) used to estimate the urchins’ density at this survey site.

4.6 Observing Urchin Density from Unprocessed
AUV Images

So far in this chapter, detections of urchins made in photomosaics generated using
AUV collected images have been used to estimate their density. As discussed, this is
possible since urchins are slow moving so individuals are unlikely to move in between
repeat views by the imager. This means that urchins detected in the photomosaic

likely represent unique individuals.

Section 3.2.2 discussed how the movement of targets during survey image collection
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Figure 4.8 — Mean densities of long-spined sea urchins (C. rodgersii) at two study
sites over three sampling efforts (2009, 2011, 2013) calculated using our automated
process (solid lines) and manual counts from the AUV photomosaic (dashed
lines) taken from [126]. Error bars for the automated estimates are +1 standard
error. Note, values and error bars for the manual analyses have been transcribed
from the paper, see Fig 4.5 for the original plot.

affects their appearance in the generated composite images. Therefore, the same
approach is unlikely to reliably estimate target densities if we are instead observing
more mobile benthic targets. For these targets, detections need to be made in the
unprocessed images (as opposed to in the composite photomosaic) then reprojected

onto the composite images.

Before this can be done, we need to verify whether individuals detected in images can
be accurately reprojected onto the mosaic, and therefore whether these detections can
be used to estimate the abundance of targets. We can estimate the reprojection error
by projecting repeat observations of an individual back onto the composite image
and measuring the variation in the points. Large reprojection errors would affect the
precision of estimates of the position of the detected targets. If these are systematic
(e.g. in response to a particular habitat structure) they could be incorporated into
the model of animal locomotion used in the following chapter. Random reprojection

errors would add to the uncertainty in estimating the target position which would
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make it more difficult to determine whether a given detection is a new or repeat

individual.

Figure 4.9 shows the reprojected points onto two individual urchins. Each individual
was observed in eight images. All the points land on the urchin in question with the
individual at the top of frame having a reprojection error (i.e. the mean distance
from each reprojected point to the centroid of points) of 7.8mm and the individual at
the bottom of frame had a reprojection error of 38mm. Given that urchins tend to
be approximately 150-300mm in diameter [36], reprojected points derived from the
centre of automated detection bounding boxes are likely to fall within their body on

the composite image, therefore simplifying localisation and aggregation.

Figure 4.9 — Reprojected points from repeat observations of two individual Long-
Spined Sea Urchins (C. rodgersii). Each individual was observed in 8 separate
views. Reprojection errors for individuals at the top and bottom of frame were
7.8mm and 38mm respectively.

To verify this, we will observe urchins in the unprocessed images, reproject their
positions onto the photomosaic and verify that these reprojected locations also contain

an urchin. Figure 4.10 shows a region of a photomosaic containing urchins. The
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urchins detected in the unprocessed images on the right of the figure have been
projected onto the mosaic at the left. Additionally, the locations are projected back
onto each image viewing the point to verify that the reprojection process is valid across
all views of the scene. This allowed the repeat observations of the same individual
to be clustered. The number of unique individuals could then be estimated from the
unprocessed images. These individual’s detections can then be reprojected onto the
photomosaic. If the reprojection process is accurate, it would be expected that the
reprojected points on the mosaic contain an individual urchin. This is the case for the
points shown in Figure 4.10. This means that density estimates from photomosaic

will match those made from the image detections.

Figure 4.10 — Urchin observations in photomosaic (left) and unprocessed AUV im-
ages (right). The original tagged individuals are marked with green flags, and the
reprojections of those tags are shown in blue. The images were processed sequen-
tially, so urchins detected in the first images are reprojected onto the future images.
All urchins tagged in an image were correctly reprojected onto the future images
so repeat tags were not needed. All individuals tagged in the unprocessed images
can be seen in the photomosaic suggesting that these detections can be used to
estimate the density of individuals.

To further test the reprojection, five regions in the mosaic were selected (Figure 4.11).

All images capturing the central point of the region were identified and estimates of
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the urchin density were made from the images and the photomosaic. These are shown
in Table 4.2. All the individuals observed in images were accurately reprojected onto
an individual in the photomosaic, resulting in identical counts of urchins using the
two methods at all five points. This demonstrates that accurate reprojections of
individuals detected in unprocessed AUV images are possible, and these detections

can be used to produce density estimates.

Figure 4.11 — Reprojected positions of urchins observed in unprocessed AUV images
(green). Urchins observed in images capturing views of the five points (magenta)
were reprojected onto the photomosaic at the points shown in green. Every indi-
vidual detected in the unprocessed images was reprojected onto a unique urchin in
the photomosaic, thereby validating the reprojection process.
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Table 4.2 — Counts of urchins made in the underlying images and directly in the pho-
tomosaic. For each of the 5 points shown in Figure 4.11, the number of images
capturing the plot are shown. Urchins in each image are tagged and reprojected
onto the photomosaic and back onto the remaining views. The number of unique
individuals are counted from the image detections, and these and each individual’s
position on the mosaic is observed to confirm that they are also present in the
photomosaic. The number of individuals counted in the images and the photomo-
saic were the same for all five points. This demonstrates that detections made in
images can be used to estimate the density of benthic targets.

Point # Views # Urchins in # Urchins in
Images Mosaic
1 7 7 7
2 9 6 6
3 8 7 7
4 11 14 14
5 12 11 11

4.7 Summary

This chapter described the approach for estimating the abundance and spatial distri-
bution of stationary and slow moving benthic targets, using the urchin Centrostephanus
rodgersii as an example. Automated detection allows for rapid analysis of photomo-
saic where high densities of targets are present and facilitate low cost observation of
large seafloor extents. While measurements of urchin density using the automated
detections tended to underestimate compared to manual counts, the pipeline was able
to observe similar temporal trends in the abundance of C. rodgersii in urchin barrens

as manual estimates from imagery from the literature.

In the next chapter we will explore how the approach can be modified in order to
estimate the distribution and abundance of benthic fauna which do move during the
course of the survey image collection. While in this chapter we replicated traditional
surveys by estimating target abundance using virtual quadrats, the next chapter will
also demonstrate how the unique ability to observe spatial distributions of targets

can be exploited to better understand how the target organisms utilise the habitat.



Chapter 5

Estimating Abundance and Spatial
Distribution of Mobile Benthic

Fauna

5.1 Introduction

We have established that the spatial distribution of targets that do not move during
the course of an SfM survey can be estimated by detecting individuals in the composite
image. This chapter will shift the focus to mobile benthic targets where this is no

longer the case.

AUVs present an attractive option for observing mobile benthic fauna. As discussed,
they allow rapid benthic surveys without the restrictions on depth and time associated
with SCUBA diving. They facilitate simultaneous observation of mobile fauna and
their habitat, and can be used to localise individuals relative to that habitat. This
is not possible using catch based methods which are traditionally used for studies of

mobile benthic fauna.

As discussed in Chapter 3, movement of targets during a survey makes estimates of

abundance and distribution made from the composite image unreliable. This means
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Figure 5.1 — Overview of the pipeline for automated observation of the spatial distri-
butions of mobile benthic fauna. Images and navigation information are captured
by the AUV. This information is used to generate detailed, texture-mapped 3D
digital models of the environment. A CNN is trained to identify lobsters and indi-
vidual sightings are integrated into the 3D map. The resulting integrated map can
be used to estimate population density and relationships with underlying habitat
characteristics (e.g. structural complexity).

that mobile targets need to be observed in the underlying source imagery to increase
the likelihood that all observed individuals are considered. Figure 5.1 outlines the
proposed pipeline. This involves making detections of individuals in the AUV images,
projecting these detections onto the reconstruction, and aggregating repeat detections

to estimate the density and distribution of individuals.

Analysing the unprocessed images results in a much greater volume of data compared
to direct observation in the composite images. This make manual analysis infeasi-
ble, so Section 5.3 describes training and implementation of a automated detection

pipeline to facilitate sustainable deployment of the proposed pipeline.

Since individuals are no longer being observed directly in the georeferenced photo-
mosaic, the detections need to be localised by reprojecting them into 3D space using
the reconstruction and the vehicle’s navigation solution. The vehicle is equipped with
stereo cameras which could be used to triangulate the 3D position of individuals ap-
pearing in both frames. Stereo approaches are often used for observing mobile fauna

and can give highly precise and accurate estimates of the size and position of observed
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targets [92, 93, 27], but require locating corresponding points in the two frames. To
automate this process would require detection of the target in both frames, finding the
corresponding detections (in the case of multiple objects being detected simultane-
ously), and precisely determining the pixel location of the same feature on the target
in the two frames. The proposed approach in Section 5.4 only requires detection in
a single image, and small deviations in the projected pixel (e.g. within a detection
bounding box) are unlikely to result in large errors when estimating the 3D position

of the target.

Localised observations of individuals can be used to generate a model of their fine-
scale (7.e. within reef) habitat preferences which are prohibitively time-consuming to
collect using traditional, in situ observational techniques. Such models can be used
to identify specific habitats which provide refuge for the target fauna, allowing for

targeted deployment of management (e.g. protected areas) with maximum benefit.

Since multiple overlapping views are required to perform an SfM survey, targets de-
tected in each image do not necessarily represent a unique individual since a single
individual is likely to be imaged on multiple occasions. Section 5.5 presents an ap-
proach for associating these repeat detections to individuals using an understanding
of the species’ locomotory behaviour and the vehicle’s movement during the survey.
This allows reporting the most likely populations given a set of localised detections
and a model of the targets’ movement. This approach is validated against simulated
mobile targets, then applied to real detections of J.edwardsii individuals from imagery

collected by the AUV Sirius.

