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by
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The importance of vegetation withire fluvial domaiis well establishethfluencingboth

flow and morpholog and has long been recognised as a key component of the river corrido
Despite thisadequately capturing the spatial and structural variability of vefpetasoto
understand the egeomorphic feedbacks occurring at a rangeatésemains a challenge
Currently, the focus of this research takes place at either the individual plant scateplooking
vegetatioflow interactions, or at larger sca&empingto spatially discretise vegetation for
bulk roughnesmetrics Subsequenthjydrodynamic models aypicallypbased arounthese

bulk roughness values whesitluderegetation structure. The aim of this research is to attempt
to bridgethisgap andink the different scales of analysis to improve our understaneieg of
geomorphic interactions. This is achievelLbyExamining current remote sensing methods
that may be used for fluvial reseg@hDeveloping a novel UAV based remote sensing system
to collect plant scale data for reach scale aif@8)sisractng trait-basednetrics for individual
plants and upsdadthese to reach scale extgdfsimplementing thesaitsbasegarameters

in to a2D hydrodynamic moddit present, the main tradtsin remote sensing centre around
scale and resolution, wherelpturindarger areas redgdbe detail of the phenomena being
studied. Structure from Motion (SfM) photogrammetry has helped to briggeyeitailsto
reconstruct topography in vegethteaches and cannot resokgetation structurdhese
drawbacks have herein been overcome with the introduction of UAV based laser scann
techniques, capableamicuratelgapturing topography in vegetated reaches as well as resolvin
vegetation stature. This data can be used to extratsbasedsegetation metrics, identify
individual guilds within a river corridand bescaled tepatially discretise vegetation structure
atreachscalesGuilds are theavaluated agaimsbnitoredmorphologial change to investigate
ecogeomorphic feedbacks. These vegetation metrickasificationare subsequently used

to parameteresa 2D hydrodynamic model, shiegithe impact that vegetation discretisation
methods have on model outputs. This resbasaleveloped methods fastainngreach scale

data on vegetation structure to better inform our understandinggefoesorphic feedbacks.

The robustnesand scalabiligf thesemethod presents futuravenues of researbbth within

the fluvial domaimand for other environmental reseagagplicationsywhere ecggeomorphic
feedbackk ave a maj or influence in shaping th
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Chapter 1

Chapter 1 Introduction

Despite the known influence of vegetation on flow and morphology, attempts to fully captut
the structural variability of plants beyond patch scale have yet to be realised. This is nece:
to enhance our understanding of-geomorphic feedbacks acrossrge of scales. The
importance of vegetation in modulating geomorphic processes has been recognised across ¢
and time and in nearly all Earth surface process ddssambulluoglu and Bras, 2005;
Corenblit and Steiger, 2009; Davies and Gibling, 2010; CeteabR011; Gurnell, 2014)

The role of vegetation is broad, interacting with the climate and atmosphé&riegnsods

and substrates, and directly influencing flows of matter and energy; Gayehblit and
Steiger (2000)

A Sun B
controls matter and energy
flows through climate
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=
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tectonic

>
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Energy sources
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— Earth surface

Figurel-1 A comparison of a simplified Earth as an abiotic (A) and biotic (B) system a:
outlined in(Corenblit and Steiger, 200%his highlights the importana#
vegetation when considering geomorphological change and the various rol
vegetation plays in shaping our landforms.

The focus of this research is on the latter of these, the v@getation in modulating fluid
flows, herein specifically in the context of fluviageomorphic interactions. In relation to
landscape modification by sediment mobilising flows of water, vegetation distribution ar
structure has been shown to don@nte resultant control that is exerted on landform
production(Manner®t al.2015; Diehét al.2018; Butterfielet al.2020) Despite this, to date,

little attention As been focused on trying to better characterise the complex structure c
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vegetation through time and across the largek@10n) spatial scales that are relevant to river

catchment development.

1.1 RelevantScales ofEco-Geomorphology

The four dimensionaiver system approach outlinedVvidgrd (1989dliscretised interactions

along pathways in the upstream and downstremmgitfdinal) dimension, channel to
floodplain (lateral) dimension, channel to groundwater (vertical) dimension, and along the
temporal (time) dimension. The first three dimensions can all change throughout the fourth
dimension of time, based on interactiogtween each other. Many-disiplines are involved

in the management and research of these dimensions through time, be it hydrologists,
geomorphologists, ecologists, chemists, or engineers. Success in multidisciplinary approaches
can be assessed basedow well these sulsciplines combine to answer a specific lack of
understandingPickettet al. 1995) A significant component of the lateral dimension is the
interaction between channel, banks, and the wider floodplain; which in turn is influenced by
factors such as hydraulic conditions, underlying gemhahyegetation. These interactions
themselves are nested across both temporal and spatial scales, with channel units ranging from
the fine sudeature scales through to landform scale basin systems, and vegetation ranging from
individual vegetation compane to complete community ecosystéhtmms and Parsons,

2002) It is only through recognising that different components ardissifdines iteract

across a range of spatial and temporal scales that advances in understanding can be made. This
is what makes egeomorphological research important, by accepting that hydrology influences
ecology and morphology and vice versa, and through attetoptionduct research in a

manner that seeks to include these feedbacks where possible in a holistic manner.

Vegetation can be analysed at a range of scales, from the effects of separate plant parts,
individual plants, assemblages of plants, througlintocplmmunities and entire ecosystems.

The scales at which they are monitored are typically related to the processes and landforms
which they influence. For example, the impacts of individual stems effect the magnitude of
trailing turbidity, whereas plassemblages aggregate this in to changes in flow conditions, and
scaling to community and ecosystem scales effects floodplain connectivity and morphological
response. However, creating links between these scales of analysis and the subsequent hydraulic
influences is challenging, especially given the range of vegetation and hydraulic conditions that
are present globally before the influences of local topography and soil properties are accounted
for.
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However, as vegetation is a key component of the riidogardequately accounting for its
influence is necessary. Current research clearly demonstrates the variability in impact
different vegetation forms have on river corridors, and how differences in plant types ha
considerable impact on propersash as drag and soil cohesion. Although the measurement
of single stems is relatively straight forward, branching structures and those with foliage are
harder to measu(@amest al.2008) making it challenging to successfully discretise the effects
of riparian vegetation. At the individual scale, plant height and vertical distriyutidcepla

role in flow modulation, especially with the variable flow depths altering the fraction of plat
biomass interacting with watepf and Vivoni, 2000; Lightbody and Nepf, 200} is an
important component not always accountedwbereby the changing flow levels lead to
changes in flow resistance, with different flow responses depending on the plants verti
structure. Depending on flow depths, plant frontal area and foliage may be altered, with folia
plants having larger rlace areas that can exert a greater force -foofieng during
submergent flodarvela, 2002b; Whittakén|.2013) This reconfiguratn can be accounted

for by measuring the-peofiled frontal arege.g. Vasilopoulos, 201af) by reducing the
coefficient of dragArmanini, Righetti and Grisenti, 2005)

Below the surface, root strength and distribution can be used to infer binding strength a
stability, and help to create more stabilised chd@mnals and Paola, 2001; Tal and Paola,
2007) The distribution of roots may be more influential than the root strength itself, leading t
an overall incese in soil cohesigAbernethy and Rutherfurd, 2001;eYal.2020) Matching

above and below ground biomass is therefore necessary when examining individual p
impacts on flow and subsequent morphological change, as has been mGdelbed Metsch

and Siviglia (2020)he importance of different plant structural features and foliage above an
below ground is consistently noted by various authors, however their interactjenscilkzs

are just as important. The drag coefficients typically identified for a single plant are n
comparable to those in patches of similar vegetadgiorest al.2008) for example increases

in drag coefficients are identified when increasing plant {i€msignd Stoesser, 201l
clumping the same biomass in to ayElasv and high density compared to an even distribution
also effects flo{Sandlensen, 20Q8)herefore, the spatial distribution of vegetation is just as
important as the characteristics ansiy of vegetation patches themselves. Despite individual
stems and their arrangements causing local variations in scour and trailing-dkgib sitel

Nepf, 2012)it is at larger scales where the effect of vegetation on morphology becomes mc
apparent. This may manifest in changes in topography depending on the vegetation cover,
deposition increasing with a geegiroportion of vegetation cover due to in increases in
floodplain roughnes$ran and Paola, 2001; Bertoldi, Gurnell and Drake, 26iER)ly
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vegetated channels also have an increased presence of large woody debris, having an influence
on both in and out of channel morphology leading to increases in depositional landforms
relative to noi#blockaded channe(deffries, Darby and Sear, 2003; &eal. 2010) The

aggraded nature of root properties will also help to stabilise channels and switch reaches from
braided to singular chann@lal and Paola, 200Merefore the depositional features caused

by above ground roughnese matched with below ground stability to help create stabilised

channels.

The complexities introduced by deciding what scales to analyse vegetation at for the purpose of
a study are compounded by the temporally varying nature of vegetation. Sisasfograddy
importance, especially considering flooding happens both during winter and summer months,
with future projections of heavy rainfall events increasing for much of Europe suggesting a
strong likelihood in increased flooding evésivilleet al. 2021) Although seasonality of

individual plants has somewharbaddressed by the comparison of foliated and defoliated
stemge.g. Wilsort al.2003; Vasilopoulos, 20158asonality has rarely been an explicit aim.

Yet as these studies have shown, the inclusion of foliage not only affects flow, but also plant re
profiling, and as such thkaracteristics of the plant will change drastically between different
seasons. Moreover, many of the plants studied are perennial herbaceous species that are not
present yeaound. Areas with seasonal vegetation are therefore likely to be experiencing
different bulk roughness for different time periods, something that is not commonly accounted
for. I n channel monitoring showed peaks in det
early summer seasons associated with the channel coverage of mg&bamges and

Tanner, 2000kupported bZottonet al(2006who found peaks in coverage from June and

July led to increases in hydraulic roughness. Accounting for temporal variations in roughness
led to a distinct improvement in correlation between observed and modelled water surface
elevationgSonget al.2017)yet the use of temporal roughness elements are not staridard. Th

may be due to difficulties in accurately discretising the floodplain vegetation, or from obtaining
good quality seasonal data to assess the impacts seasonality has on vegetation presence, although
efforts to improve parametrisation that include sedagdmale been present@¢stila and

Jarveld, 2018yet, finding methods to transition from small scale, highly localised dynamics, to
large scale seasonal vegetation coverage is adeh asestion. This will ensure that the
modelling performed is both hydraulically relevant, computationally efficient, and applicable to
real world scenarios, so that decisions made as a result are effective and supported by the

science.
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1.2  CharacterisingVegetation Complexity

Discretising vegetation in models typically necessitates the use of a roughness parameter v
can account for the effect of vegetation
approach to account for the effects of \aget, having been assessed in numerous studies
(Chow, 1959; Petryk and Bosmajian, 1975; Noarayanan, Murali and Sundéet,2012)
lumped approach groups many forms of resistance together into a singular value, elimina
the nuance and variability in vegetati Ve
determir the variation in resistance across the d¢@ainbyet al.2003bwith some models

i ncluding a depth el ement t dAndesonyRutheafurdh i n
and Western, 2006) a seasonal componékourgialas and Karatzas, 20H)wever, these
methods make assumptions on the characteristics of vegetation based on user interpretatic
images or field inspection in conjunction with previously used values. This in essence ignc
theactual function of vegetation, its complexity, and properties under various flow condition
whereas characterisation of vegetation should be physicaliydlaseckt al.2014) Flume

and field experiments have shown the variation in roughness at different flow depths a
speeds, as well as from the resolution and methods of foliage frontal area digCiétisddion
2002b;2004; Vastila and Jarvela, 2014; VasilopoulosTRedefpre, it can be assumed that

to fully account for the vegetation within a study site, a deeper perspective beyond brc

classification of types and associated resghvalues is likely required.

How researchers spatially discretise and map vegetation is therefore of considerable importe
and depending on the level of detail required, the purpose of the mapping, and the scale of
study, may ultimately influenmsearch findingMuller (1997)ecognised an increased
likelihood in the use of remote sensing for riparian vegetation and highlighted the need 1
increasing spatial resolution and spatially orientated classification algorithms. It was rigl
pointed out that a gyte layer cannot represent all aspects of vegetation, and this is a proble
that has persisted as to what scale should vegetation be measured. However, it was also |
that if the classification is based on sound scientific methods, then this maywaydah
broader uses. This has certainly been the case, with bo#sbiigion terrestrial and satellite
based methods allowing for ever increasing resolution of individual plants, as well as impro
spatially complex and accurate reach scale maggayetation of multiple scales can now be
classified from TLS (Terrestrial Laser Scanning) surveys in topographically compl
environments(Brodu and Lague, 2012hd be subsequently analysed to reveal internal
structures as well astieal profiles which can be used for flow modelling and roughness
estimatege.g. Manners, Schmidt and Wheaton, 2013; Jat@j2015; Vasilopoulos, 2017)

However,Lague (2020hoted that given the fundamental role vegetation plays-in eco

5
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geomorphic feedbacks that the use of such data had not been fully realised for the potential to
resolve complex interactionstween vegetation and flow. Likewise, the increasing spatial
resolution of satellite imagery and extent of ALS (Airborne Laser Scanning) surveying has led
to an increase in analysis of riparian vegetation for both classification [ingm2007;
Antonaralg, Richards and Brasington, 20@&b)vell more detailed analysis such as log jam
monitoring(Bertoldi, Gurnell and Welber, 2013b; Aballetréh.2015)

The above summarises how there have been great advances in our understanding of plant scale
influences of flow and largeale classifications of vegetation from remote sensing, yet there
seems to be few attempts to cross these tajgsy local vegetation modelling to large scale
datasetdManners, Schmidt and Wheaton (20%8}their local scale TLS data to inform a

larger scale model of vegetation frontal areas from ALS, and in forestry linking TLS to ALS has
been used to verify large scale modelling methindberget al.2012; Bredet al.2019) but

fluvial applications are still less common. Advances in remote sensing technology and new
approaches to classifying vegetation by looking beyond tradittvokdglyymethods may

enable the improved understanding of ougeoonorphic interactions. There is an area of
research which is a missing link between our fine scale understanding, anest¢he large
applications of this knowledge due to an inabilitarisfer this knowledge from one scenario

to another. These egeomorphic feedbacks are variable and will depend on underlying factors
such as climate, sediment, and morph@Wggt and Darby, 20Q"BHut better characterisation

of vegetation via traiteased analysis may help to minimise this variability and improve
applicability between similar reaches. This may also allow for improveidralctdaghness

values or for the introduction of more explicit structural models in hydrodynamic modelling.

1.3  Thesis Aims and Research Questions

The aim of this research is to establish a new way of characterising vegetation to assess the role
that it phys in modulating egeomorphic feedbacks across time and space. Specifically, the
followingResearclQuestions (RQ) will be tackled:

RQ1: What is the current stafethe-art in river corridor remote sensing and how can it

potentially be used to measeregeomorphic feedbacks?

RQ2: What properties of vegetation are important in relation to modulation of fluvial
geomorphic change? Can these be readily measured and quantified using remote sensing, so that

variations in vegetation and morphology can di¢yraasessed through space and time?
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RQ3: Does how we represent vegetation in relation to complexity and temporal evolution
fluvial model domains matter? What can novel representations of vegetation tell us about

ecegeomorphideedbacksf a riversystem?

1.4 Thesis Outline

The physical development and construction of a novel environmental sensing system was &
component of the NEXUSS DTP training programme. This DTP was specifically designed
utilise smart and autonomous observing systems tovengustained and higgsolution
observations to tackle environmental science challenges. Thisanpllhary approach that
crosses both environmental and engineering research is jointly funded by NERC and EPS

and consequently this thesis exhitsents from both of these approaches.

The thesis structure is centred around four papers that together tackle the central aim :

Research Questions outlined above.

Chapter 2 (Paperhttps://doi.org/10.1®M2/rra.3479% Tackles RQ1 in presenting an overview

of the current river corridor surveying technigues and seeking to outline some of the challen
and opportunities that the research community face when using remote sensing to monitor

fluvial corridor

Chapter 3 (Paper 2tps://doi.org/10.3390/s212277)Fackles parts of both RQ1 and RQ2

in developing and testing the sttéhe-art Uncrewed Aerial Vehicle mounted sensing package

that is used in papers 3 and 4. The accuracy of the developed system and consistency bei
surveys is assessed using groanttol points and sections of stable ground. The benefits of

the system are outlined with examples from the field site and potential applications introduc

Chapter 4 (Paper, Submitted to Earth Surface Dynainitackles RQ2 by establishing
methods forextracting hydrologically relevant functional traits of vegetation using the
developed UAV sensing package and linking these to geomorphic change to -assess
geomorphic interactions over larger scales without the need for intensivebggednd
fieldwok. The paper establishes the historical context and current patterns of morphologic
change within a study site by monitoring vegetation traits at high resolution over a year an
half field campaign. The spatial distribution of guilds is establistieel $tudy site using
upscaling approaches from individual vegetation models. The connection between vegeta
and morphology is then discussed, with the potential for the wider application of these methc
highlighted.


https://doi.org/10.1002/rra.3479
https://doi.org/10.3390/s21227719
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Chapter 5 (Paper thtention to sbmit to Geomorphology/ESBLTackles RQ3 by using the

novel traitdhased vegetation classification to underpin the modelling approach of the study site.
The spatial distributions of guilds identified in Paper 3 are used to parameterise the vegetation
comporent of a 2D hydrodynamic model through space and time, with results compared to

traditional bulk metrics that relate vegetation to a roughness parameter.

Chapter 6 concludes the work by revisiting the RQs and the challenges identified in Paper 1,
outlining how future work might evolve, and considering the wider applications-for eco

geomorphic research.
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Chapter 2 Remote sensing of river corridors: A review of

current trends and future directions

2.1 Abstract

River corridors play a crucial environmental, economic and societal role, yet also represent
of the wor | ddaurahhazarts, ndaking ghenitooing snperative to improve our
understanding and to protect people. Remote sensing offers a rapidly growing suite of meth
by which river corridor monitoring can be performed efficiently, at a range of scales, and
difficult environmental conditions. This paper aims to evaluate the current state and assess
potential future of river corridor monitoring, whilst highlighting areas which require furthel
investigation. We initially review established methods which aoeunskedtake river corridor
monitoring, framed by the context and scales upon which they are applied. Subsequently
review cutting edge technologies which are being developed, focussed around UAV and m
sensor system adyv an c ersfuture Wethodsl whioh mayh lecome o
increasingly prominent in research and management, citing examples from within and out:
of the fluvial domain. Through review of the literature it has become apparent that the ma
gap in fluvial remote sensing lieshim tradeoff between resolution and scales. However,
prioritising process measurements and simultaneouseansdii data collection is likely to
offer a bigger advance in understanding than purely from better surveying methods. Challer
regarding théegal deployment of more complex systems, as well as effectively disseminati
datainto the science community are amongst those that we propose need addressing. Howe
the plethora of methods currently available means researchers and monitoringilidpencies
able to identify suitable techniques for their needs.

2.2 Introduction

Rivers play a crucial environmental and societal role, providing food, water, nutrients, flood ¢
drought mitigation, transport and potential energy, as well as providingamabsiapeorting
biodiversity that encourage recreationgPastel and Richter, 201Phese ecosystemsees

are incredibly valuable, with freshwater resources contributing a significant component of |
global natural capitgostanz@t al.1997) Thi s expl ai ns why 82%
live on previously flooded la@illeyet al.2005)whilst 87% have a river as their closest water
body(Kummuet al.2011)Conversely, rivers can present a considerable hazard to those in the
vicinity, primarily through floodirfglirabayashet al.2013) Flooding isdentified as the most
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dangerous natural hazard, accounting for 43% of all disasters betw26h5] 38%h flood

events likely to become more severe as a result of climat€dN&BD& and CRED, 2015)
Alongside flooding, bank erosion represaritazard to those communities who reside near

river bankgThakur, Laha and Aggarwal, 2012; Islam and Guchhait, FX04&yer, world

rivers are degrading in terms of water quality, sediment loads, and overall ecological diversity
(Vorésmartyet al. 2010) Simultaneously, increasing rates of change in land cover across
floodplains are affecting the hydrological regime; impacting on ecology, erosion, and flooding
(Gregory, 2006; Wassehal.20D; Remondi, Burlando and Vollmer, 20tG6s therefore
imperative to monitor river corridors to i) understand associated processes, ii) evaluate the
nature of evolving hazards, iii) maintain ecological sustainability, andr@setve their

integrity as a resource for future generations.

For the purposes of this review, oriver corri
channels, riparian zones, floodplains, and associated fluvial deposits, forming an overall
classifiation framework which can be used to aid research and mandgemeyt and

Gooseff, 2015)The dynamic interactions across the river corridor are especially important in
the context of applied river management, whereby a holistic approachseryneRever

corridor units feed into management strategies and applied research, covering areas including
hydrological exchandg®lalardet al. 2002; Smitket al. 2008; Harvey and Gooseff, 2015)
ecosystem functiolitg (Stanford and Ward, 1993; Brunke and Gonser, 1997; Poolg, 2002)
monitoring of restored reach{@&ernhardet al.2007; Kaikt al.2007; Schneidet al.2011)

and geomorphic evolutigRichards, Brasington and Hughes, 2002; Ollero, 2010; Magdaleno
and Fernande¥uste, 2011)

Ultimately, we cannot view rivers as points or lines, but as spatially continuous mosaics of
information(Fausclet a].2002) Remote sensing techniques provide the ideal solutieeifor ri
corridor monitoring due to their namrusive nature, wide ranging spatial coverage, and
repeatability. In order to fully understand the river corridor we need data that is continuous over
various scales, with remote sensing being the ideal solaitbiete this, allowing us to test

the theory that has been presented, and provide a basis for our understanding of the fluvial
form. Over time, river corridor research has been transformed through technological advances
making surveys more accurategiefft, and resolute both spatially and temp(@vileus and

Fonstad, 2010; Entwistle, Heritage and Milan,.Z2B4&) advance in remote sensing allows
subsequent progression in understanding. This enables novel research into the processes that
are shaping river corridors, across scalesgdramn grain dynamics to landform hydrological
analysis. Herein, we define remote sensing in the broadest sense; as any ralesaivienon

form of data collection.

10
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2.2.1 Review Structure

This review aims to outline both current and future methods whiemgloyed to aid our
understanding of the river corridor. Remote sensing offers multiple techniques for monitorir
various components of the river corridor (Figtra). There are two key distinguishing factors
that determine appropriate data collectiomiigues; i) the domain to which they are applied
and ii) the spatial scale and resolution over which they are applicable. Herein we have struct
the review around these key considerations, firstly revisiting the developments in river corri
remote sesing since the mRO" century, before reviewing techniques across various domains.
focussing within these on the scales over which methods are deployed. For the purposes of
review, we define the scales of monitoring based around the morphaiagioatluned in
Figure2-1b to provide a structure for the review and context for the following discussion. Wi
also seek to highlight studies that combine multiple remote sensing techniques, such that
are developing new insight into river corrider§ o r e 6 hori zon scanni
future agenda for the remote sensing of river corridors. Finally, we outline the key challen
that will need to be addressed in order for the techniques and methods identifjessttpro

a point where tlyecarnbe broadly applied.

