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Abstract

Biogenic habitats such as wild oyster reefs and seagrass meadows support biodiversity and
essential ecological services. However, these biogenic habitats are susceptible to change from
anthropogenic and environmental impacts. Hence, they are the subjed®ndicant
conservation and planning research. Mapping and monitoring the spatial dynamics of the
nearshore marine environment is challenging due to its dynamic nature, where many processes
operate simultaneously over varying temporal and spatial seaies tidal variations. To
address this challenge, this study aimed to develop the scientific understanding and novel
applications of proximal low altitude remote sensing of nearshore marine environments using
visible (VIS) and neainfrared (VIS+NIR) sasors from 50m altitude. The research examined the
application of remotely piloted aircraft system (RPAS) technology in two nearshore marine
environment s, a rocky intertidal reef ( Meol

Harbour North Island ofNew Zealand.

Over time remotely sensed products derived from airborne and spaceborne platforms were highly
influential in mitigating this challenge, but limitations with these technologies persist. Aerial
mapping and monitoring wild oyster reefs and sesgynaeadows require high spectral and spatial
resolution imagery to be successfully delineated and classified. Hence, the advent of proximal
low altitude remote sensing technology such as lightweight RPAS has beenchasigp in
mapping and monitoring rearch. RPAS technology is accessible and can reliably collect high
resolution aerial datasets in various locations at-defined periods with repeated surveys and

high accuracy.

In this research,he comparison between RPAS aerial data collection asmadatd field
observations highlighted that the aerial perspective provided by the RPAS allowed for a more
precise spatial assessment of wild oyster reefs and seagrass meadows. In particular, the
application of RPAS at 50m provided a ground sampling distahd.3cm/pixel (VIS sensor)

and 3.5cm/pixel (VIS+NIR sensor), which improved the detection and classificatiaidof

oyster reefs and seagrass meadows.

Most studies owild oyster reefs used RPAS within the VIS electromagnetic spectrum along
temperaténtertidal rocky reefs. Therefore, there was an opportunity to demonstrate the potential
of an RPAS with a VIS+NIR sensor and structure from motion photogrammetry technique to
identify and characteriseild oyster reefs in a temperate intertidal estuatiiapter 3. The

findings showed that additional spectral bands (RedEagéNIR) enhanced feature detection

and increased the potential to delineate oyster reefs within a heterogeneous marine ecosystem in
this study. A rulebased classification technique was used to detect and classify oyster reefs based

on their spectral charagistics following segmentation and achieved an overall accuracy of
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83.9% and a Kappa coefficient of 69.8%. The findings from this study also established that RPAS
as a survey tool is optimum to target marine tidal and metrological conditions and caiddlbe

for monitoring and locating the distribution of predatory borer snails from low altitudes.

Researchers in New Zealand have established that seagrass meadaluable resourceye

under pressure from human activities and clinthi@nge andreatrisk of declining Although
progress has been made locally to understand the marine environment, there are still gaps in
temporal data consistency, limiting the full potential to understand drivers of change. Therefore,
there was a research opportunity iodge these gaps by developing new segdpropriate
techniques for rapid assessment and monitoring changes in the seagrass ecdSiisiems)

This study demonstrated the potential of an RPAS with a VIS+NIR sensor for low altitude
mapping and highesolution spatial assessment of intertidal seagrass meadow and modified a
spectral index. The results from objdetsed image analysis (OBIA) and the maximum likelihood
classification technique achieved an overall accuracy of 95% and a Kogifigient of 81%

The findings from this study showed that researchers could gain valuable insights to observe local
changes and identify drivers of change. Results have established that RPAS with a VIS+NIR
sensor could consistently fill the mutémporal data gap witrepeated surveys. Marine managers

can use the methodology from this study to quickly identify the drivers of change and prevent this

crucial resourcérom reachingts tipping point.

Furthermore, researchers found that the RPAS VIS sensor limited tbeab@ad textural
separability between oyster reefs and sediment. Researchers also established that broad spectral
resolution from many multispectral satellite sensors restricted the detectioll afyster reefs.

Hence there was a research opportunityekplore VIS and VIS+NIR sensors for spatial
assessments, monitoring, and mapphgvild oyster reefs from proximal low altitude remote
sensing Chapter %. The results from this study showed thald oyster reefs in the VIS+NIR
imagery achieved an ol classification accuracy of 85% compared to 70% from the VIS
imagery. The findings showed that spectral resolution was more critical than the spatial resolution
that correctly detected and classified oyster reefs in this study. The findings alsclestbtiiat

the remote sensing technique used for ecology and conservation offerapgmalgriate spatial
assessment, monitoring, and mapping of benthic habitats in challenging and inaccessible

temperate marine environments.

Moreover, seagrass decline atgfiects associated species and their vital linkage with the adjacent
habitats, igniting a broader degradation with kasting impacts on other habitats and
biodiversity dependent on seagrass within an ecosystem. Researchers have established that the
possibility of identifying subtle finescale seasonal change goes undetected and undocumented.

While different RPAS mapping and monitoring techniques have been applied for seagrass
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research, there is a gapsimultaneously testg VIS and VIS+NIR domains tdetect finescale
seasonal seagrass change in a dynamic nearshore marine envirdrisegap gave rise to a
research opportunity that tested the performance of VIS and VIS+NIR sensors to detaszléne
time-series seagrass seasonal change in a dymeraishore marine environment using spectral
indices and supervised machine learning classification technitjuso{er §. No attempts were

made to identify and quantify the abundance and distribution of marine macrofauna benthic
activity from proximal lowaltitude remotely sensed drone imagery. Hence, this research also
tested whether macrofauna benthic activity abundance and distribution amongst seagrass
meadows can be determined from proximal low altitude remotely sensed drone aerial imagery.
The VIS imayery and support vector machine (SVM) classification results produced an average
overall class accuracy of 93% and an average Kapgpficientof 0.90, and VIS+NIR sensors

had an average overall class accuracy of 95% and an average déaffpzientof 0.93. These
accuracies established that the spectral indices were fundamental in this study to identify and
classify seagrass density. The other important finding revealed that semgpasisted
macrofauna benthic activity showed increased or decreaseuiaime and distribution with
seasonal seagrass variability from drone high spatial resolutibamosaic These findings are
essential for seagrass conservation because managers can quickly detswldirsmeasonal
changes and take mitigation actiondoe the decline of this keystone species affects the entire
ecosystem. Also, proximal leadtitude, remotely sensed tinseries seasonal data provided
valuable contributions for documenting spatial ecological seasonal change in this dynamic marine

envirorment.

Collectively, this research improved the understanding of proximal low altitude remote sensing
in a dynamic nearshore marine environment and its competency to supplessiemand other
remotely sensed datasets for conservation and planning. itioadthis research identified the
limitations and strengths of its application for monitoring, mapping, and understanding the spatial

dynamics of the nearshore marine environments.
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Chapter 1 Introduction

Cover image.An aerial image shosvgrazed seagrass meadows at Cox's Bay and the concentration of
houses along the coastlindjacent to the Meola reefheRPASimagery was captured during the
winter of 2019during field works.

1.1 Changing coastal ecosystems and biodiversity

The nearshore marine environment is a dynamic interface between the land and the sea. Hence, it
representsone of the most challenging frontiers between human civilization and marine
conservation and planning. Globally, 50% of coastal countries have approximately 80% of their
population livingwithin 100km of the coastlines{unn et al., 2018 Demand for spacand
increased populations along coastlines have high local impacts on nearshore ecosystems from
coastline modifications, sewage discharge, agriculturaloffjnincreased sedimentation, and
habitat destruction\(aavara et al., 201 MacDiarmidet al., 20.3). In addition, a flux in normal
climatic conditionssuch as an increase in acidification and marine heatwaosss severe risks

to ecosystem functioning and their morpholo@aftuso et al., 20)5Combined, human and
climate change impacts have direct cascading,-lasting effects on biological diversity,
ecosystem health, and ecological dynamics, eventually leading teskatpmarine habitat
declines andhe collapse of the broader ecosysatéAnderson et al., 20)9Consequently, these
impacts lead to adverse changes from which recovery would be difficult for many species, and

alterations coul@llow invasive specgeto thrive and rapidly evolvéi(ghes et al., 20)7

New Zealand's tempernearshore marine environment encompasses diverse biogenic habitats
such as seagrass meado(@®stera muelle)i wild oyster rees. Rock Oyster $accostera
commerciali}, Bluff oyster (Ostrea edulispndPacific oystersQrassostrea giggskelp forests
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Bladder kelp acrocystis pyrifery Common kelp(Ecklonia radiatd, Bull kelp or rimurapa
(Durvillaea species and Asian kelp Undaria pinnatifidd, salt marshes needle grass
(Austrostipa stipoidgssaltmarsh ribbonwoodP{agianthius divaricatus mangroves(Avicennia
marina), andintertidalrocky reefs Anderson et al., 20)9Biogenic habitats are habitats formed

by plants such aseagrass meadows and angnauch ascoral, mussels, and wildystes
(Costanza et al., 2014; Krumhansl et al., 20TBese nearshore marine environments are among
the most dynamic and rapidly evolving systefsghitnyk et al., 201&chwante®t al., 2013
Although their spatial extent in the global ocean is only 7.6%, nearshore biogenic habitats provide
up to 30% 6the global primary production and supply approximately 50% of organic carbon to
the deep ocearB@ueret al., 2013; Chmura et al., 201@hese biogenic habitats provide many
ecosystem services that keep New Zealand's marine environments healthy esstatial for
supporting biodiversity and primary productivitgdstellanosGalindo et al., 201:9Marcello et

al., 2015;Tait et al., 201} Collectively, biogenic habitats are hotspots for marine biodiversity
and provide invaluable ecosystem services ®i&cfil) nurseryand feeding grounds for marine
biota, (2) are the most prolific carbon fixers, (3) provide sediment cohesion and stabilization for
coastal protection,4j water quality improvement through filtering sediments dsdnfarine
ecosystems prade a rich habitat fobiodiversity (Krumhanslet d., 2016 Nagelkerkeret al,

2015; Weerman et al., 20)LHowever, anthropogenic and climate change combined effects have
unprecedented impacts on these habitats, including short antelomgascading effects on the
whole ecosystem?A(nderson et al., 20)9These impacts could occur at fine spatial scales and are
challenging to map and monitor but essential for resource manageatministration,
conservationand planning. Hence, to undersdaend mitigatémpactsin coastal ecosystems, a
versatile monitoring effort and contemporary monitoring techniques to detesictie changes

over timemustadapt and evolve with this essential but dynamic environment.

1.2 Challenges of monitoringthe dynamic marine environment

Understandingmpacts indynamic marine environments req@n@onitoring that can detect
shortterm changes and changes arising fromtraannual and inter-annual variation from
cyclones and hurricaneand other extreme weather exemloreover, it is essential to establish
baselines regarding the function of the natural environment and the ecosystem structure, identify
and quantify response to changes and determine increased anthropogenic aneeatitedte
pressures. Understandirtige natural environmental processes can charaeténe effects of
anthropogenic and climatelated pressures more accurately. If well designed and planned,
marine environment monitoring can be a esf$éctive technique to care for natural resources
and at the same time, be scientifically rigorous to motivate policymakers to deliver effective
management for conservation and plannihgir@yan et al., 20)6 Although recently, vast

progress has been made towards coastal monitoring, the ability to cuietppropriate
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datasets at useiefine times to resolve processes of interest is still hampered by many challenges
(Johnston, 2019 For examplein-situ surveys and data collection are resotintensive(due to

the cost of maintenance and upkeep afigopen), logistically challengingand survey times are
dependent on tidal variations8rewin et al., 201p Coastal environmentsan bevery hard on
equipmentwith saltwater, sand, mudflatgndvariable wind conditions, making it challenging

for researchers. Hence, remote sensing technologies from airbornebepaeeand lovaltitude
remotely piloted aircraft systems (RPAS) systems have profoundly changed the poéctice
mapping, monitoring,r&d understanding the spatial dynamics of nearshore marine environments
(Chandand Bollard 202L; Klemas 20189.

1.3 Remote sensing for ecology and conservation

The marine environment's spatial variability, dynamic natare] theprocesseshat operatet
fine scales require comparable high spatial and temporal resolution data. Thereforgpatialti
and multitemporal mapping and monitoring techniques are fundamental to idegtiénd
quantifying climatic and anthropogenimpacts on nearshore marine eowviments. These
techniques willhelp identify community shif$ and track subsequent declines and restoration
initiatives. Remote sensing technologies hapmvided reasonable soluti@nfor longterm
monitoring programmesenabled the study of extensive nm&rienvironments to assess spatial
patterns and simultaneouslyffered frequent observations of temporal changesffy et al.,
2018 Hedley et al., 2016; Johnston, 2019

Remote sensing fromrewed aircraftand low constellatiospaceborne satellites hazad many
technological advances, has become a core component of spatial ecology, and provides data for
variousapplicationgdD'Urban et al., 202Qlohnston, 2079 For example, responding to a request
from the conservation commityy The National Aeronautics and Space Administration (NASA)

in the year2001 provided free Landsat imagery for 1990 and 200Q0Iérova et al., 201)/ Since

that time much higher resolutiogatellite imagery has bedmeely available. An unprecedented
number of datasetsavebecomeavailable from lowcost, low orbiting satellite®.g.,CubeSats,
which harness consumer technology instead of bespoke technolégies (et al., 2016
However, mapping and monitoring benthic marine habitats is challengthgspaceborne and
crewedaircraftimagery (1) due to complexities of heterogeneous benthic habitats, (2) limitations
of sensorglue to spectral attenuatiowhen detailed informatiois required for smaller spatial
extents within a small tim&ame (3) irsufficient spectral, spatial and temporal resolutions, (4)
high spatial resolution resulting to higlast from commercial providers, (5) cloud cover at the
time of acquisition and humidity (6) still many satellite sensors are sensitive to atmospheric
effeds and weatheleading toimagedegrading iledley et al., 201;2Nicaksono and Lazuardi,
2018.
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Low-altitude aerial imagery captured by remotely piloted aircraft systems (RPB&)ging the

gap between spadmrne earth observation satellites, crewedgeandin-situ surveys Chand

and Bollard 2021; Duffy et al., 2019. Used for many applications, RPAS hmasvided a step
change imarine spatial ecologyz(derson and Gaston, 2013; Castella@adindo et al., 2010

For example, RPASdwn at loweraltitudes allows researchers twaptureand process marine
imagerydirectly captured under optimumeatherand oceanographmnditions with centimetre

to millimetre spatial resolutiondD(ffy et al., 2018; Manfreda et al., 2018ait et al., 209;
Ventura et al., 2008 This flexibility permits researchers to survey more frequently to detect

subtle finescale changes before habitats reach their tipping pditstsf(eda et al., 2018

1.4 Rationale and significance of the study

New Zealand's marinenvironmenis essentiafor economic activity and employment. In 2017,

the marine environmetied contributed $ billion to the economgnd provided ove30,000jobs

(MfE, 2019. However, cumulative human activities and climate chamggssures have impacted

New Zealand's marine ecosystem and biodiversity. These pressures from human activities
included (1) sediment overload, (2) reclamation of coastlines for developments, (3) forestry, (4)
chemical dischargd5b) plastics,and(6) agriculture(MfE, 2019. Pressures from climate change
included (1) an increase in searface temperature affectitige reproduction of fisheries, e.g.,
Snapper (Pagrus auratus and Hoki (Macruronus novaezelandige(2) increased invasive
species, (3)yising sea levels affecting lelying coastal communitiegMfE, 2019. These
pressures interact in complex ways to degrade habitats and ecosystems, and impacts accumulate
over decades\arcelloet al., 201} The degradation of habitats in shallow watestnicts and

hi nders other processes in the ocean and c¢com
New Zealand's recreational enjoyment of coastlines and beadfies2019. One crucial issue

in protectingthe marine environment is the lack afadjty data to quantify the state of nearshore
marine habitats at a national levelfg, 2019. Thereforeto fill this gap,this studyacquired high

spatial and spectral resolution RPAS aerial imagery to supplement data collection in the nearshore
marine environment. This study also identified and quantified-6oale changes teeagrass
meadows an@ild oyster reefasnaturebased solutions tprotectthe marine environmeifitom

further degradation

1.5Why focus onseagrass meadow?

One of the most imptant reasons for studying seagrass meaddwstera muellejiis that they
continue to be productive as other habijtatsch as coraleefs decline rapidly(Matheson and
Manley-Harris, 201§. Several researchers have established sbagrass meadows are better
suited to delawith extreme temperatures, rising sea levatel ocean acidificatiorfArias-Oritz

et al., 2018Koch et al., 201B This suitability is because seagrass meadwaws not yet reached
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their thermal extreme, anddhily unlikely that increasing seawater acidity will impact their

productivity Unsworth et al., 2008

Also, seagrass meadows act asihiticators to monitor ecosystem healttaihb et al., 201)7

For example, to monitor ecosystem degradation, thergasglction in seagrass blade density
before a complete los84rbier et al., 2011 Furthermore, in temperate estuaries, increased
abundance in seagrass meadows improves wa#dity andenhancegcosystem health naturally
(Bertelli and Unsworth, 201} Despite their contribution to ecosystem health, the status of
seagrass meadowsNew Zealand has been identified as a habitat under pressure and categorised
as "At Risk-Declining' mainly from agricultural ruroff, smothering by sediment overload,
coastal deelopments, seagrass roots damaged by mooring, and boat afidhtirsson et al.,

2017).

Moreover, gagrass meadows were once widesptieamighoutNew Zealandn thesubtidaland
intertidal zonesNlorrison et al., 2014 However, heir abundance has dewdin many New
Zealand localities since the 1920su(ner and Schwarz, 2006 This declinecould be more
significant thanthe estimate suggested, as there is insufficienistorical spatietemporal
information to confirm these declinégnderson et al., 2019 urnerand Schwarz, 2006 The
challengeof mappingand monitoing seagrass bedkclineis difficult for marine managers as the
paucity of information cannot distinguish natural chan§em the impacts of anthropogenic
activities @ertellietal., 20189.

1.6 Why focus onwild oyster reefs?

In New Zealand, native Rock oystefSaccostrea glomeratawere essential to thU o r i
communities around Kaipakdarbour(Kelly, 2009. Rock oysters we present in abundance in
the Kaipara, Manukau, Whgaroa, and WhangaruruHarbous, which led to commercial
harvesting (5aL00 tonneg) concerned about the depleting stocks of wild oysters, The New
Zealand government passed the first fisheries law (the Oyster Fisheries Ac{i86&on et

al., 2019. As the native rock oyster stockepleted, local authorities sustained the depleting
oyster stocks by establishing artificial oyster beds but were unsuccessiiyl 009. In the
Kaipara Harbour Kelly, 2009 estimatedthe distribution and abundance of oysténem a
helicopter videand established thaheinvasive Pacific oysterfassostrea giggshave mostly
replaced the native Rock oystéFsgure 1). Thereare no national accotsof wild oyster reefs
distribution ofanymagnitude in New Zealand/iQrrison et al., 201§ Apart fromMeola reef and
KaiparaHarbour which have beeidentified as having wild oyster reefs distributed at a large

scale Morrison et al., 201¢

The abundnce and distribution of wild oysters (mainly Pacific and Rock oystetBpdeola

reef are susceptible to impacts from human activitibge. Meola intertidal reef is close to New
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Zealand's largest city, Auckland, and the Port of Auckland.Jgasial location makes the Meola
intertidal reef a perfect host for norative species to settle, distribute, and continually vulnerable
to anthropogenic impact§¢ley and Shears, 2019 For example, the arrival of invasive Pacific
oysters was a significd and most apparent human impact on the Meola &efgrs, 20101In
addition, collectively anthropogenic activitie®ccurring extensively aroundhe Waitemata
Harbour,and climatic variations modify this ecosystem regularly. For example, in 2012, an
increase in predatory oyster borer sndilalfstrum scobingand increased sediments correspond
to a marked decline in the abundance of oysters using traditipsél sampling techniques
(FoleyandShears, 2019

Wild oyster reefs also support other hHatd. For example, adjacent to the Meola ligeén
extensive seagrass mudfle@ésearchers have established a connection between the two habitats
that has allowed the population of macrofauna communities to increase over thé yeansiist
et al., 2013 Oyster reefalso supporsurrounding habitats by filtering nutrients andintaining

a diverse range of biota.

The lack of research on naturally establiskeldl oyster reefs is due to the primary focus of
oysters being the aquaculture industry in N&mland {/orrison et al., 2014 For example, Bio
marine Ltd. runs seven oyster farms in Kaipaflarbour an open ocean farm that produces 24
million oysters yearlyKelly, 2009. This calls to the attention that in New Zealand, no studies
have focused othe distribution and abundance of wild oyster reefs from RPAS Heigihiution

imagery to the best of my knowledge.

Kaipara Harbour Te Tokaroa Meola Reef

Figure 1. The abundance and distribution of wild oysters in the Kaildaraourand the Meola reef. Image
source for Kaiparddarbour Morrison et al., 2014The image for the Meola reef was courtesy of Kavita
Prasad.
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1.7 The land-sea interface explored in this thesis

As described in section 1.1, the marine intertidal zone holds a vast diversity of ecosystems,
generally grouped by their spatial position within the faed interface. In this thesis, two critical
intertidal coastal environments were empirically researchid,oyster reefs at Meola intertidal

rocky reef Chapters &nd5) and seagrass meadow<CatXs Bay(Chapters 4and6) (Figure 2).

Absolute location details of the study site for oyster reef research are presebiteghiars Znd

5 and for seagrass ithapters 4and 6. These environments presented unique challeage
research opportunities for aerial image capture and processing with proximal low altitude RPAS.
These intertidal zones researched are composed of different substrate types and vegetation,
including complexities (rugged structure) and environmental dondit(tidal variations).
Accessibility is highly variable across the two ecosystems,tivtMeola reef accessible on foot
seagrass mudflat only exposed during low tides. The following section introduces the thesis aim.

Objectives to reach the aim and &ip the structure of the thesis.

1752000 1752400 1752800 1753200 1753600

5921300

Wild Oyster reefs researched at
the Meola intertidal rocky reef

5921000

| ©
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1752000 5752400 1752800 1753200 1753600 1754000
Figure 2. Showing the landea interface explored in this thesis. Wild oyster reefs were researdheelat

intertidal rocky reef (red outlined), and seagrass meadows were researched at Cox's Bay (green outlined).
Imagery sourced from Land Information New ZealéindNZ, 2019.

1.8 Thesisaim and objectives

1.8.1Generalpurpose

This study intenced to increase the reliability ofmonitoring the spatial dynamics of marine
environments through thrapid collection oherialdatasets tdetermindine-scale changds the
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nearshore marinbabitas along the study ared’he empirical techniques from this study are
aimedto supplemenin-situ andother remote sensing techniques for mapping, monitoring, and

spatial assessments of nearstmrthic habitats.

1.8.2Research aim and objectives

This thesis aim to use novel remotely piloted aircraft syssewith multispectralsensors to
enhancespatial and temporal data collection in the temperate nearshore estuarine in Auckland,

New Zealand. Therefer to address this aim, this study had the following objectives:

a) To demonstrate the potential of a least RPAS coupled with a miniaturized multispectral
sensor (MicaSenseE RedEdgeE) and use struct
very highresoluion maps useable for identification and characterization of biogenic oyster
reefs.

b) To demonstrate the suitability of RPAS imagery and the accuracy of @igjset image
analysis (OBIA) combined with ruleased classification for detecting and delineatipster
reefs from a heterogeneous intertidal rocky reef ecosystem.