5.2 Observing Southern Rock Lobster Using Ben-
thic Imaging AUVs
The southern rock lobster (Jasus edwardsii) is an economically, culturally, and ecolog-

ically important organism supporting valuable commercial and recreational fisheries

in southern Australia and New Zealand [163]. Understanding habitat preferences, and
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estimating population sizes and characteristics of J. edwardsii is critical to ensure its

fisheries are properly managed and sustainable into the future.

J. edwardsii is known to predate upon long-spined sea urchin ( Centrostephanus rodger-
sit) in their expanded southern range [106, 163] and removal of lobster by fisheries
has been shown to contribute to the formation of urchin barrens [125]. Therefore,
management of J. edwardsii populations also forms an important aspect in the control
of the invasive urchins, and has been proposed as a method for encouraging recovery

of urchin barren regions in Tasmania [36, 107].

Rock lobsters are able to move along the seafloor propelled by their legs. Studies have
recorded walking speeds of various species of lobster at O(1073 — 1072)ms ™! [80, 148,
137]. This movement is likely to result in distortions (see Figure 3.4), shadowing (see
Figure 3.5), or absence of individuals in the complete composite mosaic generated
from benthic image sequences. Therefore, better estimates of their abundance and
distribution can be made by observing individuals in the unprocessed AUV images,

rather than the photomosaic.

5.3 Automated Detection of Southern Rock Lob-

ster in AUV imagery

The imagery used to demonstrate the pipeline for observing the spatial distribution
and abundance of J. edwardsii at reef scales was collected by the AUV Sirius in
the Huon Marine Park of the south-eastern coast of Tasmania. During this survey,
benthic image pairs were collected and used to generate a 3D reconstruction and 2D
top-down composite image of the seafloor. A portion of this survey composed of over
10,000 images covering approximately 30m x 30m of seafloor area will be used in
this section. Manual detection of individual lobsters in this number of images would
be extremely time consuming and would likely result in a processing bottleneck in
routine surveys. This section describes an automated detection pipeline which allows

for efficient analysis of the AUV imagery.
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Figure 5.2 — Automated detections of southern rock lobster (Jasus edwardsii) individu-
als in two images collected by the AUV Sirius in the Huon Marine Park, Tasmania.
Lobsters are cryptic and cover only a small part of the image fields of view making
manual detection difficult. However, the automatic detection algorithm performs
well (Figure 5.4).

5.3.1 Training the Lobster Detector

As in Section 4.4, the RetinaNet object detection algorithm was used to automate
detection of target individuals. However, in this case the model was trained and
deployed on the unprocessed AUV images rather than the photomosaic. To train the
network, bounding box annotations were manually made on a set of 186 instances
of J. edwardsii observed in randomly selected images collected by the AUV Sirius

during a survey of the Huon Marine Park, south of Tasmania in 2013.

Unlike the urchins, lobsters are observed in a variety of orientations and do not present
a uniform cross section in images (Figure 5.2). Therefore, the one-click annotation
system using a uniform box size (Section 4.4.1) could not be used. Instead the script
was modified to allow boxes to fit each individual target to be manually annotated.
Where only a portion of the individual was visible - often the antennae and/or the
head emerging from an overhanging reef section - the box was drawn around the

visible parts.
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Figure 5.3 — Examples of correct (green) and false positive (red) automated detec-
tions of lobsters in images captured by the AUV Sirius in southeastern Tasmania.
The successful detections had classification scores of 0.93, 0.99, 0.98 from left to
right, and the false positives had scores of 0.80, 0.76, and 0.94. The algorithm is
able to capture individuals even when only their antennae are visible (see top left)
which is often how lobsters are observed on reefs. Note that the images are en-
larged and detections centred to show detail, the full images containing detections
are shown in Figure 5.2.

5.3.2 Evaluating Performance

To evaluate the performance of the trained lobster detector, a sample of 435 instances
in which the model gave a positive prediction with a confidence of 50% or greater
was analysed. Each detection was verified to determine whether or not a lobster
was present in the proposed bounding box. From these detections the receiver op-
erating characteristic (ROC) was generated (Figure 5.4). The ROC curve plots the
false positive rate (FPR) against the true positive rate (TPR) for varying detection
thresholds.

A '"perfect" model has a fpr of zero and a tpr of 1. The detection threshold used
was 0.82, and was chosen by finding the point on the ROC curve which minimises

the geometric distance to (FPR = 0, TPR = 1). The model appeared to separate
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true and false positives well, with a high area under curve of 0.92, meaning that a
randomly selected true positive detection is 92% more likely to have a higher detection
score than a randomly selected false positive. Lobsters were detected in successive
overlapping frames with high classification scores. False positives occurred on certain
types of corals and sponges (see Figure 5.3), however they tended to give higher
classification scores sporadically and did not appear to be consistently detected in
successive frames. Therefore, detections can be made more robust by considering the
sequence of images and only using positive detections that occur in multiple sequential

frames.

Figure 5.4 — Receiver operating characteristic (ROC) curve for automated detection
of southern rock lobster using the RetinaNet object detection framework as tested
on 435 individual automated detections. The ROC curve is used to determine the
detection threshold used throughout this section. The point along the curve closest
to (0,1) (magenta), gives the detection threshold used throughout this section.

We now have a model which can reliably automatically detect individual lobsters
in AUV images. This allows for analysis of the large volume of images produced

in a typical survey identifying the location within frames where individual lobsters
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appear. The next step in performing a spatial census of these animals is to localise

the detections within the surveyed reef.

5.4 Localisation of Detected Individuals

Recall that in Section 3.4, it was shown that the intersection point between a ray
passing through a benthic target’s pixel location in an image, and the seafloor, gives
the target’s approximate 3D position (see Figure 3.6). Therefore, by finding the inter-
section point between rays passing through detected lobsters in the raw images and
the 3D mesh generated from those images, we can estimate the position of detected

individuals.

Many SfM software packages can perform this projection from the source images
onto the 3D reconstruction. The general geometric solution is also presented in Sec-
tion 3.4.1. This allows localisation of detected individuals using only the image in
which they were detected, the camera pose at that frame, the 3D mesh, and the

camera calibration parameters.

This process allows individuals detected in the underlying images to be projected
onto the final 3D surface and 2D projections of the seafloor. Figure 5.5 shows an
example of the automated detection of lobsters projected onto the mosaic. Unlike for
the urchins where the reprojection errors were relatively small, the projected points
from a single lobster appear to show some variation between views. This is in part
due to the movement of the lobster, and variations in the shape and exact location
of the detection bounding box in different cameras. It may also be caused by the
higher structural complexity if this site compared to the urchin barren in the previous
chapter. A more complex 3D reconstruction is more prone to errors in identifying the

exact mesh triangle the target lies in.

The reprojected locations of the full set of automated detections are shown in Fig-
ure 5.6. Now that we have localised detections for individuals observed in the images,

the question then becomes one of determining how many individuals are actually
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present in this area of seafloor.

Figure 5.5 — Distribution of the reprojections of repeated detections of the same in-
dividual southern rock lobster in a AUV captured image sequence. The individual
lobster was detected by the automated algorithm in five images (three of which are
shown on left). Each detection was reprojected onto the mosaic (right) by finding
the intersection point of a ray passing through the centre of the detection box and
the reconstructed seafloor surface (Section 3.4.1).

5.5 Aggregating Localised Detections for Spatial
Census of Mobile Targets

One of the primary aims of this thesis is to develop a method for estimating abun-

dance of benthic targets - including mobile benthic fauna - using reef-scale composite
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Figure 5.6 — Photomosaic generated from images collected by the AUV Sirius in
the Huon Marine Park, Tasmania. 171 localised detections of Jasus edwardsii are
shown in green. The detections were made in the unprocessed images and repro-
jected onto the photomosaic so likely represent repeat observations of individual
lobsters.

imaging techniques. The methods in Section 5.3 facilitate automated detection of
mobile benthic targets and localisation of their positions in 3D. However, since these
detections are made in the unprocessed AUV images which capture overlapping sec-
tions of seafloor, each individual lobster may be observed in multiple frames. Using
these detections to estimate abundance is therefore likely to result in an overestimate
of the actual abundance. An approach for associating detections to individuals is
required to generate accurate estimates of the abundance of targets in the surveyed

area.

Section 3.5 discussed how approaches to this problem can range from simple clus-
tering of detections, to more involved approaches which apply information about the
detections and the behaviour of the target species to associate detections to specific

individuals. In this section we will apply two approaches at either ends of this spec-
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trum. The first is a simple distance based clustering approach, and the second is a

modified tracking approach.

5.5.1 Distance based aggregation

A simple approach is to group adjacent detections using a clustering approach. The density
based spatial clustering of applications with noise (DBSCAN) algorithm [60] provides
an efficient way of performing this operation. Unlike many clustering algorithms (e.g.
K-means clustering [128]), DBSCAN does not require the number of clusters to be
determined, which is suitable for our application since we are trying to estimate the

number of individuals in the survey area.

Figure 5.7 shows projected automated detections of lobsters and proposed locations

of individuals estimated by clustering the detections using DBSCAN.

While this clustering approach is simple to implement and does produce estimates of
the abundance and distributions of organisms from the automated detections, it does
not consider the timing of the detections, the survey parameters, and the likely rate
of movement of detected individuals which can all be used to exclude impossible or
unlikely associations between detections to individuals and therefore produce a better

estimate of the actual distribution and abundance of targets.