2.3  River Corridor Remote Sensing

2.3.1 A Brief History of Remote Sensing of River Corridors

In order to provide context for where we are, and where we may be heading, it is useful to kn
where we started in terms of remote sensitigifiuvial domain. During the'2CGentury,
researchers began using early forms of remote sensing by studying aerial photos to invest
fluvial morphology and the driving processes inv(leegold and Langbein, 1966; Fairbairn,
1967; Kinoshita, 1967; Coleman, 19689 launch of the Landsat program in 1972 led to a
rapid uptake in remote sensing for fluvial res@destes, 2002for example to identify former

river channel&Ghose, Kar and Husain, 1978yestigate water quality and suspended sediment
(Aranuvachapun and Walling, 1988p flood hazardfkango and Anderson, 1974nd
understand the interactions between rivers and vegéalimat al. 1986) Bythe turn of the
century, it was considered that data with a resolution of 1 m was classed as high resolu
(Mertes, 2002nhowever this is no longer the case. Developments in ALS (Airborne Lase
Scanning) facilitated high resolution collection of topographic data over laaj®aiagsan
improvement in the accuracy of data collected for applications such as flood (Gmtdng
Mason and Davenport, 2001; Bowen and Waltermire, 2008t &2002) The decision to

stop degrading GPS data in 2000 facilitated more widespread use of remote ssnsiage Sub

11
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techniques more traditionally reserved for oceanic studies began to be used on fluvial systems
forresearchinth early 20000s, with the deployment of
(ADCP) and Multi Beam Echo Sounding (MBES) me(siddset al.2003; Muste, Yu and

Spasojevic, 2004; Parsens]. 2005) Further improvements in resolution, but with limiting

spatial extent, came throughthe e of Terrestri al Laser Scannin
(Hentage and Hetherington, 2007; Milan, Heritage and Hetheringtonb&¥king through

the previous limits of spatial resolution offered by ALS and that were alludddetteby

(2002) Findly, a proliferation in the use ofddewedAerial Vehicles (UAVS) in recent years

has all owed the collection of high resolution
surface are created over areas greater than achievedlbsjoieSal.2007; Westolst al.

2012; Fonstaet a].2013)
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Figure2-1 Key features and scales of the floodp#gifhe key natural features afiveer
corridor, including an active channel, floodpls@usmenteposits, relic channels,
and vegetation componeriyA conceptual frameworlf oiver corridor scales
across which we review research and applications herein framgimeg(i) fine
scale, (ii) feature scale, (iii) reachtectide(iv) landform scale.
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methods along with temporal resolution, end user cost, and ease of data analysi
the subsequent bar graghshould be noted that end user cost is based on typical
examples, for example ghasing TLS equipment is expensive, whereas despite
satellite data being expensive to produce, they are freely available in mc
circumstanceBespite ALS data being free in many circumstances to end users, i
is limited in terms of temporal resolutiod eoverage, with further data collection
being very expensividhe top panel was inspired by a similar concept developed
in Figurel2of Bangen, Wheaton, Bouwes, Bouwes, and Jordan (2014)
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Whether or not there has been the genuine emergence of a pliedisaiver sciences

devoted to remote sensing, as proposedagus and Fored (201Q)is perhaps open for

debate. We would argue that the remote sensing tools reviewed herein and the associated
technical developments that we highlight are used across many disciplines of river science,
driven by a desire to better understaedptiysical processes at work and effectively manage

these systems.

2.3.2 Current Monitoring Methods

One of the strengths of remote sensing lies in the broad range of temporal and spatial extents

over which methods can be applied (F@2¢9g . However, there iIs no Oper
factors such as cost, scale, and repeatability all playing an important role in determining the most
appropriate method for a user (Fig+&). Many of the methods used have been thoroughly

reviewed andam be used to inform researchers for deployment and processing, e.g. UAV
imagery(Westobyet al. 2012) TLS (Tellinget al. 2017) ALS (Hofle and Rutzinger, 2011)

ADCP (Muste, Yu and Spasojevic, 200MBES(Jha, Mariethoz and Kelly, 20E3) well as
comparingetween methods for bathymetric mode(iasgviet al.2019) However, the aim

of this review is not to provide a methodological overview, but rather to evaluate the range of

applicationand how each approach can enhance our understanding of the river corridor.

2.3.2.1 Roughness and Grain size

Bed and bank studies have predominantly utilised statistical analysis of dense point clouds to
extract roughness metrics. TLS has primarily been used to examine fine scale roughness due to
the high point density, for example in exploring gravelHarsage and Milan, 2009)
variations in roughness peand posflood (Piccoet al. 2013) roughness across differing

climatic driver§StorzPeretzt al.2016)and bank skin drag coefficigisylandet al.2015)

Importantly, research into how scan locations and grid cell size ioygduisss calculations

has been undertaken to improve deployfBa@weret al.2014)and examining the potential

for bed roughness extraction with through water laser scanning has expanded the versatility of
TLS(Smith, Vericat and Gibbins, 2011)

Over larger spatial domains, roughness tends to be derived froracowedgery. Structure

from Motion (SfM) techniques have been used for roughness calculations in flume experiments
(Morgan, Brogan and Nelson, 2017; Peatah 2017)as well as field studi€smith and

Vericat, 2015; Woodget and Austrums, 2017; étitain2018)and river restoration analysis
(seeFigure2-3, (Marteatet al.2017). UAV SfM therefore provides the ability to upscale the
spatially limited static terrestrial based methods to feature and reach scales. Currently, calculating
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An example of roughness calculations performed across a restored channel. S
methods were used to obtain a DEM before using detrended standard deviatic
values to obtain surface roughnBspeaturveys allow the change is roughness
to be monitored through time as the channel adjusts. Such results can be used
highlight processes such as channel margin sorting, as well as be fed back i
hydrodynamic modelling. This presents an example of igbwegolution
roughness can be scaled up to analyse reach scale process and form interact
Reprinted from 6 ArpnpNotion photogoammetryf to river r u
restorationd, by Marteau et al. (201

over large areas is time consaminigirther compounded by SfM data suffering

from smoothing effec{&mith and Vericat, 2015; Cook, 201&), ever increasing computer

power may help extensive, high resolution, roughness models become more feasible.

Below water, MBES techniques are predominantlyandsthymetric topography, although
research by botBuerrero and Lamberti (20Bh)dKonsoeret al(2017)utilised MBES dat
to investigate bed roughness across a range of study sites. Despite the methods not being

explored, MBES data may provide insightoed and bank roughness across reach scales and

greater.
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Grain size is somewhat harder to extract. Traditicegli@msed methods relate image texture

to grain siz€Carbonneau, Bergeron and Lane, 2005; @ydRiae and Reid, 2008)ore

recent methods exploit SfM topography with high resolution imagery (0.0015 m pixel size) from
low flight heightéLanghammest al.2017)and through relationships between roughness and

in field grain size measuremefwsoodget and Austrums, 2017; Carbonneau, Bizzi and
Marchetti, 2018Work byWoodget, Fyffe and Carbonneau (20&8&)onstrated how image

texture on a series of individual images outperformed orthomosaics amligdiéss
measures. However, derived relationships may struggle in poorly sorte@Pesasbes al.

2017)and where sediment placement is irregular, causing the axis of measurement to be

inconsistent.

TLS produces data volumes similar to those from SfM and thus is hampered by similar
processing constraintShe technique has been successfully used to investigate grain size
packing distributiofHodge, Brasington and Richards, 200&riations between systems
(StorZPeretzet al.2016) submerged grain si&mith, Vericat and Gibbins, 2QEhd grain

size on large, complex gravel systems using Mobile Laser ScanniiwigiMesal.2011a)
Throughwater TLS is ineffective for deeper channels, where instead, MBES data has been used
to infer grain size using statistical inference tech(®nedkeret al.2013; Eleftheraket al.

2014) However, the extensive calibration involaedimited spatial applicability restricts the

scale of application over which the methods can be used.

2.3.2.2 Flow Characteristics

Both Acoustic Doppler Velocimeters (ADVs) and ADCPs are used to investigate flow
dynamics. The former is used to primarily ineéstitpw characteristics such as velocity and
turbulence in both flum@.awless and Robert, 2001; Schindler and Robert, 2005; Buffin
Belangeet a].2006; Abad and Garcia, 2008) field setuptaneet al.1998 BuffinrBelanger

and Roy, 2005; Strom and Papanicolaou, 2007; Wilcox and WaHLljik28Gige, ADVs have

also been used to investigate applied management problems such as weir c@tstiyvation

Hey and Wormleaton, 20@n)d the effects of ship wakes on near bankFieet &, 2016)
However, the requirement for a static deployment somewhat limits their application beyond
fine scales.

Across featie and reach scales, ADCP sensors can be used to better understand flow dynamics;
such as investigating the influence of surface ice on vertical separation and helical flow structures
(Lotsariet al.2015)the complex flow properties in the Mek(tgckneyet al.2015) better

calibration of a Delft3D flow mod@tarsapouMoghaddam and Rennie, 20a8)well as river

confluence mixing proces¢@sialtieriet al.2018) At the reach scale, ADCPs have been used
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to investigate flow variation through dynamic morphological syGteensero and Lamberti,
2011) flow interaction with dune bed morpholdgarsonst al. 2005) and flow patterns
through a variety of meandering, straight, and abandoned c{&maklst al.2003) With
increasing portability and potential platform autor(@teyeret al. 2015) the deployment
versatity of such sensors is likely to improve further beyond their already extensive range

deployment opportunities.

Field based Particle Image Velocimetry (PIV) operates over smaller spatial extents, tracl
tracer particles in a fluid over interrogatarmows using pattern recognit{@wmrian, 1991;
Detert and Weitbrecht, 2018)ost systems are static for continual monit¢@reutinet al.

2003; Jodeat al.2008; Gunawaet al.2012)yet advances in positional and attitudinal data
has allowed helicoptdisujita and Hino, 2003; Fujita and Kunita, 2@md) more recently
UAVs (Detert and Weitbrecht, 2015; Taet@|.2015; Bolognest al.2017; Thumseat al.

2017) to improve spatial coverage. The method shows promise, producing velocit
measurements withir886 of those measured from total station tra¢Biolpgneset al.2017)

Future work is looking to eliminate the need for artificial tracers and create a more versa
methodologyCharogiannis, Zadrazil and Markides, 2016; Legleiter, Kinzel and Nelson, 201
Thumsetet al.2017)which would likely result in more widespread use of PIV as a field base
method.

Over larger spatial scales, calibrating against river width has allowed satellite sensors to pre
discharge to within 10% of observed va(Bgsrklieet al.2005) To overcome issues with box
channels, whereby rivadtia does not increase with discharge, it is possible to use river islan
size for calibratiofFeng et al.2012) However, the sensitivity of the method is limited by the

pixel reslution of the satellite image.

2.3.2.3  Water Quality

Static ADV and ADCP deployments are able to be used to estimate Suspended Sedirr
Concentrations (SSC) in the water column through use of acoustic backscatter under labora
(Schindler and Robert, 2004;d#al.2009)and field conditiong&lci, Aydin and Work, 2009;
Chansoret al.2011; Leylarst al.2017)Likewise, the acoustic backscatter from MBES sensors
can be used to infer SSC, having been tastedtrolled and field conditio@Bmmont al.

2010; Simmonat al.2017) providing the opportunity to collect SSC data acatgd and

reach scales, yet their use is not currently widespread.

At the reach scale and beyond, estimates of SSC require the use of satellite imagery. Me
resolution imagery (3D m) has been used to investigate SSC at the confluence of thi
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Missisgppi and Missouri Rivers, both of which have differing sediment régmagsRhoads

and Greenberg, 20185 well as along the Yan@¥@nget al.2009) However, the majority

of studies tend to use coarser (250 m) MODIS data focussing on large, wellvgasigadhr

as the Yangtz@Vvang and Lu, 201@he AmazoriMangiarottet al.2013; Santes al.2018)

the Changjian@.u et al.2006 and the Solimo€EspinozaVillaret al.2018)utilising statistical
relationships between observed SSC values with red aretlispactral bands. However this
method is limited to those rivers with continual monitoring of discharge and suspended
sediment and large enoughbe observed from satellites, therefore alternative methods are

required across smaller extents.

Despite water quality estimates derived from remote sensing being well established in estuarine
and coastal zoné€Brando and Dekker, 2003; Hellwesteal. 2004; Chen, Hu and Marl

Karger, 2007)t is less well developed in the fllaahain. However, efforts have been made

to obtain fluvial water quality data from UAV imagery, such as pollution détegi@oand

Napoli, 2010; Legsat al.2012) Attempts to replicate satellite data procedures relating spectral
data to chlorophyd, Secchi disc depth, and turbidity with UAV imagery have been limited in
succeséSu, 2017; Larsan al.2018) Regardless, the increasing use of UAVs in river corridor

monitoring will likely improve methods for water quality monitoring.

2.3.2.4  Morphology

By far the largest volume of research in river corridor monitoring relates to the measurement
and monitoring of morphology through the production of Digital Elevation Models (DEMS).
Applications of modern data collection techniques such asnd@LSfM now outweigh
traditional point based survey techniques in the literature. These new techniques are particularly
well suited for surveying of small features which typically demand high accuracy, high resolution

data, to detect small changes betweagnys.

TLS enables users to overcome the spatial limitatioressdectionasurveys, especially in

the downstream direction, through increased point dgRe#tgp and Hession, 2010; O'Neal

ard Pizzuto, 2011 Analysis such as creating DEMs of difference (DoDs), comparing voxel
models, and point cloud analysis have all utilised TLS data for investigating morphological
evolution(Milan, Heritage and Hetherington, 2007; Heritage and Milan, 2009; Resop and
Hession, 2010; O'Neal and Pizzuto, 2011; %aek013; Leylanet al.2015) The advent

of MLS has enabled tleestudies to expand beyond the typical spatial constraints of TLS,
producing high resolution datasets across reach(adiatest al. 2009; Lotsaet al. 2015;
Leylancet a].2017)
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Figure2-4 The relationships between survey imagery resolution from UAV aircraft and th
geospatial presion (based off of RMSE and standard deviation values) for both
topographic and bathymetric surviigge the higher r2 value for bathymetric data
is due to the exclusion of outlier point number 26 and the relatively fewer numbe
of studies in this arébhe X and Y axis are broken in order to focus on where the
data points are clustered. The numbers alongside data points refer to th
publications from which data was extracted for the plot, with some papers citin
both topographic and bathymetric prensias well as multiple test sitedare
therefore included twice: 1. Brunier et al. (2016) 2. Vericat, Brasington, Wheato
and Cowie (2009) 3. Coveney and Roberts (2@a8atlo et al. (2016) 5. Lejot et
al. (2007) 6. Dietrich (2016) 7. Javernidk (@04a4) 8. Cook (2017) 9. Smith and
Vericat (2015) 10. Watanabe and Kawahara (2016) 11. Van le(2€I1€) dl2.
Tournadre, Pierrddeseilligny, and Faure (2014) 13. Young et al. (2017) 14. Baghei
et al. (2015) 15. (Mirijovsky, Michalkova, Petyiadka, & Trizna, 2015) 16. A.

D. Tamminga et a2015) 17. Woodget et al. (2017) 18. Woodget et al. (2015) 19
Mi ©9i jovskT and Langhammer (2015) 20
(2016) 22. Dietrich (2017) 23. Clapuyt, Vanacker, and VaB@63tX4. Bagheri

et al. (2015) 25. A. Tamminga €R8l15) 26. Woodget et al. (2017) 27. Woodget
et al. (2015) 28. A. D. Tamminga et al. (2015) 29. Shintani and Fonstad (2017)
Javernick et al. (2014) 31. Dietrich (2017)
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UAV imagery produces datasanilar resolutions to TLS, usually with lower accuracy (see

Figure2-4) but covering larger areas. The ease of setup and data collection makes it an ideal tool

for repeat surveying, which allows work to be carried out over specific time intervads such as

seasonal or annual cyd®Brijovsky and Vavra, 2012; Fleeera. 201 3 Mi ©1 J ovskT
Langhammer, 2015; Smith and Vericat, 2015; Betigie2016; Cook, 2017; Martesa].

2017)as well as targeting specific high discharge évemsiinga, Eaton and Hugenholtz,

2015; Watanabe and Kawahara, 2MLB) also possible to use UAV derived topographic

models to classify geomorphic features such as new versus d@ldagramulations
(Langhammeand Vackova, 2018howing some potential beyond morpholbgitange

detection which future work might pursue.

To capture larger reach and landform scale morphology currently requires the use of ALS or
satellite imagery. At the reach scale, ALS has been combined with historical topographic data
(De Rose and Basher, 2011; Jatnais2012)used to monitor planform shiftalliasTacon,

Liebault and Piegay, 2Q1dnd assessed the potential for gully er@a&moyet al. 2010)

Likewise, this data can also be used to classify channel characteristics such as riffle, pool, and
step sequencéBlarchamalet al.2007; CaVaet al.2008) identify features such as alluvial

fans and river terracg®ne<t al.2007)as well as automate channel network and geometry
extraction(Passalacquet al. 2010) Landform scale studies do exist, with studies on the
Mississippi RivéKessleet al.2012)the Lockyer CredkKrokeet al.2013)and the Blue Earth
River(Thomaet al.2005) all utilising readily available LIDAR data to analyse morphological

evolution, but they are often limited to regions with the financial capabilities to collect ALS data.

Satellite data analysis and application has typically bheendifarge rivers such as the Ganges
and Brahmaputi@aki and Gan, 2012; Hossain, Gan and Baki, #td 8)ekongKummuet

al, 2008)the Jamun@aki and Gan, 2012he Yellav River(Chuet aJ.2006)and the Selawik

and Yukor{Rowlancetal, 20163ue to limited pixel resolution. Uses of satellite imagery include
automatic calculation of river widths based on classified centPalustsky and Smith, 2008;
Yamazaket al.2014)as well as analysing the relationship between river width and multiple
variables across a rangewadrs wider than 90 m with discharge values between 100 to 50,000
m’s® using Landsat imageirassoret al. 2019) Satellite data can also be usddeiatify
channel networks much like A(lSlkkdogan, Bovik and Passalacqua, 20t53lso monitor
channel reactivatidhrough the use of Synthetic Aperture Radar (S&fet al.2010; Oyen

et al.2012)However, recent and future improvements in satellite image resolution will expand

the potential of this method to smaller sys{&msrramet al.2016)
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The methods above focus on subaerial analysis, as despite the subsurface being ec
important, it is considerably more challenging to measure. At fine scalesyieouaser
scanning shows potential in acquiring bed morphological data, requiring careful calibration
optimal resultgDeruyteret al. 2015) However there is evidence to suggest that increasing
depths reduce accuracy due to laser atten(fmih, Vericat and Gibbins, 20 imilarly,
surface instability and sediment concentration have been shown to have an even greater i

on accuracf{Smith and Vericat, 2014)

Similarly, both spectral depth technig(legot et al. 2007; Legleiter, 2012; Javernick,
Brasington and Caruso, 2014; Tammehgha2015; Tamminga, Eaton and Hugenholtz, 2015;
Shintani and Fonstad, 20a@y through water Sffdavernick, Brasington and Caruso, 2014,
Bagheri, Ghodsian and Saadatseresht, 2015; Wataalg@@15; Dietrich, 2017; Shintani and
Fonstad, 2017jom UAV imagery can be used to collate-tregblution bathymetric datasets.
The latter relies on clear waterdptimal results whilst the former relies on higher SSC to
produce variations in spectral reflectance. Whilst no method clearly outperforms the other, i

apparent that choosing an appropriate technique is site and condition dependent.

Currently, reachnd larger scale bathymetric surveying relies heavily on boat based MBE
systems which can operate in a wide range of water conditions, being used extensively
research into the morphology of river beds and their interactions with flow d¢@arinzs

et al.2000; Parsoret al.2005; Begdt a.2010; Guerrero and Lamberti, 2011; Hackinaly

2015; de Almeidzt al.2016; Leylaret al.2017)

Alternatively, green wavelength ALS can collect bathymetry over lengths from one to tens
kilometregKinzel et al.2007; Hilldale and Raff, 2008; Kinzel, Legleiter and Nelsony2013)
footprint size which reduce accuracy and point dendityiting factorgToninaet al.2019)
Despite these methods being available, the extra challenge in obtaining them makes bathyn
analysis less prominent in the literature. There has also been promise in usindtlight aircra
fly imaging sensors such as the Compact Airborne Spectrographic Imager (CASI) which
capable of collecting bathymetric data up to depths of 10 m in clear waters with errors in t
region of 0.2 njLegleiteet al.2016; Legleiter and Fosness, 2019)

2.3.2.5  Vegetation

Vegetation is present across all river corridor domains, whether interacting with flov
influencing bank stability, or contributing to floodplain roughness. At fine scales, resolving t
spatial extent of vegetation and discretising vegetation structure are crucial for establist

hydraulic roughness. The reasonable canopy penetration and high spatial resolution makes
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methods favourable. TLS based voxel models in combination wehtédkimare used to
analyse plant drag and motion, highlighting differential flows in the canopy-Gambsyb
layergBoothroydet al.2017; Vasilopoulos, 2017).S has also been used to identify leafless
Manningds n values for diff @Antenardlsetsap2608)i es acr 0s
investigate spatially variable flow dynamics at differing depths due to submerged riparian
vegetation (see Figw&,(Manners, Schmidt and Wheaton, 2048} provide a link between
vegetation roughness and subsequent trailing bar morp{®jogeReyes, Wilcox and

Diehl, 2017)ldentifying and quantifying areas of vegetation at the fine scale is important for
applying drag coefficients, whodu and Lague (201R)ccessfully classifying T&&ns
whilstJaloneret al(2015)dentified and calculated woody area from voxel models. For larger
areas, boat based MLS may provide oppbetifor improved bank vegetation mo(iiso

et al.2009; Saarinen al.2013)

UAV imagery has been used to monitor clsaimgeegetation prand posflood (Watanabe

and Kawahara, 201&r investigating floodplain grassland phendMay lerseét al.2016)

and to improve habitat classificatji@asadet al. 2016;Rappleet al.2017; Woodgedt al.

2017) However, it is less useful for characterising individual vegetation structure, requiring

multiple surwgs in leaf on and off conditio(3andoiset al.2017)

ALS shows the greatesitity in river corridor vegetation monitoring. At reach scales, ALS has
been used for riparian zone classifica@itvear, Tyleand Davids, 2004; Antonarakis,
Richards and Brasington, 2008a; Miehak2013)assessment of wood and debris retention
(Bertoldi, Gurnell and Welber, 2013a; Abdlhetrtal. 2015) upscaling from TLS meld
(Manners, Schmidt amMéheaton, 2013¢reating rainfall interception modBlsrezowslet al.