¢) To assess the potential of an RPAS with a multispectral sensor for low altitude mapping and
high-resolution spatial assessment of intertidal seagrass meadows.

d) To develop a spectral index calemonstrate its potential to distinguish seagrass meadows
from other land cover features.

e) To investigate the potential of VIS and VIS+NIR low altitude aerial imagery for distinguishing
wild oyster reefs in a heterogeneous intertidal rocky reef ecosystem.

f) To assess spectral signatures collected from RPA$hasitli handheld Spectroadiometer.

g) To evaluate the accuracy of an objbased image analysis technique (OBIA) and a Support
Vector Machine (SVM) to classify higtesolution multispectral RPAS imager

h) To test the performance of VEBdVIS+NIR sensors to detect firscale seasonal tirseries
seagrass changes in a dynamic nearshore marine environment using spectral indices and a
supervised machine learning classification technique.

i) To determine ithe abundance and distribution of macrofabaathic activityamong seagrass

meadowsanbe determined from proximal low altitude remotely sensed drone aerial imagery?

1.8.3Thesis structure

This thesis is organized into seven chapigigure 3). Comprising four research chapters
(Chapters %o 6) that have been written in publication format and represent manuscripts that have
been publishefrefer to Candidat€ontributions to Ceauthored paperdg. 13. This format has
resulted in unavoidable and repetitive text, particularly in the introdyctimthods and

discussiorsections. Howeveasll effort has been made to limit duplication where possible.
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Chapter 1the currenthapter, introduagthe thesis and outlidhe research aim and objectives.
Chapter 2,the research context, is established througliteaature reviewto identify the
importance and susceptibility of biogenic habitédshuman activities and climatelaed
changes their contributions to estuaries, and their status. In additigrapter 2reviewed

traditional and low altitudeemote sensingnethodschallenges, and solutions.

Chapter Ilemonstrateéithe potential of an RPAS with a miniaturized multispgaMicaSense®
RedEdgeE) s en s-altudd aerialdnaagety and the dplication of photogrammetry
technique to produce a high spatial resolution orthomosaige€tive 3. In addition,in this
chapter,objectbased image analysis (OBIA) amdle-based classification technicgigvere
appledto detectind delineawild oyster reefs in a heterogeneous intertidal rocky reef ecosystem
(Objective .

Chapter 4demonstrate the potential of an RPAS with a multispectral sensor for low altitude
aeral survey of intertidal seagrass meadowséctive ¢. In addition,in this chaptera spectral
index was modified to establish its potential to accurately distinguish seagrass meadows from
other land cover featuresl{jective . Moreover, an OBIA techgue with a maximum likelihood
supervised classification technique was usedadourately detect and distinguish seagrass

meadows in the study area

Chapter Snvestigate the potential of VIS and VIS+NIR sensors for low altitude aerial surveys
of wild oyger reefs ¢bjective §. This chapter also evaluated the spectral signafooes the
RPAS orthomosaic anith-situ Spectreradiometer @bjective ). Moreover,in this chapteran
OBIA technique and a Support Vector Machine learning technipre evaluaté to classify
wild oyster reefs accurateiy the study areabpjective §. This chapter contribudgo the primary

aim by developing empirical methofts the spatial assessmentwifd oysterreef andfilling

the gap in sampling capabilities over thekaspatial extent.

Chapter @ests the performance of VIS and VIS+NIR sensors for low altitude aerial survey of
intertidal seagrass meadows capable of detectingstiale seasonal changes using spectral
indices and a machine learning techniqalejéctiveh). In addition, this chapter evaluated the
abundance of distribution of macrofaulenthic activity from remotely sensed imagery
(objective ). This chapter contributes to the primary aim by develogipgactical technique to

detect finescale seasonal changes in seagrass meadows and quantify the abundance of

macrofaundenthic activityfrom remotely sensed imagery.

Chapter 7provides general remarks, an empirical discussion, and potential reseastiorg
from seagrass and wild oyster reef research. Furthermore, this chapter discusses the importance

of citizen scientists for data sharing during uncertain times, such as during a €®VID
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pandemic. In addition, this chapter identifies the drivershahge impacting biogenic habitats.
Chapter 7also establishes the connection between this study to management, presents the
research's limitations, and providesommendtionsto protectthese critical habitats

Context & Research Gap

Chapter 1

Introduction

+ Set the stage for this research

+ Rationale and significance of the
study

* Aim and Objectives

Chapter 2

Literature review

+ Benthic habitats ecological value &
decline

Remote sensing components
Challenges and solutions

Identify research gap

.

.

.

Developments & Applications

Chapter 3

Low-cost mapping and classification
of intertidal oysters

Multispectral remote sensing

OBIA and rule base classification
approach

Chapter 4

* Spatial assessmentand monitoring
of seagrass meadows

* Spectral index

* OBIA and Maximum Likelihood
supervised classification

Chapter 5

Remote sensing of oysters beyond
the visible spectrum

Compared RPAS & in-situ spectral
signature

OBIA and machine learning
classification

Chapter 6

* Detecting seasonal spatial
variability of seagrass meadows
Machine learning classification
Vegetation indices

Marine biodiversity

Chapter 7

* Empirical discussions

+ (itizen science application

* Connection to management

* Limitations and recommendation

Figure 3. Summary of thesis structure from initiation to completion.
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Chapter I2 Literature Review

Cover image.An RPASaerial imagery showa seagrass bed sectiniC 0 x 6 s Wetemata
Harbour Auckland New Zealand

This chapter, the literature review, is orgaiinto five sections. The first section introddce
biogenic habitats and their susceptibility to environmental and anthropogenic impacts in New
Zealand's nearshore marine environments. It is important to note that benthic habitats cover a
diverse range of vegetadivand animatlerived habitats; hence, this research focused on two
primary benthic habitats: (1) seagrass meadows and (2) wild oyster reefs. Furthermore, the second
section focusgon the ecological function, value, and decline of seagrass and wild mefem

New Zealan@ snarine environment. The third section reviewed past remote sensing and
traditionalseagrass meadows and wild oyster reef research mefaifourth section expaad

on RPAS remote sensing for marine ecology and conservhtially, the fifth section reviewed

remote sensing application challenges and solutions for succd®B#E applicationsin

nearshor@narine environments.
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2.1 Background- susceptibility of biogenic habitatsto natural and anthropogenic impacts

Estuarine and intertidal ecosystems are biogenically structured landscapes that contain some of
the most productive and ecologically important biogenic hahi@tsy et al., 209). Biogenic

habtats are habitats formed lwegetation e.g., seagrass meadows, mangroves, saltmarsh, and
animak, e.g., shellfish such asoral, mussels, and wildysterreefs (Costanza et al., 2014;
Kumans et al., 2019 Biogenic habitats form thredimensional struct@s to function as
spawning and nursery grounds for fisheries, provide shelter and protection from predators

are critical to the marine food chaifhorngren et al., 20)7Concurrently, they filter out organic

and inorganic particles whikdabilizing sediments to prevent coastal erosion and sequester carbon
(Beck et al., 2011

Although these benthic habitats are ecologically important, they are also susceptible to
environmental and anthropogenic impg@&srtelli et al., 2018 For examp, their susceptibility
has increasedue tosedimenbverloadand excessive nutrient deposits from runoff and pollution,
overfishing, and shellfish dredgin@dck et al., 2009; Kellogg et al., 2014; Mathesord
Wadhwa, 201 Researchers in New Zealanavk established that land umech as agriculture
has significantly impacted coastal systenspecies populatigrand their size from increased
sedimentatior{fMorrison et al., 201¥ For example, evidence afnoff from sedimentboverload
impactsis directly related toreducing snapper(Pagrus auratus abundance and size once
commonly found in local estuariedrielliandUnsworth, 2013 Another examplevas the Poor
Knights Marine Reserve, which showed the constant-teng decline inube spongeéCalyx
imperialis), packhorse lobster6Sagmariasus verreauyxiblack corals(Lillipathes lilliei), and
large predatory fiskdue tosedimenbverloadfrom agricultural runoffs into the ocednaylor et

al., 201). Another example o&nvironmental and anthropogeninpact was observed #te
Meola rocky intertidal reef in Waitematdarbour which transformed this ecosystem with
introducedinvasiveoysterspecieghat replaced native oystgiisoley andShears, 2019; Shears,
2010 (Figure 4).
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Figure 4. An example of @hangingmarine ecosystelis at theMeola rocky reefn New Zealandin 1920

this reef was covered with tubeworms with little sediment. 982, invasive Pacific wild oysters were first
discovered with small sediment deposits. In 2@zarg2010 found large portions of this reef covered
with sediment deposits among the wildstyr reefs. In 2019, a decline in live oyster populations was
consistent with consolidated sediments trapped among the oyster res=efiled in more mangrove
regeneration. Image®2Q 1982 and2010are sourced frorBhearg2010: image2019 courtesy oKavita
Prasad.

Marine ecosystemsre alsampacted byweather events from tHel Nino Southern Oscillation
(ENSO) (unpredictable periodic variation in sea surface temperatures and owsirditions
affecting the climat@ver an area)such as marine heatwaves and precipitation anonthks
alter the ecosystem structure and disrupt normal ecological funciiogpsdmet al., 202). The
impact of ENSO on ecosystems results indisgase outbreak&) species range shifts, a(@)
massive dieoffs (Hughes et al., 2017; Nowicki et al., 2017; Oliver et al., 20E@r example, the
marineheatwavedue to the El Nineventbetween November 2017 to February 2018 near the
Chatham Islands resulted in the warmest summer on record in New Zealakelion et al.,
2019. Warmer seaurface temperatures affected phytoplankton growth and survivalarades
interruptedthe ocean'rimary productivity (IfE, 2019. Also, in the South Island of New
Zealand, marine heatwaves have decreased the species ranges, for eéxatopseofBull Kelp
(Durvillaea speciesin Kaikoura, Christchurch, and Lytteltofi{omsen et al., 20)9Many
environmental and anthropogenic impacts that affect marine ecosystemsabecunuch finer
scaleand can behallengingo detect in dynamic marine environments. Theseduoae changes
can be abrupt and frequent, resulting in a complete habitat loss rebexerymay bedifficult
(Frolicher et al., 2013
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Increasing seaurface temperaturesidsealevel riseareenvironmental threathatimpactand

alter marine environmentBor exampleNew Zealand's mean sea level has risen by an average

of 1.81(x0.05) mm/yr.NIfE, 2019. The main concern with séavel rise is an increased risk of
coastal erosion and increased wave exposure, impacting seaweeds, intertidal seagrass,
biodiversity on exposed rocky reefs, and shellsich asoysters and musse(Clementsand

Chopin, 201Y.

Anotherthreat to marine biodiversity is increased ocean acidityiisen et al., 20)90cean

acidity occurs when chemical reactions produce hydrogen ions that acidify the seawater and
reduce their pH when carbon dioxideaissorbed from the atmosphef@dgmentsand Chopin,

2017). According to climate predictions, New Zealand's pH levels in the ocean will drop by 0.3
to 0.04 pH unitsNIfE, 2019; Stats NZ, 20)6This increase in acidification and temparawill

affect biogenic habitats such as oysters and mussels by limiting their carbonate shells growth and
larvae distribution leading to a high mortality rat@gmentsand Chopin, 2017; Geange et al.,
2019.

Impacts from human activities such as developmaerternational shipping and tourism,
agriculture,andforestryaresignificant threatto New Zealand's marine environméanderson
andGaston 2013; MfE, 2019. For example,@me significant pollutants from developmeats
plastic waste and synthetic materiedsried by heavy rain and win@éndingup in New Zealand
rivers and oceansVfE, 2019. Another example is increasgubllutants from pharmaceutical
chemicals which mainly threaten nearshore species suckhadifish (oysters and mussels
affecting theirsunival rates by altering their feeding patterns and reproductive @tes ét al.,
2014; Sussarellu et al., 2018 higher chemical concentration can also soften the outer protective

shellsandexpo® the animal to environmental impacts and predgiorsiley et al., 201)/

Additionally, increased vessel arrigdbr international trade andurism threaten New Zealand's
native marine specieSéebens et al., 20)L6The issue with vessels entering loetrbous is
that they could carry invasive specatached to their hull and enter local waters without being
detected until their numbers increéSeebens et al., 20)L@ hese invasivepeciespreadjuickly

due to their environmental tolerance and fast growth rates, resudtiogt-compeing native
species Foley and Shears, 2019 For example, the brown seaweddnlaria pinnatafida
continues to spread even after actively removing themrfisen et al., 20)9Another example

is the IndePacific Sea squirtRuyra doppelgangeda which has displaced ¢hnative, green
lipped musselNIfE, 2019. The IndePacific Sea squirt was discovered in 2015 in Whangarei
Harbourand had rapidly spread to Waitemé&tarbourby 2016 and spread to the adjacent areas
by 2017 MfE, 2019.
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Combined effects fromanthropogenicand environmentahcts in complex ways to impact
intertidal ecosystems where threats accumulate over decadbmr¢ello et al., 201}
Consequently, thighreat eradicates important keystone species, where recovery might be
impossible(Anderson et al., 218). Thereforefo protect and continuously monitor the status of
the ecosystem and critical biogenic habitats,agile technique is needed to detect the spatial

dynamics of nearshore marine environments.

2.2 Ecological function, value, and decline of biogea benthic habitats

Biogenic habitats form hotspots for biodiversity to support other marine orgahismBiarmid
et al., 2013 This section will discuss a general overview of seagrass meadowdldrayster
reefs, their ecologicdlunction, servicesandvalue Also,why these habitats atmder stress and

declinng in New Zealand.

2.2.10verview of New Zealandseagrass

Seagrass naglows are distributed globally, with approximately 60 species worldwide and 12
genera Dos-Santosand Matheson 2017. These meadows share similar leaf architecture,
composition, and ecosystem functions in coastal zones ranging from the tropics to mperat
regions {urnerandSchwarz, 20086 In addition, hese meadowsanrange from discrete to large
continuous patches of homogeneous meadows, ranging from single species to ten species globally
(GreenandShort, 2003 New Zealand has only one seagrassispecosteramuelleri(Turner

and Schwarz, 2006 The spatial scale of seagrass beds in New Zealand at different localities
varies in shoots ranging from centimetres to mef€igure 5) to form continuous and discrete
patches in diverse landscapes. These seagrass patches exhibit temporal and spatial variations,

reflecting recruitment dynamics and dispersal aptitulfesrison et al., 201}

Seagrass meadows commonly occur in sheltered intertidal bays established on mud, sand, and
bedrock GreenandShort, 2003 However, they can also be found in subtidal zones of depth up
to 7m from the coastline in Ruapuke IslaamtiFoveax Strait (Morrison et al., 2014
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Figure 5. The gatial variatif seagra meadows at two localities in New Zeaandrth Island. €)
Seagrass at Snell's beach, ~68km North of Auckland from Meola Reef. (b) SeageEtsat Meola Reef.
Image courtesy of Kavita Prasad

Seagrass meadows maintain their genetic composition from seedling recruitment and propagation
(Matheson et al., 20).7Recruitment occurs by rafting shoots and growth from underground roots
with a conneted network of rhizomesKgttles and Bell, 201§. Another critical element of
dispersal is floating reproductive shoots with roots intact that could indicate rapid natural
colonization(Figure 6). However, for growth and distributioseagrassequires high sunlight

levels for photosynthesis, i.e., 25% incident radiation or direct sunlight compared to other
angiospermsfennison et al., 1993Hence,seagrass growth raeould bephysically variable

in different areas.

Therefore, monitoringprogrammeswould need to consider many environmental factors,
including (1) dispersal and natural growth raté) rates of changg3) source of nutrientg4)
sedimentation(5) water quality(6) disturbance, an¢¥) existing and competing vegetatidnas-
SantosandMatheson 2017). These environmental factors are essential variables that primarily
impact the trajectory of seagrass meadows growth and decline, and they should be considered
during research. Seagrassadows are very reactive to environmecienges, such as increased
turbidity, and are consideregentinels for changes to their environmeritlgcDiarmid et al.,

2013.
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s 'gf o . < : 3
Figure 6. Floating seagrass meadows with roots intactrépid naturakecolonization in the Waitemata
Harbour Image courtespf KavitaPrasad

2.2.2Seagrass eological function, services and value

Globally seagrass meadows provide important ecological functiotiseinoastal ecosyste

(Bertelli and Unsworth, 201} For example, seagrass meadoprimary production rate,
plankton,and macro epiphytes (such as mangroves and saltmarshes) exceed many cultivated
terrestrial ecosystem&dmb et al., 201)/ Their most valued ecological function is regulating
carbon through carbon sequestratianmty et al., 2006 Seagrass produsand eports organic

carbon and recycébacterial pathogens from waste dischaigerfier et al., 2011; Lamb et al.,

2017. These functions are essential for humans, the environment, and maintaining a healthy

ecosystem.

Seagrass meadows are locally recognisegrovidingvariousecological serviceandgoods. In
New Zealand, ecosystem services provided by seagrass idc(ddleincreased primary
productivity to grazing food webs and detrital food wéhsferandSchwarz, 200§ (2) nutrient
recycling, trappin®f nutrients, and supply oxygehlathesorandWadhwa 2012, (3) attenuate
water flowto stabilize bottom sedimesit(4)acted as a crucial feeding and foraging habitat for
commercially and recreationally crucial juvenile snagPagrus auratus(Garneret al., 201},

(5) are recognised to increase biodivergityndquist et al., 207)8&nd (6)provided refuge from
predators and maintains food availability for fish and macrofaunal commuftitiesh et al.,
2012. Researchers frorthe National Institute of Water and Atmospheric Rese@iliVA)
sampled fisheries in intertidal and subtidal seagrass assgestiliorrison et al., 2014 They
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found that the subtidal seagrass meadows from Northern New Zealand were crucial juvenile

trevally and snapper nurseries

The fish nursery value of seagrass meadows depmndhe coast and landscape setting, tidal
position, depth, and latitud&nsworth et al., 2078 In addition, the economic value of seagrass

is affected by seagrass spatial extent, patchiness, seagrass blade density, height, and seagrass
health (iathesorandWadhwa 2012). Moreover, a recent study confirmed that seagrass density

and abundance also affect species diverkitydquist et al., 2008For example,ri the Manukau

Harbour Auckland, Northern New Zealand, researchers found greater speciestyligeisbi
abundance in seagrass meadows in Manukabour Auckland, New Zealand, compared to

surrounding nofvegetated aread/@theson et al., 20).7

2.2.3The decline of seagrass New Zealand

Seagrass meadows in New Zealand are primarilgtartidal habitatclose to coastlinespaking

them most vulnerable to humaniven stressors and threats@lerson et al., 20)9Significant

coastal infrastructure developments and demand for housing near coastlines in New Zealand are
primary contributos to seagrass declingslfg, 2019. For example, coastal developments in
WhangareHarbour New Zealand, resulted in heavy vehicles dumping soil for land reclamation
along the coastline where seagrass meadows existedhdson et al., 20)1 Excess
sedimetation runoff from developments limits light penetrationdeagrasphotosynthesis and
prompts epiphytes overgrowth from higher nutrient levelsiierandSchwarz, 2006 Sediment
overload is a serious issue because the blades stuck to the defdsitisizay and die offFigure

7). Another concern is nutrient deposits from streams and stormwater inflows, moving

contaminants such as greywater disgbgrich in phosphorusMathesorandSchwarz, 2000

Natural causes of seagrass decline are attributed to grazing by Black Swans in Tidarbaoga

and the Waitematllarbourduring moulting seasorCfpandand Bollard,2021, Matheson et al.,

201)). In addition, increased ocean temperasjrevasting diseasérowning of seagrasieaf

blade caused bg fungal infection of the internal tissues) caused by the marine slime mould,
Labyrinthula zosteragMatheson et al., 2009 Labyrinthula zosteraevas detected in New
Zealand duringhe 1960sand ha contributed toane x t ensi ve decl-0 fnfdd and
seagrass in theider WaitemateHarbour(KettlesandBell, 2016. Anthropogenic contributors to
seagrass decline in local Harbours axeessive nutrients frorhoat effluens, anchorageon
seagrass bedand septic tank leachadéscharggMorrison et al., 2014 A summary of seagrass
meadow declineacross New Zealarid presented iTable 1).

Some of the severe consequences of seagrass decline in New Zaalamde ecosystems are (1)
reduced biodiversity, (2) poor water quality, and (3) increased turbidity from sedimentation

(Andersn et al., 201p The result of seagrass decline has a cascading effect on the whole
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ecosystem. These effects inclddél) reduced production of fisheries, (2) reduction in the ability
to filter water, (3) reductions in carbon sequestratimal(4) anincrease in harmful algal blooms
(Cullen-Unsworth et al., 2014 Changes may be subtle and masked by dynamic coastal and
ecological processe<(llenrUnsworth et al., 2006 Consequently, undetectable changes in
seagrass meadows would lead population fragmentation and a negative effect on
metapopulationNlatheson et al., 20)1Undetectable changes could result in a decreased patch

size and increased patch loss rate.

The spatial extent of seagrass meadows in New Zealand had been estimdked &Viorrison
et al., 2013 However, this accuracy is questionable as systematic spatial mapping data is

unavailable Anderson et al., 201%palding et al., 2003Also, historical losse®f seagrass in

New Zealand have been poorly documented, armayrhave gone unrecordetfidrrison et al.,
2019.

igure 7. Image showing sediment overload leading to smothering of seagrass mdadog/$ow tideat
Coxs Bay adjcent to theMeola Reef. Image courtesy Kavita Prasad.