The sequence and timing of detections can help determine their most likely source,
e.g. two adjacent detections may be more likely to have come from a single target if
they were made closer in time before the target had the opportunity to move away
from the initial location and other targets to move into it. Applying information
about the sequence of detections and an understanding of how targets may move,
is likely to provide better estimates of the distribution of individuals from which
a set of detections is made. The remainder of this section will develop a modified
tracking approach which utilises this information for estimating the abundance of

mobile benthic targets.
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Figure 5.7 — Positions of reprojected detections of J. edwardsii, made in the unpro-
cessed AUV images used to generate this reef-scale photomosaics (green). The
DBSCAN clustering algorithm was used to filter repeat detections, and the pro-
posed locations of individual lobsters are also shown (red)

5.5.2 Using survey characteristics and target species behaviour

for detection association

Tracking multiple moving objects from observations can be framed as a data associ-
ation problem. Mobile robots track features they observe from (often noisy) sensor
data, and use these detections to estimate their own path [75, 216]. Data association
is often applied in this context to aid in navigation and mapping by field robots.
In our application, as we make new observations we’d like to determine whether an
observed target is a repeat detection of a previously seen individual and should be
assigned that existing track, or if they are a new individual and should be assigned

to a new track.

Multiple hypothesis tracking (MHT) is an established technique for predicting the as-
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sociations of observations to moving individuals. It is traditionally applied to acoustic
or laser scan data [23] however it is equally applicable to tracking individuals from
detections in images. In typical applications, associations between observations and
target tracks are scored by matching the modelled motion of the object and the

position of the observation, as well as by comparing the appearance of the target.

Here we will modify the MHT approach presented by Blackman and Popoli [22] and
Kim et al. [110] to apply to the case of detections of mobile targets made in benthic
images in order to generate and score hypotheses for the targets’ distribution and
abundance. This approach will be validated against simulated data, and applied to

the set of localised detections of J. edwardsii made earlier in this chapter.

As mentioned, it is often difficult to distinguish between individuals of a given species.
So the approach proposed here will rely on a model of the targets’ movement to
associate observations and to form hypotheses of their distribution and abundance.
The MHT approach demonstrated by Blackman and Popoli [22], and Kim et al. [110]
will be modified to accept localised detections of mobile fauna as inputs and generate
ranked hypotheses for the abundance and distribution of the observed targets using

a model of the animals locomotory behaviour.

Given a set of localised detections, the possible associations of detections to individu-
als can be generated. The likelihoods of these associations can then be used to exclude
impossible associations (i.e. those that would require the target to move faster than
it is capable of), and to rank the likelihood of global association hypotheses. These
global hypotheses represent the full set of associations, and therefore describe the pro-
posed motion tracks of each individual in the survey. By scoring the likelihood of the
global hypotheses we are able to propose the most likely solution for the distribution

and motion of targets within the survey area.

5.5.3 Building abundance hypotheses

The first step in the MHT process is creating the possible tracks from the set of

detections. Say we have two detections, Dy and D; made at timesteps ty, and t;
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respectively. There are two possible scenarios, either the detections represent two
distinct individuals, or D; is a repeat detection of the individual observed in Dy.

This results in three potential tracks (T'rg - Trs):

TTO : [D07 _]
7—‘Tl : [_7D1]
T?"Q [Do,Dl]

Figure 5.8 — Graph representation of the first three tracks generated in Section 5.5.3.
Each track forms a node in the graph, and incompatible tracks, i.e. those which
share a detection, are connected by edges. maximal independent set (MIS) of the
graph nodes form the global hypotheses.

Tracks which share a detection are incompatible (e.g. Track 0 and Track 2 which
both include detection Dy). By combining compatible tracks, global hypotheses can
be generated. Here we are left with the two possible hypotheses, Hy where there are
two distinct individuals, and H; where the same individual has been detected twice.
In this simple case the compatible tracks are obvious. However, when processing a
large set of detections, the hypotheses can be generated using a graph representation
(Figure 5.8). Set each track as a graph node, and create edges betweein tracks which

share a detection (7.e. incompatible branches). Each abundance hypothesis we wish
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to extract is a maximal set of nodes which do not share edges, i.e. they form a MIS
of the generated vectors. Graph analysis software (e.g. igraph [51]) can be used to

generate the network, and calculate the MISs to provide the hypotheses.

Hy:Try, Try : [D07 _]7 [_a Dl}
H1 ZTTQ : [D07D1]

Repeating this exercise with a third detection Dy made at the next timestep to results

in seven potential tracks:

Tro: Do, —, —]
Try : [Dy,—, Dy
Try:|—, Dy, —]
Trs: [—, Dy, Dy
Try: [Dy, Dy, —]

The graph representation of this set of tracks is shown in Figure 5.9. The compatible

tracks result in the following five possible hypotheses.

HO ITT’(),TTQ,TTG : [DO,_7_]7[_7Dla_]y[_a_7D2]
Hy :Try,Try : [DOa_>D2]a[_>D17_]
H2 ITT‘o,TTg : [DOa_7_]7[_aD1aD2]
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Figure 5.9 — Graph representation of the tracks generated at the next step after those
shown in Figure 5.8. An additional detection was made increasing the number of
potential tracks to seven, and increasing the complexity of the graph.

H3 2T7"4,T7"6 : [D07D17_]7[_7_7D2]
H4ZT7"5 : [Do,Dl,DQ]

The hypothesis space rapidly expands as the number of detections increases. A mech-
anism for scoring and ranking hypotheses would allow unlikely scenarios to be dis-
carded and reduce the hypotheses space to a manageable level. Additionally, scored
hypotheses could be used to determine the likeliest solution, and therefore the best

estimate for the distribution of individuals in the survey.
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5.5.4 Gating and scoring abundance hypotheses

In MHT, tracks are scored using the log likelihood ratio (LLR) between the hypotheses
that a given detection came from that track, and that it came from the background

(i.e. is a new individual).

Blackman and Popoli [22], and Kim et al. [110] demonstrated that the track score

can be calculated incrementally for each timestep () ':

S(t) = S(t — 1) + AS(t)

The score increment AS(t) can be calculated as follows?:

vV 1 d?

Where:

V' : The observed area (i.e. camera footprint)
Z : The covariance of the target’s predicted position

d? : The Mahalanobis distance between the observed and expected position of the target

In order to calculate Y and d?, we require a model that approximates the movement

!The original formulation [22] also includes an appearance score in the increment. However,
this thesis implements only a motion score. The appearance score can be added and could use e.g.
CNN features of the detected individuals to assist in scoring the associations between detections.
However, as discussed (and can be seen in Figure 5.3), individual lobster are difficult to distinguish
from one another, so doing so using learned features is also likely to be unsuccessful.

2If the track is being updated with a new detection (e.g. Track 2 in the scenario described in
Section 5.5.3) this is the function to use. However, if a new track is being initialised (as in tracks
0 and 1), the score is based on the likelihood of encountering an individual. A standard approach
is to assume a uniform likelihood across the survey area, however, it is also possible to use known
habitat associations of the target species, e.g. with habitat complexity or habitat forming organisms
to create a background likelihood map. However, we will continue with the standard approach here.
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of the observed targets. These will allow an estimate of the target’s position from
a previous observation and allow gating of associations to exclude unlikely pairs (by

setting a threshold value for d?).

Modelling target movement model as a Gaussian Random Walk

Say we want to observe an organism which is known to have a maximum locomotion
speed V.. and we make a detection of an individual at time ¢ty and at a position Xj.

It follows that at time ¢;, the individuals position X; must be in the range:

X(] — (tl — to) * Umar <— X1 <= XO + (tl — to) * Umazx

If a new detection falls outside this range, then it is not possible that that detection is
of the same individual originally observed so that association need not be considered

in the proposed solution. This process of eliminating associations is called gating.

We can model the movement of a target where individuals take a step of random length
up to the maximum length ((t; —to)*Vmae) at each timestep. This model of the targets’
movement gives a uniform distribution of possible locations of the individual at a
proceeding time step. This means that there is an equal likelihood of the individual
being at any given point within the region bounded by the maximum step size from
their original location. While this allows elimination of impossible associations, it

does not provide a way of estimating the likelihood of a given association.

A more realistic model of the targets’ movement may incorporate the assumption
that an individual is more likely to take a smaller step than a larger one. This would
reflect an organism that has an affinity to a particular home range which is true
for many benthic species. One way to simulate this is to use a gaussian random
walk, where the length of each step is randomly selected from a normal distribution
centred on the target’s original position. Similar approaches have been used to model
the movement of a range of targets [13], e.g. insects [4, 49] and large herbivores [19].

This approach provides a way to score the associations of each detection, and therefore
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to rank multiple competing hypotheses for the distribution of observed targets. This
approach also allows for gating of associations using a confidence interval of the normal

distribution.

In this model, the position X; of an individual at time ¢, is given by the following:

X1 ~ N(Xo, 0'2)

X lies within a normal distribution centred on a mean p = X, its position at time

2 is analogous to the typical speed of the

to. The variance of the distribution, o
organism. A 'faster' target can travel further in a given time interval, so it follows

that its possible position lies in a wider distribution.

Modelling the motion of individuals in this way provides a straightforward way of
predicting the position of the individual after any number of time steps. Using the
additive properties of normal distributions, the individual’s possible location at ¢y
forms a normal distribution with the same mean, u = Xy, and with twice the initial
variance, i.e. 202. More generally the distribution of the positions of an individual

initially observed at X, at time step ¢ is given by:

X; ~ N(Xy, ic?) (5.2)

If we assume that the target of interest’s movement can be approximated by a 2D
plan and their position by (x, y) in some coordinate frame, then the model of the
target motion allows us to calculate the covariance (3°) and Mahalanobis distance

(d?):

20={, 5 =0) (5.3)

d* = (Xo — X)X H(Xo — X)) (5.4)
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Equation 5.1 can then be used to score each track, and therefore the generated hy-
potheses. As the detections are processed, tracks which diverge from the highest
scoring hypotheses can be ignored, a process known as track pruning [110]. This
allows the number of tracks - and therefore the number of hypotheses - to be con-
trolled. This allows the hypothesis space to be maintained at a manageable level

while reducing the likelihood that the correct track will be discarded.