2015) as well as for linking vegetation to morphological and anthropogenic cahteegsian
(Bertoldi, Gurnell and Drake, 2011a; Cartisaald2013; Piccet al.2017)At landform scales,
ALShas been used to identify sources and volumes of woodyKketprsilet al.2012)the

health of riparian ecosysteflchezet al.2013)the influence of vegetation on groundwater
connectivit{Emanueét al.2014)bank stabilittMcMahoret al.2017)and water temperature
through shadingGreenberget al. 2012; Wawrzyniat al. 2017; Loiccgt al. 2018) ALS
therefore contributes heavily to our understanding of riparian vegetation, and despite potential

drawbacks such as cost and mobilisation, is a key method to consider for monitoring activities.
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Senario1: Spatially Uniform Roughness

1)
(%
1]
c
<
[=)
=)
[¢]
©
Q@
o
8
S
=
—»
8
=
©
Q
n
&
2
=
©
[ =4
]
o
2]

Senario1: Spatially Uniform Roughness
Scenario 2: Spatially Variable Roughness
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Figure2-5 The effects of including spatially variable roughness across two discharg
magnitudes on bed shear stri@ssighness variation was derived from using plant
scale TLS scans that were upscaled to LIDAR datasets to provide better informe
roughness pameterisation when compared to spatially uniform measures. The
differences in bed shear stress as a result of using spatially variable roughn
highlights the importance of accounting for individual vegetation form and the
subsequentimpactsthiscarehavon r i ver mor phol ogy. F
model for the determination of spatd.
Manners et al. (2013)

Most studies utilising satellite data create classificatioviar(g.(R007J)before investigating

the temporal dynamics of vegetation, studying agricultural p(@gsameRaine and Paterson,
2002; Jupiter and Marion, 20@8fering seasorfMakkeasorn, Chang and Li, 2009; Véang

al, 2011b}xnd deforestatiofMacedcet al. 2013)for example. Moreover, vegetation indices
can be used to construct relationships between plant traits and spectral imagery. The Enhal
Vegetation Index (EVI) has beased to quantify evapotranspiration for mixed structure
riparian forest@Nagleret al.2005) the Normalised Difference Vegetation Index (NDVI) can
be related to surface and groundw@&erand Burgher, 201é&) floodplain vegetation health
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and héerogeneitfWen,Yang and Saintilan, 2012hd the Vegetation Disturbarindex
(VDI) can identify areas prone to gully rejuvenation after wi(tfyeset al.2016)

By combining datasets, ALS and airborngemaided understanding of the ecological health

of riparian vegetation over 12,000, kiaentifying key areas that required ecosystem health
managemeiiMichezet al.2017)Likewise, high resolution (2.4 m) Quickbird imagery and ALS
data has contributed towards the production of hydrodynamic roughness models which are
comparable with those obtained through traditional nethatieriet al.2010; Forzieet al.

2011) as well as to improving riparian vegetation classification across landfofArreyales

et al. 2010a) The structural and intensity data provided by ALS provides a goaifftrade
between requisite detail and spatial cov@agmnsen, Phinn and Witte, 20d@3pite the low

temporal resolution which limits ssthdies to specific time intervals (Figt2e

2.3.2.6  Flooding

Flooding is an important physical process that facilitates dl@uphin connectivity as well
as posing an environmental hazard. Remote sensing provides data through which we can better

undestand, predict, and monitor flood events, across a range of scales.

Perhaps the most common flood relevant dataset that is produced is the DEM. Despite DEMs
commonly being created for reach scale (and larger) flood models, high resolution DEMs have
helpedo improve local flood modelling in Glasgow compared to historical d@asetsey

and Roberts, 2018nd local flood models produced for a rural village in the Apuseni
Mountains, Transylvania, using a low cost setup to assess risk to a lo¢aksehmtibah n

2016) Despite no model validation in the latter case, it demonstrates the potential to improve

understanding in typically low priority locations.

Despite small scale studies existingGaweded/oulliémeet al(2013), it is more common

for flood models to use ALS data over large areas to provide topographic inf(faragein

al, 2010; Castellarin, Di Baldassarre and Brath, 2011eKafi@012; Hetageet al.2019)
providirg the optimum tradeff between detail and coverage. Improvements in satellite derived
elevation models such as those from TanDE2 m resolution) also opens the possibility

for larger scale DEMs for flood modellifi{riegeret al. 2007) ALS can be utilised to
parameterise floodplain roughness in conjunction with satellite (Bagatgma and Baptist,
2008)and importantly allow for better mesh discretisation to account for local variations in
roughnesgCobbyet al. 2003a) Satellite imagery is also typically used as a calibration and
validation metho(Di Baldassarre, Schumann and Bates, 200&)Il as for flood boundary

delineation which often utilises SAR interferometry to overcome clou(Hooridr Mason
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and Luckman, 2001; wasend, 2001; Frappat al. 2005; Martinez and Le Toan, 2007,
Kuenzeret al.2013; Martinis, Kersten and Twele, 2@ &)ough there are examples using
spectral imageProudet al.2011; Amarnath, 2014; Kuengeal.2015) Due to the scales
commonly used in modelling appitres and associated calibration and validation, this is likely

to remain the most common technique for reach and landform scale studies.

2.3.3 RealWorld Cross-Scale Applications

It is clear from the review above that remote sensing techniques are widalysssadaamge

of domains in the river corridor, but that most of the examples cited relate to researc
applications. However, there are numerous examples of these techniques being transferre
applied contexts. For example, many nations now routitety AblS data to create national
datasets of topography that can be easily accessed by the public (e.g. United Kingc
(Environment Agency, 201 AustralialGeoscience Australia, 2018hited State@JSGS,
2018). The use of ARBoats, a remotely pilotethcrewedsurface Vehicle (USV) developed

by HR Wallingford and the UK Environment Agency, has enabled new practices to b
developed for collecting flow, depth, and SSC data. déssgised with end users in mind and
being operated in various countries around the world such as Canada and Ne@iHRealand
Wallingford, 2014YLS has been employed by the National Trust on the&Rseto produce

3D modelgNational Trust, 2018%ed for research and science communication. Recently, there
has been a demonstrable uptake in the use of UAV equipment in industry, most likely due
their versatility and relatively low cost. They have been used for monitoring programmes on
River Dee in WaleCranfield Univeristy, 2018hd the Forth River Trust conservation,
protection, and enhancement sche(feth Rivers Trust, 201&swell as monitoring, they

are also used to detect leaks from water net@Wdses Water, 2018)d have the potential

to be used to monitor poor farming pract{té¥/F, 2018)hich increases runoff and sediment
delivery in to the fluvial domain. Likewise, the use of Sentinel 2 satellite imagery has helpe
inform DEFRA (Department for Environment Food and Rural Affairs) about areas that may
be hotspots for sediment pollutivom excessive rundgiRichman and Hambidge, 2017

clear that remote sensing methods are primed to expand beyond research applications, w

likelihood that their use will become inenghscommon practice in the future.

2.4 The Stateof the Art

A plethora of studies that are undertaking remote sensing of river corridors across a range
domains and scales have been highlighted. Here, we present the state of the art in river cor
remde sensing, primarily relating to the use of UAVs andimstitiment sensing.
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Despite widespread use of UAV imagery in the literature, there is an inherent reliance on
Ground Control Points (GCPs) for georeferencing. Eliminating this requirementfielduces

time and allows surveys to take place in inaccessible locations. By recording high accuracy
positional and attitudinal information of a sensor, the need for GCPs is largely eliminated
(Gabrlik, 2015)enabling greater levels of aoty. Global Navigation Satellite Systems
(GNSS) and Inertial Motion Unit (IMU) sensors, in conjunction withppmstssing
techniques, known as Post Processing Kinematic positioning, allow the user to locate a sensor
and the resulting location of each @il o n t h e (Mbostafatard &sttons 2001 f Maao e

et al. 2015) However, precise knowledge of camera parameterasstmtal length and
distortion are still required for accurate model locgliones ahRobson, 2014Yhis also

enables the use of small form factor laser scanners (such as the Velodyne LIDAR Puck,
https://velodynelidar.com/vid6.html) to acquire UAV based Laser ScanhlAy-(S).

Originally, the majority of these systems reliedgmU#&Vs(Nagaiet al.2009; Lin, Hyyppa

and Jaakkola, 2011; Gadtbg|.2016; Deget al.2017)however lightweight systems have been
developed which can be mounted onto smaller platfbtaderet al.2015; Rocat al.2016;
Tommaselli and Torres, 2016; Jaakiold. 2017; Nakanet al. 2018) Currently the high

accuracy GNSS and IMU systems requiréd¥grL Sand direct georeferencing are expensive
(upwards of £20K fodAV-LSand ~£5Kfor direct georeferencing at the time of writing). A
continued reduction in equipment costs will likely lead to an increased uptake in these methods,
opening up avenues of research in previously inaccessible or dangerous locations or under

hazardous condbins.

Combining multiple platforms and sensors is an exciting area of research that is yielding insights
regarding river corridor function. The use of midtform configurations is not new, with
multiple studies having combined ALS and satellite irdatpagtéGilvear, Tyler and Dals,

2004; Arroycet al. 2010a; Forzieat al. 2010) However, the is evidence that interest in
combining multiple high resolution datasets obtained from both terrestrial, airborne, and
surface systems is growing. Examples include combining aerial imagery from UAV platforms
with ALS (Legleiter, 2012)nd MLS(Fleneret al. 2013) bathymetric ALS andAV-LS
(Mandlburgeet al.2015) airborne imagery and ASapplest al.2017) as well as multiple

UAV flights with imagery and laser configuratidederet al. 2015) This has enabled
researchers to improve their modelling of combinedesidd and susurface morphology,

better understand riparian vegetation encroachment, and enhance aarrgnégtation

approaches, all of which would be more challenging through single dataset analysis.

Alongside solely airborne techniques, the combination of USVs and UAVs has become more
prominent. Although there arred elfvdrgpetads of UAVs
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2018; Bandinet al. 2018) the majority of studies operate the platforms separately. By
combining the two techniques it is possible to collate information on either the topographic a
bathymetric or the above and below canopy nature of a river ceoushmet al(2017 utilised

a low cost system to survey storage tanks in Bangalore with sub metre accuracy. A n
advanced setup B\lvarezet al(2018)obtained correlation results to ground truth data of
R>098 by combining echo sounder and SfM techniques. Alternatively, UAV and US!
platforms can both collect imagery in addition to acoustics to improve estuarine mapping wk
compared to UAV imagery alqiManciniet al.2015) although both methods are limited by
vegetation shadowirigpwers, Hanlon and Schmale (2p&Bprmed USV tracking of a tracer

dy e 06 p oomlUAM imagery defnanstrating the power of real time combined dataset:
which may improve sampling and data acquisition, especially in unknown or difficult to obsel
environments.

Numerous vessels allow for simultaneous fluvial data collection. BottadddMBES data
were collected iyuerrero and Lamberti (20Hackneyet al(2015) andLeylancet al(2017)

for concurrent process and form measuresrtbat are spatially and temporally homogenous,
an imperative for inferring fleed interactions. Manufacturers are increasingly providing
solutions for simultaneous bathymetric and topographic data collection from small vessels
coastal research whabuld easily be deployed in the fluvial do(Kaingsberg, 2013; Unique
Group, 2018)

UAV surveys that utilise multiple sensor payloads have focussed on combining laser scan
and imagery for disaster recovery and river monifNiagget al.2009)high temporal, spatial,
and spectral resolution landscape dynamics re&ealfaket al.2016)and forestry mapping
(Jakkolaet al.2010)However, most studies currently focus on the use of one sensor on UAV

deployments due to weight implications relatirigkd fime endurance.

Currently, state of the art remote sensing tools are in their infancy. The majority of futu
development will revolve around two key themes, i) producing highly accurate data in a tirr
and cost effective manner, and ii) proceEsdata to gain maximum insight. The former will

rely on technological enhancement of sufficient progress to reduce the costs of high grade Il
units that are small enough to be mounted on autonomous platforms. The latter requir
advances in Big Datardling and point cloud/spatial data analysis techniques to handle the
significant quantities of data produced and leverage the understanding from these sensors. |
like the proliferation of TLS and SfM techniques which have progressed through proof ¢
concept phases and are now routinely used, multi sensor integration and high accur

attitudinal information will likely follow a similar path.
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2.5 Future Directions

The following section seeks to O6horizon scanbd

contribute to enhanced river corridor monitoring in the near future.

251 UAVs 6 Uncrewed Aerial Vehicles

UAV swarm technology may enable fluvial research and mondadoegéerformed more
efficiently. Swarm technology presents an architecture which is scalable, efficient, robust, and
helps to mitigate certain aspects of risk associated with UAV dep{b\awelieh, 2009; Zhao

et al.2017) UAV swarms can either be controlled using group decision making or individual
agent respongelowden, 2009) wi t h coverage either being 0di st
operation or 06f r etwadigh pavatlel degision mak{®mn duany Santas g e
and Andujar, 2018Applications for swarm mapping have included surveillance missions,
search and rescue operations, weed mapping, and oil spill éppdeg, 2009; Nigamet

al, 2012; Pitre, Li and Delbalzo, 2012; Albani, Nardi and Trianni, 2017; Gd@k017;

San Juan, Santos and Andujar, 26i8yever, studies remain focussed on using simulations

to either test algorithn@&Imeida, Hildmann and Solmaz, 2017; Chen, Ye and Li, 2016t Yang

al, 2017; Zhaet al.2017)pr data processing technig(@asbeeet al.2006; Ruiz, Caballero

and Merino, 2018Pespite the lack of real world testing due to physical and legal constraints,
swarm technology may enable rapid acquisition of data for river corridor applications on
unprecedeet scales.

UAV object tracking provides the opportunity for smarter surveying deployments. Current
work has utilised machine learning to recognise a defined object and subsequently track it
(Trilak®no et al. 2011; Rodrigug2anoseet al. 2012; Biaret al. 2016) There has been a
recognised need for such methods to be implemented in environmental research practices
(Pereiraet al.2009)with detection and tracking already being applied to$eatcineas rivers,

canals, and roa@Rathinanet al.2007; Rathinam, Kim and Sengupta, 2008; Lee and Hsiao,
2012; Lin and Saripak012; Zhowet al.2015) Despite the potential, there seems to be little
uptake in applied river corridor research, whereldetganined or neautonomous flights

are the norm. The heavyt lfequirements, difficulty in isolating features in spectrally
homogenous environments, and the potential for false feature identification currently hinders
use(Rathinanet al.2007; Lee and Hsiao, 2012these issues can be overcome, the potential

for platforms to routinely monitor with little human input is &@itteaerhen considering highly

dynamic fluvial environments.
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25.2 AUVs d Autonomous Underwater Vehicles

Traditionally utilised in the marine environment, AUVsS use active sensing to guide the
through missions such as maintaining survey depth for consistatibneseh bed mapping
(Maieret al. 2013; Covault al. 2014; Brotherst al. 2015; Tubaet al. 2015) coral reef
mapping(Armstrong and Singh, 201&)bmarine lava identificatimMcClinton and White,
2015) and sea bed classificatjbacieeret al.2013) Terrestrial water applications are less
common and require careful consideration due to the complex motion of water alongside t
need for improved object detection and avoid@iao, Lu and Anvar, 2010;dtial.2012)
However fluvial research has employed AUVs to collect variables such as temperature, sal
conductivity, and nitrate flows in both autonomous anebsgomomous systerfiesteet al.

2006; Singlet al. 2007) Likewise, flow patterns and sediment loading have been studied ir
estuarine conditiorfgrugeret al.2007; Rogowski, Terrill and Ci2014)as vell as reservoir
surveyingSocuvka and Veliskova, 2088pwing the range of conditigkidVs can operate
within. AUVs are also capable of tracking features such as pipelines and elevation contout
real world and simulated environméBennett and Leonard, 2000; Ortiz, Simo and Oliver,
2002; Fiorellet al.2006; Falloet al.2013; Xiangt al.2016; Sfahani, Vali and Behnamgol,
2017) This may allow smarter ssurface fluvial surveying techniques whereby AUVs can
navigate river channels effesliiy collating datasets over large areas with minimal human inpu

or risk.

25.3 USVso Uncrewed Surface Vehicles

Like UAV surveys, USVs use GNSS equipment and IMUs to provide accurate sensor locatit
for data collection. USV deployment in fluvial environnrantge from topographic to
biophysical data collecti@aspeet al.2009; Mancimit al.2015; Wei and Zhang, 2016; Suhari
and Gunawan, 2017; Youetgal.2017. The majority of these systems focus on bathymetric
data collection from echo sounders, yet there are examples of both camera and water qu
sensors being us@@aspeet al.2009; Mancimt al.2015)as well as sensors for tracking and
analysing simulated pollutants in freshwater enviror(frewes's, Hanlon and Schmale, 2018)
Not only do USVs provide the potential for collating bathymetry and water properties, but al
the surrounding terrestrial @omment such as bank morphology and vegetation. USV
surveying is likely to follow a similar pattern to UAVSs in their increasing use for environment
research, whereby the technology becomes advanced enough for users to deploy a vesse

minimum humaitnput, even in more challenging flow conditions.
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2.5.4 Real Time Monitoring Using Internet of Things (IoT)

The 10T in environmental monitoring is becoming increasingly prominent, with the technology
available for a suite of uses. 10T is the extension of ¢neeinin to physical devices that
perform a roléMiorandiet al.2012) Sensors communicate between devices through networks,
frameworks, and control centres, to share information and anal{Galait al.2013; Mitra

etal, 2016) loT has been used for environmental applicatiorsmate and inaccessible
locations for hazard response networks and monitoring réb&iarahdiet al.2012; Martinez

et a.2017)

IoT in the hydrological domain has focussed on enginestimgrastructure monitoring. For
example, the South to North River Project in China uses over 100,000 sensors with 130 differing
purposes to monitor water quality, infrastructure, and séStaiygter, 2018l of which is

fed in to a cloud infrastructure updated as frequently as every 5 minutes. Similar installations on
smaller scales include active river and wetland management for water (Watrgenal.

2013)real time sewage monitoring in the UK to mitigate flooding scéBdromndsoret al.

2018) as well as conceptual designs of flood embankment monitoring @y&tktast al.

2017) Uses for research include groundwater and river monitoring to better inform hydrological
traits related to climatic variables, infiltration, and surface (@hipZhang and Wei, 2014;
Maleket al.2017)Being able to effectively utilise the data captured over an IoT infrastructure
may see the gresitdevelopment. Effectively using various machine learning technigues on big
datasets can aid in the prediction of flood events in real time as demondBaneid layd

Shete (2017nd Furquimet al(2018) IoT monitoring networks nanly benefit research
applications, but will have a large impact on applied monitoring techniques, providing near real
time information for better decision making, improving overall monitoring efficiency and

performance.

255 Satellite Remote Sensing

Given he role of satellites in revolutionising our view of fluvial systems, it would be remiss not

to point out future developments in this technology, which are centred around the launch of a
greater number of platforms with payloads delivering data forimgtydasused applications.

The NASA based Surface Water and Ocean Topography (SWOT)(h&sSidan2019aill

be used to study the volumes of freshwater available in medium to large lakes and rivers, helping
to understand water availability and any such related hazards. Similarly,tB&RNABKRKR
mission(NASA, 2019byill be used to map flood exteror hazard monitoring, but also

improve monitoring of groundwater, benefiting those seeking to address questions linking
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groundwater to surface water supply. Alongside specific sensors, the increasing availabili
higher resolution imagery below duch as provided by WorldVielu8ngbothanet al.2014)

will provide a large repository of data that may be of use to river corridor monitoring. As rive
corridors are affected by wider hydrological and environmentabosnditssions such as the
Water Cycle Observation Mission (WCOM) which is observing the water cycle under glol
changgShiet al.2016)alongside ESA Biomass and Fluorescence Explorer (FLEX) mission:s
which will help in understanding root zone soil moisture and transpiration rates respectivi

(McCabeet a].2017)will all help to improve our holistic understanding of river corridors.

Alongside advances in sensors, the way in which data is processed and automated will
impact river corridor monitoring. With satellites producing such vast quantities of data, there
a need for big data infrastructure, as previously alluded garéhtcesatellite systems. These
systems would likely capture, process, analyse, and create outputs to inform decision i
automated procefRathoreet al.2015; Raspiet al.2018) Methods that would benefit from
such a structure are beginning to be employed within the river corrathowaidid provide

the potential for continual monitori(iQurandet al.2016; Gleason, Garambois and Durand,
2017; Frassoet al.2019) Yet there will still be the need for improved algorithms to cope with
the inherent environmental variability that is present across the globe.

2.6  Key Challenges

The proliferation of monitoring techjnes and their application to river corridors means that
we are in a O6golden aged of remote sensi
proof of concept work has delivered many innovations in platforms, sensors and da
processing techniggieNonetheless, before innovative autonomous remote sensing solution
are routinely adopted for applied river corridor management, we believe that there are five
challenges that the community, and others, must address:

1. Platform innovatihilst serw's are now well developed, platforms currently rely on
human interaction for direct or assisted control in defining survey routines. Adequa
object detection and avoidance alongside improved autonomy will allow for true sme
systems operating beyonck liof sight and in challenging conditions, performing
adaptive sampling for optimal data collection over larger areas.

2. Processing innov&tiorent systems have accepted methods of best practice for the
production of repeatable and comparable datasegadimg platform autonomy needs
to be accompanied by the development of computationally efficient and robust metho
for data processing. Given the volumes of data being produced by mobile laser scann
and SfM techniques for example, big data and maeaining processing techniques
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need to be embraced and such methods should be embedded as routine tools within
appropriate community repositories (see 5. below).

3. Efforts to improve process m@uitimigechniques focus heavily on remotely sensing
morphology. Process data (i.e. river flow characteristics) are challenging to acquire at
the desired temporal and spatial scales and we urge the community to push the
boundaries in this domain. Utilisation of rplétform and/or multsensor integration
to collect simultaneous process and form measurements may lead to the biggest gains
in environmental understanding across the river corridor.

4. Legislation for autonomous Aysgamiscant barrier that is to be overcome before the
routine use of autonmous and muHplatform systems is the legislation around
operational safety, with restrictions on the operational range (e.g. within line of sight) a
current limitation. Those regularly involved in river monitoring and research using these
platforms needo be involved in the development of appropriate regulations by
advocating safe use and practice within the domain. This should involve discussion with
those implementing and developing the relevant laws, and the creation of best operating
practice guideles for other researchers and practitioners to follow.

5. A river corridor data repoElieryoutine availability of remotely sensed river corridor
data is patchy at best. Open data repositories such as the DEFRA Data Services
Platform (https://environmetmdata.gov.uk/) and the Channel Coastal Observatory
(Southwest Regional Coastal Monitoring Programme, é2808gmonstrating the
benefits of well organised, open seutata. A shift towards the community making
their collected data available to a wider audience through an equivalent repository will
enable others to benefit from information the original owners may have viewed as

redundant, benefiting the community ahale

2.7  Concluding Remarks

This review reveals the sheer volume of remote sensing methods that are currently used to
monitor various domains of the river corridor across a range of scales. This may include finer
scale studies which utilise TLS, throughrteet scale studies that use ALS and satellite data to
support research and applied monitoring, with UAV imagery allowing for reach scale
topographic analysis alongsidessutace data from MBES and ADCP sensors. The majority

of the work in the river cador focusses on morphological evolution, with the processes that
drive such topographic change being more difficult to observe. We advocate a shift towards
improved process measurement techniques to better understand the interactions between flow,

morphobgy, and associated ecological response. This will be facilitated by improved capabilities
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to collect simultaneous process and form measurements on multi sensor platforms, as we

by the ever improving processing power required to deal with thetriesgiatatasets.