N
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Table 1. Summary of seagrass deckrazross New Zealaddslarbour

Geographic location Period Spatial decline Cause References
The North Island of New Zealand
WhangareHarbour The 12-14kn? Five million Morrison et al,
1960s tonnes of 2007
sediment dumped
for port extension
MainlandBay (Rawhiti, 1961 Declined from Nutrient Matheson et al.
Kaimarama, Hauai, 2005 320000m to enrichment and | 2017
Kaingahoa) <10000m% sedimentation
run-offs and boat
effluent
WaitemataHarbour 1930 Extensive loss Reclamation and | Morrison et al.,
port works 2000
1940 Increased from Unknown Lundquist et al.,
2015 7.29 to 43.51 ha 2018
Taurangadarbour 1959 to| 34% Sedimentation Anderson et al..
1995 run-off 2019
KaiparaHarbour Mid to | Decreased Unknown Anderson et al.,
late 2000 2019
ManukauHarbour Mid to | Some recovery | Unknown Anderson et al..
late 2010 2019

The South Island of New Zealand

Avon HeathcotéHarbour | Unknown | Complete loss Unknown Inglis, 2003

2.3 General Overview ofwild oyster reefs in New Zealand

New Zealand has two native species of oydieas arelinked with establishing biogenic reefs,
(1) the Flat (Bluff) oysters@strea chilensisand (2) theRock oystersaccostrea glomerata
including the nomative Pacific oysterdQrassostrea gigggFoleyandShears, 20L9Viorrison

et al., 201¥. The Pacificwild oysters were introducedliring the 1960én New Zealand from
Japan [foley and Shears, 2019 Pacific oysters were first documented in Northern Auckland,
New Zealand, in 19705hears, 2010 In Auckland on the Te Tokaroa Meola intertidal rocky
reef, Pacific oysters were recorded as the dominant spéciesandPawley, 200R However,
more assessment is required to confirm the abundance of Ratbkeoystes on this rocky reef
(FoleyandShears, 2019

The location and distribution of oystegef vary across regions and swdgions in temperate
New Zealand estuarie§dley and Shears, 201p The Pacific oysters have dominated northern
estuaries in New Zealand and displaced Rock oysters in many locationssOn et al., 2014

Pacificwild oystersand Rockwild oysters have a Nortilslanddistribution,andthe Flat oysters
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have stablished themselvesdl around New Zealand\V{orrison et al., 201§ In the Southern
region of New Zealand, from Nelson to Marlborough, Pacific oysters have formed biogenic reef
beds (orrison et al., 2014 It is worth noting that the Pacific oyster isignificant contributor

to the aquaculture industry in New Zealaib(rison et al., 2014

2.3.1Wild oyster reefs ecological function servicesand value

Oyster reef function asecosystem engineers in temperate nearshore marine environments
(Thorngren et al., 20)7 They provide essential ecological services support marine
biodiversity, including(1) water filtration,(2) creating 3D style structures to store and trap food
for associated biodiversity, e.g., invertebrates, juvenile fish(@nuksting groundfor seabirds
(Beck et al., 2011; Thorngren et al., 2DIBlank oyster shellstabilize and defentthe coastlines

from surging wavesHutchart et al., 2000Live oysterdilter and recycle suspended solids from

the water column to help prevent harmful algal blooms directly and simultaneously help maintain
water clarity for seagrass growtNdgwell, 2004. Other important ecological services provided

by wild oysters includeemovingexcess nutrientsuch asiitrogen from polluted coastal waters
from agricultural runoff and sewaggléwell et al., 200k Other vital functions ofvild oyster

reek include enriching coastal fisheries biodiversity, directly linked to sociarearéational

activities such as game fishing and tour{gtitdge et al., 2020

The value ofwild oysterreef can be associated with their functions primarily through growth
and improved recruitmer{Byers et al., 2016 Their value is directly related the production
rateand revenue generdtirom fisheries saleFor example, full credit is given to a species whose
expected production rate is enhanced, while fractional credit is given to those species whose
production rate is modestly improveddterson et al., 20D3The estimated value @fild oyster

reefs was calculated by the rate of fisheries recruitment and expected production rates per unit
area in a restablished oyster reegPéterson et al., 20).3Using this technique, a 16rspace of

the reestablishedvild oyster reef yielded an additional 2.6 kg of large mobile crustaceand
fisheriesannually Morrison et al., 2014 In New Zealandyild oysters by customary local fishers

of the Awarua Runangarea natural resource that is higlprized(Anderson et al., 20)9The

actual value and contributierof Pacificand Rock wild oyster reefdo local fisheriesin New

Zealand remain unknowm/Qrrison et al., 201y

2.3.2Declining of wild oysters in New Zealand

Globally wild oyster populationsdve declined over the last 130 yeavgh atotal global loss
estimated at 85%Beck et al., 201)1 In New Zealand, the Foveaux Strait region experienced a
90-99% historical loss of Rockysters and the Bluff oysters were categorized ims"Poor
conditior' (Morrison et al., 201 Mainland New Zealand had50-89% wild oysterpopulation

decline and wasclassified asFair conditiori (Morrison et al., 201} In the Foveaux Strait region,
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large-scale mortality of Bluff oysters has been attributedh® microcell parasit&onamia
exitiosa(Michael, 2007.

On the Meolareef (Figure 2), the population of Rock oysters has declined in Auckland, New
Zedand, due tg1) invasive Pacificoysters (2) an escalation in oyster borer snailajustrum
scobing population,(3) increased sedimentation, afd) heavy metal concentratioAguirre et

al., 2016; Foleyand Shears, 2019 Over-harvestingis another cause of wild oysters decline,
leading to a fragmentadetapopulationvithout recoveryBeck et al., 201)1 Other contributors

to wild oyster declineare attributed to(1) dredging (2) trawling, (3) coastal alteration from
developments, and (4utrient and toxin overloaddnderson et al., 201 ®orrison et al., 2014

2.4 Research methods for seagrass amndld oyster reef

Over time, researchers have developed many techniques using remotely sensed (aerial and
satellite) imagery andh-situ (also referred to as traditional technique) to map and monitor
seagrass meadows and wild oyster reefs. These techniques were essembiaitfwing the status

of these habitats but had limitations. This section reviewed remotely semskdraditional
methods used for mapping and monitoring seagrass and wild oyster reefs and identified their

limitations.

2.4.1Seagrass research methods: remelly sensed and traditional

Initially, aerial photographs and satellite imagery were the primary data sources for mapping
seagrass meadoyBhinn et al., 201)7 Using aerial photos;aegele (1975mnapped underwater
seagrass vegetation in Gangegbour and the French Credkaegele'sesearch established that
underwater seagrass mapping was more straightforward during low tides when combined with a
colouredinfrared film.However, thigesearch did not mention the water clarity during high tide,
and classfication was performed manually from the infrared photographs using a mirror

stereoscope and validated from scuba suriieelg1975).

Mumby et al., 199 the British West Indies used an airborne platform with a compact airborne
spectrographic imag€CASI) to assess seagrass meadows, coral, and Bl orin-situfield
survey information, these habitats were categorized into coarse and fine h&eitapsass was
classifiedas acoarse habitatndthe accuracy ranged from-839% for all habitatypes Although

a high classification accuracy was achieved, this airborne platfoutd only detect limited

seagrass, coral, and algae species, limiting its effectiveness.

The Landsat satellite missions have one of rttast extensivesatellite imageryarchivesthat
researchers have used ntap seagrass over extensive spatial exteitskker et al., 2007
Fergusonand Korfmacher, 199Y. Roelfsema et al., 200fapped seagrass meadows usang

combinationof Landsat5 thematic mapper multispectral imagery anesitu field surveys
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conducted from a towed camera and spot suniaydMorten Bay, Australia.Although
classification accuracy wa83%, thefield surveys werecomplicated and timeonsuming.
Additional support and a boatexerequired to tow the camera, and experielpersonneivere
neeckd for video interpretations. In contraBhinn et al., 201,7used Medium Resolution Imaging
Spectrometer (MERISAndModerate Resolution Imaging Spectroradiometer (M®Batellite
imagery to understand the physical, biochemiaat| environmental variables associated with
seagrass meadow®ne of the limitations of this study was that due to low spatial resolution,

researchers could nestimate the spatial extent afagyrass meadows.

For mapping seagrass meadows globally, researchers aiswesed high spatial resolution
satellite imagery that ranged from 5 to 50cm, such as SP&Td3 (Pasqualini et al., 2005;
Siregar et al., 20)8IKONOS (PuandBell, 2017, GecoEye (Chayhard et al., 20)8WorldView-

2 and 3 (Collin et al., 2019; Poursanidis et al., 2D1QuickBird (Hisabayashi et al., 20),8
KOMPSAT-2 (Choi et al., 2018 RapidEye (Traganosand Reinartz, 2018 and PlanetScope
(Traganos et al., 20).7However,the limitations of atmospheric and spectral band attenuation

continue tagpersist.

Field-basedraditional methods for seagrass research typically inddhamsects and quadrats in
quantifying and identifying seagrass specig®ifison et al., 201y Often for specietevel
discrimination and to measure their morphological features, e.g., stem size in a heterogeneous
ecosystemin-situ samples were uset€ettil et al., 2020 In addition, researchermllecedin-

situ spectral reflectance samples of seagrass meaflomsa Spectreradiometer Yeettil et al.,
2020. However, tle spectral reflectance information may vary with seasonal changesaded
depth and theSpectreradiometer requiia recalibration after a shift in illuminatiqiveettil et

al., 2020. In-situ field sampling tasks are tedious and physically challenging in mudflats,
increasing the chances of error and data inconsistency resultmgfdtigue (Morrison et al.,
2014). Researchers can collect higisolution data on the ground, but sampling over large spaces
can be challengingl¢hnston, 2019

2.5 Oyster research methods: remotely sensed and traditional

Over time, aerial photographs andetlite imagery were developed more effectively to map and
monitorwild oyster reef habitat$¢hill et al., 2005 Initially, researchers used aerial photogsaph
and differentinterpretation techniques to detect the presence of aleddiveoyster reefssuch
asimage illumination differencessizzle et al., 2002; KatemdBaars, 2004 Researcherbave
alsoused aerial imagery to (1) assess loegn spectral characteristics of oysters, (2) identify
anthropogenic and environmental impacts ordib&ibution of oysters, and (3) quantify loss over
time (Grizzle et al., 2002; Garvis et al., 2015; Seavey et al.,)2Uh#& spectral propertiés aerial

photographsat different wavelengths were insufficient to distinguisttween live and dead
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oystersover extensive area®d¢wer et al., 2000 Other challenges for oyster research included

(1) dimensions of the oysters being variable in size to being mapped and differentiated, (2)
variations in the spectral signature during exposure and seasonal ckangess rewetting,
drying out, algal growth, and different species composition, and (3) tidal influences and sediments
at varying water depths during image captéev(er et al., 2010; Schill et al., 2Q0Researchers
haveestablished that low spatials@ution aerial imagergan only do a marginal estimation of

oyster reehabitatand fails to assess loss consiste(itipAA, 2003 Power et al., 2000

In 2003,the Marine Resources Division of the South Carolina Department of Natural Resources
(SCDNR)ard The National Oceanic and Atmospheric Administration (NOAA) Coastal Remote
SensingProgrammegocused on developing new techniques using remotely sensed imagery for
mapping intertidal oyster reefSNQAA, 2003. The NOAA project focused on providing
reseachers at SCDNR with potential and efficient methodologies to asgebyster reefs
through highresolution aerial imagery digitizatiomQAA, 2003. Their project examined the
effectiveness of the following analysis techniques: (1) manual delineaiiog sigoervised and
unsupervised spectral clustering, (2) spectral and feature analysis, (3)deragel dataand (4)

image segmentatioin the SCDNRresearch,dature analysis and imagerived data performed

better than other techniqutidentified the spatial extent, perimeter attributes, and wild oyster
reef conditiongstrata). Although the highesolution imagery provided accurate results, one of
the limitationsin this researclwas difficulty discriminating wild oyster reefs from m(dOAA,

2003. Likewise,Schmidt, 200used multispectral satellite imagery to classifid oyster reefs

but had limited success. This was primarily due to the broad spectral bandwidths in the satellite
imageryused,leading to misclassifications betweetid oysterrees and mud$chmidt, 2000

It is important to note that discrepancies occurred because of different satellite sensors,
atmospheric and radiometric correction, day and time of data capture, sun angle, and seasonal
changes between the habithing sensed\jeuwhof et al., 2015; Schill et al., 200@&ven if
seasonal variables are kept constant during data capture, obtaining resemblance between datasets
can be challengingLé Bris et al., 2016 Moreover, temporal lags between satellite imagery
acquisition and low spatial resolution can create oversight to detect rapid changdsoyster
reefhabitas (Windle et al., 201p

Traditional wild oyster reef research methoueluded collecting data from global positional
systems (GPS) and-situ field surveys with transects and quadratsr(dle et al., 201 The
traditionaltechniqus used for shellfish resource mapping have also been challehgng the
rugged and muddy environments where wild oysters are lodgat=diwhof et al., 2016
Traditionaloyster reemonitoringtechniquesresubject ta1) errors,(2) human inconsistencies,
(3) cause damage to the reef environment, @dretime intensive(Windle et al., 201Q In

addition, traditional techniques can be constrained to a sspallial extent, limiting the
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technique's applicabilityPower et al., 2000 For example, on the Meola reef, Auckland, New
Zealand, the Pacific oyster population had a gradual decline that was not detected until 2012
(FoleyandShears, 2019

The limitations presented above using satellite and aerial imagery, includsity techniques

for seagrass andild oysterreefs researchare being addressed by the scientific community
through the application of remotely piloted aircraft syste@isa(idand Bollard, 20217 see
Chapters 3 and;Duffy et al., 2018; Ridge et al., 2020; Windle et al., 20BPAStechnology

can be used for rapid assessis and has been identified as an accurate method for spatial
assessment of intertidal seagrass and oyestds, allowing for replicability overtimat alow cost
(Duffy et al., 2018; Windle et al., 2019

2.6 RPAS for marine ecology and conservation

In maine ecology and conservation, the application of lightweight RPAS (<2&lggbeemised
for variousapplications Garrett et al., 2008 Andersonand Gaston 2013 claimed thatRPAS
would revolutionse marine spatial ecolggand theirapplications have ¢égnded to atmospheric
sampling Greatwood et al., 2017mapping coral reef<asella et al., 2017mapping and
monitoring of ecologically delicate marine habitetantura et al., 20%8nonitoring and mapping
wetlands vegetatio@habot et al., 20%8nussel demographic¢somes et al., 201 &ntertidal reef
monitoring Murfitt et al., 2017 humpback whale behavioural responsési et al., 2020 and

remote environment monitoringi@svinaMoreno et al., 2017

RPAS low altitude remote sensit@s allaved researcherso identify finescale changes in
marine ecosystems, which was not previously possible with other remotely sensed products
(Dronova, 2015; Seymour et al., 2Q1For example, mlti-rotorsRPAShave been used for real

time surveying, monitang, mapping coral reef health, georeferencing satellite and crewed
aircraft data covering + SkhfCasella et al., 2016/entura et al., 207)6In contrastfixed-wing

RPAS have beerused for their ability to survey large spatial extends (kd®) and flight
efficiency (45 minutes){onarandlken, 2019

2.7RPAS sensors

A specialsed range of sensors can be integrated onto RPAS platfounesearchers need to
understand sensor limitations and operational specificatiosyi¢lla et al., 2020 Onecrucial

aspect for researchers is evaluating and understanding sensor specifications to capture quality
datasets for their researdhaien et al., 20)8Without considering this specification, it may lead

to poor quality datasets and unacceptable aenaby expectationsJollin et al., 201%. Another
specification to consider is whether the sensor can be remotely triggered to activate image capture.

If not, recording data before takdf would require additional storage cajig and extra data
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postflight editing Reus et al., 20)8Some sensors allow fonantervalometer functioor time-
lapse through the flight planning software, while others dohm$éganaliaandAbdelkefi, 2017.

Although in some instances, this can be modified througimavare modification

Sensor sensitivity during aerial surveys relative to RPAS flight characteristics is essential for
high-quality data captureA@sen et al., 2098 Signalsfrom RPAS motors vibrations, and
propellerwash can affectimagery leading todistorted images and artifacts in the imagery
(Rieucau et al., 20)8Therefore, a system with gimbals or other forms of stabilization with
adjustable shutter speeds is desiveaisen et al., 2018

RPASsnapshotind puskbroom sensing systems can satibfy demand for an extensive array
of marine applicationsCollin et al., 2019; Marcello et al., 2015; Reus et al., J0dHdwever,
choosing a sensor that meets all the research requirements can be challzeggmgling on the
application, a high spatiaksolution sensor will lead to a narrow wavelength for a particular band
(Aasen et al., 20)8Higher altitudeRPAS flightscovering large spatial extents will result in a
low spatial resolutionMoreover, to block a specific spectrum of light, an adddidilter can be
put on the sensoRfeucau et al., 20)8These adan filters provide researchers flexibility and
specific bands required to discriminate betweerommurring plant species in the marine
environment l(lomax et al., 2006 A comprehensiveeview of sensorfor marine applications
are presented ifTable 2). Furthermore, théncreasingavailability of miniaturized hyperspectral
sensors requisinnovative analytical techniques for data analyisigopezandMulero-Pazmany,
2019.

Generally, a sesor can be distinguished by the numbgbands and arrangemsift.opezand
Mulero-Pazmany, 2019 In addition, sensors can be classified based on their spectral
differentiation and the technique by which they achieve their spatial differentiatiger ¢al.,
2018; Sellarand Boreman, 200p The following sectiors (2.7.1to 2.7.5)reviewed the most

commontypesof sensors used on RPAS platforms and their applications.

2.7.1Spectroradiometers, also referred to as Point Spectrometers

Spectreradiometer sensors apecoming commerciallgvailable as a miniaturized version fully
compatible with RPASResearchers ka developed an ultrlightweight RPAS spectrometer
system for field spectroscopBrkart et al., 2016 The spectral information collected fronthis
spectreradiometer rangk from 338nm to 824nm wavelengthhat measured vegetation's
bidirectional reflectance distribution functigBurkart et al., 2016 Their spatial coverage is
dependent on distance to the object and fieldeav (FOV) (Aasen et al., 20)8Recently Shang
et al., 2017used a spectroadiometer to monitor phytoplankton blosemm Taiwan. The main

advantage of this sensworas its ability to captureery highresolutionspectraldataand is
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lightweight. Howeve, they requird extra GPS instrumenter spatial refereriag (Burkart et al.,
2015.

2.7.2Pushtbroom spectrometers

Pushbroomhyperspectradensosrecord a line of spectral informatioAgsen et al., 20)8These
sensos areoperate by repeatedly recording individual lines with all spectral information about
the object fasen et al., 2098In the image, each pixel represmithe objecs spectral signatures
within its instantaneous field of view (IFOMp(rkart et al., 2015 Reseechers have used a Push
broom sensor on a fixeding RPAS platform at altitudes of 330 to 575m from the surface and
achieved a spatial resolution of 0.3magen et al., 20)8 Moreover Lucieer et al., 2014;
Malenovsky et al., 201used a Headwall PhotosidMicro-Hyperspec VNIR (Headwall Inc.,
USA) pushtbroom sensoto mapAntarctic moss beds with muiltotors and achieved less than
tencentimetre per pixel ultrhigh spatial resolution imageryhe limitations of thissensorare

that theyare heavyso tley can only be flown at slow speeds, making it challenging to map more
extensive areas amdquires a powerful onboard computétasen et al., 20)8They also need

additional GPS equipment onboard the RPAS for accurate georeferehasun (et al., 2008

2.7.3Multi -Sensor: 2Dimensional (2D)Imagers

These sensorat every exposureollecedspectral information in 2DA@sen et al., 20)8A 2D

imager system usemany integrated sensors to record either hyper or multispectral images
(Turner et al., 2014 Additional spectral information can be achieved by putting filters with
specific wavelength configurations before the sensasén et al., 20)8Recently compa mini-
multi-sensor array systems available in the market are MicaSense RedEdge M and Parrot Sequoia
with spectral range 550nm to 790nm wavelength and RedENYespectral range 475nm to
840nm wavelength with blue, green, red,-eslje, and nednfraredbands {licaSense, 2017

Their applicatios rangel from agricultural crop health monitoring, and mangrove leaf area index
(LAI), seagrass change detecti@handand Bollard, 2022;Dash et al., 2017; Turner et al.,

2014

2.7.4Sequential: 2D Imagers

Sequential2D Imagerscapture spectrabands chronologically, with a time gap between two
sequential spectra bandsasi et al., 2018 Their spectral resolution ramjérom ~500nm to

900nm wavelengthsA@sen et al., 2098 An example of this sensor is Rikola hypmstral

imager by Seno OyNevalainen et al., 20)7 These sensors are primarily used in remote
environmental sensing, such as tree species classification, biodiversity assessment, and mineral
exploration {akob et al., 2017; Nevalainen et al., 2017; easi., 2013
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2.7.5RGB sensorsand modified RGB sensors

RGB sensorgapture the subject's reflectance aldhigee spectral bands, red, green, and blue
(RGB), along the visible electromagnetic spectrum, and their spectral resolution range from
400nm to 700nm wavelengthRGBS sensors are leaost to capture imagery at a very high
spatial resolution but limited spectral resolution. To overcome limited spectral r@splut
researchers havaodified RGB sensorsvith an additional infrared ban&GBN extending the
spectral resolutionp to 840nm wavelengths\@sen et al., 20)8For example, the Canon s110

NIR (nearinfrared) green (560nm, FWHM: 50nm), red (625nm, FWH®nm), and NIR
(850nm, FWHM: 100nm)Aasen et al., 20)8The main limitation of this sensor is an overlap
between spectral bands, low radiometric resolutions, and images are stored in raw data format,
e.g., digital negative (DNG)A\asen et al., 2018

2.7.6Limitation of RPAS sensors for marine applications

The rapid advancement in technology has introduced new types of sensors. This diversity makes
data quality assurance critical for researchers, particularly for spectral remote sensing and
gquantitative methodogy, given the challenges associated with radiometric and geometric
correction required for precise spectroscépyused marine environment remote sensing. For
example, m the Gulf of Mexico, Florida, researchers used an RGB imaging systemted on

an RPASto classify intertidal habitats (e.g., oysteef, saltmarsh, and mudflatgjqpriella et

al., 2020. This studyachieved a classification accuracy of 79%; however, misclassifications
occurred between oysters and saltmarsh due to low spectral andl tesparationin New
Zealand, Oaro reefn Kaikoura, researchers tested three RPAS imagery, (1)-liame RGB
imagery, (2) multispectral six band imagery, and (3) a composited nine bands imagery to assess
macroalgae Tait et al., 201Q Thdr resultsshowed for biodiversity assessments in shallow
habitats, sixand imagery achieved an 81% accuracy compared to 79% accuracy for the three
band RGB imagery. In contrast, the compositeiaed imagery achieved 90% overall accuracy
(Taitetal., 201R Although the multispectral imagelmad better classification accuratiye RGB
imageryhadbetter results for broad habitat classificatiosing hyper and multispectral sensors,

researchers can yield higher classification accuracy and taxonomic vari@tiaret al., 2019.

2.8 Method for RPAS image processing

2.8.1Structure-from-Motion (SfM) Photogrammetry

Photogrammetry has its earliest origmsurveillance and reconnaissance to gaiti@rmation
aboutdifferent locations from aerial photograplisuffy et al., 2020 Pettorelli et al., 20083 SfM
provides a solution for RPAS onboard sensor integration. The high geometric fidelity of the block
bundle adjustment during SfM processing uses the camerathapteetermines the orientation

and position of the sensolAdsen et al., 20)8 SfM techniqueintegrats a sequence of 2D
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geotagged photographs to reconstruct into a 3D structure of a feature or landstapen(
Jackson et al., 2020SfM technique autnatically transforrmadigital photos from a vantage point
using three main steps to be transformed into a textured 3D model. First, during processing SfM
algorithm relocates individual pixels to their spatial locations to account for a collective error
from angular terrain effects and lens distorti@nil{rban Jackson et al., 2020’he process is as
follows: initially, the algorithm (SfM) detects and identifies geometrically similar feature points
in all the input images at different angles. This informaisahen used as inputs, and the position

of the feature points is predicted and translated into a spayse&nd zthreedimensional3D)

point cloud {erhoeven, 2011 Second, the facade of the 3D model is constructed. Third, the
photogrammetry softwaruses a compaahulti-view stereematching algorithrmto produce a
polygonal mesh illustrated on the computer screen as a shaded, solid wireframe/emide (

et al., 201%. Finally, the polygonal mesis textured with the initial geotagged photographs
(Verhoeven, 201)1(Figure 8). There is no guarantee that higgsolution data from RPAS will
necessarily be processed in the SfM photogrammetric without eespscially images captured

over water(Oleksyn et al., 2091

Furthermore, the point cloud generated by SfM is generallgnirarbitrary reference frame
(Oleksyn et al., 2021 This point cloudneeds to be registered ta absoluteworld location
coordinate system to increase the positional/spatial accuracy of the orthomtzsait (et al.,

2015. An absolutdocation in theworld coordinate system can be registered by identifying key
features such asurveyed marks oground control points (GCPs) in the point cloud to known
realworld coordinates. However, in marine environments, GCPs are not available. The solution
is to distibute highly visible GCPs during low tides manually. The following section summarizes
the expected RPAS spatial accuracy using different positional accuracy equipment and

techniques.
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Point Cloud

Textured 3D model

Figure 8. An overview of the SfM photogrammetry workflow during image processing in Pixdtially,

a pointcloud is generated from the geotagged RPAS imafespolygonal meshs generateds a
shaded, solid wireframe mogdand finally, the mesh is filled withexture.Image sourc®ix4D (2019.

2.9RPAS spatial accuracy

Spatial accuracy is how accurately aerial imagery aligns with other datasets or reference maps
obtained from the absolute latitude and longitude coordinates. For example, if satellite imagery is
used the final product's spatial accuracy will depend on the spatial accuracy of that satellite
imagery.Consumeigrade RPA%reequippedwith built-in Global Positioning Systems (GP8)

provide users an expected spatial/positional accuracy(longitude and Y (latitude), typically

ranging from + 2 to 5 meters or as low as + 10 metewsr(es et al., 20)8The main advantage

of this approach is that researchers can collect enough data for complete orthorectification and
georeferencing basexh onboard data alone and limited fieldwork.