5.5.5 Impact of map expansion rate and target mobility

Equation 5.1 demonstrates how the rate of map expansion, and the movement of the
targets will affect our ability to reasonably estimate the abundance of targets from

detections.

vV 1 d?

We can see that the score increases as the image footprint area (V') increases, and
decreases as covariance (), and mahalanobis distance (d?) increase. The variance
(0?) is a proxy for the rate of movement of the target. Faster moving animals will

2 and therefore greater uncertainty in estimates of their position at

have a larger o
future timesteps. Both 3 and d? will be larger for a larger o2 so the score - and
therefore the certainty with which a detection can be associated to an individual -
will be lower. A greater rate of map expansion will tend to reduce the time between
detections (i in eqn. (5.1)), this will result in smaller values for 3 and result in higher

scores for those detections.

This model captures the fact that faster moving fauna require a survey with a greater
rate of map expansion in order to generate abundance estimates with acceptable levels

of uncertainty.
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5.6 Testing Aggregation Model Using Simulated
Data

Validating abundance estimates made from localised detections in a reef-scale AUV
survey would require either comprehensive in situ observations of the survey area to
accurately estimate the abundance, or performing surveys in a controlled area where
the abundance and distribution of targets is known. In the absence of these data,
we will instead validate the MHT detection aggregation approach using simulated
data. This will allow us to determine whether we can generate reasonable estimates
of abundance, provided that our assumptions about the movement of the targets are

sound.

Let us setup a simple scenario to test the ability of this process to accurately associate
detections to individuals and estimate their abundance. Consider a 1m x 5m region

of seafloor containing three individuals (/y_2) of a mobile species (Figure 5.10a).

The movement of this species can be modelled using a gaussian random walk with a
variance (0?) of 0.1m?. This means that if an individual is observed at position Xj at
time tg, then the probability density function of the target’s position at time ty+ 1s is
normally distributed with a mean position of X and a variance of 0.1. By sampling

this distribution the movement of the targets can be simulated (Figure 5.10c).

Let us observe these targets using images captured by a benthic imaging AUV. As-
sume that the vehicle images the seafloor every second with a 1m x 1m footprint (z.e.

1m?) while traversing the region from left to right at a speed of 0.6ms™!.

Targets
falling inside the image footprint as the vehicle passes overhead are detected and

localised (Figure 5.10d).

In this example, each individual is detected twice, giving six total detections (Ta-
ble 5.1). Following the process outlined in Section 5.5.3, the possible tracks can be
generated from this set of detections. The tracks can be scored using Equation 5.1,
allowing gating of unlikely associations (e.g. between detections D4y and D;), and

ranking of the proposed hypotheses. After gating in this scenario, we are left with
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(a)

(b)

(c)

(d)

Figure 5.10 — Simulated observations of mobile benthic targets in a 1m x 5m seafloor
region by a benthic imaging AUV. Three individuals are present in the survey
area, (a) shows their positions at the beginning of the survey. The AUV traverses
the region from left to right, the first three image footprints are shown in blue in
(b). The movement of the three targets is generated using a gaussian random walk.
The resulting paths are shown in (c), and the frames in which the individuals are
detected are in (d).
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Table 5.1 — Details of the detections of simulated mobile benthic fauna illustrated in

Figure 5.10.

Detection id Time (s) Individual Position (m)
Dy 0 Iy 0.800, 0.752
D, 1 Iy 0.957, 0.823
D, 2 I 2.155, 0.532
Dg 3 I 2.129, 0.602
Dy ot P 3.901, 0.051
Ds 6 P 3.843, 0.006

13 tracks and 16 hypotheses. Figure 5.11 shows the number of predicted individuals
and the hypothesis for each of the predicted scenarios.
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Figure 5.11 — Predicted number of targets and hypothesis scores for detected simu-
lated mobile benthic targets shown in Figure 5.10. The simulated scenario con-
tained three individuals, and the highest scoring hypothesis predicted this number
correctly

The highest scoring hypothesis predicted the correct number of individuals (3), and
predicted the correct associations between detections and individuals, i.e. detections

Dy and D; to individual Iy, Dy and D3 to individual 1, and D4 and D5 to individual
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I5. The three tracks representing this are:

[D07D17_a_7_7_] : IO
[_7_7D27D37_a_] : Il
[_7_7_7_7D47D5] . IQ

This simulation demonstrates the process of applying the modified MHT pipeline to
detections of benthic targets in a simplified example. Next we will simulate a more
realistic scenario and test the robustness of the model to incorrect estimates of the

movement parameter, o2 and the background probability.

5.6.1 Robustness of MHT Model to Parameter Errors

In the previous example, the simulated AUV covered the survey region in a single
pass. However, in reality multiple passes are typically required in order to adequately
cover the region, and to ensure enough overlap between images to generate the 3D

reconstruction.

Let’s now consider a bm x 5m seafloor area. As above, there are three individuals
present and their movement can again be modelled using a gaussian random walk
with 02 = 0.1. The region is imaged by an AUV which follows a back-and-forth path
starting at the bottom left and ending at the top right. Figure 5.12 show an example

of this simulation.

To test the robustness of the MHT model to poor estimates of the movement pa-
rameter for the targets o2 and the background probability we will generate a set of
detections from the simulation over 50 runs. To evaluate the performance of the
model, for each run we will determine how many incorrect hypotheses score higher

than the correct one. We will also test the model’s ability to estimate the correct
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(a) (b)

(c)

Figure 5.12 — Simulated observations of mobile benthic targets in a 5m x 5m seafloor
region by a benthic imaging AUV. Three individuals are present in the survey area,
(a) shows their positions at the start of the survey. The movement of the three
targets is generated using a gaussian random walk. The resulting paths are shown
in (b). The AUV traverses the region following a back and forth track starting at
the bottom left and ending at the top right, and the frames in which the individuals
are detected are shown in blue in (c).
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abundance by determining how many of the 10% highest scoring hypotheses which
predict an an abundance of 3 individuals (Figure 5.13). Overall the model appears
to be relatively robust to incorrect values for the two parameters. Underestimating
the variance appears to have an effect, particularly on the likelihood of correctly esti-
mating the abundance. This is likely due to the model overestimating the abundance
when smaller values of variance since detections are less likely to be associated if the

target is slower moving.

This simulation demonstrates that with accurate estimates of the movement param-
eters for the target individuals, detections can be correctly associated to individuals
using an MHT based pipeline. It also demonstrated that reasonable abundance esti-
mates can still be made even if using imperfect estimates of the model parameters.
This means that we are able to generate estimates of abundance and distribution of
targets using localised detections. Next we will apply this approach to the detections

of J. edwardsii generated in the previous sections.

5.7 Estimating Abundance of J. edwardsii Using
Localised Detections and MHT Aggregation
Model

In this section we will use the detections of J. edwardsii generated from imagery
collected by the AUV Sirius in the Huon Marine Park in southern Tasmania using
the automated pipeline presented in Section 5.3. These detections will be passed
to the MHT association pipeline in order to propose and score tracks, and generate
ranked hypotheses for the distribution of individuals in the surveyed area. Figure 5.14

shows the process for applying the pipeline to detections of benthic targets.
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(a)

(b)

Figure 5.13 — The effect of varying the variance o2 (a) and density (b) in the MHT
pipeline. 50 simulations were run using a variance of 0.1 and density of 0.12 and
hypotheses were generated using the MHT process using varying values for the two
parameters. The number of incorrect, higher scoring hypotheses for each simulation
run are shown on the left, and the proportion of the highest scoring hypotheses
which predicted the correct abundance for the simulation are shown to the right.
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Figure 5.14 — Process diagram for applying MHT based association pipeline to detec-
tions of mobile benthic targets. After the detections are made, an understanding
of the locomotory behaviour of the targets is used to discard impossible associa-
tions between detections (gating). The remaining associations are combined into
possible tracks. These tracks are scored using Equation 5.1 and pruning is used
to reduce the number of tracks. Compatible tracks are combined into hypothe-
ses for the distribution of individuals. The hypothesis scores are the sum of their
component tracks, and the highest scoring hypothesis represents the most likely
associations. These can be plotted to show the tracks of individuals during the
survey.
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5.7.1 Modelling the Movement of J. edwardsii

To apply the association process to the localised detections of J. edwardsii made
earlier in this chapter, a model of movement of individuals over survey timescales is
needed. The first requirement is to select an appropriate value for the variance in
the distribution (02 in eqn 5.2). This requires an understanding of the locomotory
behaviour of the target which can be gained from experiments, or from observational
studies. For example, if we are interested in observing the movement of lobsters, we

could look to studies of their locomotion.

Melville-Smith and Beale [137] observed the movements of released and recaptured
individuals of a similar species - the western rock lobster (Panulirus cygnus)® - over
a period of several days. The speeds observed ranged between 0.056 to 0.19ms™1,

with a mean speed of 0.12 ms~!.

Recall that the locomotion model introduced above gives a distribution of the target’s
position at a given timestep by assuming that the target takes a step of length ran-
domly selected from a normal distribution. If we set the timestep to one second, then
based on the observations in this study, the maximum expected step in one timestep
is 0.19 m. Let’s say the observations in that study represent 95% of the possible
distribution of speeds of P. cygnus individuals, i.e. the probability of an individual
moving further than 0.19 m in a second is 5%. The corresponding z-value can be

calculated from the area under the curve of the standard normal distribution.