The remote sensing tools now at our disposal, make it possible to obtain extensive and accl
datasets that were previously unattainable, for use in a variety of applications in river corri
research and management. Remote serdingjtees are enabling new insights into complex
interacting areas, for example riparian vegetation and flow interactions and the result
evolution of channel morphology. The evolution of techniques and decreasing equipment cc
have helped progress s, management, and industrial applications, allowing users to sele
the most suitable from a plethora of techniques. The monitoring needs of river corridc
researchers and managers can likely be met through remote sensing techniques, meanin
caretll identification of the desired spatial and temporal resolution, alongside the require
outcomes are likely the most important factors in deciding which methods to use.
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Chapter 3
Chapter 3 Development and testing of a UAV laser
scanner andmulti -spectral camera system for

eco-geomorphic applications.

3.1 Abstract

While Uncrewed Aerial Vehicle (UAV) systems and camera sensors are routinely deploye
conjunction with Structure from Motion (SfM) techniques to derive 3D models of fluvial
systemsin the presence of vegetation these techniques are subject to large errors. This
because of the high structural complexity of vegetation and inability of processing techniq
to identify bare earth points in vegetated areas. Furthermore;deomaphic applications
where characterization of the vegetation is an important aim when collecting fluvial survey d
the issues are compounded, and an alternative survey method is required. Laser Scar
techniques have been shown to be a suitable teclmiciiscretizing both bare earth and
vegetation, owing to the high spatial density of collected data and the ability of some systern
deliver dual (e.qg., first and last) returns. Herein we detail the development and testing of a L
mounted LIDAR and Mtispectral camera system and processing workflow, with applicatior
to a specific river field location and reference tbhyatraulic research generally. We show that
the system and data processing workflow has the ability to detect bare earth,stagetaton

and NDVI type outputs which are superior to SfM outputs alone, and which are shown to &
more accurate and repeatable, with a level of detection of under 0.1 m. These characteristit
the developed sensor package and workflows offer grediapéte future ecgeomorphic
research.

3.2 Introduction

The use of Uncrewed Aerial Vehicles (UAVS) with camera sensors and associated Struc
from Motion (SfM) techniques has proliferated in recent years with the development of smz
highendurance airaft, highquality lightweight camera sensors, processing software, anc
increased computer processing p¢@elomina and Molina, 2018jM techniques enable the
rapid acquisition of topographic data from a variety of platformsgeiBadility of platforms

and applications has led to a proliferation of studies within the Earth ¢sesniésstobst

al, 2012pnd beyonde.g. Haalat al.2011; Stek, 2016pcoming one of the most widely used
highresolution topographic data collection techniques for characterizingraeditlito (19

10" kn?) areas. Imydrology and fluvial geomorphology, the use of UAVs and StMdras
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extensively reviewged.g. Carrivick and Smith, 2019; Fawcett, B&aistdn and Benaud,

2019) however, eegeomorphic and edtydraulic applications have been limited to land cover

and vegetation classification mapping exercises basedresdiiglon orthemagery, rather

than derivation of 3 scene characteristics relating to terrain and vegetation structure. The
primary reason for this is that SfM alone is limited in its ability to resolve such complex scenes
as outlined biglhautet al(2019) Below, we provide some background to SfM, identify the
related issues with the technique, and list the aims refstasch, which seeks to provide a

sensor solution capable of overcoming these issues.

SfM relies on the principle that a 3D scene can be constructed from a series of randomly
orientated but overlapping photos. SfM uses simultaneous calculations ebsueting and

camera resection in a bundled adjustment techiSgaeely, 2009; Westadtyal. 2012)

iteratively adding photos to refine the bundle adjustment calc@atmes and Robson, 2012)

These refinements typically apply a least squares minimization method, as there are multiple
potential solutions for each set of img@mvely, 20Q9This bundle adjustment process
requires the identification of features that can be distinctively tracked between photos,
regardless of lighting conditions and camenatation using variants of Scale Invariant Feature
Transform (SIFT) algorithnfsowe, 1999; Westoby al.2012) Despite the attractiveness of

SfM as a survey technique, several limitations remain, relating to (i) image quality and overlap
and (ii) transformation of a processed cloud into avoelal ceordinate system. SIFT
algorithmsause colour gradients, as opposed to absolute pixel values, to determine features in
multiple image§lames and Robson, 2012; Fonstaal. 2013) The number of detectable
features identified is directly associated with the output model quality; consequently, poor
quality images may have fewer detectable points and iredunedel quality. Likewise, high

image overlap levels are necessary for improving the number of detectable features in multiple
imagegMicheletti, 2015As a result, goegliality images do not nesasly produce goed

quality models, as outlinedlomsett and Leyland (2019)

Prominent features are used to create a sparse

then be transformed into a chosen coordinaterayusing Ground Control Points (GCPs)
(Fonstacket al.2013) Dense Multiview Stereo matching (MVS) is then undertaken to produce

a highly detailed thre@nensional (3D) model by searching for optimum mgtehesawa

and Ponce, 20100his process also allows for the removal of areas with higher errors due to
the limited matching of featur@dicheletti, 2015)I'ransformation of these points relies on
goodquality GCPs spread across the study area, capturing changes in elevation in order for a
globally optimum solution to be produ@écdhus, 2007)ncorrect GCP placement or reduced

GCP accuracy may affect the solving of collinearity equations which can subsequently propagate
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through the modgFonstacet al.2013; Wolf P, 2014)ssigned GCP locations are then used
to perform a seveparameter transformation, shiftingd aotating the image across three
planes, as well as scaling the n{fdelstacet al.2013; Eltneet al.2016) The importance of
GCPs is sekvident. However recent advances in the miniaturization efesaoition
positioning and orientation sensors, as well as reducing costs, has led to the rise of a
technique wlhgieoh edseeenedingédct The main pur
enable the collection of 3D data without the need for GCPs. This allows both streamlined i
field data collection and post processing whereby the need for many GCPs igNagaived

et al.2004; Turner, Lucieer and Wallace, 26ib#)ever, the technique does not negate the

need to include quality controls and checks to ensure data quality.

In addition to the methodological issues outlined above, the suitability and accuracy of SfM «
vary substantially, espdlgi in relation to terrain complexity and vegetation cover. While, in
principle, low flight heights and higisolution cameras enable spatial resolutions of up to 0.005
m (Clapuyt, Vanacker and Van Oost, 204 @ractice, model resolutions for bare river reaches
are typically between 0.02 and 0.05 m{seee Tomsett and Leyland, 20Bipep and
overhanging terrain reduces the number of detectable points irgarresudting in poor
reconstruction in these locatig@®ok, 2017)Vegetation not only reduces the ability to see
(i.e., detect and resolve) the study area terrain, it is also not easily or accurately reconstruct
SfM. BothCook (2017andDietrich (2016hoted that vegetation was sometimes fully captured,
but was also often excluded altogether, depending on size and density. UAV SfM is simply
able to resolve the internal structure of vegetation. In reladioexemplar SfM resolved tree
crown,Fawcett, BlaneBacristan and Benaud (20189t ed t hat o0ét he i nt
tree could only ever be captured ihgyacterct i
of taller vegetation is shaded areas, particularly-am leafiditions. Shaded regions appear
homogenous and lack the required features to be detected and matched between image |
creating areas of low quality within the final m@8eisieret al.2016) Vegetation therefore

inhibits the SfM processing workflow, leading to a reduction in quality of the final outputs.

Laser scanning offers a solution to the problems identified above; it is not subject 1
transformation errors or imageatity and overlap related processing errors and it is capable of
penetrating complex porous structures such as vegetation, thereby resolving some inte
structure and some bare earth terrain points. Terrestrial Laser Scanners have been deployec
gred success to elucidate gemmorphic process@ee the review by Lague, 20209 they

are limited in the scale of applaatby the need for multiple static setups to capture scenes.
UAV-based Laser Scanning (URS), which combines miniaturized motion sensors and
Global Navigation Satellite Systems (GNSS) with lightweight gralered laser scanners,
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has the potential @llow the collection of higlsolution data across relatively large areas. To
date, exploration of such systems has been primarily focused on forestry afmtications
Wallaceet al.2016;Jaakkol@t al.2017; Bredet aJ.2019)with a few notable excepti(ang.

Lin et al.2019; Resop, Lehmann and Hession, 2019; éaehR921)However, the offhe-

shelf UAVLLS systems used are typically expensive (~GBPLBOk for YellowScan or Riegl
RiCoptor) and often require ongoing subscriptions to bespokprguessing software,

making them prohibitive in terms of purchasenaa@idtenance costs for many practitioners.

Yet the potential for improved data capture, especially in vegetated reaches, set them apart from

current survey methods especially in relation {geecoorphology.

The potential for improved data capture in teggg reaches also lends itself to improving
spectral data collection. The use of multispectral cameras which obtain imagery at wavelengths
beyond the visible spectrum allow a greater understanding of vegetation properties. These have
subsequently been ds® improve understanding in fields of ecology, coastal monitoring,
wildfires, and for above and below water surface arBlysghty and Cavanaugh, 2019;
Samiappaet a].2019; Gomez Selvaetpl|.2020; Taddiet al.2020) Despite their deployment

in several scenarios and increasing efforts to standardise methods betys@ssumnaeret

al, 2019; Stow al, 2019)there is still more to be done to obtain consistency between surveys.

The aims of this research are to (i) develop a relatively lower cost sensor packageeusing off
shelf laser scanning and repectral camera components which abtapf characterizing
terrain and vegetation structure; (ii) establish gpnoastssing technique that is capable of
resolving the collected data in real worddrdmate systems; and (iii) assess the accuracy and
repeatability of both UAYS and UAWSdata products against each other and ground check

points in the real world, with reference tegammorphic applications.

3.3 Development of a UAV Laser Scanner and Multispectral Camera

Sensor System

For the purposes of this paper, references to-LBAWAV Laser Scanning) and UMS
(UAV Multispectral) refer to the results of data collection from each sensor, not the entire

system.

3.3.1 Components of the System

The sensor setup is made up of four main constituent parts. The sensor package (a laser scanner
and a multispectral camera), an Inertial Navigation System (INS), GNSS input, & a mini
for data collection and storage. The complete setup allows fpedtdtierenced imagery and
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GNSS -
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Receiver
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Figure3-1 The key components of the developed UAV laser scanner and multispectral came

system for mounting on a UAV platform such as a DJI M600.

point clouds without the neddr collecting GCPs. Figu@®l demonstrates how these

components are broadly interlinked to provide the datasets required.

The sections below provide detail of each of the sensors and the role they play in the ©

collection process, commenting on thei@cy of each component of the system.

3.3.1.1  Applanix APX-15 Inertial Navigation System (INS)

The Applanix APXL5 is a MEMS (micrelectromechanical systetmaged inertial navigation
system with a GNSS receiver providing lightweight georeferencing for Uaihgplat
(Applanix, 2017)costing ~GBP 13k in 2017. TheEMS unit uses accelerometers and
gyroscopes to resolve both linear movement as well as orientation, collected at a rate of 20C
The unit is light at 60 g and has dimensions of 67 x 60 mm for easy UAV integration. It ce
interpret 336 GNSS channels oseveral constellations for high accuracy surveying. After
processing, the outputted position and orientation is produced at a rate of 200 Hz for improv
georeferencing accuracy. Manufacturer stated positioning is accurated®dyb thQgith roll

and pich accuracies of 0.025 degrees and heading accuracy of 0.080 degrees after |
processing, values corroboratedShickeret al.(2017)when assessing the unit threct

georeferencing.

39



Chapter 3

The unit is capable of outputting a PPS signal (Pulse Per Second) for precise time integration
with external devices. This is essential for accurate georeferencing and is an input to the laser
scanner to avoid clock drift. In our setup this is set tadprthe time on the rising edge of the

pulse, in line with the laser scarspacifications (see Sect®B1.2). It also receives event

signals to store the exact timings when a multispectral image (se&. SE&jamas captured

to allow accurate pestocessing of images with positional data.

3.3.1.2 Velodyne VLR16 Laser Scanner

The Velodyne VLR6 (puck lite) is a compact form, 4oswer laser scanner that is optimal

for use on UAVs due to its low weight of 599 godyne Lidar, 2018osting ~GBP 5k in

2018. The VLHAG6 uses 16 laser igar-detector pairs (903 nm wavelength) which have dual
return capability to collect points 360 degrees around the sensor with a viewing angle of 30
degrees. The sensor uses a-difrfilght method to determine distance to an object. It can
collect up ta00,000 points per second up to a range of 100 m from the sensor. The scanner
has a cl ai med ac elodyme lyidaro2018)ith donsigtentOcalibration
between units which are stable across a range of temperatures and for long term deployments
(Glennie, Kusari and Facchin, 2016)

The VLR16 requires a Pulse Per SegdlS) input to prevent clock drift from stat
totalling around 5 s per ddelodyne Lidar, 2016l)his equates to roughly 0.07 s by the end
of a 26min flight, and subsequently while flying at' Swaild incur an error of up to 0.35 m.
As a result, the ARX5 PPS output is used for accurate synchronisationksf loéteween the

tfwo sensors.

The VLR16 outputs data packets for each rotation of the scanner over Ethernet UDP (User
Datagram Protocol), which can then be processed in real time ¢velaahe Lidar, 2016)
In the current setup, this data is monitored using the free network monitoring software
Wireshark andaves a packet capture (.pcap) file to theand miniPC for post fieldwork

download and further analysis.

3.3.1.3 MicaSense RedEdgeMX Multispectral Camera

The MicaSense RedEdgX is a fiveband multispectral camera, with wavelengths ranging
from blue to infared (see Tab®1), including a red edge band designed to enhance separation
between different vegetation characteristics. The camera is compact and lightweight at 230 g
and includes a global shutter to decrease distortion and eliminate the neadlfar a g
(MicaSense, 2021t)cost ~GBP 5k in 2018. Imagery has a ground sampling distance of 8 cm

at 120 m and lessthe flight heights used in the surveys performed herein (<50 m).
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Table3-1 The band characteristics of the MicaSense ReBdgriltispectral sensor.

Band Wavelength (nm) Band Width (nm)
Blue 475 32
Green 560 27
Red 668 14
RedEdge 717 12
Near InfraRed 842 57

The camera can be triggered in multiple ways. Our setup uses a timer method to capture ph
every 1.5 s to maxmaiforward overlap. This overcomes the shortfall in sidelap due to the
relatively narrow field of view of under 50 degrees meaning at flight heights of 50 m, flight pz
separation of ~23 m is required for attaining 50% sidelap in images. The cameda@dso pr

a top of frame output which outputs a signal at the start of image exposure accurate to a
tens of nanosecon@dicaSense, 2018)is is then communicated to the APXand recorded

as an image event in the flight logs. This provides accurate timestamps from which to extt

postprocessed position and orientation datenfdtispectral image processing.

Two methods for obtaining consistent lighting procedures between surveys are used in c
capture. First, a manufacturer supplied calibration panel is deployed to adjust for the reflecte
values to those that would beeocted when imaging the panel. In addition, a Downwelling
Light Sensor (DLS) collects data on ambient lighting conditions before writing these to tf
metadata of each image produced. The DLS is connected directly to the camera and sits or
of the UAV fa optimum unimpeded data collection. It is placed away from the other antenna
to reduce any interference which may affect the true ambient conditions being recorded. T
information is then applied in pgsbcessing to adjust the reflectance valubs ohaiges to

maintain consistency within the survey and between successive surveys.

3.3.14 Associated Hardware

A Tallysman antenna with L1/L2 capabilities is used to collect GNSS signals across sev
bands from multiple constellations. The #A@iis a compaeind lightweight Fitle10 (from
Fit-PC) which has a low power consumption and runs a basic Windows 10 operating syst¢
This is controlled via an external laptop using a preixyha%t and the free TightVNC remote
desktop application viewer on the hastop https://www.tightvnc.com/ version 2.8.63, last
accessed: 17/11/2021). The status of the-A®%an be checked during flight to monitor the
alignment of the INS based on the initialization proceduree¢tiea 34). The MicaSense
camera and recording of the raw MlGPdata are started before tafeThis also acts as a

method to check data in the field and extract data from the sensor setup post field deploym:e
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3.3.2 Assembly of the System

Each sensor hapexific voltage requirements, but we found that 11.1 V satisfied tHi®& APX
VLP-16, and miAPC, with an iline transformer altering the voltage from 11.1 V to 5 V for
the MicaSense camera. The setup is powered by a 2650 mAh LiPo battery, whiclois enough
power the unit for spin up, calibration, survey, cool down, and data download (up to 45 min

per charged battery).

Each component is mounted within or on a lightweight survey box @Qufiéne VLPL6

is mounted externally with a single screw aligitedtwo mounting lugs either side for
consistent offset calculations, and at-deg@@ee pitch angle (forward) scanning across track
perpendicular to the flight lines for maximum coverage. The MicaSense camera is mounted with
4 locating screws to keemsistent positioning, as is the APXboard so that the X, Y, Z and

roll, pitch, and yaw offsets are consistent between flights. The total weight of this survey setup
comes in just under 2.5 kg, allowing for flight times of around 20 min using a DJI M600
multirotor aircraft with standard batteries. The unit is then attached on to a DJI mounting plate
which sits below the UAV. The mounting plate has dampeners attached between the plate and
the UAV to reduce vibrations being passed to the INS, laser szadmamera as these are
known to have a negative impact on acc(ratyHyyppa and Jaakkola, 2011)

Figure3-2 The components of the sensor package assembled within a lightweight plastic box

for testing, here mounted on a DJI M&aQgtirotor platform.

Offsets between each of the sensors were measured in the lab before being input into the APX

15 internal memory for processing of each flight. However, as the accuracy of the lab offsets

42



Chapter 3

could not be quantified, a calibration procdutasdeen performed to tighten the offsets before

roll, pitch, and yaw adjustments are checked for each survey, as detailed3ra Edction

3.4  Field Deployment of the System

We used a DJI M600 multirotor aircraft for deployment, although in principle the sensc
package could be mounted on any airframe that can carry a ~2.5 kg payload and perform
required initialization procedure (see below). For the purposes of thidastuéhpm five
separate deployments on a ~1 km reach of the River Teme3RBigorade in February, July
and September 2020 and April and June 2021 were used. The River Teme is a gravel bed
with alluvial banks that showcases active erosion asitidagprocesses and exhibits several
vegetation types, from grasses to large deciduous trees.-§radevegica GS10 GNSS base
station was deployed for each survey, recording raw RINEX observation data for pos

processing routines.

= == UAV FHlight Lines

S -

100 200 400
Metres

Figure3-3 Study site of the River Teme, showing the flight lines used for all surveys fror
which laser scanning and imagery were cagtusggery taken from April 2021.
Inset shows the location of the study site withiidkend the location of the

River Teme, a tributary of the River Severn.

The laser scanner and MicaSense camera package collect data in tandem and so flight
(shown on Figurg-3) and speeds (4 m/s) were omiaito provide scan lines for the entire
river corridor which delivered at least 50% sidelap and 75% forward overlap for th
multispectral imagery. Once powered on, the data from the laser scanner is set to record or
miniPC via a remote desktop connection and the MicaSense is set tougin itisrsetup,
including capture of calibration panel images, via a web browser. The reBXiresd@.0

min of static data logging both before and after flights to aid forward and backward motic
post processing, so is left to stand for this time.
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Once ready to fly, the UAV is flown to an elevation of 10 m to perform an initialisation sequence
for the INS, consisting of flying at speed forwards, backwards, left, and right to excite and
initialise the accelerometers, resulting in a fully alignewHeadfirmed via the INS status).

After initialisation, the aircraft is set to auto mode to follow the predetermined flight path
(Figure3-3). Prior to landing, the initialisation movements of flying forward, backwards, left,

and right are performed agto aid in the backwards processing.

3.5 Data Processing Workflow

The following sections outline the workflows developed to process raw field data into spatially
referenced products for further analysis. Both the laser scanner and MicaSense multispectral

imagery use the same positional raw data, and therefore follow similar initial processing routines.

351 UAV Laser Scanner and Multispectral Camera Processing

Processing requires three main strands: positional data processing, Velodyne data configuration,
and the goreferencing of each data product. The same initial processes to determine position
are loosely followed for camera locations when processing multispectral data, with differences

to the output data generated.

3.5.1.1 Inertial Navigation System Processing

Initially, all raw base station data in RINEX format is uploaded to a web service such as AusPos
(https://gnss.ga.gov.au/ausposast accessed: 17/11/2021), whereby the nearest IGS
(International GNSS Service) statimrgsused to correct the position of the base to levels of
accuracy as high as 0.02 m (assuming minimum 4 h of raw observations). The reports generated
by these services are used to improve the position quality of the original RINEX file by updating
the cmrdinates of the base station or through the download of a new RINEX file with the
updated headings depending on the servers being used. This can then be used in the processing
of rover data collected by the UAV GNSS receiver.

The positional informationdm the Applanix APA5 system is processed using Applanix
processing software. This is best done once precise ephemeris data for the satellite is known, to
ensure the highest level of precision. Ephemeris accuracy is one of the many factors that can
affectthe quality of GNSS data being collected. Broadcast ephemeris data initially approximates
satellite position, but can be up to 2 h old, whereas precise ephemeris data is based on a

monitoring network of ground stations and available at 15 min infelaaang and Li,
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2019) Broadcast errors can subsequently be in the raniferof{a, Wang and Li, 2019)

with precise ephemeris data recommended féevaingroundbased positionin{Karaim,
Elsheikh and Noureldin, 20I8)e posprocessed base station is used in conjunction with
Applanix IN-Fusion technologfScherzinger and Hatt, 2021}o deliver better positioning
information when a reduced number of satellites are visible. This routine uses both forward ¢
backward Kalman filtering, designed to estimate unknown variables over time, and uses thi
improve positional acacy(Kim and Bang, 2018)he resultant reported positional accuracy
of the sensor package is typically in the rangg0 @®Im horizontally and 080203 m
vertically (Figur8-4A). This is assumheo represent the horizontal accuracy of the system in
the absence of any field data collected to assess horizontal accuracy. Roll and pitch repc
accuracies are within the 0@%0degree range, with increased standard deviation values
during turning while heading accuracies predominantly vary betwé@®l @&grees, with
accuracy decreasing during straight line flight (Big&)e This is likely due to slower flying
speeds reducing the certainty of the trajectory being calculated. Howeveacthe post
processing on both the positional and attitudinal data is significant. Improvements in positiot
location are an order of magnitude improved post processing 3HEglravith similar levels

of
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Figure3-4 Postprocessing results of the Applanix ABXdata showing how forwards and
backwards Kalman filtering reduces eirdhe (A) X, Y, and Z position of the
sensor by an order of magnitwdelehaving a similarly distinct impactBhroll
and pitch values. Despite relatively larger errors in heading, the post processi
helps to minimise the drift in values throughaursects. PPK = Post Processed

Kinematic positioning, RT = Real Time positioning, SD = standard deviation.
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improvement seen in the attitudinal data (F&4B). The processed positional data is then
exported at a rate 200 Hz (position every 0.005 &) Hrelprojected coordinate system of
choice for combination with the laser scanner and MicaSense camera.