The advancement in technology has allowed sugrage GPS to be integrated into RPAS. For
example, thédJl Phantom 4RTK system can delivean average vertical accuracy of 2cm and
horizontal accuracy of 1.2cm wiihit ground control points (GG (Oleksyn et al., 2021 The
other option for improved positional accuracy is the qpostessing kinematic (PPKjlobal
navigation satellite systenNSS solution, which is highly comparable to the RTK system but
requirespostprocessing of flight logsionesandBrem, 2017. Users can also do a differential

correction from a known base station for precise positional accuracy.

2.9.1Ground control points (GCPs)

GCPs are usually used for ndirect georeferencing results. For exde, in marine
environments, there are no fixed surveyed markers; hence, researchers have typicaljused 5

randomly distributed ground control points to improve spatial accur@bgndand Bollard,
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2021; Windle et a) 2019. To achieve an absolute ggatial accuracy ranging frommdzm, these

GCPs markers are generally surveyed with a-tiesd kinematic (RTK) Global Navigation
Satellite System (GNSS) or a total station (accuracy up to 1cm and better) to get accurate
coordinated for the GCRE&igure 9). These GCPs can be identified in the RPAS imagery, and

during bundle adjustment, a geometric transformation is performed through photogrammetric

modelling(Aasen et al., 2018

>y : -‘"' < 4 ‘ T :,__ AT Y -3 Vg BT T e ; ST
Figure 9. The mageshowsground control points collectexhd surveyeat Meola Reef, Auckland, with a
rover and groundbasedstationSeptentrio ® RTK survey systedmage captured by Subhash Chand

2.10Remote sensing applicatiorthallenges in marine environments

Nearshore marine environments are highly complex and dyn&maito(elli et al., 2014 The
variatiors acrossthe marine environmertreate a high level of spectral divergence, further
challenging classification algorithmgSchwantes et al., 20)L8 Therefore to increase
classification accuracy, researcherainly rely onspatial resolution anidhage texture to enhance
features that can kdiscriminatel between different cover typesgba et al., 201)0 Texture in
remotelysengdimageryis the spatial distribution of colours/tones across the piygdgrelli et

al., 2019 used toincrease classificatioaccuracyin multispectral imagerySchwantes et al.,
2018. The spatial resolution in remotely sensed imagery can beredfto as the size of the
smallest feature being detected by a se(isaira et al., 2010

The USGS provideresearcherfsee access to a collection of aerial and higbolutionsatellite
imagerysuch as OrbView3, past SPOT, and IKON@&roughEarthExplorer Pettorelli et al.,
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2014 Turner et al., 2013 Despite highresolution satellite imagery, marine applications'
challenges still exist, such astradeoff between the signdb-noise ratio(SNR) and spatial
resolution Pettorelli et al., 204). This tradeoff implies that the senstr spatial resolutionauild
not be increased to match the researcher's application requirements unleSsipaichies et al.,
2019. Still, if the spatial resolutioris improved, it could decreasadiometric andspectral
resolutions [lagendraand Rocchini, 2008. The other challenge with higlesolution satellite
imagery often leads to spectral mixing and creates segti@rdthat are difficult to discriminate

between cover types, eventually decreasing claasifitc accuracygchwantes et al., 2018

Further challenges ardesired tidal datasets availability and coveragehouse capacityo
process aerial and satellite datasets furt@isecurity concerns that limit access to high spatial
resolution imager, e.g., South AsiaNagendraandRocchini, 2008; Pettorelli et al., 2014 he
other challenge for marine research is acquiiingitu ground truth data in inaccessible areas,
which is integral for accuracy assessments. Besides, it can be challengingiferresearchers

to integratdn-situ field datasets with remotely sensed produetstorelli et al., 2014

Casella et al., 201fave established that remote imaging through clear tropical waters within a
few meters can be effortless for mapping togafs because the wavelengths can penetrate water
much deeper in clear waters. For example, the blue spectral band with a 400nm wavelength
passing through 100m of water will be hbHght (Purkis, 2013 However, spectral band
attenuation increases wittavelength. For example, the wavelength of the red spectral band with
620nm to 750nm can only penetrate a few meters in clear,veaiginfrared bands 840nm can

only penetrate a few centimetréaufkis, 2013.

Another critical challenge for marine applications is comparirgjtufield data with satellite and

aerial imageryPettorelli et al., 2014 However, this is restricted by an ecologist's knowledge of
remote sensing products and application proto¢tdgiéndra et al., 20) .3 imited knowledge of

remote sensing products leads tademused, unappreciated datas@sttorelli et al., 2014

Usually, this challenge leads to difficulty understanding the benefits of remotely sensed products
and their shortcomings. For example, poorly referenced remotely sensed imagery cannot be fully
integrated within-situ datasets andhability to locate timerelevant remote sensing datasets
(Schwantes et al., 20).8inally, the limited access toulti-temporal rematly sensedatasets is

another challenge marine researchers feegdrelli et al., 2014

On the contrary, temperate marine environmentsatssbe challenging for RPAS surveys due
to increased suspended particles in the water colspriglla et al., 2020 Regardless of the
imaging system's spectral resoluti@pectral dampeningelectromagnetic signals weakgns
increases with depth at3n, and étection is only possible for broad classes of submerged

vegetation (ait et al., 201} In contrast to aerial and satellite imagery, researchers have the
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option to operate RPAS for marine applications at optimum conditions during low @idesq
andBollard, 2022 Duffy et al., 2013.

2.10.1Cost challenges

The costs that originate from operating an RPAS for extended periods are complicated to compute
but depend on many components' collaboratieitprelli et al., 2013 The challenges arising

from cost aregrimarily reliant on acquiring sophisticated instruments onboard, such as sensors,
advanced telemetry communications systems, -kBmdurance, and heavy payload capability
aircraft Pettorelli et al., 2014 Usually, the payload is the most expensive phthe aircraft,

which unfortunately breaks dowhdqpezandMulero-Pazmany, 2019

Today there is no definite solution covering all conservation applications, as there axdfgade
between the cost of the sensors and the RPAS platfeatiofelli et al.,.2018. To be cost
effective, researchers have tried and tested different methods. For exXdemlea et al., 2018
modified and successfully used a-Bero Black edition sensor on a quadcopter to investigate
and map seagrass meadows, a rocky coast norgajuvenile fish, and two sandyeacles

locations with biogenic reefs.

In addition, the upsurge in cost can be directly related to the significant volume of data
accumulated, processed, and then stored, often requiring competent information technology
personnel and infrastructur@dttorelli et al., 2018 A large quantity of data collected during
aerial surveys will create a bottteeck effect in operation or research if they are not processed,
passed on for classification, and moved to storage efédgtizopez and Mulero-Pazmany,

2019. The marine environment is a space filled with uncetyaifor example, wind conditions

could change suddenly and are occupied by low flying shorebirds whederatscould happen

during RPAS operations. Also, breakdts would compromise the project's viability,

consequently increasing cosbpezandMulero-Pazmany, 2019

Nevertheless, it is universally agreed that the cost connected with RPAS applications is lower
than some recognized techniquasthe scientific ommunity (opez and Mulero-Pazmany,

2019. For example, for seagrass amidd oyster reefs researcin-situ fieldwork can be (1)
laborious and costly, (2) often there is a traffebetween frequency and sample size, (3) target
habitat can be situated inaccessible isolated areas, andi(é¥itu field sampling may cause
disturbance to flora and faunBu(ffy et al., 201%. In contrast RPAS surveys (larecheaper,
costing around 1200 NZD for a consunrggade RPAS with an RGB sensor, (2) ability to
calcuate leaf area index (LAlAndaboveground biomass (3) is less invasive, and (4) can cover

large spatial extents at higher altitudes (not exceeding 120m from suifacé)r@ et al., 2007
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2.10.2Environmental challenges

Turbidity remains a constaativironmental challenge in temperate coastal marine wateps®{
and Mulero-Pazmany, 2019 For example, runoffluring heavy rainfall increase sedimentation
flow into the ocearduring extreme weathergducesensorvisibility, and increase spectral
compleity, making detection challenging{eksyn et al., 2021 This challenge is significant
because it restricts RPAS surveys and research within habitats that do not exwted depths

unless water clarity is 100 percefitiéksyn et al., 2021(Figure 10).

Furthermore remote detection of submerged vegetation through turbid waters is challenging,
irrespective of the higlquality sensing systenT it etal., 2019. This challenge often leads to

the misclassification of different submerged vegetations. For examplthei®aro reef,in
Kaikoura, New Zealand, researchers used an Airphehasid multispectral sensor and a Sony
mirrorless RGB sensor to clifgsmacroalgae Tait et al., 201 However,spectral dampening
occurred at Bm depths in both sensolsniting detecton for abroadly submerged algal group
(Tait et al., 201%

Researchers havalso encountered environmental challenges when using RBAS8rrestrial
environmentsfor example wildlife census $eymour et al., 201 YbHowever, computer vision

and machine learning techniques have automated such tasks if delivered and analysed by highly
qualified personnelAndrew and Shepard2017). Nevertheless, computer vision and machine
learning techniques only apply to reasonably d¢adgcate species in clear shallow turbid waters
(Oleksyn et al., 2021 Therefore, manual counting and identifyimglividual species ikighly
recommended for more reliable and accurate results but takes a substantial investment in costs

and time Geymour et al., 20)7
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Figure 10. Images showing submerged seagrass meadows and claigr at two locations in New
Zealandduring high tide The image on the left with 100% visibility is from Srelbeach ~64km away
from Auckland, and the right image is from CoBay adjacent to Meola Reef, close to Auckland city.
Kavita Prasadcapturel the imagesvith a GePro camera.

2.10.3Motion blur challenge and solution

Motion blur is a crucial image qualiyegrading challenge in all remotely sensed imagery
(Pettorelli et al., 2018 Motion blur occurs during aerial image capture because the featng b
captured moved during the time it took to expose the image, and the movement will be recorded
as a blurThe introduction of motion blur in aerial images increases the severity of artifacts in the
imagery and creates a uniform textugeymour et al.20170. Motion blur in RPAS imagery is
mainly caused by the degradation effect of blur caused by sensor instability or poorly mounted
sensors$eymour et al., 20)7These poorly mounted sensors vibrate during image acquisition
and produce blurry image®leksyn et al., 20291In addition, a poorly mounted sensor can change

its viewing angle during flightsNahirnick et al., 2018 Motion blurred images create errors

during SfM automatic image processingg(tura et al., 2006

Moreover,another source afotion blur is correlated to dynamignd speeds. For example,
Lehmann et al., 201 sed two consuma@rade RGB sensors to detect and monitor invasive
plants. During flights, turbulence from high wind speeds in marine environraedtlight
altitude contibutedto image blurandartifacts in the imagery. For exampkeckenridgeand
Dakins(2011) discovered that imagery captured fr80b to 153 meters altitudavere too blurry

to distinguish plant cover but significantly improved at 76m altitudes.

Not only do the factors mentioned abaamtributeto motion blur in imagery, but a sudden input

from the operator is yet another source of motion blur in RPAS imag®wever, motion
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blurred images can now be automatically filtered before image processing to minimize errors and

complete SfM processing automatidtitfeiroGomes et al., 20)6

To prevent motion blur, aircraft speed should mateh shutter speed to méain consistency
among the captured phot@&/atts et al., 2010 For example, an aircraft speed of 3m/s should be
compatible with the shutter speed and exposure time at 1/2000s to acquire images without motion
blur (Rosnelland Honkavaara, 2012; Watts ef., 201(Q. Sensors with a variable aperture
depending on the light intensigndshutter speeds of 1/1250s to 1/1600s would be optimum to

minimize motion blur Turner et al., 2016

2.10.4Spectral confusionchallenges

Spectral confusion or spectral mixingasunique challenge in remote sensifgymour et al.,
2017). Highresolution aerial imagery contains homogenous spectral pixels with comparable
radiance creating spectral confusiéteftorelli et al., 2018 Features with spectral similarity are
challenghg to separate or extract pure training samples for supervised classification and further
reduce accuracyVentura et al., 2017 Spectral mixing is more prevalent in imagery capture
within the visible electromagnetic spectrum ranging from-400 nanomets @rona et al.,

2018; Ventura et al., 20).8Apart from spectral mixing, confusing the classification model is the
subpixel blending of homogenous hueéxf/mour et al., 201 YbFor example, guano droppings
and dried sediments on rocks resemble pixeldafkwild oyster shells on the groun@f{and et

al., 2020. Subpixel confusion depends on the target's scale relative to the image pixel size
(Espriella et al., 2020 The challenge of spectral confusion further increases in ecosystems with
a spatial oerlap between two habitats and establishes a diverse, transitionaCaezalénd
Bollard, 2021). For example, in Meola rocky reefjld oysters can be partly or entirely obscured

in areas covered with mangroves.

2.10.5Shadows andsunglint challenges

Using RPAS for lowaltitude aerial surveys in marine environments is a routiiekEyn et al.,

2021). Aerial imagery is best captured marine environment&/hen comparatively consistent
lighting conditions Casella et al., 201 Duffy et al., 2018). But capturingconsistent data might

be challenging in regions with structured surfaces spread with vegetation such as mangroves,

saltmarsh, ad rough sediment areas creating temporary variation shqdfewsira et al., 2018

Sunglint in remotely sensed imagery has been a-&tagding challenge in airborne remote
sensing in marine environmentisay et al., 200p(Figure 11). Commonly sunglinbccurs when

the sun incidence angle is equivalent to the reflection angle, which causes a specular reflection
from the water surface onto the sendduglim et al., 201Q This specular reflection creates high

intensity in the images, reducing the sigtwmhoise ratio (SNR)and decreasing acceptable

Page p1



observations and imagewnysefulness Joyce et al., 2098 In an estuary, sunglint would be
dependent on tidal variationsgy et al., 200} During high tides, sunglint is dependent on depth,
benthic structue, wind direction, and water entering the estuary from adjacent st(damsm

etal., 2019 While during low tides, sunglint can be caused by moisture trapped between seagrass
meadows, rock pools, and sediments with high specular reflectaheedandBollard, 2027).

For example, seagrass meadows resurface once submerged at lpeotidessd with scum and
cyanobacteria sticking to their bladésuslim et al., 201 This scum and bacteria create a high
specular reflection in the shestave infrared (SWR) and NIR regions of the electromagnetic
spectrum lluslim et al., 201 Meadows with a glossy surface can createomdgeneous
landscape on the substrate background, masking other land cover featwemtmendmaking

it difficult to distinguish inthe imagery ¥luslim et al., 201}

Band 4: NIR Band 5: RedEdge

MicaSense RedEdge sensor ‘ DJI sensor

Figure 11. RPAS magey captured during aerial survey at Meola reef with MicaSense RedEdge
(VIS+NIR) and DJI(VIS) sensorsDespitesensospecification and moddbothimagerieshadthe presence
of sunglin{ shown by the red square outline

2.10.60perational challenges

For marine ecology applications, the advent of RPAS aerial surveys was an extraordinary addition
to data collecting protocolsidyce et al., 2009 Although many applicaths have established
high-quality imagery collection guidelines, operational challenges still create bafietssyn

etal., 202). A simple example of the operational challenge is that RPAS flights are restricted for
most marine applicatiorduring light hours and reasonably good weather.

Operational challengesftenresultin hardware and data tradéfs (Oleksyn et al., 2091 For
example, an increase in the size of the RPAS platform with a heavy payload will translate into

increased expensdut will be spatially and spectrally more efficiditésanaliaandAbdelkefi,
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2017). Anotherchallenge for a large RPAS taking-off and landingfrom a boat {oyce et al.,
2019. Operating a large and heavy RPAS candperationally challenging as requires

additional personnel support and a piloting lee(Miuslim et al., 201}

A battery powers most RPAS components responsible for the aircraft's enduraiscthambst

critical element for RPAS operations but hlas most prevalent challenge®yce et al., 209

For example,(1) poor battery managemenmy novice usersould crash the aircraft during flights
Oleksyn et al., 2021(2) thebatteries included with otihe-shelf RPAS hae a maximum flight

time of fewer than 30 minutes, restrictingrial surveyso smallerspatial extent€astellanos
Galindo et al., 201,93) taking additional batteries in the field can be logistically and physically
challenging (considering only two personnel out to collect data) and require proximity to recharge
these batterie®leksyn et al., 2021(4) with short intervals (2 hrs) between tides, valuable time
would be lost without extra fully charged batteries during habitat mapping subeeysllanos
Galindo et al., 2019(5) logistical challenges for oversegrojects associated with battery

transportation on airlines researchers need special hardware and perriisgiere( al., 2009

Anothercritical operationathallenge is satellite range and connection, depending on the satellite
position and the suey location {oyce et al., 20)9RPAS needs to be connected to at least three
satellites for flight stability, control, and prevent-fiyfs (Castellanog5alindo et al., 2019 The
telemetry from satellites needs to be consistent between RPAS and the gtation to provide

horizontal, vertical, and positional accura®yu(fy et al., 2013.

Furthermoreextended manual RPAS operatiowsid result in low overlap between images and

pilot fatigue QOleksyn et al., 2021 Novice RPAS pilots can be legsecise with drone
commands/controls if telemetry is lost and are less attentive to hazards, creating safety risks to
other airspace users and the publicggory et al., 2000 On the contrary, poor flight planning
associated with automated flights caskrcompliance and loss of expensive equipmémide et

al., 2019. For example, flight altitudes above the regulatory levels could lead to a collision with

other aircraft.

2.10.7Radiometric resolution challengesand solution

RPAS offers a unique platform faggearchers to advance their understanding of sfeatiporal
environmental sciences research globallyalifreda et al., 20)8 RPAS platforms allow
researchers to operate under different environmental conditions, during clear \aedtheow
clouds. Butchanging environmental conditions such as cloud cover create shadows that impact
the radiometric resolution of the image@|éksyn et al., 2091 Surface reflectance in marine
environments creates a continuous challenge for all remote sensors affedimmetec
resolution during image capturglénfreda et al., 20)8This challenge from reflectance values

varies depending on the type of sensor. For example, vignéiiragreduction of an image's
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brightness or saturation toward the periphery compar#eetimageentre)is caused by the focal

length of the sensor or the aperture along with the sensor's wavelength and the image acquisition
procedure $harma et al., 20)9A sensor's viewing angle and distance from the ground, surface
type, or environmetal conditions such as topology and bidirectional reflectance also affect the
radiometric resolution in the imageryénfreda et al., 2018 During image classification,
variables such as vignetting and bidirectional reflectance distribution introdudeerfurt
uncertainties Joyce et al., 2009 For highresolution RPAS imagery, inconsistent reflectance
values due to diversity in the optical properties and the -firaensional surface structure

translate into various geometric distortiofs$a(k et al., 208).

RPAS captured imagery has little influence from atmospheric conditions, flying at low altitude
Still, the imagery can be influenced the atmospheric effect from wind spraying higher aerosol
concentrationsduring evaporation foyce et al., 2009 Another factor affecting the RPAS
imagery's radiometric properties is downwelling lighting conditidis the process of
accumulation and sinking of higher density material beneath lower density material, such as cold
or saline water beneath warmer or frsstvater or cold air beneath warm)aind transmittance

from target to sensor distortioBtark et al., 2016

Generally, radiometric correction (RC) is applied to remotely sensed imagery to calibrate the pixel
values MicaSense, 20)7Radiometric correction improves the quality and interpretability of the
remotely sensed datay andHe, 2017. RC calibration is straightforward, where the digital
numbers from the raw data are converted into surface reflectdngee(et al., 209 RC
calibration involvedn-situ field measurements of reference from a field spectroradiometer or a
calibration panel target before and after RPAS flights/¢e et al., 20)9Multispectral sensors

such as MicaSense RedEdge and Parrot Sequoia setups dandstvowelling irradiance sensor

and a standardized reflectance panel for radiometric corretfioa%ense, 20){Figure 12).

2.110vercoming environmental, shadows and sunglint challenges

The environmental conditions are the primary reason for many of the challenges associated with
RPAS aerial surveys for marine habitat mapping and classificaltigud et al., 20)9However,

there are solutions to oveme these environmental challenges. For example, planning aerial
surveys to avoid extreme environmental conditions, such as high wind speed and bright
illumination, is the most effective strategy for acquiring quality aerial imadeagdlla et al.,

2017; Hodgson et al., 2013

For best RPAS aerial survey resulsy et al., 200have advocated avoiding significant shadows
and illumination fluctuations. It is better to conduct aerial surveys close to solar noon or avoid it.
Duffy et al., 201&uggestd that collecting images at natine point on a sphere directly below

the observer)n marine watergandmaintaining the viewing zenith at 90 degrees to the sun can
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reduce sunglint off the water surface. Flights should be plannedainremower patterti.e.,
forming apatternmoving through thestartingwaypointmoving down, then from left to right,
thenup and continuing the motiamtil the last waypointandsuch that the RPAS is either flying
directly towards or away from the sun azimuth, + d89ees Chand and Bollard, 202Tpyce

et al., 2019, RPAS aerial surveys on days with unpredictable cloud cover and continuous
illumination changesreatedadiometric inconsistency and affedspectral signatures impacting
classification accuracyManfredaet al., 2013 Radiometric errors may require a standardized
correction (depending on the sensor) because cloud cover may filter out different spectral

wavelength componentsi¢dgson et al., 20)3

Moreover,Chirayathandinstrella(2019 have demonstrated that the fluid lensing technique can
be valuable rather than looking at water surface ripples as a distortion for habitat mapping.
well-plannedmission and understandirg the effects of reflection from the water surface and
the strutured ground surface and sensor viewing anglédimprove mapping outcomesdyce

etal., 2019 Currently, to enhance spatial accuracy, DJI's Phantom RPAS range is integrated with
onboard reatime kinematic (RTK (is a technique used tmprove the preision of position data
derived from satellitdbased positioning systems such as GRSurveygrade GNS$is a system

that uses satellites to provide autonomous-gpdial positioniny systemgives users survey

grade accuracyRidge et al., 2020 This high-precision equipment affordability will improve
crossreference accuracy with other datasets and mapping prodbtksyn et al., 2021
However, it is desirable to ensure the networks necessary to operate the system in the area of
interest before prmurement Joyce et al., 20)9Advancemerdin computing power and machine
learning algorithmdgurther boosedthe identification and automatic detection power for habitat
classification and mapping of submerged habitats suglild®oysters, coral reefend seagrass
meadows Bakirmanand Gumusay2020; Chirayatlandinstrella, 2019; Ridge et al., 2020

2.11.10vercoming operational challenges

Aerial survey limitations due to battery capacity could be eased by monitoring the battery
percentage levels ata@nding the aircraft before battery levels are below ~25% charigégyn

et al., 202). This battery level monitoring procedure will ensure that these batteries will have a
long life and prevent early deterioratianu(ffy et al., 2018. There is a increase in demand for
longer RPAS flight timeshence manufacturers have developed laoffethe-shelf RPASwith
increased battery capacapndflight endurance over 30 minuteSiéksyn et al., 2021 The other
incentive designers are introducing is tomcept of automatic battery chargeer, reducing the
recall of the aircraft during flightsA@d-Elrahman et al., 2005

Moreover, additional support is recommended to reduce pilot fatigue dextegded manual

operations to protect expensive equipnaerd ensure safety for the crew and the publig¢e et

Page b5



al., 2019. Also, preprogramnedautomated flight planning is encouraged to reduce pilot fatigue
(Joyce et al., 20)9Most automated flight planning software is open sou@®wing the pilot

to mantain a visual line of sight with the aircrafhd focus on general safgileksyn et al.,

2021). A support person can be a good option during flights to communicate hazards to the pilot,
such as identifying lovflying aircraft Joyce et al., 20)8Besids, an automated flight planner

will allow users to create good overlaps (frandside, > 80%) for high positional accuracy for
marine habitat mappind(ffy et al., 20183,

Before any RPASaerial survey planning should include a precheck of weather itmms
(Oleksyn et al., 2091 Depending on the model, the aircraft's capacity to withstand wind speeds
For examplea DJI Phantom IV's maximum wind tolerance capacity is 10m/fy et al., 2013.