P(Z <2)=0.95
z=1.96

3Studies exploring the fine-scale (i.e. < 1 metre) locomotion of J. edwardsii over AUV survey
timescales (minutes-hours) could not be found so the morphologically and geographically similar P.
cygnus has been used. This lack of studies is likely due to the difficulties of observing movement at
these scales, and the methods presented in this thesis could be modified to observe these behaviours.
Studies of rock lobster locomotion are typically catch based, and use recapture information over
scales of weeks-years to observe larger scale movements of individuals (e.g. [12]).
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If we also assume that the position of an individual after one second is normally
distributed around its starting position (let’s say Xy = 0), then we can estimate
the variance (%) of this distribution. Let’s say an individual is detected at position
Xo = 0, the distribution of their position after one second will have a mean (u) of 0

SO:

X —p
Z =
ag
X —p
o =
A
~019-0
0 1.96
= 0.097
o? = 0.0094

This estimate for the variance can now be used to score proposed associations be-
tween detections of J. edwardsii and individuals proposed using the MHT aggregation

pipeline and therefore rank hypotheses for the target distribution from our survey im-

agery.

5.7.2 Estimating Parameters for MHT

Recall Equation 5.1, which is used to calculate the association score between two

detections:

Vo 1 d?

So, we need to estimate values for:
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V' : The observed area (i.e. camera footprint)
Z : The covariance of the target’s predicted position

d? : The Mahalanobis distance between the observed and expected position of the target

During benthic surveys, the AUV Sirius is programmed to capture images from a
fixed altitude above the seafloor. For the Huon Marine Park survey being analysed
here, this results in an image footprint of approximately 1.6m x 1.3m of seafloor.

Therefore, we will use a value of 2.08m? for the area parameter V.

The covariance and mahalanobis distance are calculated for each association pair with
the variance value estimated in Section 5.7.1 using the elapsed time and distance

between the candidate detections (Equations 5.3 and 5.4).

In addition to scoring the associations - which represent repeat detections of the same
individual - we need to generate scores for the detection of new individuals. Recall
that MHT implementations typically use a uniform likelihood across the survey area
(see Footnote 2). This likelihood can be approximated using an estimate of the density
of targets in the area. While this may be somewhat circular - since we are deploying
the MHT process to estimate the abundance of targets in the survey region - we
can use a simple approach for clustering detections (e.g. a distance based clustering
approach as shown in Figure 5.7) to give a ballpark value for the target density. The
distance based clustering estimated 30 individuals in the 30m x 30m region, giving a
density of 0.03 individuals m~2. Given the camera footprint area, we would therefore
expect approximately 0.06 individuals in a given image, or one individual in roughly

17 images.
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5.7.3 Managing the Number of Tracks

Figure 5.6 shows the 171 detections of J. edwardsii which we will use to estimate
their abundance in the survey area. The tracks and hypotheses can be built as for

the simulated data in Section 5.6.

Abundance hypotheses are formed by finding the MIS of the generated tracks. This
operation is NP-hard [110], therefore limiting the number of tracks is essential to
enable hypotheses to be generated [46]. As discussed above, we omit unlikely as-
sociations using the movement model for the targets by setting a threshold on the
mahalanobis distance (d?). Lobsters are known to have small home ranges [212], and
are therefore unlikely to travel long distances from their original locations over the
survey timescales. Therefore, we can also gate associations by setting a threshold
for distance such that detections of individuals further apart than this threshold are
omitted. In this application a threshold distance of 2m was used, i.e. detections
made over 2m apart are assumed to have come from different individuals, regardless

of the elapsed time.

Another approach which is widespread in applications of MHT is known as track
pruning [110, 22]. Pruning involves identifying the global hypothesis at each timesteps
(i.e. the hypothesis with the highest score) then discarding tracks which diverge
from it. However, rather than removing tracks that are incompatible at the current
timestep, the nodes being considered are those in the global hypothesis track several
timesteps in the past. This allows pruning decisions to be delayed until further
information about the candidate tracks is known, reducing the likelihood of deleting

the correct track.

Applying these steps to the set of 171 detections still results in an infeasibly large
number of tracks which does not allow hypotheses to be generated. Dividing the
detections into subsets will allow hypotheses to be generated for each set individ-
ually. These hypotheses can then be combined to estimate the overall abundance.
Figure 5.16a shows the seven clusters. This number was chosen to result in sets of

detections that can be processed without the need for bespoke computational equip-
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ment. The clusters were selected by manually grouping adjacent detections, and each

contain between 15 and 37 detections.

5.7.4 Applying the MHT Pipeline to Detections

Applying the association pipeline to the detections of J. edwardsii follows the same
process as outlined for the simulated data shown in Section 5.6. Each detection
includes the time the image was taken, and the projected location of the detected

individual.

The possible tracks are then generated using the detections in each of the seven
clusters. Tracks which include an association between two detections are discarded
if they do not meet the mahalanobis and distance thresholds, and valid tracks are
scored using Equation 5.1. New tracks formed which do not propose an association
are scored using the likelihood of encountering an individual in a frame as discussed

above.

Pruning is performed at each timestep after the tracks are built. The tracks are
combined to generate abundance hypotheses which are scored by summing the scores
of their component tracks. The highest scoring hypothesis is set as the global hy-
pothesis, and tracks diverging from this at 5 steps before the current timestep are
discarded. Increasing the number of steps used results in a higher likelihood that the
correct track will be retained as it gives more chances for associations to be confirmed.
However, a greater value will result in more tracks to pass along to the next timestep,
increasing the complexity of hypothesis generation. The chosen value was used to

balance the tradeoff between accuracy and computational efficiency.

Once all detections have been processed, the final hypotheses are generated and scored
from the remaining tracks. The predicted abundance and scores for all hypotheses in
each cluster are shown in Figure 5.15. The largest score represents the proposed global
hypothesis, and the track associations predicted by these are shown in Figure 5.16b.

By combining the global hypotheses from each cluster we can estimate the overall
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Figure 5.15 — Scores for the abundance hypotheses generated in each of the seven
clusters shown in Figure 5.16a. The hypothesis score (y-axis) estimates the like-
lihood of the proposed associations, and the number of individuals contained in
each hypothesis is shown on the x-axis. The distribution of individuals predicted
by the most likely hypotheses from each cluster are shown in Figure 5.16b.
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abundance of individuals on this reef section. Using the associations predicted, the

total abundance estimated from this set of detections was 81 individuals.

While we cannot directly validate the associations and overall abundance estimate,
the previous section demonstrated that if appropriate assumptions regarding the tar-
get’s movement are made then this pipeline can accurately associate detections to
individuals. The model for locomotion of J. edwardsii was based on studies of a sim-
ilar species (P. cygnus) in comparable environments, therefore we can assume that
the generated estimate represents a reasonable approximation. Regardless of the ap-
proximation of this particular distribution of individuals, this example demonstrates
how these estimates can be generated. Figure 5.15 shows scores for all hypotheses
for each cluster, this shows that there are a large number of possible solutions to
the aggregation problem other than the one shown. A better understanding of the
movement parameters of the specific targets being observed will produce more reliable

estimates and this process is likely necessary for future applications of this work.

5.8 Summary

The techniques developed in this chapter facilitate estimating the spatial distribution
and abundance of mobile benthic fauna over large seafloor extents. The use of auto-
mated detection allows the large numbers of images collected during seafloor to be

efficiently analysed and used to generate localised detections of individual targets.

Modifying the MHT approach for tracking targets detected from a moving benthic
imaging platform allows these detections to be used to estimate the abundance of

targets in the survey area.

The proposed pipeline facilitates simultaneous spatial observation of mobile benthic
fauna and their habitats at high resolutions and over large spatial extents that are
impossible to capture using traditional techniques. These data can be used to better

understand the relationship between these targets and their habitat.
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(a)

(b)

Figure 5.16 — 171 Automated detections of J. edwardsii and proposed associations
generated using an MHT based pipeline. The detections were grouped into seven
clusters (a) to facilitate generating proposed association tracks and global hy-
potheses. The tracks from the highes scoring hypothesis for each cluster are shown
in (b). The combination of these highest scoring hypotheses result in a predicted
abundance of 81 individuals in the survey area.



Chapter 6

Exploiting Measures of Structural
Complexity to Model Benthic

Ecosystems

6.1 Introduction

In addition to the imagery used to identify individual organisms within the surveys
considered to date, the data collected by our AUV systems also provides us with
the opportunity to model the structural complexity of the habitats we are surveying
at multiple scales and over relatively large spatial extents. This information can
provide further insights into the characteristics of these environments. This work
allows observation of habitat complexity and the distribution of individuals at high
resolutions. Therefore these existing approaches can be applied at a scale that is

difficult to achieve using existing observational techniques.

In this chapter we will consider two ways in which this structural information can be
exploited in order to better model habitats that would be very difficult or impossible to
achieve by other, more traditional survey methods. In the first instance we will show

how the observation of the location of individual organisms can be associated with
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measures of structural complexity to build models of species-habitat interactions. In
the second case, we present a novel segmentation algorithm that combines structural
information and imagery to segment habitat forming species that cannot be readily

quantified using a pointwise (or bounding box) approach.

6.2 Modelling Species-Habitat Interactions Using

Localised Detections

The methods developed so far in this thesis allow high resolution estimates of the
spatial distributions of benthic features and fauna at scales which are difficult or
impossible to replicate using traditional methods. Analysis of historical and future
survey data provides an opportunity for unique insights into species-habitat inter-
actions in benthic habitats. High resolution estimates of the spatial distributions of
these organisms within a reef allow us to scrutinise other variables at that scale to de-
termine how they may be influencing the fine scale spatial patterns in the distribution

of individuals of the target species.

Structural complexity has been identified in many studies as an important driver of
benthic community composition (see Section 2.3). AUV and other SfM based survey
approaches allow for high resolution modelling of the 3D structure of the seafloor

which can be used to quantify complexity across the surveyed area [69].