3.5.1.2 UAV Laser Scanner Raw Data Processing

The freeware Veloviewnt{ps://www.paraview.org/veloview/version 3.5, last accessed:
17/11/2021) is used to read, display, and output the ravil®&/ORta. Extraneous data from

when the platform is initialising on the ground is clipped using the first and last flight line times.
Although positional error does pobpagate with distance from the sensor, errors in roll, pitch,

and heading will (see Figg#®A). Therefore, to limit the effects of this, but to maintain a high
ground point density, a filter with maximum distance from the sensor of 50 m in the x and Y
planes was applied. Overlapping flight lines in the field were 25 m at maximum, with most flight
lines 2022 m apart, resulting in a minimum of 50% overlap whereby the points from the scan
line would be overlapped by at least one other scan (se&-Bijureut in most cases this

would be higher. This overlap maximises point density and accuracy and allows for large extents
of the study area to be covered in a single flight. The clipped and filtered data is exported to a
series of individual tirgampedd s cans® containing a | ocation
intensity. These scans are then ready to be combined with the positional and attitudinal data
from the Applanix APX5.

A B ool g

(O VLP-16 Scanner : “Error: 0.44m
1 Degree Error Propagation Distance: 25m

Target Surface
Error

O | Error: 0.87m

Distance: 50m

V 2ur] 3y

Flight Line B

JE— IL".rr()r: 1.31m
O B Distance: 75m |

Figure3-5 Impact ofthe distance from scanner on accuracy and flight overlap cl{pping.
Visualisation of how increasing distance from the target surface leads to increasing
error associated with any incorrect calculations gfitdtl, and yaw. The errors
calculated are based ondefiree miscalculation from a nadir facing laser beam in
one direction (i.e., just roll error). (B) The region of overlap that is maintained
during cropping to maintain at least two viewing angl@shgfeundpoint within

the survey, especially important for vegetated reaches.
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3.5.1.3 Combining Laser Scanner and Positional Data

The VLR16 and Applanix ARX5 positional data are combined using custom python scripts
(available athttps://github.com/christomsett/Direct_Georeferencing.giast accessed:
17/11/2021) designed to join the two datasets together and produce a final georeferenced p
cloud. The workflow accounts for two timing discrepancies that are presented: (Hlthe VLP
references time from the start of the last hour in microseconds, wiengastional data
refers to decimal seconds of the current GPS week; and (ii) there is a discrepancy between
time and GPS time, currently 18 leap seconds. Once timestamp discrepancy has been acco
for, a simple join is made based on the nearesttibet ween the two d
Mismatches in the output rates of both sensors results inparfext synchronization of
position and scan data, with a maximum offset in time of 0.0025 s. Surveys are conducted
maximum speed of 4 hisresiting in a maximum error introduced by the time stamp
discrepancy of 0.01 m. Based on our data, 80% of all errors due to the timestamp inconsiste
are below 0.008 m and 40% are below 0.004 m. Consequently, the relative impact of the tin
error is lesghan the positional accuracy of the system. Next, the scan points are adjusted 1
the roll pitch and heading of the sensor at the relevant timestamp. A rotation matrix for ea
point is defined and is then applied to create points relative to thedjastaat for roll, pitch,

and heading. Finally, points can be transformed using the sensor location into real wo

coordinates, producing a fully georeferenced point cloud.

3.5.1.4  Offset and Boresight Angles

To accurately combine the INS and MlGPdata, it is iperative that accurate offsets and
boresight angles are calculated to reduce inconsistencies betweéHauseey&lennie and
Brooks, 2016)f these are not accurately measamelcadjusted, errors will be introduced into
the final mode{Mostafa, 2002; Rat al. 2011) As discussed in Secti®a 1.2 the relative
positional errors of the offsets do not propagate with disfeora the sensor. These are
initially calculated through the measurements of offsets in the X, Y, and Z planes from a fix
point for each of the INS, VEB6, and GNSS antenna. These were defined in the lab through
handheld measurement and informatiosemsor dimensions as specified by the manufacturer.
This allows the relative positions between each component to be calculated and inputted ir
the Applanix software so that the exported positional data accounts for these offsets. T
software used alsefines these offsets on the fly based on data from the INS, providing ar
optimal solution. The GNSS antenna is fixed to the UAV via a singular mounting screw, and

is fixed in position each flight. However, while the position of the mounting of tHaeddAV
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scanner sensor system box (Figeis fixed relative to the UAV, the box is subject to small

variations in mounting angles between flights.

An iterative process to establish optimum roll and pitch offsets on an identifiable feature (e.g.,

an electricity pylon) is undertaken for each f
in steps of 0.5, before narrowing these down based annspection (FiguBe6). As can be

seen from Figur&6, this approach allows the identification of trends of change, in this instance

moving towards a roll offset of +1 and keeping the pitch offset at O degrees resulted in the

closest alignment of thglon and the electricity wires. This is then refined to check for a smaller

range of values between the two best combinations of roll, pitch, and heading. In this instance,
this evolved testing values of r oOnceahet ween O.
optimum solution has been found, an adjustment is made to alter all roll, pitch, and yaw values
before applying the rotation matrix noted in 4.1.3, above. Future work may refine this process

to automatically detect the best fit through an oydieast squares approach.
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Figure3-6 Calculation of offset and boresight angles using an iterative process between
multiple passes (from different directions) over an identifiable feature, in this case

an dectricity pylon.
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3.5.1.5 MicaSense Multispectral Imagery SfM Workflow

To create a position file related to each set of images, custom python scripts (available
https://github.com/christansett/Direct_Georeferencing,glast accessed: 17/11/2021) are
used to combine the positional tags output from processing the Applaris AR with

each photo taken, accounting for GPS and UTC timing discrepancies between the data.
addition, as ehavaveband of imagery is suffixed witB5 tultiple images have to be given
the same positional information, which is written to a database in a forrmaetuzble as

reference data for Agisoft Metashape for SfM processing.

Images are loaded in Agjisoft Metashape as a multi camera system, whereby the separa
suffixed images are treated as one in the processing workflow, as opposed to attempting to
them separately. Reference data are loaded and assigned to each photo, with accuracy of
coordinates specified as 0.05 m in all three directions and 0.5 degrees in roll, pitch, and hea
This allows for error in position and orientation to be accounted for, as well as any offset
boresight errors introduced to be overcome by the pracesskflow. This is in line with the
findings noted bystockeret al(2017) who noted a reduced weighting on the accuracy of
external camera orientation led to drighccuracy results in post processing. The photos are
then aligned to the highest possible quality to get updated location and orientation of the cam
At this point, the GCPs are used to refine this alignment further; however, the image resolut
(~0.035 m) of the multispectral camera introduces some error by impeding precise placem
of target centres. Next, a dense point cloud is built alongside mesh and texture surfaces, L
high-quality processing settings. These are used to create a tiledd thedsldy site along

with orthomosaics and DEMs at 0.04 m resolution. These models and the dense point clc

are subsequently exported as fully georeferenced datasets.

3.5.2 Data Processing for Comparison and Error Analysis

The processing workflows outlinedove result in a UANSderived point cloud and a
MicaSense SHyenerated orthomosaic and point cloud, for each of the five survey dates
Herein, we aim to compare the datasets in two ways: (i) assess the absolute error of the
scan and SfM data coaned to surveyed ground checkpoints; and (ii) assess relative betwee
survey accuracy, by comparing areas that experience no morphological change. The latter &
the quantification of a level of detection of change by analysing the repeatabiyvafythe

between techniques and across survey dates.
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Non-Vegetation Occluded Cross Sections Fxtracted
< Check Ponts From Point Clouds
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Figure3-7 Locations of different accuracy assessment me@®8spoints along the river
corridor used for absolute accuracy assessn@uding a selection of points
which were occluded by vegetation. Highlighted patches are the 6 stable areas used
for relative accuracy assessment (see 4.2.2). The cross sections relate to those used
in the discussion (6.2) to compare EM§ SfM and UAMLS point clouds.

3.5.2.1  Absolute Accuracy Assessment

A total of 82 points were collected on 14/04/2021 using a Leica GS10/GS15 base and real
time kinematic rover, including 15 points in locations occluded from overhead view by
vegetation (Figur@7). Survey acagy was assessed by performing cloud to cloud distances
(using the opesource CloudCompare softwartps://www.danielgm.net/cc/ version

2.11.3, last accessed: 17/11/2021) between these point locationerdimg) rthe absolute
deviation from the measured point in the X, Y, and Z components:t&tdadd distances

were used over point to DEM methods to remove the influence of DEM creation on results
and make sure a comparison was made to the most loces b goint.

3.5.2.2  Relative Accuracy AssessmeiitRepeatability

Six stable patches (defined as no bare earth change through the survey period) of ground were
identified, these being located on areas of land away from the active channel margin. Each patch
measureth the range of 682350 Mand contained between 680,000 and 1,200,000 points in
each of the surveys (approximatel@80 points per square metre). For each point cloud, the
patches were extracted and compared between one another in the folloi)ngeivesen

UAYV laser scanner and multispectral-&kived clouds for the same date; and (ii) between

each of the methods individually across all dates. The former helps to compare two methods to
derive the same surface, the latter assesses the rigpedt@didh method. For the purposes

of analysis, the patches are combined together and not analysed individually.
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3.6 Results

3.6.1 Absolute Accuracy of UAVLS and UAV-MS (SfM)

For the 82 ground check points, the mean error from thelUBY was [ 0. 182
standard deviation of 0.140 m (T&bB. This implied that the UAMS underestimated the
distance from the scanner to the surface, with most of the points being abiowe greund
locations. The average point offset in the combined X and Y plane was 0.012 m, with only
(16.5%) points over 0.05 m from the check points. For the same 82 locations, the mean UA
MS error was 10.469 m an t, stgpestingtlesame direction d
of error as the UA\LS. This implies some degree of this error may be due to vertical offse

errors during the sensor set up relative to the GNSS receiver on top of the UAV.

For vegetated points, the UA® hadameanerrorf 1 0. 110 m with a s
0.180 m. Although the mean error for vegetated points was lower, the variation in this error v
slightly higher. There were higher deviations in the X and Y plane, with an average dista
apart of 0.055 m, which to be expected with a lower below canopy point density, but this
appeared to have little effect on the mean error. TheM&\&ppears to perform equally well
based on mean error, with a value of T10.
sections is greater, with a standard deviation of 0.572 m and a range of errors over 2 m. Thi
likely the result of the dense cloud failing to identify the correct depths of points through th
canopy, or the ground being obscured completely. This éghkgberformance of the UAV

LS method whereby the quality of the resultant point cloud is less diminished by vegetat

especially in comparison to the performance of theN&®%fM in heavily vegetated areas.

Table3-2 Absolute errors of each survey method when compared to measured GNSS che

points, separated by levels of vegetation obstruction.

Summary Statistif®)
Sensor Category Mean Error (Z) Standard Deviation (( Min Max Range

UAV-LS Unvegetatel l 0. 18 0.140 I 0. : 0424 0.790
Vegetated To.11 0.181 T 0. : 0299 0.584
Unvegetatel 10. 46 0.381 T 1. 11085 2.108

UAV-MS - -

Vegetated |l 0. 18 0.572 I 0. ¢ 1.085 2.000
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3.6.2 Relative Accuracy of Surveys: Repeatability
3.6.2.1  Comparison of UAVLLS and UAV-MS Derived SfM for the Same Dates

Three of the surveys (February and July 2020 and June 2021) show very good agreement in the
data, with mean errors of between 0.03 and 0.06 m, with standard deviations of under 0.05 m
(Figure3-8). This implies thdoth the direct georeferencing of the UAV laser scanner and the
StfM-derived point cloud are of high quality, with two separate methods obtaining similar results

for the same pieces of Earth.

Conversely, there seems to be greater discrepancy in eletateersthe methods for surveys
in October 2020 and April 2021, showing a greater level of skew in the histograms and multiple
peaks. The mean errors are an approximate order of magnitude larger at 0.10 m but more
importantly the variation in error in@esijust as much (Fig@r8). Therefore, the confidence
in these surveys is lower than others, but are still suitable when investigating morphological

change at scales which are typically one and two magnitudes of change larger than this.

Mean Error: 0.064 m Mean Error: 0,035 m Mean Eror: 0.095 m Mean Eror: 0.11 m Mean Eror: 0.036 m
Std Dev: 0.04 m Std Dev: 0.043 m Std Dew: 0.095 m std Dev: 0.139 m Std Dev: 0.035 m

-1 1 -1 1 -1 1 -1

0
03/06/2021

0
14/04/2021

0 0 0
06/02/2020 11/07/2020 14/09/2020

Figure3-8 Differences between UAMS and UAVMSderived SfM point clouds for the
each of the 5 survey dates across the stable pdtattiesl red lines show the
position of the mean error in m. This highlights similarity between both

methods for obtaining clouds with some discrepancies on two of the survey dates.

3.6.2.2  Repeatability of Survey Methods: Comparisons Across Dates

When comparing between the same method on different dates, the first date chronologically is
used as the reference cloud, with the latter date the cloud to be compared. As such, a positive
difference shows that the latter date points have higher elgahigEsithan the reference

(earlier) cloud. FiguB9A shows the comparison of stable ground points between different
UAV-LS clouds. The agreement between each pair of surveys is very high, with all mean errors
being under 0.1 m and 7 of the 10 combimati@ving mean errors under 0.05 m. Only
comparisons with surveys in February 2020 show any evidence in the histograms of multiple
peaks in errors, with all other surveys having a consistent singular peak. These peaks are narrow,
with all standard deviat®heing under 0.1 m, and with most having standard deviations under
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A: UAV-LS B: UAV-MS
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Figure39 Di stri butions of errors and mean +/1
surveys for the stable ground patches cereliff dates for: (A) UAMS method;
and (B) UAVYMS-derived SfM methods.

0.05 m, suggesting a minimum level of detection of 0.1 m for the UAV laser scanner meth

when comparing change between two surveys.

In contrast, the error assessment from the -WSVderived SfM processing (Fig@6B)
suggests that the quality of reconstruction does not present consistent results. The mean e
between pairs of surveys is good, with six of the 10 surveys having values of under 0.1
however, the standard deviatiberrors is far greater, with seven survey pairs having standarc
deviations over 0.1 m. This comparison suggests that the errors described3r63ecaoad

Figure3-8 are likely a result of SfM reconstruction.

The histograms in Figuse®B show muiple error peaks, suggesting a spatial variation in error
across the stable patches. Figii@ shows a comparison of the Z errors between point clouds
from April 2021 and June 2021 for the UAS/and UAWMS datasets in each of the patches.
While the UAVLS data shows a spatially consistent magnitude of error, tHd3Jappears

to show a noftonsistent pattern of change, exhibiting both uadeéroverestimation. It is
likely that these patterns are caused not by incorrect location information directthe
georeferencing) of the cameras themselves based on the success oL 81ebUAdther in

the reconstruction and transformation of the image data into the chosen coordinate syste
Patches that are close to each other having similar error shpgortss would explain why
there is no consistent pattern in the error across survey combinations as seef3-th Bgyure

each set of images is processed and fitted optimally, the error produced will be different. Tr
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0 0.5
Elevation Error (m)

Figure3-10 Comparisons of UAYS and UAVMS-derived SfM methods between April and
June 2021 for each of the six stable ground patches, highlighting the spatial

variability in accuracy for Stddrived models compared to UARSmethods.

causes the different peaks in errors and for some models to over and under predict elevation in

relation to each other.

3.7 Discussion

3.7.1 UAV Laser Scanner and Multispectral System

We assembled a small, <2.5 kg sensor package at a total cost of &dHd(ABL8 prices),
representing a significant saving over commercially available systems, which can cost as much
as GBP 150k. UAYS absolute accuracy ranged from 0.1 to 0.2 m, but minimum levels of
detection based on repeatability comparisons reveadeldse than 0.1 m, with most surveys

being <0.05 m. These values compare to similar ones reported, for exampeal{019)

in their coastal application of UAV laser scanninglascabset al(2021)for snow depth

mapping. By comparison, S@idrived terrain products showed large errors between surveys,
most likely based on variable reconstruction and transformaticethéless, the direct

georeferencing and navigation techniques used herein show great promise for future
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applications and remove the need for many GCPs, instead using just a few as check points
the errors between surveys still less than the magoftadasge associated with mobile river

reaches.

3.7.2 Eco-Geomorphic Applications

This paper has focused mainly on the development and application ofbaseédVaser
scanning system, but the purpose for developing such a sensor package is for research intc
geomorphic processes along river corridors. The key innovation in usibgdgd\aser
scanning instead of (or along with) -88vived models is that laser scanning techniques are
capable of capturing complex surface features and some measure ah stgetati€éResop,
Lehmann and Hession, 2019; Lague,)2020not within the scope of this study to assess the
ability of UAVLLS to collect vegeian structure, nor to derive metrics associated with this.
However, Figurd-11 provides a visual comparison betweenLBsnd UAWMS SfM point
clouds from three cross sections along the study reach, covering bare earth (A), spe
vegetation (B), anddense wooded section (C). Despite a drop in point density, the lase
scanner better captures the vertical face of the deeply incised river bank in the bare earth ¢
section, morphology that is smoothed by the SfM reconstruction. SfM is known taastruggle
capturing steep banks and overhanging topography due to the reconstruction techniques u
which it reliegSmith, Asal and Priestnall, 2004; Cook, 2&ddthis can be seen here for the
relatively smiavertical bank faces of around 1 m shown in FagLié\

In addition, the water surface can be identified in both sets of data. Despite the wavelengtt
the laser scanner (903 nm) being prone to absorption in water, some returns clearly mark
the surface across the bare earth cross section. Fersfd esults show much higher levels

of noise, likely due to surface features and reflection from the moving water increasing
number of erroneous key tie points in the processing\Wtepdgett al.2015; Dietrich, 2017;
Shintani and Fonstad, 2013judies have used the surface reflections of laser scanning t
assume a water surface elevéltiegleiter, 2012)vhich is more difficult to obtain from SfM
technique$Woodgett al.2015) This water surface can then be used to obtain bathymetry by
applying refractive corrections to Sfdpths in shallow water where the riverbed is visible. A
combination of these methods may allow for improved bathymetry from SfM methods b
obtaining both subsurface and surface measurements. However, the noise present in

shallow river section higlfiig the practical difficulties of obtaining bathymetry from imagery.

In the vegetated cross sections, two key observations ar@)rtaglgegetation structure is

well captured by the UANS; and (ii) the bare earth morphologies of the river and flaodpla
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No. Points 284,476 68,109
Max Z 247.08 246.11
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Figure3-11 Extracted cross section (see Figurefor locations) comparisons of UMS
derived SfM point clouds (red) and UIAY point clouds (blu&r (A) bare earth;
(B) sparseegetation; and (C) dense wooded vegetation. Statistics show the number

of points within each cloud, and the minimum and maximum elevation values.

are equally captured. Despite the variable point density within the canopy from-itise UAV
data, the locatisrof features such as trunks and low hanging branches are clearly identifiable.
This is relevant when considering the impact of vegetation on high flow events where
interaction between these features modulates flow patterns. In comparison, the regultant po
cloud from the UAWS fails to identify many structural elements in the sparse woodland cross
section, and even fewer in the dense patches with only a few tree crown points. For studies that
aim to observe and quantify vegetation and flow intera8ibHsased reconstructions have

been shown to be unsuitable. In addition, when considering geomorphic change, few bare earth
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points beneath dense canopies are detected, severely limiting the ability to construct a DI
with high error potential as outliredsectior8.61. In the bare earth cross sections (Fijure
11A), the cut bank location and angle is fully resolved from the UAV laser scanning data wh
the SfM reconstruction smooths the feature. There are also several erroneous points in the
recanstruction of dense woodland far below the true ground layer 81§@¥ which would
propagate through into increased errors in derived digital terrain models produced from t
data. This is likely due to the reduced relative number of points ger swaisfMderived
clouds as identified on Figud1. Moreover, any possibility of obtaining water surface or
bathymetry data in these vegetated reaches from SfM is removed, yet there is evidence of \
surface detection in panel B for the UAY datadespite being directly below the canopy.
Overall, it would therefore appear that for reaches where there is a large presence of
complex vegetation, SfM methods alone are not best suitedjémexphic research.

The multispectral data offer someitng opportunities, for example, making use of the
additional neanfrared wavelength to derive NDVI (Normalised Difference Vegetation
Index)type products linked with the vegetation ¢evggrMarchetétal, 2020) Such datasets
have been shown to improve classifications of vegetation, for example over d¢aeAlareas

et al.2020)and have great potential to be combined with structural data to improve estimatic
of biomass and vegetation functidgpe. Measurements of NDVI throughout the year and
identification of the magnitude, direction, and temporal rates of change may help in tt
classification of vegetation. For example, larger changes in NDVI values from winter to sumn
may indicate the mence of seasonally dependent vegetationtdrom¢rends in NDVI can

be linked to the underlying fluvial conditieng. Nallaperuma and Asaeda, 20280)ell as

usel for monitoring changes in vegetation extent across periods of varying flow cfditions
Bertoldi, Drake and Gurnell, 20130ich research traditionally uses satellite imagery over large
areas, but the advent of compact multispectral systems allows for these siterdmion
investigated at the finer spatial resolutions demonstrated herein. For examp®&1ZFigure
highlights the change in NDVI from winter to summer across a bar in our study site, a ~100
feature over which traditional satellite imagery such ast banddaapturedd pixels of data.
Resolving this level of detail will enable identification of vegétationteractions providing
ecageomorphic insights in addition to those offered from traditional satellite or visible
wavelength UAV imagery. While use of UAYbased multispectral sensing in fluvial research
has focussed predominantly on vegetation quality or hydraulic properties such as susper
sediment(Rossi, Mammi and Pelliccia, 2020; &eal. 2021) the opportunities to apply
methods developed for satellite data at a finer resolution makes combining multispectral ratl

than traditional RGB imagery with UAS data an exciting prospect for future research.
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NDVI Difference

400
Metres

Figure3-12Difference in NDVI values across the study reach between September 2020 and
February 2020 survelBsown values indicate a decrease in NDVI values and green
an increase. Inset shows am enlarged version of a meandentdrat peature,
with the large increases in NDVI likely indicating regions of perennial colonisation

of sediment deposits by herbaceous pioneer species.

3.8 Conclusions and Future Work

Having provided a proaff-concept for the sensor package, and quankti&edibimum level

of detection at 0.1 m, we have shown that U8\and UAWMS sensors are capable of
delivering highesolution 3D point clouds and imagery which are able to siseegetation

structure and spectral response. These methods demonstrafaitian vegetation can be
guantified and analysed at a level of detail that is hitherto unprecedented, capturing additional
detail that will allow new insight to be gained in relation-geeocworphic interactions. The
benefits of obtaining enhancédistural data that cannot be captured by SfM methods alone

are evident, and combining the two methods together opens up new avenues of research. For
densely vegetated river corridors (and other domains), the benefits of udissgHam&/been
highlightedwith the addition of a multispectral rather than traditional RGB camera allowing

additional useful vegetation metrics to be measured.

Future work should seek to use the data to establish metrics which are able to bettse characteri
vegetation function irelation to river corridor evolution. The sensor package developed here,
along with comparable commercial units, shows great promise for being able to quantify co
evolving vegetation and geomorphic change trough time, allowing researchers to begin to
expbre the roles of seasonality, plant maturity arghdiein relation to fluvial dynamics.
Furthermore, the potential increase in descriptive functional metrics would be advantageous to
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machine learning techniques which might seek to link vegetatiompgmochange, and river

flow dynamics through time.
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Chapter 4 Exploring the 4D scales of ecageomorphic
interactions along a river corridor using repeat
UAV Laser Scanning (UAVLS), multispectral

imagery, and a functional traits frameork.