For RPAS operation and tracking in windy conditionsysiseould calculate winthduced error

by calculating the movement distance of the RPAS at the proposed survey altitude while hovering
over a fixed position for a particular tim®Igksyn et al., 2021 If wind conditions are too

unstable, avoid flights.

Furthermore, deep learning has emerged as a powerful research technique for marine
environments Gray et al., 201P Datasets from remotely sensed imagery and deep learning
models, such as belief netwsrtare graphical models that communicate causal irdiion and

provide a framework for describing and evaluating probabilities when we have a network of
interrelated variablgs convolution neural network (CNN)s a class of neural networks that
specialises in processing data that has aliggdtopology, such as an imageand stacked
autoencoder, are combined to investigate and automatically identify biogenic halzitatsa(de

et al., 201%. Researchers have integrated deep learning techniques and remotely sensed datasets
for wild oysters and seagrass research. For examplR€d3 et al., 2018sed underwater
videography and CNN features to define seagrass meadows patches andnuX2)s;loque et

al ., 2018used satellite imagery to automatically detect damages to seagrasfgdmedooat
propeller scars using a CNN deep learning techniqueM(®)iruzzaman et al., 2018sed
underwater camera imagery anthater regionatonvolutional neural network (Faster@GNN)

method to detect seagrass, @@rezet al, 2020used WorldViev 2 satellite imagery and applied

a deep capsule network (DNC) together with a CNN technique to evaluate deteriorated seagrass
and distribution areas (Ridge et al., 202Bave used a CNN technique to automatically delineate

and detectvild oyster reefén Rachel Carson Reserve in America.

A strategic solution to highesolution RPAS data analysis challenges is to push the boundaries
furtherfor developing and applyng machine learning and computer vision for pattern recognition

in marine ecosystemsdyce et al., 2018 Developing these patterecognition algorithms would
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diversify their applicationg different ecosystems and narrow down speleies! identification
effectively Oleksyn et al., 2021

2.11.20vercoming radiometric challenges

In remote senap, radiometric corrections improve image quality and ensure that the imagery is
ready for geospatial analysiSiay et al., 201P Researchers have created linear calibration
equations for radiometric correction of RPAS datasets from calibration tahgétsanverted

digital numbers to reflectance for every bahdliperte et al., 2011 This model assumed a linear
relationship between surface reflectance and the calibration targets. In covitnagandMyint,
2015used grey levels from more than two calibration tardetsricreasd calibration precision.
However, these studies have not considered that the reflection from the ground features varies

with wavelength.

Furthermore, with rapid sensor technology adeaments, organizations such as MicaSense have
an automatic radiometric calibration process integrated into Pix4D Mapper and Agisoft
Metashape photogrammetry softwakédaSense, 2017 This radiometric correction algorithm
from MicaSense accounts for sensensitivity, exposure, gain, vignetting effects, and black
level adjustments\jicaSense, 20)7The equation for computing surface reflectance L from raw

pixel value P is shown below.

L=V(x,y)*31 . P — Pso

g tetazy — astey

P = raw pixel value

PsL = normalized black level value

a1 & anda = radiometric calibration coefficients

V (X, y) = vignette polynomial function locations of pixels
te = image exposure time

g = sensor gain

X, y = pixel column and row numbers

L = spectral radiance

Equation sourceviicaSensg2017).

The radiometric correction algorithm incorporates the sun and sensor position and the irradiance
data from the reflectance calibration paeigure 12). For example, during the calibration
process in Pix4D, the radiometric correction algorithm considers the camera gain and exposure

values. Also, the radiometric correction process converts digital numbers from raw multispectral
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imagery into sensor reflectem and absolute surface reflectance valiésgSense, 2017

Band 1 Blue Band 2 Green

Band 5 RedEdge Band 4 NIR

Figure 12. Showing a MicaSense reflectaricentre)panel with the imagetsken for each banokfore an
RPAS flight. Each band has a unique reflectance correction value supplibd manufacturewith this
reflectance panalsed for radiometric correction during image procesdimgges captured by Kavita
Prasad.

2.12Summary

New Zealand has morthan 400 intertidal estuaries, which vary in shapel sizeand are
connectedo the seal{ume et al., 2007 Researchers have indicated that some estuaries health
is neglected and is in poor condition, but their health and value can be restored, given an
opportunity(MfE, 2019. The poor condition of these estuariediig to the cumulative effeaté
excessive sedimedischarge from developments/erloadingutrientsandpollutants, including
climate changeljavies et al., 2008 Consequently, thesermuilative effectsignificantly impact

the intertidal estuarieswhich hold incredible diversity and species turnqveraking them
vulnerable Dudley et al., 201)f The challenge is thahése intertidal speciefor example
seagrass meadowZosteramueller) affected may recover from these cumulative effects at
different rates [Davies et al., 2008 The solution could be continuous ecosystem monitoring,
identifying the impacts, mitigating them, creating baseline habitat rmadsjetectingifie-scale

changes.

Furthermore, in New Zealand, there is a significant knowledge gap in the scale and the spatial
extent of habitat losSMfE, 2019. This knowledge gap isainly due to the cost of monitoring

and mapping submerged habitat§i, 2019. There isa national inventory gap in New Zealand

for most biogenic habitats, except datasets, which are primarily available for seagrass meadows
and mangrovesA(nderson et al., 20)9However, thesavailable datasets Watemporal gaps

and missing metadatm their spatial extent, abundance, and distributibéorison et al., 2014
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For example, a spatial query onNbvember2021 from the Department of Conservatson

Se&bketch website on seagrass point feature class showed the follesirig

Flag (1 0f2) » B

Source: https://www.seasketch.org/#projecthomepage/5357cfa467a68a303e1bb87a

The Depamnent of Conservations (DOC) SeaSketch projeatpé.//www.seasketch.ong/

conducts a nationacale assessment of seagrass extent using datasets captured from the local
councils and digitized layers from other agencies and univerghnderson et al., 20)9These
datasets arérom unreliable data sources with gaps in years, and authorities have difficulty
accessing different spatial layersnerson et al., 20)9Meanwhile researcherbavefocused

on density changes and threfmtseagrass and mangrove habitétseefocus should have been on

how extensive changes are and how productive these habitats codlddeespn et al., 2019

MfE, 2019.

For mapping and monitoring intertidal estuaries in New Zealastarchers have used satellite,
crewed aerial imagery, amat-situ field measurements\(derson et al., 2019; FolendShears,

2019; Lundquist et al., 2018; Morrison et al., 2014; MfE, J08atellite imagerystill has
challenges such adoud contaminabn and revisit time e.g., 18 days for free downloadable
Landsatsatelliteimagerywith low spatial resolution@asella et al., 2017; Gomes et al., 2018
Although satellite technology has advanced in capturing high spatial resolution imagery, datasets
for marine applications are insufficient for studying small and medium coastal dynamics and
identifying fine-scale changes/éntura et al., 2008 On the other hand, crewed aerial imagery
also has revealed some operational limitations, mainly due to aircraft speed and flight altitude.
Crewed aerial imagery costs are high because they include the cost -tfaweltl personnel
operating expensiveath acquisition sensors and spes@éli equipment\f/indle et al., 201p
Traditionalin-situfield measurements provide highsolution ground sampling distance but have
limited spatial extents and are challenging to monitor and map large spatial exterasne
habitats such as wild oyster reefgi(idle et al., 201P These limitations can affettte collection

of high-quality marinedatasets, especially when tirsaving and lowcost dataetsare required

RPAS are well adapted to provide researchets a high standard ahapping for nearshore
marine environments and inaccessible areas, or those highly spectrally complex in the structure

such as wild oyster reefs lieola Intertidareef. RPAS Bows for multi-temporal aerial surveys

Page b9


https://www.seasketch.org/

and consistemhonitoring over large spatial extents at finelasimetrescales Duffy et al., 201§.
These resolutions are essenfiat understanohg the spatial dynamics of nearshore marine

environments.
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Table 2. Comprehensive revieaf sensors and RPAS for marine applications

Year

Sensortype

Sensor Specification

RPAS type

Spectral
resolution

and Spatial

Applications and Endurance

References

Summary of applications using RPAS for marine research

2010 2D Multispectral Nikon® D90 ScanEaglewWarragul Three bands RGB Mapping, surveyingandmonitoring of | Hodgsoret al, 2013
Sensor o Fixed Wing Price USD . Dugongsandhumpback whales in
12-megapixedigital 67480.00 including 1024+768 pixels Australia. 6690minutes
singlelens reflex (ER) ground statiormnd ) )
training GSDacquired3cm/pixel
2012 2D Multispectral miniMCA Tetracam Oktocopter Six bands multispectral | Mappingcoastal salt marsh vegetation| KelceyandLucieer,
Sensor 490nm800nm 2012
In Ralphs Bay, Australia
2012 2D Multi-spectral Canon 550D (SLR) TerraLuma, OktoKopter | Photogrammetry: Coastaimonitoring in Southeast Harwinet al., 2015
Sensor PMVS2 Tasmania, Australia
Payload: 1kg
GSD: <X3cm/pixel Flight time: 6m @3&0m altitude
Overlap= 70%90%
2013 2D Multispectral Canon EOS 55D Hexacopter Photogrammetry: Reconstruction of coastadpography in | Mancini et al., 2013
Sensor Agisoft Photoscan Marina di Ravenna, Italy
GSD: 0.6cm/pixel Flight time 20m
2015 2D Multispectral Olympus EPM2 APH-22 Hexacopter Threebands RGB Collecting images to measure killer Durban et al., 2015

Sensor

25 mm F1.8 lens,

Payload = 0.13 kg

whales(Orcinus orca) at Vancouver
Island, Western Canada

60 flights each at ~13.5 minutes
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Table 2. Comprehensive revieaf sensors and RPAS for marine applications

Year Sensortype Sensor Specification RPAS type Spectral and Spatial| Applications and Endurance References
resolution
2015 2D Multispectral 3 Sensors on Predator: MQ-9 Predator Band Multispectral Marine surveillancandresource Brooke et al., 2015
Sensors MTS-B Skyball, SeaVue | Puma AllEcosystem monitoring inthe Hawaiian Islands.
RadarandAutomatic Area: 30ha Distance: 1500km
identification system
2 Sensors on Puma:
Gimbaledandinfrared
2016 HD Sensor (Mobius) | GoPro Hero 3 Black Homemadeprototype Threebands RGB Identify and map coastal fish nursery | Ventura et al., 2016
Edition quadcopter Flight _ grounds in Giglio Is. Mediterranean Se
planning: ArduPilot Mega 3000 *2250 pixels
<100USD. GSD= 1.01cm/pixel
2016 2D Multispectral Senso| GoPro Hero 4 Aeryon Scout Threebands RGB Monitoring mid and low intertida] Konarandlken, 2016
communities in Kachemak, Northel
Gulf of Alaska
2016 2D Multispectral Senso| Go Hero 3+ Silver edition | DJI Phantom I Threebands RGB Investigate sharkand Ray densities ir Kiszka et al., 2016
Moorea (French Polynesia). Depth -1|
<USD 2500 2m.
2016 2D Multi-spectral Nikon D700 DS6 hexacopter. Paylog Photogrammetry: Monitoring mudflats in Seine Franc{ Jaud et al., 2016

Sensor

1.6kg

Agisoft Photoscan.

GSD = 1-2cm/pixel @
50m-100m altitude

Flight time 20m
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Table 2. Comprehensive revieaf sensors and RPAS for marine applications

Year Sensortype Sensor Specification RPAS type Spectral and Spatial| Applications and Endurance References
resolution
2017 2D Multi-spectral CMOS DJI Phantom Il Vision+ Threebands RGB Examine ecosystem variable that affe| Zeng et al., 2017
Sensomand _ andDJI Spreading Wing¢ andL024 Spectral bands| ocean data acquisition
Spectrometer Ocean Optics ST¥IS S800 Payloads 1.4and
1.6kg 350nm-800nm
Flight Planner: DJI GO | 1.5nm optical resolution
2017 Hyperspectral AvaSpeedual LT-150 RPAS 3601000 nm with a Phytoplankton bloom in Taiwan. Fligl Shang et al., 2017
spectroradiometer spectral resolution of 1 Altitude:300m
nm
2017 2D Multispectral Senso| GoPro Hero 4 Black Editior DHI Phantom Il Photogrammetry: Mapping shallow coral reefs nej Casellaetal., 2017
Agisoft Photoscan. Tiahura, in Moorea, French Polynesia
<USD1650.00
GSD=0.781.56cm/pixel | Flight time 10m
2017 2D Multispectral Senso| Waterproof Canon D30 Swellpro Splash dron¢ 3band RGB Intertidal reef monitoring in Victorie

quadcopter

Flight planner: Mission
Planner software (v
1.3.35)

Payload: 2.5kg

GSD: <lcm/pixel

Photogrammetry:
Pix4Dmapper softwarg
(v. 2.1.53)

Australia

Flight time: 15 minutes

Murfitt et al., 2017
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Table 2. Comprehensive revieaf sensors and RPAS for marine applications

Year Sensortype Sensor Specification RPAS type Spectral and Spatial| Applications and Endurance References
resolution
2017 2D Multispectral Senso| Sony DSGWX220 SenseFly eBee RTK 3 band RGB Coastal morphology assessmeand| Seymour et al., 2017
_ management in south of Beaufort, Noi
Payload: 0.73kg GSD: ~2cm/pixel Carolina Flight altitude: 70m
SfM: Pix4Dmapper
2017 2D Multispectral Senso] CMOS DJI Sensor DJI Phantom Il Pro Photogrammetry: Measure jellyfish aggregates in Pry Huntetal., 2017
Autostitch Bay, Canada.
GSD: 36160mm/pixel | Manual flight
2017 2D Multispectral Senso| Go Her Pro 4 DJI Phantom II Photogrammetry: Very highresolution mapping of th¢ Collin et al., 207
Agisoft Photoscan state of coral reefs in northern lago
Moorea Is.
GSD: 3cm/pixel
Flight altitude:30m
2018 2D Multispectral Senso| Zenmuse X5 Sensor Matrice 600 Photogrammetry: Elevation monitoring of intertidal Dai et al., 2018
Agisoft Photoscan. mudflats in Jiangsu Province, China
Max payload: 15.1kg
GDS: 7.5cm/pixel @ Max flight time 30m
Flight planner: Altizure®| 80m altitude
2018 2D Multispectral Senso| Sony A6000 (DSLR) T-Motor U5 RPAS Photogrammetry: Investigate Aboriginal intertidal fisl Kreij et al., 2018

Flight planner:
MikroKopter

Payload:8kg

Agisoft Photoscan
(V1.2.1)

GSD: 2cm/pixel

traps in the South Wellesley Islanc
Australia
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Table 2. Comprehensive revieaf sensors and RPAS for marine applications

Year Sensortype Sensor Specification RPAS type Spectral and Spatial| Applications and Endurance References
resolution
2018 2D Multispectral Senso| Sensor 1: SJ4000 wil DJI Phantom II Photogrammetry: Mapping ofmangrove forest in the Sta|
(CMOS) Agisoft Photoscan of Terengganu on Peninsular Malaysie
Flight  planner: DJI Ruwaimana et al., 2018
Sensor 2: SJ4000 modifie Ground  Station v.04 GSD: 2.8cm/pixel
with IRPro software
Spectral band RGB:
450nm675nmand
IR:875nm11000nm
2018 2D Multispectral Senso| Canon IXUS 127HS eBee SenseFly Photogrammetry: Terri Assessing the potential disturbance| Arona et al., 2018
Version 4.0.1 RPAS on grey seals in Nova Scot
senseFly S.O.D.A. Payload 0.7kg Canada. Flight time: 205m
Areacovered: ~60000m!
USD 2600
2018 2D Multispectral Senso| GoPro Hero 3 DJI Phantom II,| Threebands RGB Assessing coral bleaching in Kane Q Levy et al., 2018
Quadcopter Bay, Hawaii

Photogrammetry:
Agisoft Photoscan

70% side and front
overlap

Flight time: 15m
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Table 2. Comprehensive revieaf sensors and RPAS for marine applications

Year Sensortype Sensor Specification RPAS type Spectral and Spatial| Applications and Endurance References
resolution
2018 2D Multispectral Senso| Nikon D810 ScanEagle® GSD: 7cm/pixel Estimating arctic cetacean densi@ynd | Ferguson et al., 2018
associated uncertainty  northeast:
Chukchi and the western Beaufc
SeaFlight altitude: 122m @ 6@hr
2018 2D Multispectral Senso| GoPro Hero 3+ DJI Phantom I 1920*1080 pixels Exploring blacktip reef sharks in Moore| Rieucau et al., 2018
French Polynesia
Flight altitude 12m
2018 2D imager: Multi | Sensorl. Parrot Sequoia | SenseFly eBee 1. Five bands: Blue| To map intertidal sediments in S. Wal Fairley et al., 2018
spectral Sensor Green, Red, Red Edg( andSW England
Sensot2. Sense Fly therm( Flight planner: senseFl| and NIR
Map thermal sensor eMotion 3
(530nm -810nm). GSD:
6-9cm/pixel
2. Thermal IR radiation;
7.513.5um
Photogrammetry: Pix4L
mapper
2018 2D Multispectral Senso| CMOS DJI  Sensor (14 DJI Phantom Vision 24 3 band RGB Monitor marine megdauna in Greal Hensel et al., 2018
megapixels) (quadcopter) Abaco Is. Bahamas

With Polarized Lens

Payload 1.2kg

Video recording@720
1080p

4384*3288

Endurance: 12m

Manual flight @7.6m
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Table 2. Comprehensive revieaf sensors and RPAS for marine applications

Year Sensortype Sensor Specification RPAS type Spectral and Spatial| Applications and Endurance References
resolution
2018 2D Multispectral Senso| Sony NEX 5N (16| V-Form Octocopter Photogrammetry: Estimate  rocky shore  mussel Gomes et al., 2018
megapixels) Agisoft Photoscan distribution in Portuguese west coast
GSD:8cm/pixel Flight altitude: 30m
2018 2Dimager: MicaSense Parrot Sequoig SenseFly eBee (fixe( Photogrammetry: Pix4[] Map suspended sediment concentrat Larson et al., 2018
Multispectral Sensor wing) mapper in Maumee River, Ohio.
Four bands (Green, Re{ Depth intervals: 15,61,94nd182cm)
Red EdgeandNIR)
2019 2D Multi-spectral| Sensorl. UltraCamXp Unknown 1. Three bands RGB Mapping of emerging biogenic reef | Collin et al., 209
Sensor SainteAnne reef in French Polynesia
Sensoi2. UltraCamXpWA 2.IR, Red Green
GSD= 0.5m/pixel
2019 2D Multispectral Senso| Canon IXUS 127HS (1¢ eBee Sensefly Photogrammetry: Pix4[ Assessment of estuarine ecosystemg Gray et al., 2019
megapixels) sense F| _ Mapper Pro  GSD| Rachel Carson Reserve in Nor
SODA. Flight Planner: eMotion3 | <5cm/pixel Carolina, USA
2019 2D Multispectral Senso| Sesnorl.X3- FC350 912.4 1.DJI Inspire 1 Payloa( Photogrammetry: Pix4[ Freshwater fish habitat mapping Xin¢ Kalacska et al., 2@L

megapixel

Sensor2.X5S

@2.9kg

2.DJI Inspire Il Payloac

@3.4kg

Mapper Pro GSD: 1.20
2.38cm/pixel

1. 4000 * 3000 pixels

River bain, Brazil

Flight altitude: 30m
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Table 2. Comprehensive revieaf sensors and RPAS for marine applications

Year Sensortype Sensor Specification RPAS type Spectral and Spatial| Applications and Endurance References
resolution
2. 5280*3956 pixels
Summary of recent application of RPAS for seagrass and oyster research
2016 2D Multispectral Senso| Canon ELPH 130. Multirotor Threebands RGB OBIA. for coastline identificatioand3D | Papakonstantinoub et a
coastal mapping in Lesvos Is. Grexrad | 2016
Flight planning: Pixhawk | 4608*3456 pixels Eressos beach
GSD=2.96cm
<1000USD 2.41cm/pixel Flight time 15 minutes
Payload 0.4kg
2016 RPAS system not specifie¢ The synergy betwee Performed a supervised seagri Topouzelis et al., 2018
groundbased survey an| classification
Sentinel 2 satellite data
2017 Hyperspectral sensor | Ultra-compact spectromete Hexacopter with wate| Flight height was 20m | Performed a pattern matching techniq| Uto et al., 2017
(C12880MA) landing capability using crossorrelation for detecting
seagrass and algae in Izu Oshima, Jaj
2017 2D Multispectral Senso| Ricoh GR Il (CMOS) 16.2 3D Robotics Solo Photogrammetry: Spatial assessment of intertidal seag Duffy et al., 2018
Megapixels Agisoft Photoscan in Wales, UK
Payload 7kg (V1.2.5). GSD=
~4mm/pixel Flight altitude: 50m

Flight Planner: Pixhawk Z

70% sideandfront
overlap
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Table 2. Comprehensive revieaf sensors and RPAS for marine applications

Year Sensortype Sensor Specification RPAS type Spectral and Spatial| Applications and Endurance References
resolution
2018 2D Multispectral Senso| Go Pro Hero 3 Aeryon Scout Used Nonmetrid Low taxonomic intertidal monitoring an| Konarandlken, 2018
(Quadcopter) multidimensional scaling classification of seagrass meadows in
12 megapixels to visualize the data an northern Gulf of Alaska
determine the differenc
between the samplin Flight altitude: 5m
methods
2018 2D Multispectral Senso| GoPro Hero 4 Black Editiof Quantum Nova Cheersg Threebands RGB Mapping ecological sensitive marir Ventura et al., 2018
CX-20 (Quadcopter) habitats in Giglio Island, Italy
Payload: 1.2kg. USD<65{ Photogrammetry:
Agisoft Photoscan Flight Altitude: 40m
Flight Planning: Ardu| (V1.2.6)
Pilot Mega
GSD: ~3cm/pixel
2018 2D Multispectral Senso| 1/2.3 CMOS (12 DJI Phantom Il Photogrammetry: Pix4[ Delineating seagrass habitats in Briti Nahirnick et al., 2018
megapixels) mapper (V2.1.61) Colombia, Canada
Flight planner: MapPilot
GSD: 2cm/pixel Flight altitude: 86120m
Overlap 75% of both axe!
2018 2D Multispectral Senso| RPAS and sensor n¢ Studied the synerg) Tha Mai district | Performed spectral NDVI and supervis| Chayhard et al., 2018
specified between WorldView 2| Chanthaburi  provincg classification for seagrass detection
GeoEye, and aeri¢ Thailand.
imagery
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Table 2. Comprehensive revieaf sensors and RPAS for marine applications

Year Sensortype Sensor Specification RPAS type Spectral and Spatial| Applications and Endurance References
resolution

2019 2D Multispectral Senso| GoPro Hero + RBG digital| Quadcopter Assessed sun angle al Multivariate linear regression analys Nahirnick et al., 2019
theoretical visibility| and OBIA.
influencing mapping
accuracy in temperat
estuaries

2019 2D Multispectral Senso| 1/2.3 CMOS DJI Phantom 4 Pro Structure from motion| Investigated the reliability of RPAS da| Doukari et al., 2019
UAS sandbox for seagrass mapping under differe

environmental conditions.
2020 2D Multispectral Senso| Parrot Sequoia Agisoft Photoscan Change mapping of intertidatagrass | Martin et al., 2020

GSD: 2cm/pixel
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Chapter 3 Low-cost remotely piloted aircraft system (RPAS) with multispectral
sensor for mapping andclassification of intertidal biogenic oyster reefs

A version of this Chapter is published as:

Chand, S., Bollard, BandGillman, L. (2®0). Low-cost remotely piloted aircraft system (RPAS)
with multispectral sensor for mapping and classification of intertidal biogenic oysterd@pfs
148 154.https://doi.org/10.15406/AA0OAJ.2020.04.00116

over imag A remote sensed aerial imagé&yisplayedn two differentelectromagnetic specms. The
top part of the imagery idisplayedin the VIS spectrumandthebottom halfis in theNIR spectrum.