By pairing the 3D model generated by the AUV survey pipeline, and the spatial
distributions of marine fauna estimated using the approaches presented in this thesis,
it is possible to observe how fauna interact with the variation in structural complexity
within a patch of reef. In this section, the impact of structural complexity on the

distributions of southern rock lobster J.edwardsii is explored.



6.2 Modelling Species-Habitat Interactions Using Localised Detections 100

6.2.1 Observing Within Reef Habitat Preferences

Before we model the effect of the variation in structural complexity across the survey
site on the observed distribution of J. edwardsii, it is useful to know whether there
appears to be any difference in observed complexity in the regions where lobsters
were detected and those where they weren’t. This would suggest that the methods
are capable of observing an impact of structural complexity on lobster distribution

within the survey area.

The survey plot was divided into 3mx3m quadrats, evenly spaced on a 0.5m grid.
Three metrics of structural complexity were calculated within each quadrat - rugosity,
and seafloor height range and standard deviation. These values were estimated from
the 3D mesh in each quadrat using the complexitymetrics software package [32].
Rugosity (see Section 2.1.1) measures the ratio between the surface area of the mesh
and the planar area of the quadrat (i.e. 3x3m = 9m?), height range and standard

deviation are measured using the elevation values for the seafloor from the 3D mesh.

Similarly, the three metrics were calculated in quadrats centred on 30 points where
a lobster individual was detected, and a further 30 randomly selected points where
lobsters were not detected. The images capturing these regions were also manually
checked to ensure no lobsters were present which were missed by the automated
detection algorithm. The distributions of the metrics for the three sets of quadrats
are shown in Figure 6.1. The quadrats where lobsters were observed included quadrats
with higher rugosity and height range than appeared in the quadrats where they were
absent. Mean habitat rugosity and height range were significantly higher (p = 0.01,
0.03 respectively) in the lobster quadrats, suggesting lobsters were present in the more
complex regions of the survey plot. This is consistent with previous observations,

which generally find that lobsters prefer more complex habitats (e.g. [212, 74]).

These results show that we are able to observe non-uniform usage of habitat by
fauna in AUV survey imagery using the automated census approach developed in
this thesis. Next we’ll employ the localised detections of lobsters and the fine spatial

scale measurements of habitat complexity to build a SDM for predicting the presence
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Figure 6.1 — Rugosity, height range, and height standard deviation measured from
the 3D surface reconstructions in 3m x 3m quadrats centred at (top row) evenly
spaced (0.5m) grid points across the entire mapped area, (middle row) the 30
lobster detections shown in Figure 5.7, and (bottom row) 30 randomly chosen
points where lobsters were not detected. Mean rugosity and height range were
measurably higher in the quadrats where lobsters were observed.

of J. edwardsii.

6.2.2 Modelling the Effects of Complexity on Within Reef

Distributions of Benthic Fauna

A common approach for observing the effect of habitat or environmental variables on
the presence of organisms is species distribution modelling. SDM is typically used
to predict the presence (or absence) of plants or animals over large geographic scales
using broad scale variables, e.¢g. for modelling the influence of climate data on the
distribution of Joshua Trees across continental United States [78]. In marine environ-

ments, SDMs have been used in a number of studies to predict habitat associations
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of sessile [102] and mobile fauna such as fish [73, 139] and rock lobster [101] using

acoustic bathymmetry.

The methods presented so far in this chapter allow us to generate localised detec-
tions of mobile fauna within a reef. This information can be used to scrutinise the
characteristics of the locations in which the animals have been observed to occur. As
shown above (Sec. 6.2.1), we can observe non-uniform use of habitat complexity by
mobile fauna using these methods. Therefore, it should also be possible to observe
the extent to which the structural complexity of the habitat impacts the distribution
of the observed fauna within it using SDM.

Species distribution models require three pieces of information, locations where the
species of interest is present, locations where it is not present, and the value of
some variable(s) at each of these points which will be used to build the model. In
this section we will use the detections of J. edwardsii as described in Section 5.3 to
generate presence and absence data, and the 3D habitat reconstruction generated

using the AUV imagery to estimate the structural complexity over the surveyed area.

The reprojected points of the positive detections of J. edwardsii in the unprocessed
AUV images were used as the lobster presence points (solid circles in Figure 6.2a).
In total there were 225 detections made. Using all the detections (rather than the
locations of the clusters as in the previous section) gives more data points for training
as it records all the locations where any lobsters were observed. It does mean that
false positive detections are included, but the performance of the detector means
that these are not widespread (see Figure 5.4). For a less accurate detector, the
detection threshold could be raised to reduce the instances of false positives in the
presence points. To determine the absence locations, 225 random points (to match
the number of presence points) were selected in the areas of the map at least 1m,
but less than 3m away from any of the presence points (open circles Figure 6.2a).
The habitat complexity was quantified by calculating the rugosity of the 3D mesh in
virtual quadrats on a 10cm grid over the survey region. Rugosity was calculated in a
range of quadrat sizes (0.6m - 1.6m). This allows us to determine whether a particular

scale is a more relevant driver for predicting lobster presence in the habitat. A multi-
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band raster was generated, where each layer represented the rugosity at each of the

quadrats for a given quadrat size.

The values of the raster at each of the presence and absence points were used to
generate a maximum entropy (MaxEnt) model (following the approach of Hijmans
and Elith [99]). A 5-fold cross validation was performed to test the explanatory
power of rugosity on the presence of lobsters in this plot. The model had an AUC of
0.70, and a Correlation Coefficient of 0.44. This suggests that while relatively weak,
there exists a relationship between the local habitat complexity and the presence of
lobster individuals at this site. The largest quadrat size (1.6m) showed the largest
contribution to the relationship suggesting that complexity over a larger region may
be more important in the lobsters’ habitat choice. This may relate to a typical
"home range" of these individuals. The trained model was then used to predict the
likelihood of lobster presence based on the structural complexity at each pixel in the

raster (Figure 6.2b).
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Figure 6.2 — Habitat rugosity measured in 0.6 x 0.6m virtual quadrats from a 3D
habitat reconstruction of a reef in the Huon Marine Park, Tasmania. Reprojected
locations of automatically detected southern rock lobster (closed circles), and
randomly generated pseudo-absence points (open circles)(a). Likelihood of the
presence of southern rock lobster based on a SDM using habitat complexity as the
environmental variable (b).
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While the model presented here only explained a portion of the spatial variation in
lobster presence, the approach shows how high resolution seafloor reconstructions can
be used to observe and model animal-habitat interactions at a spatial resolution and
extent that would be difficult to capture using traditional observational techniques.
The ability to model fine-scale habitat preferences of benthic fauna facilitates more
nuanced assessments of suitable habitats than would otherwise be possible with broad-
scale traditional techniques which typically decouple the observations of the target

individuals and the environmental variables.

Here we have used complexity information from the AUV survey data to model its
impact on rock lobster presence. However, as discussed in Section 2.3, the distribution
of mobile organisms has been shown to be impacted by the presence of habitat forming
organisms (e.g. kelp and hard corals). While AUV surveys can image these organisms,
their diffuse nature mean that point or bounding-box based detection methods cannot
adequately quantify their distributions within the survey imagery. The next section
will describe the use of image segmentation for observation of diffuse seafloor features
and how the data generated by benthic imaging AUVs can be used to improve the

performance of automated segmentation models.

6.3 Mapping Habitat Forming Benthic Organisms

Using Semantic Segmentation

The methods described in Chapters 4 and 5 utilise object detection algorithms to es-
timate the locations of stationary reef features and slow moving organisms, and faster
moving mobile fauna within the reef-scale reconstruction. These animals’ locations
within the observed reef habitat can be approximated using points or rectangular
regions, and counts or distributions of these discrete instances can be used to answer

questions about their ecology (e.g. [196, 15, 130]).

However, to use the terminology of Adelson [2], reefs are largely composed of stuff,

not things. That is, many reef features, including those of particular interest to
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ecologists do not grow as discrete objects which can be easily delineated from their
neighbours as individual instances. Rather, reef structures and sessile organisms grow
in unique shapes, driven by e.g. local oceanographic conditions [193], organisms’
recruitment dynamics [10], anthropogenic influences [54], and ecological interactions
among neighbouring elements [33]. Valuable ecological information is contained in the
shape and extent of these objects. For example, the percent cover of kelp or corals
on a reef can provide a useful descriptor of a reef’s condition. In fact, coral cover
is the most widespread measure used to monitor change in coral reefs, particularly
in response to disturbances [150]. The spatial extent, shape, and growth patterns of
coral colonies can be related to the local oceanographic conditions present and can
reflect ecosystems’ responses to stressors [217]. Similarly, kelp cover on temperate
reefs can be an indicator of overall reef health, and can be used e.g. to quantify the

impact of over-grazing by invasive herbivores [71, 123].

Estimating the cover of kelp, corals, or other habitat forming organisms using in situ
methods is time consuming, and is limited in it’s ability to observe spatial patterns fine
spatial scales over large extents. Image based methods have been shown to replicate
diver estimates [199, 40], however are also tied by this same tradeoff. Reef-scale
image mosaics can be used to observe the cover of these features over these extents,
however manually delineating them is extremely labour intensive so is not generally
feasible for routine surveys. Automating this process allows for efficient estimation of
the spatial extents and distributions of habitat forming benthic organisms. Pixelwise
image classification approaches also allow for more nuanced observation of the spatial
interactions of structures and organisms within a reef when compared with traditional
in situ methods which generally compress the spatial information into a percentage
cover estimate over some sampling unit. This way of observing diffuse benthic features

can then be used to model spatial relationships within reefs (see Chapter 5).