4.1 Abstract

Vegetation plays a critical role in the modulation of fluvial process and morphological evolutic
However, adequately capturing the spatial variability and complexity of vegetatic
characteristics remains a challenge. Currently, mostre$ehech seeking to address these
issues takes place at either the individual plant scale or via larger scale bulk classifications
the former seeking to characterise vegefationnteractions and the latter identifying spatial
variation in vegedian types. Herein, we devise a method which extracts functional vegetatio
traits using UAV laser scanning and multispectral imagery, and upscale these to reach scale
classifications. Simultaneous monitoring of morphological change is undedakefy &co
geomorphic links between different guilds and the geomorphic response of the #ystem
context of longerm decadal changes. Identification of four guilds from quantitative structura
modelling based on analysis of terrestrial and UAY laase scanning and two further guilds
from image analysis was achieved. These were upscaleesttateaghild classifications with

an overall accuracy of 80% and links to magnitudes of geomorphic activity explored. We st
that different vegetationiffls have a role in influencing morphological change through the
stabilisation of banks, but that limits on this influence are evident in the ptennhoaigalysis.

This research reveals that remote sensing offers a solution to the difficulty inhgshtsgd
approaches for eggeomorphic research, and that these methods may be applied to larger are

using airborne laser scanning and satellite imagery datasets.

4.2 Introduction

Fluvial ecagyeomorphic interactions aredgpendent, complex, and vdeaxross space and
time, representing a continued area of interest within river réEbanck and Parsons, 2002)
The diversity of eegeomophology in river corridors can be attributed to surrounding land
use, existing morphology, and flood reg(iasnan, Decamps and Pollock, 1988)Ist this
same diversity simultaneously influences the flow of water and tsedimerely affecting
morphology(Diehlet al.2017)and floodplain conveyan@epf and Vivoni, 20007 he role
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of vegetation within the river corridor is well established, benefiting the loca(®aaeqgy

et al.2004; Harvey and Gooseff, 20dlIbpgside playing a role in natural flood management
schemes and reconnecting channels and floodfllaims, 2017; Wilkinsogt al. 2019)
especially for sl catchments where land cover is more influential for fld8disghlet al.

2007) This is important when considered against a backdrop of a rapidly changing climate
whee flow extremes are more varied, flooding more (kRKSDR and CRED, 2015nd

riparian vegetation is likely to undergo shifts in compa$tadmeret al.2009; Rivaest al.

2014) Consequently, adequately measuring and monitoring vegetatitmesitivial domain

Is critical to understaimg) how these systems will respond to varying climatic and hydrological

conditions.

The characterisation of riparian vegetation distribution over larger (>1 km) scales has typically
relied upon the use of coarse classifications such as those idetitdidtater Framework
Directive(e.g. Gilvear, Tyler and Davids, 2004ihg techniques such are aerial imagery and
satellite remote sensiisge Tomsett and Leyland, 20A8Yy characterisation stlbe scalable

and geographically transferable to cover the vast range of different fluvial landscapes whilst still
accounting for the complexity presented within river corridors-sioy@ified, coarse
classifications may altogether miss the vegetatiglexity that exists, whilst conversely,

highly detailed models tend to be necessarily localised and less transferable to alternate systems
and scenarios. Traltased classifications, developed and used within ecology, offer a scalable
and transferablgpproach which can be applicable to the fluvial dofahl et al. 2017)

They have been shown to be useful for modelling topographic respbasgittgy vegetation,
sediment, and flow conditio(iehl et al.2018; Butterfieldt al.2020) However, challenges

remain in broad application of this approach, with the characterisation of vegetation in the
highly detailed manner require@éxtract traits metrics being challenging over larger (e.g. >1

km) scales.

To address these gaps, herein we examine the scales over which different traits can be collected
from remote sensing methods and assess how well these traits can be used sxe@stablish
geomorphic relationships. We use a UK based temperate river as an exemplar site to
demonstrate the effectiveness of novel remote sensing techniques for characterising vegetation.
We investigate the limits of trait detection and the scales at whigte threost appropriately

used to enhance egeomorphic understanding, enabling us to establish the applicability of
these methods to a variety of river corridor environments. Below we introduce the concepts of
plant functional traits and hydraulicallgvaait traits before establishing the aims of this

research.
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4.2.1 The Importance of Vegetation

It is well understood that vegetation plays a key role within the river corridor and that ho
vegetation is modelled can affect the outcomes of hydrodynamic sen@h#tanels with-in
stream vegetation may experience roughness values an order of magnitude higher than
vegetated channéBe Donckeet al.2009)capable of reducing velocities by up to(Sa&td
Jensen and Pedersen, 1998jvever, dliage type and how vegetation is modelled affect the
influence that the vegetation has on f(dameset al. 2008) The challenges posed by
quantifying irstream vegetation means that it is often difficult to make estimatiestsaztrm
roughnesgO’'hareet al.2011) Conversely, above water vegetation is easier toeramasu
monitor depending on the scales of analysis. Banks are typically eroded via mechanisms of
failures or entrainmerfHughes, 2016and so any stabilising effects of vegetation must
influence these processes. Vegetation can reduce stream power, increase soil cohesion
influence soil moisture levels, all of which can help to reduce Gosmmt al.2000; Foet

al, 2007; Kang, 201Bank collapse is influenced by three dominant factors, the extra mass
the vegetation, the shear strength provided by root reinforcement, and changes to bank p
water pressuréWiel and Darby, 200Q7yith above mund biomass therefore directly
influencing the mechanical and hydraulic properties of the sy@atragd, 2014)he above
ground biomass also has a direct influence on river flow amergettansport when
submerge@Gurnell, 2014 rlthough this is stage dependent and depends on plant volume an
structure.

422 Plant Functional Traits

Functional traits originate from ecologieséarch, whereby criticism of using functional types
led to a need for a more robust system of classification for ecological studies. Functional ty
represent vegetation based on its morphology and physiology, amongst oth@dagctors
1981; Box, 1996hut these attributes can exhibit greater variation within functional types a
opposed to eétween thenfWrightet al. 2005; Reich, Wright and Lusk, 2083)well as not
varying between differtetypes at al[Van Bodegonet al.2012) Assessment of plants based

on their functional traits has been seen as a method to overcome the shortcomings of the cle

typological approacuétieret al.2007)

Much like the attributes of a plant type, plant fumaititraits are morphological, physiological,
or phenological attributes that are measurable at the individual pléBalegd, Webb and
Norberg, 2007; Viollet al. 2007; Kattget al. 2011) These measures can either be direct

measures of a function such as photosynthesia@ubegate measure for a function such as
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|l eaf area. To be classed as oO6functional d for
reproduction, or surviv@YViolle et al. 2007) Traits can either be effect or response based,

depending on whether they have an influence on or are influenced by their wider environme

(Violle et al.2007) The benefit of traitlsased methods ike applicability between different

sites without needing species specific (Md&ill et al. 2M6) Therefore, the findings of

community response to factors such as land use or climatic gfadients . De Bell o, Lep
Sebastia, 2006; Garngtral. 2006)can be applied to a different location with similar trait

composition. This is possible througihdheation of guild§Suildscan be used to group plants

with similar traits togethdtytle et al. 2017) providing a scalable framework for-eco

geomorphic research.

Traitsbased approaches are well suited foigemmorphic research due to the strong
environmental gradients within falveystem@Naimanet al. 2005) Vegetation responds to
hydrological variables, such aseatailability and disturbance ev@dtgpp and Osterkamp,
1996)whilst also influencing flow, sediment transport, and morphological g@bilitgil,

2014) meaning that the-blirectional nature of this relationship maps well onto abeis#s
frameworkO'Hareet al(2016have assessed the traits of nearly 500 species that influence river
processes, revealing evidence of a broad link between plant form, distribution, and stream power
within the UK (O'hareet al. 2011) Moreover, traitbased approaches allow for a more
comprehensive view on eg@omorphic interactions than a purely taxonomic approach due to
the environmental conditions having a larger influence on trait compositions than species
compositiongCorenblitet al.2015; Goéthet al.2017)

To date, the majority of trallesed research has focussed on ecological responses to
hydrological conditions. For example, inundation likelihood has been shown to increase the
presence of plants with longer and younger [¢&tresnberg and Merritt, 2016; McCoy
Sulenticet al.2017whilst also being less wod#yle and Leishman, 2009; Stromberg and
Merritt, 2016)with frequent inundation and higher stress environment necessitating greater
flexibility. Conversely, plants in lower stress environments benilier with longer life cycles

(Kyle and Leishman, 2009; Stromberg and Merritt, 2016;-8loléaticet al.2017)Factors

such as nutrient loadifBaattrupPedersert al.2016; Lukacst al. 2019) light conditions
(BaattrupPederseret al. 2015) carbon availabiliff. ukacset al. 2019) and anthropogenic
interferenc¢BaattrugP e d er s e n, Larsen and Riis, 2002; O6Bri
are all key controllers of trait composition, with the environmental conditions better related to
trait, rather than species, composi®itheet al.2017)Furthermore, individual species have

been shown to demonstrate differing traits depending on external Stopsdes.nidraes

were found to be smaller, have greater flexibility, and had a higher number of structural roots
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at a bar head when compaied bar taiiHortobagyet al.2017) Further work demonstrated

that the smaller species at the bar head were incapable of trapping sediment when compar
those at the bar tgiHortobagyiet al.2018) highlighting the importance of traits rather than
taxonomic approaches.

Hydrological variality can also influence trait assemblages. For example, mean flood frequen
across 15 sites was found not to be related to trait diversity, thieeneagnitude of a 3@ar

flood and the variability in flood frequeKefyen they occurred during theryagereboth
relatedo trait diversityLawsoret al.2015)Species richness was decreasiettiexperiments

of artificial flooding and drought&lthough trait diversity was more tolerant to drought
conditionsoverall(BaattrugPedersert al. 2018) Rivers with more variable flows tend to
encourage pioneer specieilstthose with prolongeperiods ofdrought see an increased
abundance of water tolerant spe@degiiaret al. 2018) As a result, these responses mean
successful river restoration projects should focus on the type of restoration more than the ext
(Gotheet al.2016) Taxonomic approaches can still perform equally well for fluvial studies, bu
traitsbased approaches tend to account for local and regional conditio(iBdtEttehet al.

2019) which is necessary for scalability.

Research into effect traits and their geomorphic influence has received less attention as t
concepts have only recently started to be explored in hydrological research. However, as n
by Corenblite al.(2015) the interactions between plant traits and fluvial systems are linked
with hydrological conditions affecting plant establishment and survival and plant morphologit
traits affecting morphology and subsequent establishment. Thereds éwadlehanging traits

can alter the morphological evolution of channels, with invasive species that have higl
branching densities and less flexibility increasing aggradation through reductions in near
velocities(Mannerset al. 2015) Guid location impacts the morphological response, with
analysis of bars showing different responses downstream and also laterally based on the
of the dominant species in these direct{plustobagyiet al. 2018) This is supported by
Butterfieldet al(2020)who when examining clgeEs in multannual elevation found that guilds

at different locations, experiencing different hydraulic conditions, had differing impacts, b
also that guilds could not explain all the variation in morphological response. It was found tt
differing canpy architectures that interacted with flow were likely to be the prominent drivet
of topographic response, supporting the researblaoherset al.(2015) However, trait
diversity can impact morphological response as much aévideahtraits, with combinations

of guilds interacting to alter respor{sistobagyet al.2018) from which spatially averaging

to areas of dominant guilds may oversimplify the complexity of interactions.
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4.2.3 Hydrologically Relevant Functional Traits

Not all vegetation functional traits are relevant when considering direct relati@tsieen
vegetation, hydrology, and morphology. Moreover, not all traits can be obtained from remote
sensing techniques, a necessary requirement when upscaling to larger domains. Below we
identify the vegetation traits that are directly relevant teystems and which can potentially

be captured via remote sensing techniques, thereby allowing the upscaling of any developed

methods of characterisation.

Existing studies that have considered vegetimomteractions have focused on plant height

and fontal area as key metrics which explain momentum exchanges in river flows. The height
of the plant affects the amount of interacfidepf and Vivoni, 2000)ith varying flow depth
determining the proportion of the plant frontal eut@iah is submerged. Frontal area is an often
used proxy for the scale of obstruction and is a component of the drag formulation which can
have a larger impact on flow conditions than the selection of a drag cqdtisieldt, 23;

Wilsonet al.2006) However, the limitations of 2D metrics to describe the complex nature of
plants has been highlighted, with the use of 3D data and plant volume offered as improved
methodgWhittakeret al.2013; Vasilopoulos, 2017)

Under various flow conditions, the frontal area of a plant may change due to flexing and
reshaping, with studies showing that not accounting for this can limit the results of drag models
(Sandlensen, 2008; Whittaketr al. 2013) A higher leaf area increaties momentum
absorbing area of plants withlelafed vegetation not bending until a higher threshold velocity

is reache@arveld, 2002a; Wilsral.2003)Drag has been calculated using leaf area, although
not a 1:1 relationship it was shown to be suitable for estimating vegetative (@alstate
Jarvela and Aberle, 20I®)e contribution of foliage to resistance decreases with flow speed,
Whittakeret al(2013noting adrop in the drag contribution of foliage from 75% t6(% at

speeds under and over 0.5'mespectively. This is due to the reshaping of plant structure
during higher flows leading to reductions in @eganini, Righetti and Grisenti, 200&}h

the rate at which this reduction happens being plant depglideata, 2002b; Jareés).

2008; Boothroydt al.2017) The vertical distribution of plants also has a significant impact on
flow, with different vertical distributions such as step changes or continuous variations,
impacting flow differently and being more important than-pharti arrangeme(itightbody

and Nepf, 2006; Jalonen, Jarvela and Aberle, 2012)

The arrangement of plants is still important in determining bulk drag, with dragntoeffici
values for a single foliated stem not representative of stems occurring in bulk yéaedion

et al. 2008) Higher plant densities within a channel lead to an increase in drag coefficients,
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however the arrangement of vegetation within the channel has a negligibl@damphGt
2002b; Kim and Stoesser, 208andlensen (2008)entified that there was a difference in
downstream flow between evenly distributed plants and the same biomass distributed into f
density clumps, with the former provigithe larger increase in drag and impeding flow the
most. Therefore, spatial variation in plant distribution may be more important than the dens
of the patches themselves. A higher stem density does result in more scour around stems
deposition to b&urther from the scour sites, however overall deposition does not increase wit
increased stem dengi@pllett and Nepf, 2@).

Whilst both vegetation structure and distribution of individual plants directly impact flow, mar
other vegetation traits can impact sediment transport processes, for example through playi
role in altering the erodibility périodically submerged banks or bar surfaces, or through
increased resistance from root structures. Although vegetation height, frontal area, and leaf
are all key effect traits which can be measured directly, accounting for secondary impact
vegetton related to below ground biomass for example, and how all traits vary spatially a
temporally remains the challenge for advancing our understandinggebneciphic

interactions.

4.2.4 Remote Sensing of River Corridor Vegetation

Although many of these tsaiare inherently measurable in the field, many of them are not
obtainable from current remote sensing methods. Dagextraction for riparian vegetation
from airborne (i.e. large scale) remote sensing has not yet been utilised to enhance
geomorpic studies. Currently, collection of trait data relies on direct ground based field surve
and lab analysis, or species are identified in the field and traits taken from databases (e.g.
databasgattgeet al.2020). Methods are often dependent on site access, species richness, a
variation within the study af@®almquist, Sterner and Ralston, 204i8%ing methods such as
quadrat surveying or transect sampling. This technique is effective for establishing traits bt
limited by the spiail extent of ground coverage. Some variables inevitably require databases
avoid substantial disturbance, such as root charactéigticGtromberg and Merritt, 2016;
Aguiaret al. 2018; Baattrupedesenet al. 2018) although databases should be used with
caution; for example, maximum plant height is not related to the plant submergence heigh
the time of a particular flow event, and great variation can be seen in both eéfispbasd r
traits for a singular speci@sortobagyiet al. 2017; Hortobagyet al. 2018) Therefore,
accounting for temporal and spatial variation in traits is important and highlights the need f

temporally and spatially relevant data collection.
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For fluvial research, multispectral imagery can be used to determine species using supervised
and unsupervised classifications with good ac¢Btamyfieldet al.2020)Outside of fluvial

research there is an increasiwgreness of the potential of remote sensing methods to help
drive the scalability of functional traits, especially in relation to physical traits such as plant
height, leaf area index, phenology, and biofAhstieira Martineet al. 2016; Aguirre
Gutiérrezet al. 2021) yet considerable limitations remain due to the uncertainty in relating
spectral and physical properties to functional (Haisborg, Fisher and Skidmore, 2015)
Upscaling localised high resolution data is possible however, for exanil& la@rrestrial

Laser Scannindg) large scale AL@&irbome Laser Scannindgata MannersSchmidt and

Wheaton (2013)

Advances in UAV (Uncrewed Aerial Vehicle) remote sensing can create an important link
between these two scales of data collection. UAV data collection allows high resolution imagery
and active remote sensing methods such as laser scanning to be contiugeedeaches
relatively easilfTomsett and Leyland, 2018)creasing coverage and providing a middle
ground for relating local to large scale data. Multispectral cameras have already helped to
improve the classification of vegetafirom UAVs(AI-Ali et al.2020) and active UALS

(UAV Laser Scanning) has also been shown to be comparable in estimating tree structures to
TLS methodg¢Bredeet al.2019) Such methods therefore present an opportunityt tmnho

classify vegetation by types and assign them to guilds, but to define guilds based on
characteristics acquired from remote sensing directly, before upscaling this to reach scale
classifications.

425 Aims

The aim of this research is to develop a sebtdble traHsased 3D vegetation metrics which
can be used to assess spatial and temporal (i.e. 4D) variation and importayeenodgituc
interactions on an exemplar UK river system. This is achieved using the following specific
objectives:
1. Undertke an assessment of the longer term {gechiidal) eegeomorphic evolution
of the channel using satellite remote sensing, to compare planform evolution within
vegetated and neegetated channel sections.
2. Identify and select hydrologically relevans trgnich can be extracted from high
resolution remote sensing data.
3. Establish the presence of vegetation guilds (those with similar traits) for the river reach,

based on exploratory analysis and object orientated random forest classifications.
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4. Compare thespatial extent of these guilds to morphological change over the study
period to establish egeomorphic feedbacks.

4.3  Study Site

The exemplar site is located on the upper course of the River Teme on th&MVetsjlish
border in the UK (Figuré1A). The stdy area consists of two broader regions; the upstream
section consisting of open grassland with patches of heterogeneous vegetation, and
downstream section which flows through denser vegetation. The River Teme is a highly mot
gravel bed river withian alluvial floodplain which exhibits numerous avulsions. There is active
lateral erosion of the channel, depositional gravel bar features, and woody debris dams ac
the study site (FigudelA). The reach has typically low flows (Figuf®), with a average
depth of 0.69 m (+/0.15 m) throughout the year with slightly higher average flow depths in
the winter months (Novembérebruary, 0.79 m +/0.15 m). 95% of river depth has been
below 0.9 m and 99.9% of the flow depth has been bel@wri.Zhe largest recorded river

River Teme
England
Wales
0 10 20 40
—— Kilometres
30

Gauge Level (m)

-
‘ MJ l' L‘ \M\ IU* J‘J lM “’ ‘m Jﬁ‘hl “ W, u’\‘h‘] “U“‘ “)\ u‘ﬂ k‘w m‘ W ’“\1‘” uﬂ "5 u" ‘\}‘

2010 n3 2014 2015
\'c:\r

2006 2017 2018

Figure4-1 Study Site of the River Teara&d the long term water level at the Knighton gauge
station 3km downstrea#y). Study Site Location on the River Teme, UK. Inset
images show active bank erosion and a large debris dam caused by falling trees
River Gauge Level at the Knighton monitostagion ~1 km downstream from
study reach, data available from 20@2sent.
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depth was 2.85 m on the 16th February 2020 during Strom Bgyumniss are obtained from

a gauge station 3 km downstream of the study site, starting from the earlresiogduge

4.4 Methods

4.4.1 Long Term (Decadal) Analysis

To assess thiengerterm context of ecageomorphic interactions within the study reach,
historical satellite imagery was analysed to identify channel mobility in relation to riparian
vegetation. Channel mobility was assessed by digitising bank edges across multiple years. This
method is well established and has been used previously to study the evolution of a large river
confluencéDixonet al.2018pnd for multidecadal analysis of a single (Bepta, Atkinson

and Carling, 2013; Yabal.2013)to identify the drivers of morphological change. These have
typically been restricted to coarse (e.g. 30 m ground resolution) satellite datasets, with planform
change only detectable if it is greater imito@lg than the image resolution. This can result in
mixed pixels; where multiple land cover and vegetation types are misidentified into one category
(Henshavet a.2013)Here we make use of high spatial resolution imagery from Google Earth
(0.5- 2 m, source dependent) and Pleiades (0.5 m) to identify historical changes in channel
location and vegetation cover. Google Earth historical imagery for the years 200082006, 20
and 2009 and Pleiades data from 2013, 2015, 2016, 2018, and 2020 were used from which bank
lines were digitised, resulting in 20 years of channel evolution. Banks under tree cover were
identified where possible using a mix of spectral bands (Pleiadedy) to highlight channel

position. To account for the images being taken at various time periods throughout the years
and subsequently having different flow regimes, bank tops were digitised as opposed to water
edges to reduce uncertainty resultorg ¥ariable flow stage. The exception to this was where

no clear bank top was present, for example on the large bars, where evidence of usual high flows
from colour changes and trash lines in the imagery were used to guide digitisation of bankfull
channelvidth.

All analysis of bank movement was performed in ArcGIS using the Digital Shoreline Analysis
System (DSA&limmelstosst al.2018) with a 1.5 km long baseline created for both left and

right banks based on the dominant river planform trend. Transects were cast every 5 m and
manually edited where necessary in order to intlesecttermost bank, especially on tight
meander bends. The Shoreline Change Envelope (SCE), the distance between the nearest and

furthest bank from the baseline, is used to infer total channel mobility throughout the reach.
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To assess the impact of vegemtatihe channel was classified into two classes: those containin
structurally large vegetation and those that did not. Areas classed as containing structurally
vegetation could either include a small number of trees clumped around the chaanel, a lir
section of vegetation on one bank, or larger areas of vegetation such as woodland. These re
were user defined based on all of the image sets available and were used to group tran
within regions containing large vegetation and those that,diolr tomparison of the SCE
statistics. As vegetation may have an influence on both the local scale and broader reach
morphology, the analysis was repeated for changes excluding the reoccupation of new or for
channels (classed as avulsions)acheeve this, DSAS transects that spanned across two
separate channels from different years were removed. Each individual channel was t
reanalysed using separate baselines, consequently the impact on the results from chze
switching can be isolatediarmoved.

Statistical comparison was undertaken of the SCE values for sections containing large veget
and sections that did not. These could be used to identify any differences in the SCE values
therefore inferred mobility of these sectiortstlainfluence vegetation may have on planform

evolution. To investigate the morphological process of avulsions, the development of ne
channels between satellite images was also tracked. New and developing channels which
visible in satellite imagevgre digitised for each set of images. These were compared to UA\
flood extent imagery from February 2020 alongside historical LIDAR data from 2007 of tt
river corridor and qualitatively assessed in relation to how topography and flood ever

influence fanform, and the processes by which channel switching occurs.