In this chapterwe demonstrated the potential of structure from motion photogrammetry and low
altitude remotely sensed igery for thematic mappingcharactesation, and identification of

wild oyster reefsT{hesis objective JaWe alsodemonstrate the accuracy ofhe Objectbased
image analysis (OBIA) techniquend a rulebased classification approach forteting wild
oyster reefsn a heterogeneous intertidal ecosystéinesis objective Yo This chaptempresengd

an esential first steptowards low-altitude aerial survey that successfullydeteced and
characteriseavild oyster reefs inhe study arearhe main contributios from this chapter were

(1) supplementime-intensivein-situ surveys and?2) mitigate challenges frorather remotely
sensedmagerysuch as satellite anctewedaerial imageryfor monitoring andmappingwild
oyster reefsThe results shoed that having spectral bands beyond the visible electromagnetic

spectrum enhandefeature detection on the imagery and incrdabe potential to delineate
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targeted features whin a heterogeneous marine ecosystéhe findings also establishethat
monitoring and mapping of turbid exposed intertidal rocky reefs present unique challenges but

can be mitigatedsingRPAS datasets.

3.1 Introduction

Shellfish (e.g.oyster reefs) are bgenically structured landscapes and are challenging for manual
field surveys. These habitats are economically and ecologically valuable, but they are depleted
dueto numerous anthropogenic and natural haz@edsbowski et al., 2012Thesehabitats can

be referred t o, éanedibly plamtg .gsalcmatshed) mangrdaves, seagrass
meadows, and kelp forest) and animals (esigellfish) occurring from the intertidal out to the
deep oceafButchart et al., 2010; NeweadhdKoch,2004. Oy st er reefs are a
h a b i with hasdé@and rugged structures, sometimes visually imposing, creating a discrete and
unique habitat from the surrounding arg&ellogg et al., 201% Wild oysters deliver many
ecosystem servicds support and protect biodiversity by creating thdeaensional structures,
sediment accumulation, nutrient recycling, water filtratiand carbon sequestratiomhese
ecosystem servicese importanto sustain environmental changes inAmehropocee era(Beck

et al., 201; Halpern et al., 2008; Thorngren et al., 2D’ Restoration of this resource is of local

and global importangeand restoration management will require accurate spatial mapping to

monitor ecological status

Recent advances in spacene (e.g.satellite) and airborne (e,grewedaerial) imagery have
been successfil mapping and assessing the spatial extent of oyster(feetfgle, 2002; NOAA,
2003. The increase in spatial (31cm, panchromatic and 1.24m, vasitieearinfrared), spectral
resolution (8 multispectragland revisit time (<1 day) provided by WorldVie®/4 satellites hae
improved the accuracgf capturingecological changes in the mgmic marine environment
(Reshitnyk et al., 20345chill et al., 2008 However, spaceborne imagery is affected by cloud
cover and atmospheric aerosol interferer@ee surface reflectances not always synchronized
with desired oceanographic conditionnSequently, highesolution imagery often translates
into highcosts due to increased storage and processing time taken to orthorectify the imagery to
the required accuracfschill et al., 200R According to Digital Globe, the price of a-8th
georeferened + naturakolour or 4-band WorldView 3/4 satellite imagery is approxinhate
USD22.5@sgkm?. Due to financial constraintshigh-resolution imagery may not be easily
accessibléo all researcher@NOAA, 2003; Reshitnyk et al., 20).4

L May read differently from published article as | hagglacedii t h e fild oyster®
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Mapping biogenic itertidal rocky reefs in temperate waters during high tilese challenging

due to turbidity and suspended sediment concentration (SSC), which attenuates light penetration
through the water columwater Casella et al., 20)7Even with ligh-resolution hyprspectral

data (4.0 x 4.0m and 126 bands), oysters (~15cm long) require higher spatial resolution imagery
to be effectively detected and mapped, and narrow bands are required to penetrate the water
(Casella et al., 20)7Thereforeto applyremote sensing techniquesn@p and detect features
effectively, the sensor and platform must be appropriate to the feature being sensed. The issue of
spectral band attenuation in the water column and spatial resolutitre asartedby surveying

intertidal biogenic habitats at low tide.

In Europe, during low tide, researchers successfully classified intertidal biogenic reefs, built by
the honeycomb worn@Sabellaria alveolat&) from an RPAS derived multispectral (redgd

(RE) and neamfrared (NIR)very-high-resolution (0.17m/pixel) imager§Collin et al., 201}
Additional spectral bands (e,dRE and NIR) provided further opportunities to identify and map
biogenic habitats based on their spectral characteristicswatgr appeadark intheNIR band).
Another airborne survey of oyster reefs in Rachel Carson Reserve, North Carolina, USA, tested
the quality of three different RPAS platforms with RGB cameras andhitiraresolution (<5

cm) imagery for mapping and delineating oyster bounddfeswantes et al., 20)8These
researchers concluded that RPB&sed fieldwork was quicker than traditional fieldwork (e.g.

quadrats) and providadorevalidation points for accuracy assessntbansatellite imagery.

Fortheclassification of higfresoluton (e.g, <5 cm/pixel) RPAS imagery, an objdzased image
analysis (OBIA) performs better than a pikglsed technique (e,gnaximum likelihood) because
each pixel is smaller than the feature of inte(€tabot et al., 2018; Nahirniokt al., 2019;
Ventura et al., 208)°. The benefit of this technique is its ability to delineate ecological features
into meaningful image objects and extract spatial, speatrdicontextual information from these
objects(Blaschke, 2010; Horning, 20R4

RPAS inthemost diverse fields of science has established itself as a new tool capable of providing
unprecedented scientific applicatiofidanfreda et al., 2018/entura et al., 20)8At the same

time, recent studies suggested that RPAS may providertsgtmpling efficiency and data quality

for studying intertidal marine ecology in the visible spect(tfahirnick et al., 2019; Ventura et

al., 2019. To our knowledge, there are no published studies that have explored the potential of a

low-cost RPAS copled with a multispectral sensor to map and classify biogenic oyster reefs.

2 May read differently from published article as | hadgled the scientific nanf®mneycomb wornfSabellaria alveolate
8 May read differently from published article asdve ,removel some intext citations
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Here, we demonstrate the potential of a-lmvgt RPAS coupled with a miniaturized multispectral
sensor (MicaSenseE RedEdgeE) and use rgetyruct u
high-resolution maps useable for identification and characterization of biogenic oyster reefs. We
show the benefits of enhanced spectral bands for remote sensing of biogenic habitats and report
on time taken and area covered from the RPAS flightadtition it demonstratethe suitability

of RPAS imagery and the accuracy of OBIA combined wite-based classification for detecting

and delineating oyster reefs from a heterogeneous intertidal rocky reef ecosystem.

3.2 Materials and Methods
3.2.1Study Site

The study area for the RPAS survey and mapping of oysters was Meola Reef (Te Také#nea)
North Island of New Zealand. Located 26.853981S and 174.710194E of the WaiterHatdoour

in Auckland(Figure 13). ThisHarbouri s bor dered by New Zeal andos
one of New Ze al (BoegaddShebrs, 800)%Hurhan acitres, pollution,and
urbanization have altered thiarbourandhave becoma hotspot for noiindigenous specig&oley
andShears, 2019; Hayward, 199The Te Tokaroa Meola Reef is a 28,8@arold basalt volcanic
rocky reef that extends over 2 km ik central Waitematdarbour(FoleyandShears, 20191t

is themost prominehand most visible by satellite natural rocky reef system in Waiteraataour
(LINZ, 2019. This rocky reef ecosystem supports high biodiversity of hajiitatading saltmarsh
(Plagianthius divaricatusand mangrovesAyicennia marinaalong the landward edge of the reef
(Hayward et al., 1999Pacific oystersGrassostrea giggsiominate the outer reefind kelp forest
dominate the subtidal zone of the fré€oley and Shears, 20109 It also provides shelter and a
breeding ground for fifty bird species (e.black swan(Cygnus atratus Tui (Prosthemadera

novaeseelandideand Oystercatch¢Haematopus unicoldt (e-bird, N2).

The hydrodynamics in this aré&acontrolled by two high (~1.92.9m) and two low tides (~0.7

1.0 m) daily, which flush thélarbourfrom the Hauraki Gulf{Foley and Shears, 2019 This
hydrodynamicsis critical for biogenic benthic ecosystems such astaybeds and larvae
distribution; tides bring in larvae. This reef structure withstands environmental and human
impacts, such as discharge effluand trampling while setting fish nets during low tides and

shellfishing, and it is a popular spot for binhtchers, hikers, and dogalkers.

4 May read differently from published article as | have added the scientific nalaels swan Cygnus atratus Tui (Prosthemadera
novaeseelandigeand Oystercatch¢Haematopus unicoldt
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3.2.2Flight Safety

Flights were logged othe Airshare websiteand allflights were within the visible line of sight
(VLOS). The pilot was certified with Part 101 RPAS Civil Aviation Authority of New Zealand
(CAANZ) and wasalways accompanied by a trained observer.

3.2.3Aerial Survey Data

The RPAS aerial survey was conducted on 23 March 2019 (0.30m water level at 16:08 NZST) using

a multispectral, MicaSenseE RedEdgeE -mternor at
Pix4D capture® autonomous flight planner was used to plan the fights at 50 m altitinde
MicaSense® sensor, initially designed for agricultural purposes, leverages a digital RGB DJI
camera, 4000 x 306@ixel imagery, with the following distinct bands: Blug%hanometregnm)),

Green (560 nm), Red (668 nm), Near IR (840 nm), and Red Edge (717 nm) and 1288ixeP60
imagery. One of the benefits of using this sensor is to perform a radiometric correction during
processing in Pix4Boftware Pix4D, 2019, and using the following equation allows reflectance

to be computed for all the bands:

YORE O™ 5 e iy

The images werenosaickedand rendered into absolute reflectance maps for each spectral band,
pixel values ranged fromD. Thecost of a consumegrade Phantom 4 Pro RPAS used in this study
was 1452.50 NZD (USD 866.70). Flight planning was done using ansgpece flight planner,
Pix4D capture®.
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3.3 Aerial Image Processing and Classification
3.3.1Structure from Motion Photogrammetry

RPAS aerial images were mosaicked using Pix4D® mapper (V 4.4.12 Educational edition).
Pix4D® is a professional structure using motion photogrammetry software to transform images into
digital spatial modelgPix4D, 2019. Pix4D® creates an orthomosaic frayaotagged images
initially recreating a 3D scene and projecting the orthomosaic to the target coordinate system.
Structure from motion (SFM) is a wadktablished concept for photogrammetry of higbolution

RPAS imageryJohnston, 204, Murfitt et al.,2017; Ventura et al., 20).8The general workflow

used in Pix4D® includes (1) initial processing, iagdnultispectral imagery to the software here

the algorithm extracts metata information from the geotagged photographs @tigude, camera
model, etc.); (2) dete@dg automatic tie points between the overlapped images to create a point
cloud and mesh; (3) final processing option produces a digital surface model (DSM), orthomosaic
and reflectance map of all available bands (only for multispecttah)rafliometric processing and
calibration(Pix4D, 2019.

3.3.2Georeference and Radiometric correction

To georeference the orthomosaic accurat&yground control targets were laid out evenly across

the study area. These targets were made similar to a section of a checkerboard, printed on A3 paper
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and laminated. All targets were surveyed using high accuracyGHB/GNSS (Septentrio®).

After initial processing in Pix4D®, 3D GCPs were added to improve the accuracy of the project.
Radiometric correction information was added from a reflectance panel provided by MicaSense®
with calibrated values for each band, added in the final step of proces#iedPiR4D® mapper.

This option in Pix4D® produces a reflectance map for each band where the value of each pixel

represents a true reflectance of the features on the ground.

3.3.3Image Segmentation

To examine the potential of higlksolution imagery anthe accuray of the OBIA technique to
extract targeted features from a heterogeneous ecosysterRPAS flighivas usedThis section

of the reef is covered with mixed vegetatiand oysters are present along the northwest section of
the reeflnitially, imagesegnentationwas performed usinthe Feature Extraction module (FEM)
within ENVI® version 5.3 (Exelis Visual Information Solutions, Co, USA). The benefit of this
module is that theegmentation resultan be previewed and refinbdforethe final segmentatio
Following segmentation, attributes/characteristics are calculated for all the objects in the imagery
(1) spectral attributes (e,gmean, standard deviation, maximuend minimum); (2) texture
attributes (e.grange, mean, variancandentropy) and (3jourteen spatial attributes including an
adjustable texture kernel sifeé/arner, 201). Through an iterative process, we found that the
optimal segmentation result was achieved at a scale level of 50 (Edge algorithm) and merge level
80 (Full Lambda Schedtk). The FEM consisted of two techniques (1) find objejtsegment, (b)
merge, (c) refine, (d) compute attribytaad (2) extract objects, (a) rebased classification, (b)

exporting results to a shapef{leNV1).

3.3.4Rule-BasedClassification

ENVI'sfeature extraction modulesesan objectbased approach to extrdand coverfeatureswvith

spatial, spectral (brightness acwloun, and textural characteristics from imagery. The benefit of

this module is that multiplfeaturescanbe extractedimultaneously. In additiothe classification

results can be previewed and further refined through the ENVI Zoom preview pottél). Rules

were built for classification based on the object's attributes calculated during segmentation and
appearance. The following land cover classes were defined: (1) mangroves and saltmarsh are
vegetation that reflects most NIR spectriin@rule assigned using their mean spectral attribute in

band 4 (NIR); (2) shadows, bare rockad sediments appearedwelark in the NIR band, so
spectral mean values attributes were used to create a rule for these objects and were merged; (3)
finally, using spatial and spectral attributes of oyster reefs in band 1 (blue), rules were created based

on, the mean spectratrbute, pattern of distribution, their shape and appearance (light or dark).
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3.3.5Principle to discriminate wild oysterreefs

One of theobjectivesof this study was to discriminate oyster raafthemultispectrabrthomosaic

from other land cover features. To achieve this, we caggithtin the spectral reflective properties

of different objects on the ground. The following remote sensing principles were followed: (1) most
vegetation (mangroves and saltmarsh) absorbs rethlaadight for photosynthesiand a plant

with chlorophyll reflects neanfrared light, spectral reflectance: 041.84 in band 4 (NIFB40nm
wavelength). Shadows, bare rock (at a higher elevation than oyster aeefsgediment (lower
elevation than yster reefs) have dark texture and appearance, spectral reflectantedGl16n

band 4 (NIR). Oyster reefs have spectral reflectance: 0.029 in band 1 (blué 475nm
wavelength).

3.3.6Accuracy assessment

For accuracy assessment, used 2,772 random regfianterest (ROI) and an equalized stratified
random sampling strategy to create ground truth ROI in the orthomosaic for each class in the total
land cover area. The reliability of ground truth points is greater with aréggitution (3.5 cm/pixel)
orthamosaic (Lechner et al., 2032 Consequently, a confusion matrix was generated, which
evaluates the accuracy of the OBIA classification. To assess the accuracy of the final classifications
including (1) overall accuracy from the referenced siteat percatage were mapped correctly, (2)

kappa coefficient is calculated from a statistical test of the accuracy of a classification, (3)
producerds accuracy is the map accuracy fror
features onthe ground arecormgectt s hown on the classified map (
from the perspective of a map user, often referredeagliability of classificationi.e., the classes

on a map will actually be present on the ground.

We also conducted an -doot survegy on 2 May 2019 to confirm the visual interpretation of oysters

in the land cover from the classification map. For this purpose, we usedirar® 20 Garmin
handheld GPS with a positional accuracy of2 . Along with taking GPS waypoints, a Huawei
P30Pro mobile was used to collect geotagged ground photographs. The waypoint and geotagged
photos were imported in ArcGIS and projected to WGS 1984 UTM Zone 60S datum for visual

classification against the classified imagery.

3.3.7Visual Analysis

To evaluate RPAShigh-resolution imagery can fill the gap in spatial resolution for monitoring
marine ecosystems, an RGB (3 bgrghtellite imagery year 2015 of resolution 75 cm/pixel was
usedfrom Land Information New Zealand.iNZ, 2019. After exploringthe LINZ and Auckland
Council aerial imagery archivérimary sources of imagery in New Zealanthis was the only

imagery available at low tide. The spatial accuracy is £ 15cm. Here we zoooregoith imagery
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until theywere blurred to show the scale at whichaa@ view the imagery without any modification

or classification.

3.4Results
3.4.1Intertidal rocky reef high -resolution orthomosaic

This study does not distinguish between diffemgrticie®f oysters, including vertical heighand
refers to all oyster structures oyster reefs (including pagsand string, clumps of oystesnd
those attachetb mangrove). The most basic need for oyster reef conservation is suitably scaled
maps with sufficient information to identify ecological chai@Gemes et al., @18). Therefore, to
evaluate the potential of a leeost RPAS witha miniaturized multispectral sensor along a rocky
intertidal reef characterized by oyster resfsyenmissions were conducted along Meola Reef in
AucklandHarbour Flights were performed betweef to 12 minutesgapturing aotal of 18,760
geotagged images were selected after elgar(involved removing blurred photos before
processing)and the total reef area covered was 0k83(Table 3). Theorthomosaithas a spatial
resolution of 3.5cm/pixel.

Table 3. RPAS flightdetail, including the reea covereédndphotos used for photogrammetry
Flight Time for data Area covered Number of geotagged photos used after
number capture (km?) cleanup
1 10 minutes 0.040 2840
2 10 minutes 0.033 2570
3 12 minutes 0.053 2740
4 11 minutes 0.046 3230
5 11 minutes 0.046 3520
6 10 minutes 0.035 2595
7 9 minutes 0.026 1265
Total 73 minutes 0.253 knt 18,760

The high spatial resolution thematic mgpnerated mafFigure 14) illustratessome important
features such as tlspatialextent of mangroves and spatial distribution of oyster seelprovides
a valuabledataset for mapping and monitoring intertidal bieic habitatsln addition tg the

dominatingvegetationsuch asnangrovesand sections ofaltmarshwere distinguishable. Since

all the images captured were in the late afternoon, shadows from mangroves were reflected in the

northeast direction and had impact on oyster reefs located in the northwest section.
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Figure 14. High-resolution falsecolour orthomosaic (3.5cm/pixel) of Meola Reef. The imager);, texture,
and hue were used to distinguish different land cover features such as mangroves.

The segmentation of the orthomosaic is a fundamental step during thematic map production through
OBIA since tle characteristics of many objects can be used in the classification process. In ENVI,
segmentation separates objects into-waald features, and the results from segmentation
determine the geometry of objediSigure 15). Another benefit of using this classification
technique is that the final classification results and their associated geometry can be exported as

vector shapefiles, which can be subsatly used for other statistical analy$egure 16).
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Figure 15. Figure on the right shows a zoomi@dsegmentation result, where land cover features are
segmented into different realorld (e.g., mangrove) objects.
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Figure 16. The result of OBIA classifications exported as vector shapefiles with their geometric
properties
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3.4.2Thematic map

In this part of the reef, closer to the landward side, thematic map generation to highlight the

characteristics of oysters was difficult due to bird droppings and wet/dry sediments that resembled

the spectral properties of oysters. However, despite thiesiéng factors, satisfactory

classification accuracy was achieved following OBIA feature extraction andbasgkd

classification workflow. A classified maf-igure 17) delineating oysters demonstrated a good

match between the classified land cover and the original RPAS imagery leadingveralh

accuracy of 83.9% and a Kappa Coefficient of 69(G%ble 4).

oyster class was 62.89%hile theus e mlcéusacy was 95.0%. Thézmn be interpreted &2.89%

The

P acauichay toethed s

of the reference oyster areas have been correctly identifiecbag s tamd®5.0% of the areas

i denti fied as

Afoysterso in

the cl

assi fi

catii

contribution of the highesolution imagery (3.5 cm/pixel), enabling oyster reefs to be

distinguishable

Table 4. Classified imagery accuracy assessment and absolute accuracy of imagery.

Classified Imagery

rock, and sediments

Classes Producers User 6s Overall Kappa
Accuracy (%) (%) Accuracy | Coefficient

Mangrove 85.85 87.62

Oysters 62.89 95 83.94% 69.80%

Saltmarsh 53.25 89

Merged classes (shadows, bg 100 84.98
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Figure 17. A high-quality thematic map generated after segmentation anebasked classification,
classified into three main land cover classes.

3.4.3Visual Analysis

Visual analysis was conducted to examine the potential of RPAS imagery to fill thesyepiah
resolution for remote sensing of oyster reefs. The RPAS imagery has a 3.5cm/pixel resolution
compared to th&.5cm/pixel resolution satellite imagefye interpreted the result using visual
cues €.g.,texture, tone, shape, distribution patteroyrboth imageries. At a map scale of 1;200

it was difficult todigitize and locate oysters from the satellite imagery mapuatid at 1:100

the image became pixelat@elgure 18a), whereasfrom the RPAS imageryysters were evident

at a scale of 1:10(Figure 18b).
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Figure 18. (a) satellite imagery zoomed to a map scale of 1:, Ed@i(b) is anRPAS imagery zoomed to
a map scale of 1:100. For visual analysis of remotely sensed oysteiSaefte imagerywas sourcel
from LINZ (2019.

3.5Discussion

Oysters are fundamental ecosystem engineers, where they also function as nutrient recyclers to
fil ter sediments from water, increasing water clarity to thiragditionalbiogenic habitatse(g.,
seagrassjGrabowski et al., 2012, Newell, 2005Removing excess nutrients from water is a
priority for marine managemefitiewell andKoch, 2004. However,once a dominant feature in

many temperate marine environments, oyster reefs around the world have shown a marked decline
in response to naturale.q., predation, temperature) and anthropogenic stresseig, (

sedimentation, housing expansig¢@yabowski et al., 2012; Thorngren et al., 2017

While remote sensing (e,gatellite and aerial imagery) in the marine environment is usually
difficult to target optimum tidal and meteorological conditions, the availability of RPAS as a
survey tool hasnet this needNahirnick et al., 2019; Ventura et al., 201BRPASbridgesthe
difference between satellites and higisolution ground surveygndersonand Gaston, 201
However, ground surveys have a limited window of time for sampling between tidlesiame
destructive €.g.,trampling) to biodiversity. OURPASderived image resultproduced high
resolution orthomosaic with a ground sampling distance of 3.5 cm/pixel, were captured within a

smallertimeframe(~10 minutes flight timpandwere obtaind in a nordestructive manner.
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High spatial and temporal resolution using low altitude remote sensing with multispectral RPAS
has the benefit adetectingchanges preceding ecological collapse (¢igping points)(Gomes

et al., 2013 Researchers hawwnducted manual ecological field surveys using quadrat sampling
on the Meola intertidateef (Foley and Shears, 2019 Between 2001 and 2017, Pacific oysters
(Crassostrea giggsand New Zealand rock oysterSaccostrea glomeratewere the most
abundant species on the reef. However, a subsequent increase in the population of predatory
oyster borer snails has reduced the population of both species of fysteymndShears, 2019;
Hayward, 1997/1999 Although in this studywe evaluated the potential of a multispectral sensor
coupled with a lonwcost RPAS from a 50 m altitude, future studies can use this technique to
monitor and map the distribution of predatory borer snails from an altitude e3G80A lower

flying altitude woud improve the detail provided for directing mitigation measures or eratficati

the predators

Our results validated that RPAS platformre a valuable tool for identifyingtertidal marine
biogenic habitat§Konar and Iken, 2018;Murfitt et al., 2017; Vetura et al., 2013 To our
knowledge this research initiatethe application omultispectral senseron anRPAS for high
resolution habeen used to map oysters in temperate marine environments. In this study, a high
resolution (3.5 cm/pixel) multispael orthomosaic demonstrated that the use of spectral bands
beyond the visible electromagnetic spectrum enhanced feature detection and increased the ability
to delineate targeted features within a heterogeneous marine ecosystem. In temperate marine
enviroments, turbidityand SSC usually make remote sensing of marine habhattenging
(Nagelkerken et al., 20)5We used RPAS edemand capability to capture targeted habitats at

low tide and optimum meteorological conditions to overcomg #ithough datacapture was

after the solar noon, the flights were planned so that shadows from vegetation had no impact on

the targeted featureyster reefs.