Manual annotation of benthic survey imagery to the pixel level is not typically used as
the main analysis technique since it is highly time consuming. However, automated
segmentation approaches may facilitate more widespread use of pixelwise classifica-

tion, allowing a more complete view of benthic habitats. Off-the-shelf algorithms for
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pixelwise classification are becoming increasingly accessible and perform well on ben-
thic imagery. Figure 6.3 shows results from a uNet algorithm [166] trained on tiles

from a photomosaic of a coral reef at Lizard Island.

Figure 6.3 — Example outputs of the uNet segmentation algorithm trained on RGB
image tiles from a reef-scale photomosaic of a reef on Lizard Island, QLD.

While the appearance of benthic imagery is important for classifying the contents,
SfM surveys such as those generated by AUVs also generate a 3D reconstruction of

the habitat which may also be useful for segmenting the imagery.

In this section we will explore this by developing an architecture for combining the

structure and appearance information captured by 3D benthic reconstructions, and
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assess the benefits of it’s application for automated segmentation of reef-scale photo-

mosaics.

Figure 6.4 — Multi-view image reconstructions overlain with manual annotations of
corals (left) and kelp (right). The coral reef mosaic was generated from imagery
collected by a diver operated benthic imaging platform at Resort Reef, Lizard
Island, QLD and the rocky reef by the AUV Sirius at St Helens Island, Tasmania.
The live hard corals (green) were manually annotated by a coral reef ecologist,
and the kelp (red) being much more obvious were annotated by the author. Both
mosaics are overlain with a hillshade texture using the digital elevation model
generated using a SfM solution from the respective survey images to illustrate the
3D structure of the two reefs. This DEM was used to train the segmentation
algorithms in this section.

6.3.1 Using Habitat Structure to Aid Segmentation of Reef-

Scale Imagery

Reefs are structurally diverse habitats, and the structure of individual elements are
often used to identify them. For example, the physical structure of corals, their
morphology, exhibits a massive variety, with different taxonomic groups displaying a
wide range of growth forms. Additionally, environmental factors drive the structure

of colonies, so individuals of the same species can be observed to grow in a variety
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of ways in different habitats [66]. As such, the physical structure of live corals is
likely to be distinct from the surrounding reef features. This structural information
may therefore aid in automated segmentation of live coral from the surrounding reef.
Similarly, on temperate rocky reefs, vegetation (e.g. kelp or seagrass) have a much

different physical structure compared to bare rocks or other reef features.

Using image-based SfM reef mapping techniques, a large-scale image stitched from
multiple views of the reef is captured. An estimate physical structure of the surveyed
area is also produced. Such reconstruction techniques are often used to study the
structural complexity of reefs, or study the growth patterns in corals and other struc-
tures. Here, this information will be used to supplement the image information to

perform segmentation of the reef-scale photomosaics generated by the AUV.

In this section, the reconstruction is used in the form of a digital elevation model
(DEM), where the height of the reef at each pixel is recorded, giving a 2D represen-
tation of the structure. This format allows the structural information to be provided
to the segmentation algorithm in much the same way the image data is, and since
the image and DEM are aligned, the colour and structural information for each pixel

can be easily associated.

6.3.2 Building and Training the Segmentation Models

The models used throughout this section are based on Ronenberger’s [166] uNet (see
Figure 6.5). This algorithm was originally developed for segmentation of biomedical
imagery, however has been widely applied to pixel-wise classification tasks in a range
of applications (e.g. [41, 156, 11]), including for segmenting images of coral reefs [138].
It has a relatively simple network structure which lends itself to easy modification for
different input data. The network consists of a series of convolutional and pooling
layers, which encode the input data into a smaller feature vector, followed by a series
of up convolutions layers which decode the feature vector into a segmentation mask

which predicts a class label for each pixel in the input image.

This type of network can be used for both single (e.g. [138]) or multi-class (e.g. [104])
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Figure 6.5 — The uNet (top ), and wNet (bottom) image segmentation algorithms.
In the uNet model, the input passes through an encoding arm (blue) of four down
sampling blocks (cyan), and a decoding arm (red) of a further four up sampling
blocks (magenta) resulting in a segmentation mask of the same dimension as
the input. The output from each down sampling block is concatenated with the
corresponding block on the decoding arm. The wNet model modifies this structure
by adding an encoding arm (green) to allow for different weights to be trained for
the structural information contained in a reef DEM.
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problems. In the single-class case, pixels in the input image are either the target
class, or they are background, 7.e. a binary classification problem. For the analysis
in the following section the problem of pixel-wise binary classification of kelp from
reef-scale images is considered, and each image pixel is classified as one of two classes
(kelp, or background). However, the approach can be adapted to observe multiple
habitat classes, provided that sufficient annotated imagery of each class of interest

are available.

The base model used in these tests is derived from the original version presented by
Ronneberger et al. [166]. Like that model it consists of an encoding arm comprised
of 5 blocks, each containing two convolutional layers with 3x3 kernels, and followed
by a rectified linear unit (ReLu) and a max pooling operation. In the decoding arm,
the model used here also follows that in the paper by performing a 2x2 convolution
to up sample the feature map, and two further convolutions using 3x3 kernels, again
each followed by ReLu units. At each block in the decoding arm, the feature map
from the corresponding block in the encoding arm are concatenated. Two main mod-
ifications were made to this model in the following section. Firstly it was found that
the model converged more reliably on the kelp data by using a smaller number of
feature channels in each of the convolutional layers. Where the original authors use
64, 128, 256, 512, and 1024 filters for each of the down sampling blocks (and the
reverse for the up sampling blocks), in this work I use 32, 64, 128, 256 and 512 filters.
Secondly, after each convolutional layer (apart from the 2x2 up sampling convolu-
tions), a batch normalisation layer is included to stabilise the model and improve the
training speed [103, 170, 213, 112]. Additionally, T used the dice coefficient [53]' to
calculate the loss function during training of the models where Ronneberger et al.
use the cross entropy loss function. The dice coefficient is more suited to imbalanced
datasets, which is the case here since kelp only covers a small proportion of the whole

surveyed reef (see Figure 6.4).

Imagery from a survey by Sirius at St Helens Island, Tasmania was used to demon-

strate the segmentation approaches. The mosaic and DEM from the survey was

IThe dice coefficient standardises segments by their area, thus improving performance in cases
where the data is dominated by the background set (as is common in benthic habitats).
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divided into training, test and validation sets (using a 60/20,/20 split) and these sets
were split into 512x512 pixel tiles. To test the ability of the network to segment kelp
from the survey data, the mosaic tiles from the test set were passed to the uNet model

as described above.

Two further approaches were used to incorporate the DEM into the segmentation
algorithm. For the first method, the DEM tiles were appended to the corresponding
mosaic tiles, forming a four channel "image" with red, green, blue and depth channels.

These 4D tiles were then passed to the algorithm as the image tiles were.

For the second approach, the model architecture was modified to add a second en-
coding arm to the network, resulting in what I will refer to as the wNet model. This
arm had the same structure as the existing arm, and the feature maps from this arm
were concatenated with both the down sampling blocks in the image encoding arm,

and the final up sampling arm (see bottom, Figure 6.5).

6.3.3 Comparing Segmentation Outputs

Outputs of the three segmentation models on an unseen section of the surveyed reef
patch are shown in Figure 6.6. As in the coral reef example (Figure 6.3), using the

image data only resulted in a model which performed well on the unseen test data.

Incorporating the reef’s structural information as an added channel in the input
image, as in the uNet 4D model, resulted in very poor performance on the new data,
giving an output which did not resemble the manually labelled kelp regions at all.
This suggests that the image and depth channels require separate weights in order to

accurately classify the image pixels.

The wNet model does this by introducing an independent encoding arm for the depth
image. As a result it performs much better than the uNet 4D model and results in a
output which looks similar to that of the image only uNet model at first glance. Where

the uNet and wNet models differ, however, is their performance in regions of the reef
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with lower density of kelp. Figure 6.7) shows the intersection over union (IoU?) of the
predicted kelp cover of the two models and the ground truth on 512x512 pixel tiles.
For tiles with (ground truth) kelp cover lower than ~ 6.5%, the wNet model showed
improved performance. At higher cover, the two models’ performance were similar.
This suggests that regions of lower kelp density will benefit the most from deploying

automatic segmentation of kelp using both image and structure information.

Ground truth uNet

_Image

uNet4D wNet

Figure 6.6 — Automated segmentation of kelp from AUV generated reef photomosaic
using purely image information (ulNet), combined image and structural informa-
tion as a 4D RGBD input (ulNet 4D), and using a purpose build modified network
for the combined input data (wNet).

6.4 Summary

This chapter has demonstrated the use of seafloor reconstructions for providing novel
observations of benthic habitats. By pairing the methods for generating within-
reef spatial distributions of benthic fauna presented in this thesis with the fine-scale
estimates of habitat complexity obtained from 3D reconstructions it was shown that

SfM methods are an ideal source of data for modelling species-habitat interactions.

2IoU is a measure used to compare the output of segmentation (or object detection) models.
It computes the pixel area shared by the prediction and ground truth (i.e. the intersection) and
divides it by the sum of the pixel areas of the prediction and ground truth while only counting the
overlapping area once (i.e. the union).
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Figure 6.7 — Intersection over Union (IoU) of automated kelp segmentation in three
examples of regions of reef with low kelp cover. The wNet image segmentation
algorithm developed in this chapter, which utilises both the mosaic and DEM, ap-
pears to perform better in regions of low kelp cover then the ulNet, which uses only
the image information (see Figure 6.8). Three example images which demonstrate
this are shown.
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Figure 6.8 — Intersection over Union (IoU) of two kelp segmentation algorithms, wNet
which uses both the image information and the DEM generated using the AUV
surveys (blue), and uNet, which uses only the image information (yellow). Lines
and shaded regions represent 10 point moving average and standard error respec-
tively. The use of structural information improves performance at kelp cover below
~ 6.5% (grey shaded region), otherwise the two networks display similar in
performance
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Using these data to model relationships between benthic fauna and their habitat
allows observations of the interactions at fine-scales over large spatial extents which

are not, possible using existing observational techniques.