4.4.2 Field Collection of High Resolution 4D data

High resolution UAMLS (UAV Laser Scanning) and UK® (UAV Multispectral Imagery)
were collected over the entire reach through February 202Qnetd021, capturing all
seasonality. To complement these flights, Terrestrial Laser Scanning (TLS) surveys of vege
and bar sections were undertaken to gain a benchmaikigbltesolutiondataset for
comparison to the UAYS and for characterisingal herbaceous vegetation. A URGB

(Red Green Blue) survey was also undertaken during overbank flow on the falling limb of Stc
Dennis in February 2020, to identify the flood extent. Zdbs&immarises the survey dates,

extents, and data collectioathods.
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Table4-1 Summaries of the data collection methods used on each suré@yedatys of
survey extent are given for each date, as well as the sensors deployed and the survey
statistics for each thed. TLS point density is based on the resultant point cloud
after registration. Ground Sampling Distance (GSD) is the resolution of the
resultant orthomosaics. UAVS point density is taken once cleaning of the raw

clouds has taken place.

Date Survey Sersor Point Density/GSD
_ UAV-LS 778 nv
06/02/2020 (Winter) Whole Reach
UAV-MS 0.04 m GSD
18/02/2020 (Winter) Whole Reach UAV-RGB 0.02 m GSD
UAV-LS 810 n¥
16/07/2020 (Summer) Subsection UAV-MS 0.04 m GSD
TLS 16,000 m
UAV-LS 762 nv
14/09/2020(Autumn) Whole Reach
UAV-MS 0.04 m GSD
_ UAV-LS 791 n?
14/04/2021 (Spring) Whole Reach
UAV-MS 0.04 m GSD
UAV-LS 804 n
03/06/2021 (Summer) Whole Reach
UAV-MS 0.04 m GSD

A detailed outline of the UAV based sensor seragessing routine and accuracy assessment

can be found iTomsett and Leyland (202Wjth a short overview of the system provided
below. UAVLS and UAWS were collected using a DJI Matrice 600 Pro multirotor aircraft,
capable of flying for 20 minutes per flight. Twoddddatteries allow for the spatially complex

1 km reach of the River Teme to be captured with some redundancy. Multispectral imagery was
obtained from a MicaSense RedEdge MX camera, collecting imagery with a ground resolution
of ~0.035 m across five spattoands, consisting of blue (475 nm), green (560 nm), red (668
nm), rededge (717 nm), and near wméd (842 nm) waveleng{MicaSense, 202The laser

scanner is a Velodyne VLB Puck Lite, firing 16 las#etector pairs at approximately 300,000
points per second, with a 3®@rizontal and 30vertical field of view. The sensor has a range

of up to 100 m and a typical ranging accuracy-0d.68 m(Velodyne Lidar, 2018 0oth

sensors use direct georeferencing from an ApplanixL3Rxthich utilises muftequency

GNSS and MEMS (Micro Electkdechanical System) inertial motion unit to provide post
processegositional and orientation accuracies up to 0.02 m andredjistivelgApplanix,

2016) This removes the need for extensive GCP placement throughout the reach.

Georeferenced point clouds from the laser scanner and Structure from Motion based point
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clouds and orthomosaics from the multispectral imagery were produced, bethtivath
accuracy under 0.1 m. URGB imagery was collected from a DJI Inspire 2 with a Zenmuse
X4S camera, resulting in a ground resolution of 0.017 m from a flight height of 60-m. An o
board EMLID REACH M2 provides positioning accuracy of up to 0.0tfhen post
processe(EMLID, 2021) with a connection to the on board camera to allow image captures
to be timestamped to assist with $fM processing. TLS data was captured in July 2020 using
a Leica P2@&canstation, collecting high resolution (0.0031 m point spacing at 10 m distanc
from scanner, resulting in a mean point density,600 points per’wvithin the area of
interests@ns of two locations. The first, an area of channel containing large vegetation at t
inlet of the study site (two convergent TLS scans), and the second, part of a large meander |
in the centre of the study area (four convergent TLS scans) wheegktegon was absent.
Targets were used to register scans together, acquired using a Lecia TS06 total station, v

resultant scan registration accuracy 00:007 m.

4.4.3 Vegetation Functional Trait Extraction

The workflow developed to extract plant fiematl traits consisted of five steps: (1) Separation
of individual plant point clouds that could be used for analysis, (2) Analysis of these individ
clouds to extract metrics related to their traits, (3) Separation of plamsbhateous and
woodygulds by adaping the classificatiofiom Diehl et al(2017)based on similar traits, (4)
Identification of guild properties extratgdibom temporal UALLS and UAWMS datasets for
reach scale classification inputs, and (5) Use of anbalsttrandom forest classifier to

determine the spatial discretisation of guilds.

4.4.3.1 Point Cloud Segmentation

A number of automatic methods exist &ssify very dense point cloud scenes into different
groups(e.g. Brodu and Lague, 2012; Zheingl.2016) However, the majority of these are
designed for very highsolution TLS datasets and so here aa#¢omated approach was
employedSmaller vegetation whose structural composition cannot be fully resolved fror
UAV-LS data were analysed from the sumhh& survey. Automatic classification of
ground/nonground points was performed using the progressive morphological filter in the
LidR package(Rousselet al. 2020) before manually segmenting in Clampare
(https://www.danielgm.net/cg/to create individual plant modé&lgure4-2, Raw Point Clgud

For the herbaceous plants, leaves and flowering parts were removed from the clouds so as
to interferawith the quantitative structural modelling (QSM). Although foliage is important, for

the methods used herein they could not be accounted for due to point densities. Any statist
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outliers were detected, removing points 2.5 standard deviations ankdeab@antdistance

between points, resulting in a dataset consisting of 37 herbaceous plants.

Tree segmentation also used a combination of manual and automatic classification based on
surveys in leadff conditions exposing the full internal tree strucRdrérees were selected

from across the reach representing a range of structures and sizes from which complete models
could be created. As above, initial separation of ground and vegetation points was performed
using a progressive morphological filter. sStvhilitomatic classification methods such as
CANUPO exis{Brodu and Lague, 2018)e UAVLLS point densities necessitated the manual
extraction of individual trees, prior to interactive filtering using a number of statistical measures.
Local volume density helped to separate points distinct from the main tree woody structure,
whilst linearity metric filters (how aligned points are within a set radius) remove points that are
highly complex or not part of the main tree structure. Thatisthtoutlier removal tool and a

final manual check can then be used to remove any remaining erroneous points. This resulted
in a point cloud of predominantly large branches, with a clearer structural profile as can be seen
in Figure4-2 (Filtered PointoGyl The thresholds for separating individual trees are size,

structure, and point density dependent, hence the need for interactive selection.

This adds an el ement of wuser bias as to what i
of UAV-LS scansnakes this a necessary method before reconstructing vegetation models

(Bredeet al.2019) Shrubs and grasses whose structure could not be fully resolved from the

UAV-LS or TLS data were not analysed for traits extractide. fA®in requiring many TLS

scans to capture the extensive and complex branching networks of these plants, in eco

geomorphic terms a traliased rather than bulk roughness approach is likely to be limited.

4432 Trait Metric Extraction

For the reconstruction ekgetation stems into cylindrical models, the open source TreeQSM

method was applied to the partitioned tl&/and TLS derived vegetation Btadeet al.

2019)TreeQSMit i | i ses O6patchesd to determine connecte
growing the tree structure by joining patches together to form a comple{&modeheet

al, 2013)These are created using user defined initial patch sizes to adjoin points, before refining

the patch sizes using minimum and mmaxi sizes to create a complete maties. allows the

coarse branch structure of the tree to be identified (FiguBegmented Point)C&eations

are then generalised as cylinders for computational efficiency and as they provide a robust
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22m

Tree Guild

—0m

1.4 m

Herbaceous Guild

= 0m

Raw Point Filtered Segmented QSM Cylinder 2D Frontal
Cloud Point Cloud Point Cloud Model Area

Figured-2 Vegetation trait extraction, from an individual raw point cloud to a cylindrical mode
and frontal aredhe process is demonstrated for two extracted vegetation point
clouds, a large tree within the stedyh collected from UANS data, andsmall
perennial on the central bar collected from TLS, note the difference in scales. Tt
segmented point cloud is coloured by branching order from blue to red, with the

cylinders coloured in the same manner.

representation of tre@R@aumoneret al.2013) These cylofers can then be used to describe
the overall structure and properties of the individual plant (FHBU@SM Cylinder Mpdal

full method description can be foun®aumoneet al(2013) QSM methods have bewted

to overstate the volume of smaller branches and are sensitive to noise in the data along
variable point densiff{Hackenberget al. 2015; Fang and Strimbu, 20X®wever, QSM
reconstructs tree structures in a manner which resolve many of the hydraulically relev

vegetation traits.
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Patch diameters (which are used to determine adjacent points within the same tree) were chosen
following a parameter sensitivity exercise, with the range of values initially based around those
of Raumoneeet al(2013)andBredeet al(2019¥or TLS and UAWLS approaches respectively.

A visual assessment was performed to identify parameters thdtnooskis similar to the

point cloud structure due to the lack of reference data. After testing for the optimum patch sizes
for reconstruction, th€LS scans of herbaceous vegetation initial patch diameter was set at a
size of 0.005 m, with the second Ipati@meter minimum and maximum sizes of 0.002 and

0.01 m. The minimum cylinder radius was set to 0.005 m, prescribing the smallest detectable
branch structure of the extracted herbaceous plants. For thkSJderived tree data, the

initial patch diameteras 0.2 m, with the second patch dimeter minimum and maximum sizes

of 0.1 and 0.5 m. The minimum cylinder radius was 0.1 m, based on manual measurements of
tree branches within the point cloud that were detectable. For each plant model the cylinder
recongtuction and variable extraction was repeated ten times. As the modelling begins at a
random location each time the start point can affect the results, and so multiple averaged
simulations provides a more accurate solution. The modelling produces afnuetiies 0

but for this study height, number of branches, diameter at breast height, volume, and maximum
branching order, were collected. For each metric of interest, the average value and standard

deviation of these values are taken from the ten runs.

The frontal areas of all segregated vegetation clouds were extracted alongside the construction
of the cylinder models, based on the 2D methods descriWadilopoulos (201 7or each
discretised plant point cloud, the data wisrféad from 3D to 2D by collapsing the data along

a single horizontal dimension on a regular grid (BgL2® Frontal Argarhe grid resolution

was set at half the width of the minimal detectable feature resolved by the QSM modelling;
0.005 m for th@LS derived herbaceous plants and L&\).05 m for UAALS derived trees.

4433 Guild Identification

Based on the separated points clouds, each were assigned to a guild based loosely on
hydrologically relevant traits outline@iHareet al(2016)andDiehl et al(2017) As outlined

above, a decision was made to discretise grasses and shrubs using bulk roughness metrics due
to theirrelative homogeneity and the need for-hlglresolution data. Shdmanchindgherbs

and taller single stemmed herbs were identified, with discrepancies in flexibility, branching, and
height, likely to influence hydrology differently. Woody vegetatsofurther split in to two

guilds, those with high diameter at breast heights (DBH) that had low density of trunks and
those with lower DBH that had a higher trunk density. The analysis was preformed separately

for woody and herbaceous vegetation. Asithewas to identify characteristics that would
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separate out the guilds from remotely sensed data, there was little need to compare woody

herbaceous species directly as height would be a dominant component.

In order to assess whether remotely sensedaldtl separate out plants into their guilds in a
statistically robust way, a Principal Components Analysis (PCA) was undertaken to identify
variables which explained most variation within their derived metrics. The metrics used for 1
PCA analysis eve those obtained from the QSM and frontal area calculations which wer:
normalised to remove the influence of different s@dbakhslet al.2017) The principal
components identified were used to inform the classification of reach scale guilds, identify

those variables that most explained thatian between guilds.

4.4.3.4  Linking Traits to Reach Scale Metrics

To scale the analysis from individual plants to the entire reach level, a method of linking pl
scale traits to broader scale data is required. Convex hulls representing the spatial exter
each vegetation point cloud extracted and analysed above were used to define the regions
which UAVALS and UAWS data were extracted. For small herbaceous vegetation, this we
buffered by 0.25 m to account for any misalignment between TLS adbdlavds. For

tree vegetation polygons this buffer was increased to 1 m to incorporate peripheral branc
and leaves removed during point cloud filtering. Polygons for small branching trees and la
shrubs were created based on field observations anil8AWagery. A total of 11 polygons
were created for this combined guild category, with 11 made for grasses, 8 for water classes
5 for gravel bars and bare earth. Within these polygons, multiple seasonal variables v
extracted for scaling local gudigntification to reach scale classification. The structural
characteristics of the point cloud were extracted through TofBtasington, Vericat and
Rychkov, 2012dbtaining the standard deviation, skewness, and kurtosis over a decimated ¢
at both 1 and 4 m resolutions, théefato account for larger vegetation footprints. The 4 m
resolution decimated grid only considered points classified as vegetation in the init
6ground/ otherd point clouds to remove g
Canopy Height Model KB/), a bare earth digital terrain model (1 m resolution) was subtractec
from a 0.25 m digital surface model incorporating the vegetation points. The Normalise
Difference Vegetation Index (NDVI) across the reach was calculated using the red band alc
with both the reekdge and near infrared bands of the MicaSense orthomosaic images
produce two separate NDVI layers. As theetge can be used to separate out vegetation
signatures, using a combination of both was expected to help differentiate Iplsimdasit
structural but different spectral properties. Analysis of structural and spectral data w

performed for each of the four seasons to gain an insight in to how these properties v
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temporally. For each of the vegetation polygons, the attabegeh of these layers for each

season were extracted using zonal statistics. The mean and standard deviation for each attribute
for each season were then calculated across the different guilds for use in the classification
model.

4435 Reach Scale Guild ClasBcation

To scale from guilds created from individual 4L&Vand TLS derived plants, to the entire

reach, an object based random forest classification was undertaken. Object based approaches
overcome some of the issues of variation and complexity iedalghion imagéMyintet al.

2011) improving continuity in the resyl®uro, Franklin and Dube, 2012; Wah@|.2018)

The RGB bands from tmsultispectral camera and the CHM were combined to crdaien 4

image from which to classify distinct objects. The Felzenszwalb Algorithm was applied which
uses graph based image analysis to segment an image into its component parts based on the
pixelpropertiegFelzenszwalb and Huttenlocher, 2004y results in regions within the image

being grouped baken them having similar properties according to the input lapeis)gav

the salt and pepper effect found in traditional pixel by pixel classification apfimuhets

al, 2018)

In total,644 training objects were identified using the previously discretised vegetation convex
hull regions, with multiple objects present within each training sampld-gJahleandom

forest classifier was then trained based on the layers that were deemed to distinguish between
the different guilds, having proved an effective machine learning te¢Ghigmeand

Paelinckx, 2008; Adam and Mutanga, 2009; Adelabu and Dubewi®lb)vater mask

included to reduce errors associated with varying flow stage. An analysis of mogelsaccura

Table4-2 Description of guilds used for training the random forest classifier, showing the

number of training objects from the image segmentation and the training size area.

Guild No. of Training Objects Training Area Size
Grasses 93 321 m
BranchingHerbs 15 25 nt
SingleemmedHerbs 16 29 nt
Branching Shrubs 135 388 m
Low DBH Trees 158 876 m
High DBH Trees 62 238 m
Bars 122 641 m
Water 41 157
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number of forests showed a convergence of accuracy above 100 forests and a reduction in |
importance variability above 300 forests (F#8)e Higher variation in band importance
suggested that the number of trees was influencing the likelihoagptrihahsolution. This

random forest classification was then applied to the remaining objects within the reach.

Due to the limited number of samples being used, there were not enough training sample:
split into a training and test dataset. The-tnedtiapproach of random forests is constructed
on a sample of the dataset and as such can be tested against itself to detatofri@mgn
accuracy score. It also successively adds and removes bands to determine the band impor
in the classificatiofAdelabu and Dube, 2013)ongside this sedlssessment, for the final
guilds classes a total of 80 random points wera@ehacross the study site with an equal
number in each outputted guild. These were manually classified using high resolution ortl
imagery from a UANRGB (0.02 m resolution) survey and study site knowledge. The output
classification was not visible whexlartaking this assessment and the order of the points
shuffled to remove user bias. The classified guilds map was then used to extract the predi
guilds of these points before a confusion matrix was utilised to assess the accuracy of
classification
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80 1 7~ 6
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Number of Trees Number of Trees
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® Band1 Water Mask Sumr NDVI
® Band2 Summer Std Dev
Band 3 @® Winter Std Dev

Band 4 Winter Skewness
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Out of bag accuracy (%)
Standard Deviation in Layer Importance (%o)
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Winter CHM
Summer CHM

Figure4-3 Random forest classifmirt of bag accuracy and variations in band importance for
guild classificatio(l.eft) Out ofbagaccuracycores for different numbers of trees
used within the random forest classification, showing a distinct levelling off ir
accuracy after1 trees are usedRigh) The standard deviation in individual
band importance across 10 sample runs to identify tatwahider of trees bdn

importance bexmesconsistent across all runs, in this instance around 300 trees.
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444 Morphological Change

The M3C2 algorithmLague, Brodu and Leroux, 20Mas employed to calculate

morphological change, whereby the surface normals from a subsampled cloud of core points

(here at 0.1 m resolutiarg calculated, and change along the normal direction is identified with

the calculation of a local confidence interval. This overcomes some of the limitations of

traditional el evati on

benefits of using both SfM and UA® data allows their respective drawbacks to be overcome

mo d e |

di fferenci

ng

whi ch

through combining both datasets. SfM has been shown to perform poorly in vegetated reaches,

whereas UALLS maintains good ground point densities, whereas SfMepragood
continuity and high point densities in unobstructed areas. Therefore, in order to obtain good
surface normals for assessing change the two clouds were mefgedseeand Leyland
(2021)Yor error analysis) and their vegetation removed through the use of {hi®gessive

morphological filter used previously to produce resultant clouds which were then differenced

using M3C2.

4.5 Results

45.1 Decadal Scale Change

Analysis of planform shift from the year 2000 through to 2020 has identified that the channel

is highly molbé, experiencing rapitlangén places as well as more gradual evolution in others.

From the 586 bank transects cast, the average SCE (extent of bank movement) was 38 m whilst

Table4-3 Transect statistics ®hing the difference between large vegetation present and

absent sections, for when avulsions are included and exdludéss to the

number of transects within each category.

SCE statistics for each scenario

N Mean Median  Std. Deviation Max
Large Vegetation Present
(Inc. Channel Reoccupatiol 220 48 24 41 121
Large Vegetation Absent
(Inc. Channel Reoccupatiol 348 35 21 27 101
Large Vegetation Present
(Exc. Channel Reoccupatic 290 10 8 7 47
Large Vegetatiofbsent 339 29 16 18 72

(Exc. Channel Reoccupatic
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the median change was 25 m. The smallest change was 1 m whereas the largest was 1
Comparison of sections with large vegetation present and absent suggests there is a gr
averagenobility in vegetation present sectidrable4-3). This goes against the assumption
that vegetation helps to reduce channel mobility. Howeuee4-4 suggests that the areas
where the channel has remained predominantly stable through time hawgstatienv
influence. Of the four areas of significant change, only one appears to follow the traditior
meander development model of lateral erosion leading to a cut off, with the three remaini
sections showing likely avulsion or previous channelpaticouAnalysis of channel mobility

0 60 120
| I M aximum Planform Shift (m)
2000 2006 2008 2009 2013 2015 2016 2018 2020
120 120
A B ].arge Vegetation Present B B arge Vegetation Present
[ Large Vegetation Absent [ rLarge Vegetation Absent

100 100
80 80

60 60

Number of Transccts
Number of Transects

40 40

20 20

0
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Maximum Planform Shift (m) Maximum Planform Shift (m)

Figure4-4 Results from the decadal DSAS analygisPanel: DSAS results showing channel
evolution from 2000 2020, with leftand righthand banks digitised for each year.
Spatial variability in maximum planform shift is shown in blue. Bottom Panel: A
shows the range of SCE values from both thereftighthand banks combined,
for sections classed as containing large vegetation and those that do not. B shc
the SCE values when the effects of avulsion are removed from the data, for bot

large vegetatigagresentind absent sections also.
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excluding thse avulsions indicates that reaches with large vegetation present have lower rates

of lateral mobility, and that there is evidence of large vegetation reducing rates of planform shift.

Figure4-4 (A) and B) compares frequency of SCE values for sections with and without large
vegetation being present, including and excluding avulsions. For reaches with large vegetation,
removing the avulsions has a notable impact on the distribution, with many more transects
falling within smaller SCE values. Although this shift is seen in the transects without large
vegetation also, the change in distributions is less prominent and is supported by a smaller
change in mean values, dropping from 35 m to 27 m for large vegésdiat reaches and

from 48 m to 10 m for reaches with large vegetation present.

""" Teme 2000

2
4 e N | Y | - Teme 2013

T Metres

12?3

Elevation (m)

Figure4-5 Historical analysis of avulsion development across the flodtieldop panel
shows two developing chann@sand B)across the floodplain and one channel
neck cut off (C). The bottom left par@h&nneA) shows how this development
is influencing successive planfshiit, and the bottom right paséChanneB)
demonstrates how this is linked to overbank flow
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This channel switching appears to involve reoccupation of former channels that have lov
floodplain elevations during overbank flow evé@his.three erosion channels in Figlge

show the stages of progression. Feature C demonstrates a completed channel neck cut off
double meander bend. Both features A and B appear to be developing during flood events, \
the orthomosaic insets showing the overbank flow captured duidog @vent and the
resulting channel position post flood for feaBir&his implies a consistent pattern in new

channel development that occurs during successive overbank flow events.