To maintain biodiversity, pivotal habitats such as oyster reefs provide qbadigding and

feeding groundsdr many fish and bird speciéisat mustbe protectedThorngren et al., 2037

This research showed that higksolution RPASlerived imagery and OBIA with a ruleased
classification (based on spectral attributes of target feature®)tha potential todelineate

targeted features within a heterogeneous marine ecosystem accurhtebegmentation of

different features, such as oysters and mangroves, can be exported as vector shapefiles and used
for other geeanalytics. RGB camera imagare oftersuitablefor revealing where a feature is on
thegroundincontrastt he mul ti spectral i magery all owed wu
each wavelengtre(g.,RedEdge and NIR) for enhanced target discriminafoiture studies can

expore these parameeto classify oyster reefs into more categgnesluding shell density,
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mean size, alive versus dead (dbtatk oystershells are brighter icolour), reef complexity

and oyster species.

3.6 Conclusiors

As anthropogenic impagctsncluding climate changecontinue to exert pressure on marine
biogenic habitats, innovative methods for deriving useful information from multiple remote
sensing imagery will be increasinghpluableas a tool to monitor this change. The technologies
we have delpyed in this study will provide a critical source of information to marine managers
for conservation and planning. RPAS remote sensing enables the conduct of surveying on
demand during low tides and over a broad spatial scale. Flying low enables thie oapigh
resolution imagery ranging from &@ to 4 mm.Despite limitations for classifying features of
similar spectral reflectanc®BIA for segmentation with a ruleased classification was sufficient
for object identification and delineation of oysteefs from other habitats. Our study showed that
the deployment of RPAS coupled with a multispectral sensor for mapping andyiderifster
reefs in a heterogeneous marine environment increased the classification actheaaserall
accuracy of 83.9%nd a Kappa Coefficient of 69.8%evreachieved. Our method enables leng
term monitoring of marine environmentsadbwer cost han grounebased methods and at higher
accuracy than other remote sensing methoteréfore,a valuable tool for conservaticand

restoration management.
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Chapter 4 Low altitude spatial assessment and monitoring of intertidal seagrass
meadows beyond the visible spectrum using a remotely piloted aircraft system

A version of this Chapter is published as:

Chand, S.andBollard, B. (2021). Low altitude spatial assessment and monitoring of intertidal
seagrass meadows beyond the visible spectrum using a remotely piloted aircraft system.
Estuarine, Coastal and Shelf Science, 255(February), 107299.
https://doi.org/10.1016/j.ecss.2021.107299

T A

il 2F N ?

Cover image RPAS aerial imagery showingagrass meadowstimedifferent electromagnetic speatns.
The tophalf of theimage isshownin the VIS region andthe bottomis in theNIR region.

This chapter assessé#ie potential of an RPAS with\AS+NIR sensor for low altitude mapping
and highresolution spatial assessment of intertidal seagrass meddbass objectives). We
also modifieda spectral index to distinguish seagrass meadows from other land cover fi@atures
the study are@l'hesis objectieg d. Seagrassa habitat under pressure fraiimatechangerelated
andhuman activitieoften lead tocontinual decline over time, has providadopportunity to
researctanddevelopempiricaltechniques for spatial assessment of itvaluable habitatThe
resultsestablished thdbw altitude(50 m) combinedvith a VIS+NIR sensor(1) capturel most
informationin the study areahile providing highresolution data for thematioapproduction
(2) coincided with field measurementsnd (3) improved identification of different density of
seagrassThe finding also showedthat RPAS for data capture with aimmturized VIS+NIR
sensomasa significant sten identifying the drivers of change and impeohour understanding

of seagrass meadow spatial dynamics for conservation and planning
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4.1 Introduction

Seagrass ecosystems occur globally (except in Antarctica) and are essential ecological habitats
that deliver multiple ecosystem services to the marine environf@erttier et al., 2011; Bertelli
andUnsworth, 2013 These services include (1) acting agasituindicator to assess the relative
health of marine ecosystem&'¢odandLavery, 200), (2) absorbing and storing carbon referred

to as carbon sequestration (e.g., contitmutl5% of total carbon deposited in the ocean)
(Fourqurean et al., 2012; Ma&adie et al., 20)4and (3) pathogen reduction by producing natural
biocides [Lamb et al., 201)7 Despite their ecological importance, seagrass habitats globally have
shown a significant decline. According to The International Union for ConservatioatafeN
(IUCN) Red List, 14% of all seagrass hab#asociated species are at some risk of extinction
(Waycott et al., 2009; Short et al., 2010 make things worse, anthropogenic activities and
climate change (e.g., ocean warming) have been shown th séf&grass meadow growth rates
(Waycott et al., 2009Grech et al., 2012 Consequently, globally 29% of seagrass meadows are
either lost or gradually degraded/@ycott et al., 2009; Orth et al., 2Q0&0 mitigate seagrass
habitat degradation or losspid assessment and monitoring are crucial for research to conserve
this critical resourced~or assessment, mapping, and monitoring, remote sensing from satellite and

aerial photographs B@rovided datsetsto researchers over the years.

Recent improvemesi plus a lower cost of remote sensiiigporne and spacebortechnologies,

are advancing research ability to map seagrass habitats at various spatial and spectral scales
(Marcel |l o et aahdCopsta,201Lp Bhe availabiity of bdrial photos and satellite
imagery often supplement traditionatsitu field surveys Roelfsema et al., 2014yraganosand

Reinartz, 2018; Topouzelis et al., )1 The widely available Landsat (e.g., 30m spatial
resolution) or SPD (15m spatial resolution) satellites provide researcivélstime-series data

to assess seagrass change detection trends. However, they might lack spatial resolution (e.g., 30
m) to delineate confidently heterogeneous seagrass habitetsa(n et al., 253 Topouzelis et

al., 208). Satellite and field datdo not always coincide, which could lead to false detection of
temporal differences in the benthic composition and could consequently affect the accuracy of
the maps producediédley et al., 2016; Lgns et al., 2012; PandBell, 2017; Peneva et al.,

2008. Nevertheless, satellite remote sensing has successfully mapped seagrass in clear tropical
waters with depths ranging from 1.4m to 16.5mafganosandReinartz, 2018 This capability

is restrictedand the ability to penetrate water is reduced in temperate turbid coastal environments
(McCarthy et al., 2008 However, with the advent of remotely piloted aircraft systems (RPAS)
(also known as drones), marine applications with this technology hasteecka new level of

resolution.
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Over the past two decades, the miniaturization of optical sensors used on small portadset low
aerial RPAS is increasingly being used by researchers to rapidly acquireebajiition aerial
imagery for many marine eggsiems fndersonandGaston, 2013; Duffy et al., 2018; Nahirnick
et al., 2013 RPAS and remote sensors' integration has revols#idninarine science and
conservation, filling the gap betwedn-situ field surveys and traditional remote sensing
techniquegColefax et al., 2018; Johnston, 2)1The integrity of RPAS, coupled with three
band RGB, &hand multispectral to 200ands hyperspectral sensor, is becoming more prevalent
for marine applicationsdhayhard et al., 201&lensel et al., 20)8With RPAS technology, (1)
imagery can becaptureddirectly for the desired marine ecosystem at scales relaeant
management, (2) data can bapturedat userdefined intervals, (3) data can be obtained at
optimum meteorological and oceanographic conditi@@g., early mornings when there is little
or no wave action and low wind speedid(4) spatial resolution of the imagery ranges from
centimetreto millimetre per pixel resolutiononarandlken, 2018; Seymour et al., 201)7&nd

(5) spectral resolutio can range from high to ulttagh, thus improving classification accuracy

by using additional spectral bands (e.g., near-régta(NIR) Ouffy et al., 201§.

Given the current status of seagrass meadows as critical habitat under pressure andtatitls the
iAt -Reée s ki Mathegpo et @l., 201 Matheson and Manleliarris, 2019°. Pragmatic
solutions need to be designed for these meadows to mitigate further declines before reaching a
tipping point. Nevertheless, according to the Ministry for thei®nment (MfE), vast progress

has been made to understand better the marine environkhergt{y for the Environment, NZ,

2019. Still, there are gaps in temporal data consistency, limiting the full potential of
understanding drivers of change. Thesesgagm be bridged by developing new segdpropriate
techniques for rapid assessment and monitoring changes in the seagrass necdsdyste
technique will improve how drivers of change are identifiad understabfor conservation and

planning.

This study uses a lightweight consunrggade RPAS with a MicaSense® RedEdge multispectral
sensor to survey and capture aerial imagery of intertidal seag@sger@ muellejimeadows at

low tide. There are no published studies aime@xploringthe potentialof an RPAS with a
multispectral sensor for low altitude monitoring and mapping intertidal seagrass meadows to the
best of our knowledge. Therefore, we demonstrate the potential of an RPAS with a multispectral
sensor for low altitude mapping and higésoluion spatial assessment of intertidal seagrass

meadows. Next, we create a spectral index and demonstrate its potential to distinguish seagrass

5 May read differently from published article as | have adatesther in-text citationto the sentenceGiven the current status of
seagrass meadowsc r i t i c al habitat wunder p-Des$ u Mathegoa ¢.wi0t7hVathesom arsit at us
Manley-Harris, 2018
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meadows from other land cover features. Finally, we use an 4digeetl image analysis

technique to segment thetttomosaic and perform a supervised classification.

4.2 Materials and Methods
4.2.1Study site

The Waitematadarbour North Island, New Zealand, is a drowned river valley located in New
Zeal andbdés | argest city Auckl and armoflAucklarel o f
(Foley and Shears, 2019 Over time thisHarbourhas been modified by human activities and
urbanization. Other pollution sourcesntaminatinghe Harbourwaters are stormwater outflows
and wastewater overflows. These sources include theshviater inputs from the Rangitopuni
stream, Henderson creeklo t i a@ree& sand Whauver (Green et al., 2004 Continuous
monitoring of contaminants (e.g., copper and zinc) by researchers arouddrthosirfound that
contaminants' levels are abovermal thresholdsGreen et al., 2004; Matheson et al., 201
Turner and Schwarz, 2006 Other concerns for thélarbour are pesticides, plastics, and
pharmaceutical containments, including findigenous species from foreign shigsy(irre et

al., 2016; Haward, 1997; Stewart et al., 2016

The study site is located36.848 S, 174.714 E) along the eastern intertidal flat of Te Tokaroa
Meola ReefFigure 19). The Waitemat&larbourestuary is 36% intertidal, with a mean depth of
4.28m (oleyandShears, 2019 The hydrodynamics in this area is controlled by two high and
low tides daily, which brig nutrientrich waters from the Hauraki Gulf¢leyandShears, 2019

Only one seagrass speciggstera muelleriexists in New Zealand and is predominantly found
in the intertidal zones, mostly exposed during low tidesilquist et al., 20)8Worms ad small
crustaceans that live among these meadows are food sources for most reef birds (e.g.,
oystercatchefHaematopus unicoldy pied stilt(Himantopus leucocephalysand royal spoonbill
(Platalea regia (Morrison et al., 200) Fish (e.g., juvenile spaer (Pagrus auratuy mullet
garfish(Mugil cephalu}, parorg(Girella tricuspidatg, and trevallfPseudocaranx dentwere

also found in the intertidal meadows during high tidesr§ons et al., 20).4

6 May read differently from published article as | have added the scientific nagstercatcherfaematopus unicolQr pied stilt
(Himantopus leucocephalysand royal spoonbillRlatalea regig (Morrison et al., 200) Fish (e.g., juvenile snappePdgrus
auratug, mullet garfish iugil cephalu¥, parore Girella tricuspidatg, and trevally Pseudocaranx dentgex
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Figure 19. Location of study site in Auckland, North Island of New Zealand. Imagery source: Land
Information New Zealan@_INZ, 2019.

4.2.2 Aerial image acquisitionand sensor

A DJI Phantom 4 Pro with@ustom mounteMicaSense RedEdge multispectral sensor was used
for image acquisition. The flight was conducted from 50 m altitude at a speed of 3 m/saduring
mean lower low water level (MLLW) (0.3m water level at 15:17 NZDST on March 22, 2019).
We had fine weather dugrthe image acquisition with no cloud cover arid km/hr wind speed
Low visibility, measuring 70 cm fronthe Secchi disk, and turbidity were obstactesdata
acquisition during high tide at this site. Nevertheless, a large section of the intertiglabsdzed

is exposed at low tides at this site.

From Pix4D© capture, 85 % front and 85 % side overlaps were selected between each image
capture to optimize image matching and mosaicking. The flight was planned in the direction
parallel to the sun to avosurface reflection in the imagery. During the flight mission, taking

approximately 1612 min, we collected 3088 geotagged photos.

The MicaSense RedEdge sensor has five b@ratde 5) with a resolution of 1.2 megapixels and

an image resolution of 1280 X 960 pixels for each bandgSense, 2017 Ground sampling
distance with this sensor can produce imagengcm/pixel (@r band) from 120m altitude
(MicaSense, 2017 The system also included a global navigation satellite system (GNSS) to

geotag photos. A downwelling light sensor (DLS) is connected directly to the MicaSense
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RedEdge sensor. The DLS is #&nd incident lightensor used to correct lighting conditions
during flights if covered by clouds.

Table 5. MicaSense RedEdge sensor band specificatiditsaGense, 2007

Band No. | Band Name Wavelength (nm) Bandwidth (FWHM) (nm)
1 Blue 475 20
2 Green 560 20
3 Red 668 10
4 RedEdge 717 10
5 Near InfraRed (NIR) 840 40

4.2.3Field ground survey

We used ten ground control points (GCPs) that were evenly distributed across the seagrass
mudflat to georeference the orthoimages. These GCPs were checkerboard style designed on white
A3 paper and laminated. All GCPs were surveyed with a high accuracy-GRIFS
(Septentrio®) system. Later these GCPs were imported in Pix4D® mapper as 3D GCPs to
georeference the imagery.

4.2.4Image processing anrthomosaic generation

Structure from motion and photogrammetric workflow has emerged as the scientific standard to
stitch RPAS lowaltitude aerial images into georectifiedthomosaic(Ventura et al., 2018;
Gomes et al., 2018; Casella et al., 20For this study, Pix4D® mapper (Education v 4.4.12)

was used to produce georectifiedhomosaidrom RPAS imagery collected and projected to
WGS 1984 UTM Zone 60S. Pix4D® mapper is an advanced photogrammetry software that
converts images captured by RPAo generate 2D and 3D maps and digital spatial models for
each of the multispectral band3iX4D, 2019. In Pix4D, the interior and exterior orientation
parameters were initially determined, followed by bundle block adjustridedtiy, 2019. Based

on conputer vision, the software matches kmjints between overlapping imagésllowed by
calculating thefocal length, principal point, lens distortion (interior orientation parameters),
position of the camera, and attitude (exterior orientation paramétexgD, 2019. The initial

image georeferencing was based on the onboard GNSS and was further refined by adding GCPs
from the RTK survey and reoptimized. In the second step, while finalizing the block bundle
adjustment, additional tie points were generdiesed on automatic tie points. The result was the
densified point cloud (DPCP{x4D, 2019. Based on the DPC, a 3D textured mesh was created.
The third step, the dense point cloud, was filtered and interpolated to create an orthomosaic based
on orthorecfication. Finally, a reflectance map for all five bands with a true reflectance of the

imagery objects was generatéd4D, 2019.
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Radiometric calibration was applied using a calibrated reflectance panel and calibration
information provided by MicaSensdhe final product generated by Pix4D was reflectance
orthomosaic containing reflectance values for the five individual bands (blue, green, red, NIR,
and RedEdge)with the pixel values ranging from 0 to 1. Next, using the seamless mosaic tool in
ENVI® Version 5.3 Exelis Visual Information Solutions, Co, U$Ahe five individual bands

were combined to create a filbband composite multispectral orthomosaic.

4.2.5Determining a suitable spectral index for seagrass detection

Researchers have previously usatellite imagery such as Quiglird 4m multiband, Landsat
TM 30m, and Chindrazil Resources Satellite 20m to explore the relationship between Leaf Area
Index (LAI) and Normalized Difference Vegetation Index (NDWy(gandYang, 2009. The

following spetral indexes were used:

(1)) NDVI = (NIRT Red) / (NIR + Red)
(2) GreenNDVI = (NIR' Green) / (NIR + Green)
(3) BlueNDVI = (NIRT Blue) / (NIR + Blue)

This study compared the spectral reflectance from a field spectroradiometer and RPAS
orthomosaic andreated a spectral indéixat can easily distinguish seagrass meadows from other

land cover features.

4.2.6Seagrass spectral reflectance graph

We used a handheld ASD® (Analytical spectral devices Inc) spectroradiometer to capture
seagrass spectral reflectanthis hyperspectrometer can capture the reflectance of wavelengths
ranging from 325nm to 1075nm. A white panel (Spectralon®) was used for calibration before the
measurements and between measurements if the illumination changed. A GNSS was attached to
the pectrometer to capture the geolocation when the samples were taken. This spectrometer has
a target laser pointer to shoot directly on the seagrass. Seagrass spectral samples were collected
simultaneously with the RPAS flight at low tide. An average oféf@ides was collected from
homogeneous targets to provide an average spectrum. A wooden ruler was used for height
adjustment to maintain all the samples at 15cm, yielding a field of view (FOV) of 22cm. The
spectral file (.asd) from the field were downloadiexnin the spectrometer, visually inspected for
quality, and imported i@ ENVI 5.3 spectral library viewefFigure 20a). Similarly, we trained

and extracted the spectral reflectance samples of seagrass from the RPAS orthomosaic to create
a spectral profile in ArcGIS Pro 2.8igure 20b). Both graphs were inserted together for

comparison.
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Figure 20. (a) Seagrass reflectance graph from fegldctroradiometdred curve) and (b) (green curve) an

insert seagrass spectral reflectance from RPAS orthomosaic. In both graphs, the seagrass reflectance
spectrum shows absorption along the blue and red wavelengths and reflectance along the green and steep
curve in refletance after the NIR region. Wsplored thisspectral index talistinguish seagrass meadows

from other land cover features.

4.2.7 Seagrass spectral index

The MicaSense RedEdge sensor captured the electromagnetic spectrum in the range of 475nm to
840nm wavelenifp. From thespectral signaturéswe selected Green and the RedEdge bands to
create the spectral index because of reflection along with the Green band and exponential hike
after the red band. After an iterative process of evaluating different spede&ldombinations

from Green, RedEdge, and NIR bands, the final band math expression that exiiitiitiuished

seagrass meadows from other land cover features was:

RENDVI = (RE- Green) / (RE + Green)

7May read differently from the pubipecsahsigdatues ti cl e as | have re
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4.2.8Create a spectral index image

We used the Band Algedtoolbox from ENVI Harris Geospatial Solutions, 2018elected the
band math tool, and entered the (BB2) / (B5 + B2) expression. Here B5 corresponds to the
RedEdge band, and B2 is the Green band.

4.2.9Image Segmentatiorand classification scheme

Dueto the highspatialresolution (3.4 cm/pixel) of the imagery, we used the ENVI® version 5.3
Feature Extraction module. This feature extraction module uses an-bagect approach to
classify imageryThere is more flexibility in the types of features axtedwith the objectbased
method(Harris Geospatial Solutions, 2018 he benefit of this module is that multiple features

can be extracted simultaneously, and the results for each step can be viewed in the Preview
window. The feature extraction modulensbines these processes (1) segmentation of the image
into different regions of pixels, (2) comjng attributes for each region to create objects, and (3)
classifying the objects with a supervised classification algorithm.

Initially, for image segmentatn, the edge segmentation method was usdge segmentation is

a valuableedge detector method that creates lines along with the most substantial intensity
gradientsifarris Geospatial Solutions, 201®epending on the feature of interest, an appropriate
scale level is required to delineate features in the imagery accurately. Therefore, after an iterative
process, a Scale Level of 50.0 was selected to delineate the targeted features. The scale level can
be further refined using the merge set to contrer-eegmentation. The merge level of 80.0 was

used at this instant to merge segments.

For seagrass classification, we used a scheme developed and used by the United States Geological
Survey (USGS) mapping projectdgndley et al., 2007 This scheme is a@rsple hierarchical

system with consistency and improved accuracy in the mapping results. The scheme starts by
determining the presence or absence of seagrass. Next, the scheme is further divided into two
classes, continuous and patchy beds. Patchy bedefaned here as scattered units of seagrass.
Patchy class is further subdivided into subclasses, dense, moderate, sparse, and very sparse
classesWe used the regions of interest tool to create the training sample endmeihtieers
following region ofinterest was created (1) sparse seagrass, (2) very sparse seagrass, (3) water,

and (4) sediment (hnamed here to combine sand and mud).

4.2.10Supervised classification

For image classification, we selected a supervised image classification technique. Supervised
classification is a process of using training endmembers to assign objects to one or more known
identities (Harris Geospatial Solutions, 201& supervised classification required at least two

bands to be present in the input raster. Here we edited thdateebaformation and added a null
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band so that the software could read this as bl raster image. After an iterative process of
evaluating various supervised classification algorithms, Support Vector Machine, Minimum
Distance, Spectral Angle Mappemd Maximum Likelihood classification from the supervised
classification toolbox in ENVI 5.3, Maximum Likelihood classification produced a better
classification resultThe input file, RENDVI segmented raster, was selected in the Maximum
Likelihood window Next, the four endmember classes were selected to create classified raster

imagery.

4.2.11Accuracy assessmerdnd confusion matrix

For accuracy assessment, we used ArcMap v10.6. The Spatial Analyst toolbox wagQusate
theAccuracy Assessment PointsgR, 2019. This tool creates randomly sampled points for the
postclassification assessment. Initially, we used an equalized stratified random (ESR) sampling
strategy to create 500 random points (distinct from training areas) in spectral index imagery
(ESRI, 2019. The ESR sampling strategy creates randomly distributed points within each class,
and each class has the same number of poitERl 2019. The result was an accuracy
assessment points shapefile with an attribute table that lists all the ranmhdsnapth a recorded

field for classified and ground truth information. All ground truth points in the imagery were
assessed visually to remove any bias dutiregaccuracy assessment. Due to the hEghtial
resolution of the orthomosaic, visual inspegti®very reliable fodetermiring accuracyl(echner

et al., 2012 Next, from the Spatial Analyst toolbox, we used an update accuracy assessment
points tool. This tool updates the ground truth field in the attribute table to compare reference
points to tle classified image. The input is the classified image and the previously created
accuracy assessment points shapefile. The last target field was set to the classified field. This table
was updated in both fields. The output was an updated accuracy asgegsimes shapefile,

ready to compute a confusion matrix. Finally, we used the Compute Confusion Matrix
geoprocessing tool from the Spatial Analyst toolbox to create a confusion nazdf, (2019.