Similarly, the novel wNet segmentation model presented here demonstrates a further
use case for benthic reconstruction data. The model incorporates both image and
structural information, both derived from the same AUV survey data, while main-
taining separate encoding weights for the two data types. The model was applied for
segmentation of kelp in a reef-scale benthic composite image outperformed a typical
method for combining these data where the image and structure information were
concatenated before passing them to a segmentation model with typical architecture.
Furthermore the wNet model resulted in improved segmentation performance in re-
gions of low kelp density compared to an image only network. Low kelp density regions
include those which have been subject to recent disturbances such as urchin barrens
(see Section 4.2). Improved segmentation quality at low densities would allow for
improved ability to detect recovery of these systems, e.g. in response to management

activity.

The ability to generate high performing segmentation models at all densities of the
target organisms can in turn be used to build improved models of the relationship
between benthic fauna and their habitat in the same way that the complexity data

was used here.



Chapter 7

Conclusions and Future

Considerations

7.1 Introduction

This thesis aimed to facilitate routine deployment of reef-scale, composite seafloor
imaging techniques for estimating the abundance and spatial distributions of benthic
targets. The implementation of automated object detection allows for survey imagery
to be efficiently analysed, and the detection, localisation, and aggregation pipelines

developed make them robust to movement of the target individuals.

This chapter provides a summary of the primary contributions of this thesis. The de-
tails and implications of the contributions are discussed in Section 7.2, and Section 7.3
proposes directions for future expansion and applications of this work. Finally, a brief

summary is presented in Section 7.4.

7.2 Summary of Contributions

The contributions of this thesis address two main hurdles to applying reef-scale com-

posite imaging for estimating the abundance and distribution of benthic targets:
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1. The large volume of images collected make routine deployment of pipelines
which rely on manual analysis make infeasible due to the associated time and

cost.

2. Estimates of the distribution and abundance of mobile targets made using their
detections in composite images are unreliable, since the process to create them

assumes a rigid, stationary scene.

7.2.1 Estimating the Abundance and Spatial Distributions
of Benthic Targets Using Observations From a Moving
Imaging Platform

It was demonstrated that the motion of benthic targets affects their appearance in
the data products generated using SfM processes. This thesis presented a general
approach which guides the steps required to generate estimates of the abundance and

distribution of targets from these data based on their movement.

Stationary targets can be detected and localised in the composite images, this provides
a straightforward pipeline for estimating their abundance and distribution. However
due to their movement between image captures, mobile targets can be distorted,
missing, or duplicated in composite images. While observations of individuals in un-
processed images can be localised, each view does not necessarily represent a unique
individual and a set of images used to reconstruct the habitat likely includes many ob-
servations of individual targets. Therefore a tracking based approach which modifies
MHT was developed which applies knowledge of the target’s locomotory behaviour
to score associations between detections and individuals. This approach generates
scored hypotheses for the composition of the community of targets given a set of

localised detections.

This facilitates the development of specific methods for observing target species based

on their locomotory behaviour as shown for the case-studies presented.
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7.2.2 Automated Spatial Mapping of Stationary and Slow
Moving Benthic Targets

The simplest targets for observation using reef-scale composite images are those which
do not move over the course of the survey. These targets appear undistorted in
the final image products, and the data’s georeferencing can be applied to localise
individuals. The contribution of this work is in generating automated detections of
benthic targets, demonstrating that detection models can be trained with relatively

small sets of manually annotated training data.

It was shown that estimates of density made using the automated detections of slow
moving benthic targets were comparable to those using manual analysis, and the
pipeline was able to detect temporal trends in the density of sea urchins made using

manual analysis of imagery, and direct in water observations.

This means that researchers can be confident that automated detection pipelines
can be applied for observation of the abundance, density and distribution of benthic
targets in reef-scale photomosaics. This addresses the challenge of budgeting sufficient
time for manual analysis of photomosaics for extracting these information and the
tradeoff between resolution and extent inherent to traditional in situ observational

techniques.

7.2.3 Automated Detection and Localisation of Mobile Ben-

thic Targets

Since mobile benthic targets cannot be reliably detected in composite images, de-
tections need to be made in the unprocessed images then reprojected into 3D space.
However, the image sets used to generate benthic reconstructions can contain tens of
thousands of images. Therefore manual analysis of these data would result in a pro-
cessing bottleneck, likely preventing widespread uptake of such surveys. This work
applied an automated detection pipeline to these images, again demonstrating that

performant models can be generated with relatively small training datasets.
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Detections made in unprocessed images cannot rely on the georeferencing of the re-
construction to estimate the position of the target. Instead, the vehicle’s navigation

solution and the geometry of the scene were used to localise detected individuals.

Together, the presented methods allow for efficient generation of localised detections
of mobile benthic fauna from benthic images and seafloor reconstruction data. This
allows for the large amount of imagery collected in routine SfM or AUV surveys to be
feasibly analysed facilitating sustainable implementation of the observation of mobile

benthic targets in these data.

7.2.4 Segmentation of Seafloor Photomosaics Using Appear-

ance and Structure Information

While this work was primarily concerned with detection and mapping of targets
which occur as distinct individuals (e.g. urchins or lobsters), benthic habitats are
characterised by features which cannot be discretely detected. These include habitat
forming organisms such as kelp or coral, and the abiotic substrate of the seafloor
itself. The ability to map such features allows a more comprehensive understanding of
these ecosystems, including their effect on the distribution and abundance of discrete
targets. This information can be used to model the effect of habitat features on target
organisms, and these models can be used to better estimate the abundance of mobile

targets from localised detections using the approached developed in this thesis.

Classification of these features can be assisted by understanding their structure as
well as their appearance. StfM surveys allow observation of both over large spatial
extents, therefore present a unique opportunity to apply automated segmentation

using these two sources of information.

It was found that utilising both structure and appearance resulted in improved seg-
mentation performance of kelp, particularly where it occurred at low densities. How-
ever, simply stacking the structural information with the composite image resulted in

much worse performance. Instead a novel architecture was developed which learned
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separate encoding weights for the two data sources resulting in the improved perfor-

mance.

7.3 Future Research

The methods presented in this work allow for unique observations of benthic fauna
and habitats. Routinely collecting these data and analysing them using the tools de-
veloped here provides an exciting opportunity for understanding how animals interact
with their habitat at fine spatial scales. The most obvious directions for future work
stemming from this thesis are to validate the abundance estimates of mobile fauna
against traditional observational techniques (Section 7.3.1), applying these meth-
ods for developing models of within-reef species-habitat interactions (Section 7.3.2),
and applying the presented segmentation approach to different environments (Sec-

tion 7.3.3).

7.3.1 Field Validation of Abundance Estimates

In section 4.5, automated estimates of urchin density were compared with expert
annotations made from the same imagery. This allowed for a direct comparison of
the methods presented in this thesis with existing observations and found that the

automated pipeline could detect temporal trends in urchin density.

However, no such dataset was available to validate the estimates of abundance of
mobile benthic fauna. Simulated data was used to show that accurate abundance es-
timates can be made, provided that the assumptions about the locomotory behaviour
of the targets are sound. However, validation of these methods against data col-
lected using existing techniques is essential for widespread adoption and application

of results for management of the target species and their habitat.
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7.3.2 Building Fine-Scale Models of Species-Habitat Inter-

actions

The techniques presented in this thesis allow for observations which are not possi-
ble using traditional techniques. They allow for high-resolution (i.e. within reef)
estimates of the distributions of individuals across large spatial extents which are
paired with millimetre scale habitat reconstructions and maps of habitat features.

This provides a unique opportunity to observe the habitat use of benthic fauna.

A demonstration of this capability was demonstrated in 6.2.2 where a SDM was
applied to predict the suitability of habitat within a rocky reef for J. edwardsii based
on measures of structural complexity. A weak, but significant relationship between
the two was observed. Further study using these approaches could develop a better
understanding of habitat preferences of benthic fauna and the effect of the presence of
different habitat types on the fine-scale distributions of fauna. Such an understanding
could aid in management of benthic habitats, e.¢. the planning of protected areas by

identifying features which support target species.

Improved models for the relationship between different habitat features and the pres-
ence of mobile targets would also allow for better association of detections to indi-
viduals. These would allow for the background likelihood estimates to vary based on
the habitat characteristics, rather than relying on a fixed value for the background

likelihood of encountering an individual as used in this work.

7.3.3 Applying Structure and Appearance Based Segmenta-
tion Models

The segmentation approach developed here was applied to observe kelp on a rocky,
temperate reef. Another application well suited to such an approach is surveys of coral
reefs. The 3D structure of coral colonies is partially determined by their taxonomy,

therefore utilising SfM derived estimates, paired with reef-scale composite images may
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allow for improved classification performance. Better segmentation models would

allow for more accurate estimates of coral cover and spatial distributions of colonies.

Other possible applications of this approach include observation of subsea infras-
tructure, and for underwater archaeology which would both benefit from improved

segmentation of benthic features.

7.4 Summary

This thesis has addressed several major roadblocks which have prevented widespread
implementation of SfM surveys for estimating the abundance and fine-scale spatial
distribution of benthic targets in large seafloor extents. This will pave the way for
routine deployment of these surveys facilitating a better understanding of benthic

fauna and habitats, and improved management and protection of these ecosystems.
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