This confusion matrix was calculated to evaluate theracgwf the classified imagery. This tool

used the updated accuracy assessment points shapefile to calculate the confusion matrix. The
confusion matrix contained the following information: (1) The Overall Accuracy from the
referenced region shows what partage was mapped correctly, (2) The Kappa Coefficient is the
statistical test of the accuracy of the classification (3) The Producer's Accuracy shows the
frequency of real features on the ground is corrected reflected on the classified map, and (4) The
User's Accuracy shows the reliability of classification classes on the map that are actually present

on the ground.
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4.3 Results
4.3.1High-resolution orthomosaic for remote observation

In the study site, the generated orthomosaic ofZbstera muellerimeadows had apatial

resolution of 3.5 cm/pixe(Figure 21a). The highlevel detail generateth the map clearly

showed some essential features in the land cover. Other than the seagrass meadow, other features
on the ground, e.ghlank clam (Austroveaus stutchburyishells (live clams are often locally
collected at low tide), small swimmer cra@Pagurus novizealandid®& burrows were
distinguishablgFigure 21b). This highlevel detailcan be invaluabléor monitoring and low

altitude observation of coastal intertidal environments. The area covered in this intertidal zone
with one flight was 0.04 kfn

296200 296300

296200 296300
Figure 21. (a) Highresolutionfalsecolourorthomosaic (3.5 cm/pixel) shovgrthe distribution
of Zostera muellerithe red dots on the map are GCPs (b), A geotagged photo showing sparse
seagrass density and clamshells among the meadows.

4.3.2Spectral index map

The spectral index map was created using the band math expression REMBMIGHT visual
assessment of the spectral index map, seagrass meadows were spectrally distinguishable from
water and other land cover featufeggure 22). Other identifiable features weNew Zealand

8 May read differently from published article as | have added the scientific nelaes{Austrovenus stutchbupyshells (live clams
are often locally allected at low tide), small swimmer craBagurus novizealandige
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hermit crab(Pagurus novizealandidgpolychaetesHeteromastus filiformisburrows among the
seagrass meadows. This provides evidence thatiwitly still exists among seagrass meadows,
despite their sparse distribution.

In remotely sensed imagery, different land cover features reflect and absorb electromagnetic
radiation differently. The high level of detail in the generated index map shefiscance value

of ~1.03 forZostera muellerreflected from the Green and RedEdge bands. This information is
depicted by the texture and hue of seagrass, ranging from light to dark green. Higher reflectance
from seagrass meadows indicates healthy meadbat have higher chlorophyll content. Apart

from meadows, water has a low reflective value of (~0.08), and sediment (~0.26) has different
reflective values easily delineated in the imagery.

296200 296300
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Figure 22. RENDVI spectral index map. In the index map, we appliemblaured ramp to distinguish
between features.

4.3.3Supervised classification map

The orthophoto segmentation was a critical step during thematic map production through OBIA.
All the objects' characteristics could be used in the supervised classification process. For this
reason, the segmentation results that determine the geomehy lsind cover features in the
edgebased segmentation algorithm and merge level settings should be carefully assessed before
performing classification. The inséRigure 23a) shows the result of segmentation to delineated

Page P8



meadows based on their texture and spectral intensity using different hues, distinct from other
land cover features.

The classified mafFigure 23b) exhibited a good match between classified land cover and the
orthomosaic leading to an overall classification accuracy of 95% Kaga Cefficient of 0.81.
From the classified imagery, 0.0015kns occupied by sparse seagrass, and 0.0112&m
occupied by very sparse seagrass.

296200 296300
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Figure 23. (a) Segmentation results after OBIA show that seagrass meadowharedreen successfully

segmented into different image objects, and (b) Thematic map of correctly classified land cover features.
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4.3.4Accuracy assessment

The result®f the accuracy assessment for the classified imageshown as a confusion matrix
in (Table 6), including the accuracy of each feature class (User accuracy and Producer accuracy),
the combined agreement between classified data and refedatee@verall accuracy), and the
Kappa Coefficient estimate of accuracy. Values close to 1 indicate that classification is better than

random. Accuracy was assessed from validation samples collected directly from remote imagery.

Table 6. Confusion matrix for accuracy assessment

Classified Imagery

Classes Producer accurac] User accuracy Overallaccuracy | Kappa Coefficient
Dense seagrass 0.96 0.91 95% 0.81

Sparse seagrass | 0.95 0.58

Sediment 0.98 0.99

Water 1 1

4 .4 Discussion

Remote sensing from satellitaerial imagery and in-situ field-based techniques are well
established for mapping and monitoring seagrass meaddéwizafthy et al., 2018Roelfsema et

al., 2014;Tait et al., 201 However, these thniquescould havelimitations that are not always
feasible for many marine projects. Marine field surveys could be problematic (e.g., accessibility
and terrain) and timeonsuming (e.g., tidal variationslp(ffy et al., 2019; Tait et al., 20).9
Simultareously, satellite and aerial imagery can be challenging in optically complex turbid marine
environments and lack spatial resolutistoédsin et al., 2016/NicaksonoandLazuardi, 2018

The timing of satellite overpasses such as Landsat 8 or Se2#ifg could be timed with an
upcoming field survey. However, the time of satellite overpass may not alwéggdueableto

all locations such as (1) an overpass may be at night, (2) no image capture at that location, (3)
obstruction of the feature by high taleand (4) image capture could be obstructed with an

increased cloud coveAran, 2010; Konaandlken, 201§.

In this aspect, RPAS has considerable potential to radically improve intertidal marine surveys and
remove many limitations mentioned aboWaffreda et al., 2008 Our research has established

that the combination ofow altitude (50m) with a multispectral sensor can capture most
information from a targeted area. Concurrently coincide with field measurements, providing high
resolution data for thematic map production. This hégolution can be attributedttoe structure

from mdion photogrammetry technique to produce a-fiaed multispectral orthomosaic of
ground sampling distance of 3.5 cm/pixel. Where positional accuracy is concerned, integration of

surveyed GCPs with a GNSS rendered a positional accuracy of 0.02m. Fromthtisosaic,
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seagrass meadows were visually distinguished from other features such as water and sediments.
For spatial assessment and mapping of seagrass meadows, a multispectral sensor has not been
used in a turbid intertidal estuary to the best of aunvidedge. Our results have established that
RPAS with a multispectral sensor could fill the mtdinporal data gap with consistency. From

this technique, marine managers can quickly identify the drivers of change and restore this crucial

resource beforesaching their tipping point.

Furthermore, it is challenging for an RPAS surt@yarget ideal wind and solar conditions in the
marine environmentDuring flights, mixed meteorological (e.g., clouds) conditions usually
interfere with the RPAS sensor viewi angle and produce sunglint and shadows in the imagery
(Nahirnick et al., 201p This change in environmental conditions during RPAS flights often
results in inconsistent radiometric resolution in the imagéigh{rnick et al.,, 201p The
flexibility of RPAS (e.g., deployed anytime) was capétalion targeting optimum meteorological

and oceanographic conditions during data capture. Although the imagesaptuesdin the
afternoon, sunlight was consistent with no cloud coMewvertheless, a radiometralibration

was applied during processing to improve the quality of the imagery. Plus, flights were planned
to fly parallel to the sun to minimize surface reflection in the imagery. Since individual seagrass
meadows were not visible in the imagery froBGam altitude, future studies should consider
collecting data at a lower altitude, possibly ranging from3@@. In other marine environments,

low altitude could also benefit from demarcating heterogeneous vegetation among seagrass
meadows. Two individual completed flight planning and RPAS data capture in less than 20
minutes. The setup and collection of GCPs with aties kinematic (RTK) system took the
most time. However, all the fieldwork, includinige flight and GCP survey, were completed in

lessthan two hours. More time can be saved by using an RPAS with a syradsy RTK system.

Spectral index using the Green and NIR band had been explored to detect seagrass distribution
and identify longterm changes{ue andSu, 201}. The seagrass spectnatlex showed the most
reflectance in the Green and RedEdge bands from the spectral graphs. From this information, we
computed a spectral index, RENDVI. Our result showed the ease of use and the ability of
RENDVI to identify areas of seagrass meadows arithdisish other land cover features in the
imagery. On the other hand, the spatial scale is an essential factor that influences the rules assigned
for image segmentatiorH(let et al., 2014Ventura et al., 2008 During image segmentation,

land cover feattes are segmented using spectral heterogeneity of image objects on the ground.
They are correlated to their spatial and textural attributes. Achieving a good segmentation result
is one of the essential steps for the success of further classification.dfsggmenting of the
imagery resulted in an overall accuracy of 95% and a Kappa Coefficient of 0.81. Apart from

seagrass meadows, water and sediments showed good spectral déferahogere easily
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distinguished. This was confirmed by getting a higher asdrproducer accuracy for sediment

and water.

The highspatialresolution and ability of RPAS to capture muémporal data at low altitudes
have allowed researchers to detect local changes and have been proverndtuabletool for
marine researc(Kalacska et al., 201%entura et al., 208 The use of RPAS for data capture
with a multispectral sensor is a significant gtegainng insights to identify the drivers of change
in the marine environment and improve our understandirtge spatial gnamics of seagrass

meadows for conservation and planning.

4.5 Conclusion

Seagrass meadows are located in a dynamic marine environment where they consistently deal
with changes and challenges from human activities and climate change. Seagrass habitats are also
challenging habitats to investigate, map, and monitor becd{¢¢widespread distribution, (2)
primarily established imudflats, which are difficult for offioot survey over large areas, (B¢

danger of trampling biodiversity sheltering among meadans, (4) are exposed for short
periods forin-situ samplings over lge distanceslo monitor and maghese meadows, RPAS is

a wellestablished tool with low altitude capability and higisolution ground sampling distance.

The other obvious benefit of this technology is that flight planning can be done on the fly with
minimum effort and maximum results. Our work validates this perspectivasaagplication to

improve our understanding of seagrass dynamics and identify change drivers. Consequently,
rapidly identifying changes is vital for the management of this critesdurce. Plus, the long

term sustainability of other marine resources, such as fishistiegpendent on seagrass meadows

at different stages of their life cycle.

Depending on the project's size, small mrdtors are reasonably better for mapping remote
areas. In contrast, winged RPAS would better suit large extensive seagrass beds. Different
sensors, with threband (RGB)and five-bands (multispectral), can be exploited for various
applications. As explored in the study, the multispectral sensor iedrézes ability to distinguish
meadows from other land cover features from Green and RedEdge spectral bands with high
accuracy. Lastly, for lonterm, multitemporal monitoring and identification of changes to many
important intertidal marine biogenic hadiis, researchers could benefit from a vpddinned

deployment of RPAS with suitable sensors.
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Chapter 5 Multispectral low altitude remote sensing of wild oyster reefs
A version of this Chapter is published as:

Chand, S.andBollard, B. (2021). Multispectral low titude remote sensing of wild oyster reefs.
Global Ecology and Conservation, 30(August), e01810.
https://doi.org/10.1016/j.gecco.2021.e01810

Cover image.Aerial imagery of Meola intertidal reef captured at low tide. The top half is displayed in the
VIS+NIR spectrumand the bottom hal shownin the VIS spectrum. Wild oyster reefs dominate this
section of the rocky reef.

This chapterinvestigated the pential of VIS and VIS+NIRsensors andbw altitude aerial
imageryfor distinguishingwild oysterreefsin a heterogeneous intertidal rocky reef ecosystem
(Thesis objective)eWe asesedthe spectral signatures collected from RPagainst ann-situ
handeld Spectraadiometer (hesis objective)f We alsoevaluatel the accuracy of an object
based image analysis technique (OBIA) and a Support Vector Machine (SVM) to classify high
resolution multispectral RPAS imagerihesis objective )y Spatial assessment and mappifig

wild oyster reefs can be challenging due to complex and rugged structures that are challenging to
access using conventionad-situ and time-extensivetechniques The application of remote
sensing for ecology and consetwatof benthic habitats has emerged as a powerful technique to
expedite manyf thesechallengesThe results established thae spectral resolution from the
VIS+NIR wasmore critical tasuccessfullydetect ancccuratelyclassifywild oyster reefén this

rocky intertidal reefThe findings also showed thatteacting spectral reflectance signatures from
the RPAS orthomosaic wasoretime-efficientthanthein-situ Spectreradiometeywhichhad to

be recalibrated after an illumination changéis remotesensing technique for ecology and
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conservation offers scabgppropriate spatial assessment, monitoring, and majsitgnthic

habitats in challenging and inaccessible marine environments.

5.1 Introduction

In New Zealand, wild oyster reefs distribution apdtial location vary across temperate estuaries
(Morrison et al., 2014 The Rock OysterJaccostera commercialiand the Bluff oyster@strea
edulig were two primary native species of oysters in New Zealand spatially located either on
muddysediments or established on rocky reéfsitison et al., 201y During the 1970s, Pacific
oysters Crassostrea giggspresence were detected in New Zealand. Since their introduction,
Pacific oysters have replactet Rock Oyster on Meola intertidal reafcin the Kaiparddarbour
(Foleyand Shears, 2019; Morrison et al., 2)1Blowever, on the Meola intertidal reef, Pacific
oysters are a foundation species to support biodiverBitjey and Shears, 2019 Seagrass
meadow3also provideecosystem servicesich as spawning and nursery grounds for many local
fish speciesaandprovide longterm removal and storage of atmospheric carbon dioxide through
carbon sequestratio®drbier et al., 2011; Lefcheck et al., 20.1Bhe abundance of oysters on

the Meola rockyreef gradually declined but was detected durinesitu surveyin 2012 due to

an increase ithe quantityof predatory oyster borer snall@ustrum scobing(FoleyandShears,

2019. This decline calls attention that as pressures on oyster reefs taggewill become
critical to identify dynamic changes from spatial assessments to monitor their ecological status
(Grabowski et al., 2012; IPCC, 201Apart fromin-situtechniques, remotely sensed datasets are
essential for effective monitoring andappingof coastal estuarine environmentsflerson et

al., 2019; Baggett et al., 20114

Researchers have used tiseries satellite imagery to (1) assess sgatigporal changes in
intertidal habitats due to natural or anthropogenic pressusey) spectral attributes2)(
distinguish sediment from intertidal oysters, and map@Bhartd digitize oyster reefS(izzle et

al., 2002; Garvis et al., 2015; NOAA, 2Q0Blowever, the limitations of satellite imagery with
cloud cover and atmospheigorrection persist. Opesource satellite data could have low and
medium resolutions and more extended revisit peridavey et al., 20)1In addition, satellite
datasets may not always be synchronized with the desired tides-sindworks Schill etal.,
2006. Consequentlypre-processedmagery with high accuracy translates into increased costs
(Schwantes et al., 20.8Jnfortunately, it is challenging to assess and monitor their vulnerability
from remotely sensed datasets hidden underwater dihe &patial complexity of oyster reefs.
Challenges are further exacerbated when different sensors collect aerial imagery with spectral and

radiometrically inconsistent\indle et al., 201 also captured at undesired spatial and

° May read differently from published article as | have remafiheyo to fiseagrass meadows
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temporal resolutionsSchwantes et al., 2018 Furthermore, researchers explored brightness
differences in aerial imagery to detect dead and live oyster feefz|e et al., 200R Moreover,
mapping wild oyster reefs and quantifying population density assessments within intertidal
estuarine environments remain challengiigrdle et al., 201p These challenges are due to the
environmental conditions wild oyster reefs reside in and the expansive estuarine conditions, e.g.,
saline to brackish to intertidal. Despite challenges, rebees have used satellite imagery over
the years, e.g., the Landsat series @etvedaerial imagery, to assess, map, and monitor oyster
habitats Grizzle et al., 2002 Advancements in satellite sensors have improved spatial resolution
ranging from 30 tdb0cm imagery with better spectral resolution ranging from 8 to 11 spectral
bands Espriella et al., 2020 Besides, commercial satellites such as WorldViean84 have
improved their revisit time to less than a day, an essential feature to align-witilhwork in the
marine environments\(OAA, 2003; Reshitnyk et al., 204

While technical challenges persist with other techniques, remotely sensed aircraft system (RPAS)
applications have increased to alleviate many of the challenges mentioned/abdwes¢nand

Gaston, 2013; Manfreda et al.,, 2018hese RPAS are ofheshelf systems that include
components necessary to operate the aircraft and can be retrofitted with desired sensors, e.g., near
infrared (NIR) capability Murfitt et al., 2017; Taddi&t al., 201). For example, researchers in

the USA Rachel Carson Reserve surveyed wild oyster reef areas ranging from 30 fo 300m
(Windle et al., 201p Windle et al., 2019sed two visible (VIS), redgreen,andblue (RGB),

sensors that produced 5cm orthomosaic for delineating oyster boundaries and thematic mapping.
They revealed that RPAS platforms could accurately monitor intertidal oyster reefs surveyed with
a reailtime kinematic global positioning system (RI®PS)and improved reef morphology
measuremer{iVindle et al., 2010 In addition, RPAS applications provide a baseline for studying
oyster reefs and have been more efficient than conventiesal techniques. Moreover, RPAS

aerial imagery provided a mmsignificant number of validation points than satellite imagery for

accuracy assessments.

Furthermore, researchers in the Gulf of Mexico in Florida used a-rotdti RPAS equipped with

a VIS sensor to survey intertidal habitaEsjriella et al., 2020 This study used a geographic
objectbased image analysis (GOBIA) technique that distinguished three habitats, mudflats,
saltmarsh, and oyster reefs, and resulted in an overall accuracy of 79%. However, one of the
limitations of this research was little esgiral and textural separability. Moreover, broadband
resolution from many multispectral satellite sensors may restrict the detection of oyster reefs
(Girouard et al., 2004 Therefore, this limitation could be mitigated by using additional spectral

bandsin the neaiinfrared region. In addition, there is a gap in exploring RGB (VIS) and
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multispectral (VIS+NIR) for spatial assessments, monitoring, and mappivdd oyster reefs

from proximal low altitude remote sensing.

This study aimed to produce a spéitiistribution map of wild oyster reefs in a rocky intertidal
reef at low tide using multispectral (VIS+NIR) low altitude RPAS. In addition, answer the
following questions (1) How effective is multispectral (VIS+NIR) imagery for distinguishing
wild oyster reefs in a heterogeneous ecosystem dominated by vegetation? (2) Are spectral
reflectance signatures collected from RPAS orthomosaic equally effectivesttu spectral
signatures collected usinghandheld spectrmadiometer?n addition, aim to evaluatan OBIA
workflow's accuracy with aSupport Vector Machine (SVM) to classify higbsolution
multispectral RPAS imagery.

5.2 Materials and Methods
5.2.1Study area background
The coastal system studied was Meola rocky reef (36° 51' 14.3316" S and 174° 42' 36.6984" E),

located within the Waitematdarbourin Auckland(Figure 24). This rocky reef is one of the most

visible features of satellite imagery, especially during low tides in the Waitétaateur(Land
Information New Zealand (LINZ), 20)9The Waitemat&larbouris surrounded by New Zealand's

largest city, Auckland, and comprises the busiest port. This rocky basalt reef was formed from
volcanic eruptions 28,000 years ago and extended over 2km from the landward edge into Waitemata
Harbour(FoleyandShears, 2009 Over time, the Waitematdarbourhas been and continues to

be impacted by increased urban development, human waste, and vessel wastewater discharges.
Consequently, thislarbourhas become a hotspot for isiie specieqFoley and Shears, 2019;
Hayward, 197).

Despite changes over time, the Meola reef ecosystemapally maintained its biodiversity of

benthic habitats vegetation: e.g., seagrass, algae, kelp, saltmarsh, mangroves, microhabitats, such as
rockpools and shellfish, e.g., oyste@rgdssostreagigag. This reef o incluces a widespread

breeding and nesting spot for South Oystercatcher, Tui, and Black BwlagpgndShears, 2019;

Hayward et al., 19997, eBird, 2019. It is important to note that this reef is fully submerged

during high tids, while most reef sections are exposed during lows.tifler oyster larvae
distribution, this is a critical process, where this reef is flushed with nuti¢ntvaters from the

Hauraki Gulf with two high (ranging from ~1:2.9m) and low tides (rangirfgom ~0.7 1.0 m)

daily (FoleyandShears, 2019

Research over time by the local council has revealed that this reef has endured many environmental
and anthropogenic impacts. Consequently, a decline in the oyster population has been detected

(Foley and Shears, 2019 The decline of oysters can be associated with a rapid expansion of

Page [L06



adjacent urban areas. Effluent discharge increases water toxicity and interrupts oysters normal
growth and survival rates\éwel et al., 200 Locals, setting fis traps on the reef during low

tides, tramp on live oyster shells, while other impacts on the reef are from hikers and bird watchers.

5.2.2RPAS system andn-situ data collection

RPAS aerial data was captured at 14:30 NZST during Mean Lower Low Water (0.6umeoh9,

2019, using a Phantom 4 Pro® mutitor. The Phantom RPAS was equipped with a multispectral

Mi caSenseE RedEdgeE -nadrniewmng anglet usirey a eatyrugehquicky o f f
mount integration kit from MicaSense and antbfshelf DJIsensor. The advantage of using this
integration kit from MicaSense is that the DJI RGB sensor on the RPAS can be used simultaneously
without any interference. Together they weigh ~1.62kg with a battery and other accéSigpries

25). The slightly offnadir sensor does not affect the final orthomosaic, as the sensor position

information was included during the photogrammetry process.

To capture lowaltitude (50m from surface) images over Meola Reef, we used Pix4D Capture ©
2019, an opesource autonomous flight planner. In the software, a mission was planned by
selecting a grigstyle mission, which is like a lawnmowstyle flight path. After the solaroon, the

flight path was planned to fly the RPAS directly towards or away from the azimuthledgges to

avoid any sunglint in the imagery. Other settings included: (1) picture trigger mode set to fast as this
allowed the RPAS to fly through the waypairieking images without stopping in a continuous
motion maintaining the orientation of the sensor during flights; (2) with a typical speed of 3m/s; (3)
white colour balance set to auto; and (4) side and front overlaps set at 80% respectively. All civil
aviation regulations of New Zealand were followed, including the Part 101 Pilot certificate. All
hazards were anticipated before the flights, including having anvebs&he flight times were

logged on Airshare to notify other airspace useis (Airshare, 2010

Mangroves dominate the landward edge of this rocky intertidal reef, and oyster reefs ard¢henly
Northwest section. It is essential to point out thahase referred to all oyster structures as oyster
reefs irrespective of their establishment. There was no attempt to differentiate between Pacific and

New Zealand oysters, their vertical height, and determine where they are dead or alive in this study.
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Figure 24. The Meola intertidal rocky reef was a coastal system studied within the Waitelardotaur
Source of imagery, Land Information New ZealahdN¢, 2019.

Figure 25. The RPAS setup with DJI VI&nd MicaSense RedEd§é VIS+NIR sensors, including a
downwelling light sensor (DLS) and a GPS. Images courtesy of Kavita Prasad.

The MicaSense® VIS+NIR sensor has the following distinct bands: Band 1 is Blueaf@ibetres
(nm), Band 2 is Green (560 nnBand 3 is Red (668 nm), Band 4 is the Red Edge (717 nm), Band
5 is near infrared (NIR) (840 nm), and image resolution is 1280 x 960 pixels per baoaSense,

2017. To improve the image quality, we applied a radiometric correction during image prgcessin
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