4.5.2 Hydrologically Relevant Trait Analysis
4.5.2.1  Extraction and Analysis ofTraits

The QSM analysis appears to output visually sensible results and produce models approp
for the vegetation being moddiseeFigure4-2). Tabled-4 shows the standard deviation of a
selection of QSM metrics as a percentage of the mean valepedhenodelling was more
consistent for larger vegetation, with lower relative standard deviations. However, for sol
metrics such as number of branches, herbaceous plants with few branches may be adve
affecting the results. For example, plants vaterds having errors of +1 branch is a 20%
difference, whereas for 20 stems this is only 5%. Overall, model repeats appear to have ¢
agreement with one another, and provide a basis for separating out vegetation with sim

hydraulic functional trait

Figured-6 shows the PCA plots of herbaceous vegetation metrics from the T8 )saaahs
woody vegetation metrics from the URY scan@B). It is clear that some separation of points
through dominant metrics is possible, with both plots exhibitingrimcipal components
capable of separating the defined guilds. Panel A shows the PCA plot for herbaceous vegeta
Height is a clear component between each guild, as well as volume. Although the numbe
branches was not a key component for sepagaiildg, branches per unit height explained

some of the variability in the data. Taller plants may have a similar number of branches, an

Table4-4 Standard deviations in trait values as a percentagaeéthealues for herbaceous
and tree guild&uilds aggregated to include all herbaceous and tree data. Expresse

as a percentage of mean due to the varying scales of data between the two guilc

Height  Number of Branches DBH Volume MBO
Herbaceous Guild  3.87 16.77 17.83 12.18 17.52
Tree Guilds 1.16 8.79 15.58 12.89 15.00

83



Chapter 4

A 1 - & *  Branching B 1

. High DBH, Well Distributed
Branches Per Unit Height *  Single Stem

L] Low DBH, Top Skewed

Number of Branches

tn

/ \
/ DBH
& . . \

Principal Component 2
)
)
<
£
2

Height ) L
Vertical Skew

1 -0.5 0 0.5 1 0.5 0 0.5 1
Principal Component 1 Principal Component 1

Figured-6 PCA analysis of both herbaceous and tree guilds to investigate differences in trait
characteristicsines indicate direction ehchvariablethat explains variation in
the data.

accounting for plant height produces a density of branches independent of size to help explain
plant structure. Of the four identified components, only igktheidentifiable from the UAV

LS data for upscaling, however, point density and spectral properties may improve guild
separation. Panel B shows the PCA plot for woody vegetation. Height is less important in
distinguishing the two guilds than for hezbaes vegetation, yet trees under or over certain
heights are likely to be one guild or the other suggesting minimum and maximum threshold
values. For separating guilds, the most important components appear to be DBH and vertical
skew which was expectedhas was the basis for initial guild classes. DBH cannot always be
easily extracted from UA\NS data if it is incomplete, therefore as the vertical distribution acts

in the same component direction, this can be used as a potential method for diffjerentiatin
guilds. There is however considerable overlap in both of these PCA plots for woody and
herbaceous vegetation. There are dominant trends such as the DBH and plant height for
separation, but there is considerable variation within the guilds for thein§g8Nnktrics

which may impact the final classification.

45.2.2 Linking PCA Clusters toReachScale UAV-LS Data

Figure4-7 shows the results of the seasonal analysis of different variables derived from UAV
LS and UAWS imagery for each of the guild classese Hrerclear variables which can
separate different guilds with ease, for example the height of the canopy is a key indicator

between woody, herbaceous, shrub, and grass guilds. Separating out similar guilds does appear
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| e

CHM

Std Dev Elevation

Vertical Skew

RE NDVI

IR NDVI

Figured-7 Results of seasonal analysiaXiX within subpley of different reach scale metrics
(Y-axis) from UAWLS and UAWMS data for each identified guilda@{s)The
point clouds at the toprovidean example point cloud of each guild class, with
canopy height ranges acquired from trait extraction for the four analysed guilds at
from the reach scale analysis for the remaining grass and shrub guilds. Error b
indicate one standard deviation ardhednean, CHM (Canopy Height Model) is

given in metres.

to be more nuanced. THeggh DBH and_ow DBH woody guilds both have very similar values
andseasonal patterns of changes in NDVI values as well as in their height. This is unsurpris
as the PCA analysis showed, with height not a dominant factor in explaining variation w

numerous samples showing crossover. Vertical skew did show guildrsepdtatthe
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samples used for QSM analysis collected in leaf off conditions4Higiaes suggest that
changes in winter skew are visible between the two guilds, with a smaller amount of crossover
as expected. Spring, summer, and autumn skewnessnioremtive, likely due to leaf on
conditions effecting full tree reconstruction, with higher variability in results between the sample

areas.

Separating out herbaceous guilds is also a challenge. Elevation values for single stemmed herbs
are more varidd and cross over in to grasses and-hraltiching herbs. However, the mean
elevation values are higher in line with the PCA analysis and may enable herbaceous guild
separation. Likewise, the average skew values help to differentiate between atpsadbebut
variability in the data suggests it is harder to separate by structural content alone. Conversely,
spectral data shows great promise in differentiating between guilds. Both the absolute values
between herbaceous guilds show different as wedliaselasonal patterns especially when

utilising the red edge band for NDVI calculations.

4.5.2.3 Creation of SeasonalReachScale Guilds Maps

The resultant classification from guild classification can be shown it-8igithemany areas

being classified agpexted. There appears to be an over classification of the branching shrubs
class based on initial comparisons with @nlagery, whereby the edges of larger vegetation

and some predominantly grass regions appear to have been misclassified. This tnay be due
the large variation in structural and spectral characteristics of this guild which were less well
accounted for. Herbaceous guilds were predicted in areas that were expected, in mobile areas of
the channel were larger vegetation would find it motengiad) to establish. The -@ftbag

accuracy score when training the random forest classifier with 300 trees was 87 4£2%. Figure

A shows the importance of each band in the classifier, with structural elements proving key in
separating guilds, especialyng summer standard deviation of point elevations. The near infra

red band and winter standard deviation are the next most important elements, with the
remaining individual spectral bands providing a smaller contribution to the classification. The
highe importance of the two NDVI layers implies that providing the classifier with analysed
image data is more useful than individual bands alone. Likewise, the canopy models alone are
less informative than the variation in elevations when detecting quploidinguthe use of

manipulated rather than simple metrics to help improve classification.
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Figure4-8 Resulting classification from reach scale analysis for the areas covered by b
UAV-LS and UAWS dataNote the over classification of shrubs and bushes,
especially at the edge of larger wooded.guild

The confusion matrix can be seen in Figl®&®& comparing the number of check points that
are correctly and incorrectly predicted. The overall modelcgdsus0%, lower than the-out
of-bag prediction. However, this is not surprising as training areas were delineated basec
complete structural profiles for the QSM analysis and the total number of samples used
training was small relative to the pdssiariation across the reach. There was a general ovel
classification of points as grass guild, with only one grass control point incorrectly classec
branching herbs. Branching herbs which are more detectable from imagery and likely to ret
more lasr scan points were classified reasonably well, only being misclassified as grass. S
branching herbs however were relatively poorly classified (50% accuracy), being misclassifi
grass, branching herbs, and even water. However, their narrove sdnatsparse spacing
make them hard to identify from coarser imagery and they return fewer laser scan points. 1
class also exhibited the greatest variation in values when using reach scale metrics to ev:
guild samples. Shrubs were predominargblassified as branching herbs and grass, this may
be due to the object segmentation not always isolating complete plants or including surrounc
ground points which may have affected the classification. Low DBH trees with a top skew we
classified welly the model, most likely due to their larger heights and winter skew, where:
higher DBH trees were misclassified as both low DBH trees and grass. The former likely ¢
to the difficulty in separating out these two guilds which have subtle differeectsnin
classification layers such as winter skew, and the latter from surrounding data being include
an object likely from shadowing continuing an object outside its true bounds. However, of
20 tree check points, only one was incorrectly cthasifgeguild with clearly different traits

High DBH Tree as Grass (see Fighg
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Figure4-9 Individual band importance in the final classification and confusionfroatrix
the accuracy assessmé&he band importance represents the contribution of an
individual layer to the final classification. The confusion matrix demonstrates for
which guilds the classification struggled, showing aolassfication of grasses
and the poor detection of singtem herbs. The overall classification accuracy was
80%.

45.3 Morphological Change

As is expected, the majority of morphological change occurs over winter months when there
are high flowgFigure 410) Conversely, over periods of lower flow during the sunatrer b

the extent and magnitude of change is reduced. Throughout the first winter period erosion
occurs on the outer bank edges with fairly consistent planform evolution throughout the reach.
Deposition is evident throughout the entire reach, however egionsiderably more
dominant than depositipwith almost 14,000%0f net erosionThe second winter appears to

have more localised effects on morphology, with clear channel reshaping through the upper half
of the study area. This has led to considetaptesition on both sides of the channel in areas

of previously active erosion as well as localised erosional htZR680 mnet erosion)

Both histograms within the winter seasons show a dominance in erosioii lugasaiih line

with previousdngterm analysis which shows this as an area of high mobility with previous
channel reshaping occurring. Over both winters, morphological change in the tree dominated
downstream reach has undergone similar levels of change with areas or erosioriamd deposi
influenced by the presence of large vegetation. Both summer periods have a greater degree of
stability, with erosion and deposition taking place but in lower magiihisiesconsistent
throughout the reach with no hotspot areas of either depasiterosionwith deposition

showing to be more dominant overall
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Figure4-10Morphological change throughout the monitoring period, showing the spatial
variation in erosion and deposition as well asghehange in sedimeiite
dashed line for the time period of Febraalyly 2020 indicates a separation in the
analysis. Left of this lirmmparisonsvere made between February and July,
wherea®n the right they were made between February and Saptemluly,
only half of the survey areas was captured. The stability of the reach over summn
meant that it was inferred that any changes for this lowafrthalfeacletween
February and September were likely to have ocduried the February tuly
period where morphologi@adtivity was more promineithe histograms adjacent
to each time period show the distribution of magnitude of change, and whether thi

tends to be favouringeterosion or deposition.

4.6 DISCUSSION

46.1 Multi -Decadal Evolution

The multidecadal evolution for this reach is complex and analysis of the formation of ne
channels implies that flood events might be a key control on the switching from one channel
another and the reoccupation of former channels. It is not posssollat® a single variable

that may cause such switches to take place, such as particular flow thresholds, bas
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conditions, vegetation, or soil characteristics. However, it does appear that areas influenced by
large vegetation experience less locabsédelvolution, with the vegetation constraining the
channel to some degree. This does not appear to stop large switches in channel position into or
away from vegetated sections. This implies that vegetation is playing a role in the stabilisation
of channea up to some, as yet unidentifiable, threshold. The reoccupation of former channels
implies that vegetation plays a lesser role than topography in these conditions, suggesting that
whilst vegetation can have controls on channel evolution, thgsemoopic feedbacks are

locale and flow condition dependent. This supports the concept of vegetation acting as river
system engineers and providing an influence on channel morfBalogyl, 2014and that

varying vegetation densities may be impacting the resistance to morphological evolution
(Bertoldi, Drake and Gurnell, 2QIMherefore, at a decadal scale, although vegetation may not

be the sole control on planform evolution, it is shown to be an important factor in this reach of

the River €me.

4.6.2 Trait Extraction and Guild Formation

Current measurements of plant functional traits are still predominantly ground based and
therefore limited by on site aco@smquist, SternerdaRalston, 2019)equiring extensive

sampling to extract enough data to create guilds relevant to a particyleugstBttpmberg

and Merritt, 2016; Diekl al.20T; Hortobagyet al.2017) Remote sensing of these traits is
therefore a potentially novel way to collect data across large areas, depending on the vegetation
size and methods of data collection. Althcumlground truth data relating to traits was
collected in the field, the assessment of variability in model construction suggests that the final
cylindrical models were of good fit for the point clouds collected. This suggests that the use of
remote sensing collect structural trait data has an important role to play-ge@oorphic

research moving forward, especially once-affeden terms of time and spatial extent are

accounted for.

The use of prdetermined rather than site specific guilds was a method empRytekfigld

et al(2020)n the basis of guilds outlinedirhl et al(2017) The sites used in both of these

studies were similar, and the application to a temperate UK based site is challenging. However,
the comparatively smaller sample size utiad study, and the lack of a comprehensive guilds

list for riparian vegetation, made using predetermined guilds desBriblelciral(2017)xand

O'Hareet al(2016)ustified. The lack slitable ultrighresolution data reduced the number

of herbaceous guilds to two, on which most distinction could be observed. The variation in
woody vegetation created two guilds within this single previously outlined guild, as they were
likely to havelifferent hydraulic effect traits. This basis appears to have proved effective with
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differences in structural characteristics which are likely to impact flow and subseque
morphology noted between the guilds during PCA analysis. Predominantly smglk stem
herbs were taller, likely due to their improved structural standing, and although the number
branches was similar the number of branches per unit height was different. A taller, stronc
and less branching herb is going to have a distinctlyntliffgsact than a shorter more flexible
one (Nepf and Vivoni, 2000; Jarvela, 2004;-3amsen, 20Q8Being able to differentiate
successfully between these two highlights the success of the survey and trait extraction mett
Likewise, the difference in flow conditions between low DBH trees that are closely packed
less densely geed high DBH trees may show a resemblance to the influence found at small
scales on plant dendifsiveld, 2002b; Kim and Stoesser, 20h#&)relationship between DBH

and vertical skew is not surprising; considering the higher pleugt deasity the competition

for space is likely higher, resulting in more mass higher up the tree profile. As plants cannot
be easily differentiated by their DBH, using vertical skew gives promising results for upscal
to larger areas whereby ALS/eys may be able to differentiate between woody guilds for

better informed hydrological analysis.

However, UAVLS has been shown to overestimate canopy reconstruction (Bledset

al, 2019)which mirrors the over complexity demonstrated in Hgu@SM Cylinder Model)
with some awkwardly orientated cylinders. Extracting traits using remote sensing is novel
can outcompete growédsed methods for coverage but is not yet likely tb thataccuracy

and interpretive ability of-freld measurements. Moreover, use of TLS is highly localised with
a limit to the survey extent that can be cap(Legpie, 2020neaing only a small number of
samples can be analysed which may not reflect the full variation in vegetation morphology fr
differing hydrological and environmental conditions. The-L$AWata, although covering
more ground, does take significant leveisefto posfprocess and extract multiple individual
vegetation models, although as the spatial extent of coverage increases, the time gains im|
as the same vegetation models can be used to classify increasingly larger sites. Algorithms:
can extret traits and classify large areas are likely to improve with the increasing availability
very highgrade commercial UAMNS surveying equipment in much the same way that SfM

methods developed, beginning to rival the resolution and accuracy ebgsxiidS.

Currently, UAV remote sensing methods can only obtain above ground structural traits, a
although these make up a significant component of hydrologically relevant traits, they
eliminate the collection of traits such as root structure, stamdjfiiant flexibility. Both UAV

LS and TLS also struggle to capture the complex structures of shrubs, with TLS requiring 1
many scans to resolve the structure of enough samples afdsUaving too low point
density and canopy penetration for suchpt®abranching. However, methods pioneered by
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Manners, Schmidt and Wheaton (2618) help to overcee this by relating vertical profiles

from TLS and ALS data to enable upscaling to larger extents.

4.6.3 ReachScale Guild mapping

The benefits of remote sensing of plant traits does not come from individual plant analysis but
from upscaling to larger extentsing the same datasets provides continuity between both the
individual analysis and reach wide guilds. Finding common features of defined guilds is more
computationally effective than analysing individual plants throughout the reach at present.
Using strutural characteristics of the point cloud alongside spectral properties across time
allows the absolute and temporal patterns of each layer to enhance guild classification. It is clear
that distinctive separation between guild types can initially be roadepyrheight, with this

providing the clearest initial separation. The need for seasonal data is emphasised by the
herbaceous guilds, whereby height is a useful separator but has large variability, whereas winter
and spring NDVI values are more effectsugporting previous work emphasising the need

for seasonal data to improve -geomorphic resear¢Bertoldi, Drake and Gurnell, 2011;
Nallaperuma and Asaeda, 2028jiations in NDVI were distinct between sehguilds, both

in absolute values and seasonal variation. Single stemmed herbs appear to be more seasonal,
with lower winter values than multi stemmed herbs, whereas shrubs NDVI experience a dip in
spring surveys as a consequence of flowering affpetttglsproperties. When investigating
differences in woody guilds, winter data collection is key, as in leaf off conditions the full tree
structure is captured in more detail and so differences in skew which are related to DBH are
better captured. Laterthe year, these variables become more overlapped between guilds with
greater variation. Therefore, the timing of data collection will likely impact classification results,
with some guilds being better separated at different times of the year. Fathivetseto be

applied elsewhere, it therefore follows that a seasonal monitoring approach is required.

The use of random forest classification for this study site has been successful and builds on the
growing body of research for their application to tagblution classificatioif€han and
Paelinckx, 2008; Adam and Mutanga, 2009; Adelabu and DubélzOmSclassifications

from the random forest classifier are in line with misclassifications experiBotedfigjdet

al. (2020)when using multispectral imagery alone, with most misclassifications dgnappenin
guilds adjacent and most similar to the true class. Woody guilds appear to be buffered by shrub
guilds, potentially resulting from the image segmentation not delineating the vegetation edge
successfully. These locations are likely to have lowes tedaghts and so be misclassified as

shrubs, whereas a better image segmentation may avoid these issues.
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The resulting classification accuracy (F&g8rand Figure-9 B) shows promise for linking

local scale trait modelling to larger guilds, with geparation between broad guilds and
promising initial results for separation between similar guilds. The presence of herbace
species in the active meandering section is as expected, as these are more adaptable to ch
and flood conditions whilstréger woody species are seen in more stable sections of the rive
when compared to the historical change, as these species require more stable hydr:
conditions(Kyle and Leishman, 2009; Stromberg and Merritt, 2016; &ali&¥018) The
classification herein advances workBoyterfieldet al. 2020who used imagery ttassify
species and subsequently assign guilds, whereas this method uses the structural and sy
characteristics to designate the spatial distribution of guilds, removing the species identifica
component. This is important as the same speciesigpiay ¢darying traitlased on their
proximity to the chann@Hortobagyet al.2017jand as such, using the physical characteristics
of plants can be seen as an advantage. The use of image segmentation tordlelireeatess

also helps to reduce the salt and pepper effect afesightion data classifications and so
provides an effective method when looking at high resolution structural and spectral feature:s
a reach.

4.6.4 Eco-Geomorphic Change

Given the hydrologyf the river the majority of morphological change occurs over the winter
monthsas expectedlhe temporal resolution of the surveys is not capable of picking out
whether this is the result of a single flow event or continuously high flows, howeear it is
that significant geomorphologicaprefiling can occur within a single winter. There appears
to be more localised evolution ingkeond winter of surveywhereas thigrst winterappears

to show more continual response throughout the rElaekingular lower peak in water levels

for the second winter as opposed to several higher peaks in the first (séd Fayggests

that priming may be more important for large avulsions, whereby a singular flow event of lov
magnitude can incite a gegaiesultant planform shifthe response in summer is much smaller
both in terms of deposition and erosion, with little morphological change occurring
unsurprisingly. What change does occur may be from reductions in bank support from hi
flows leaving ks exposed to collap@haoet al.2020) The largest areas of change appear
to be within the reaches absent of large vegetation, with the stable patches aligning well

those identified in the decadal analysis.

It is difficult to extractrey definitive link between the types of morphological change occurring
and the underlying vegetation. It is clear from the historical analysis that although vegeta
plays a role in morphological evolution, it is not the sole driver of change. Thlseare
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number of unique features in the reach which are hard to categorise or group, morphologically
speaking, with different vegetation patterns, hydraulic conditions;@xidtjprg morphology
adding complexity. However, by grouping guilds basediopateatial ability to influence
vegetation, and categorising erosion and deposition into bands of morphological change in
either direction, it is possible to visualise the links between vegetation and morphological

change.

Increasing vegetation
stability
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Figured-11Bivariate classification of gg@omorphic process form interactions, with examples
highlighting the stabilising effect of vegetatiba.bivariate colour scheme shows
both the impact of the likely increase in stalvibity ¥egetation (red to green) and
the increasing magnitudes of geomorphic change (light to dark Sheo&f)ws
both the presence and potential influence of vegetation to be mapped together.
Vegetation stability was classed by grouping grassedanshinebs and bushes,
and differentvoodytree guilds. Morphological change was split 1 t@,0t2 m,
and greater than 2 m of change, regardless of whether this was erosion or
deposition. Insets show patterns of erosion and deposition againsetice @ued

absence of larger vegetatioross various sectiarfghe reach.

Figured-11shows a bivariate classification of vegetation stability and morphological evolution.
Grasses and herbaceous guilds are grouped along with bars as havingdhghtdagtaal

stability, followed by shrubs, and then woody guilds. Morphological evolution was split into 0
to 1 m of change, 1 to 2 m of change, and greater than 2m of change, which were chosen to
represent the majority of change values. It is cleardsiadf the reach is shown in the lighter

colour tones indicating low magnitudes of morphological change. However, areas with higher
morphological change begin to become more apparent for areas of little vegetative stability, for
example on the outer meanbtanks in several places. Darker oranges and purples are dominant
in comparison to the areas of dark green. Although compared to the overall areas of each

vegetation stability class you would expect fewer dark green regions, there is clear evidence of
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light green patches where dark green patches may be expected had the vegetations stab

effect not been present.

Some of these sections are highlighted in the panels ofdFidudentifying regions where
erosion may be expected but is not pregbatefthand panedhows a double meander bend,
the first which has a heavily vegetated bank and the second which has little establis
vegetation. The total change in these two sections is dominated by erosion in the sec
meander bend which has a smularvature to the first. The second bend does contain a
knickpoint caused by overland flow which is not present in the first bend, yet the bend exit a
shows far less erosion. Therefore, it is suggested that this dense patch of vegetation is he
somestabilising effect, with soil cohesion increased, and flow velocities rHueioeahtral
paneis just downstream arsdconstricted in planform bgtablished vegetation, which despite
substantial reworking across the survey period has remaineslyrekaipe andxhibits
deposition close to the vegetation on thdabaftd bank. Subsequently, not only is the vegetation
acting to stabilise banks, but likely slow the flow to encourage deposition in this area. Fine
the righthand panedt the entrace to the region dominated by woody guilds is characterised
by a large cut bank several metres in height that is progressively eroding, with the bulk of
erosion occurring just before entry into this woody guild dominated section. The vegetation
theouter bank is likely to play a stabilising role on the bank, until undercutting and removal
these trees occurs. There is evidence of such undercutting in actiod-{2)gsteygesting

that vegetation provides additional stability only as favas éhgeshold, as was suggested in

relation to the lonterm decadal analysis.

4.7 Remote Sensing of Plant Functional Traits: What Next?

One of the key benefits of using remote sensing is the ability to quickly capture datasets c
scales not possible witlogndbased surveying. It is clear from the analysis herein that althougt
the collection of data is fairly straightforward, the subsequent post processing time has to
taken into account. Yet once data has been processed, and the seasonalityagtjinesdata
through spectral and structural characteristics, the success of the classification suggests
guilds can be classified for other sites that contain similar guilds, such as most temperate
rivers which display these prominent guild {ypekareet al.2016)in much the same way as
other research has used previguild classes for similar environmental condifegs
Butterfieldet al. 2020) It also allows guild analysis for regions that are more remote and les
accessible to more traditional sysv This improves the applicability and usability of traits

methods when compared to more traditional taxonomic vegetation discretisation approache
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Figure4-12 The impact of undercutting within a heawibpded reach, highlighting how the
i nfluence of vegetation on and interactior
cycle.The resulting creation of debris dams may lead to greater flow diversions,
localised flooding, or scour points, changing theofalegetation from offering
stability to iducingerosion.

Combining vegetatiorstructural and spectral dqvides the opportunitip upscale to
datasetsollected via other platformsith high resolution satellite imagery and ALS datasets
offering the potential to improve the impact of such classification methods. This also allows the
direct measurement of trait variability rather than investigating species variability and
subsequelyt linking these to traits. The use of purely species data may remove some of the
nuance in their traits, based on location, and so limit the applicability to fluvial research.
Currently, the main difficulty with trditassed analysis is getting adequeatte aver large

enough areas, this methodology provides a potential starting point from which a set of tools to
classify different hydrologically relevant guilds across larger areas can be based. This may
overcome some of the scale issues in linking ugdemorphic change which are currently
known. Currently most largeale studies link evolution to vegetation presence, and small
studies are too localised to be applicable across wider areas. This research, although not large
enough to be able to linkilgls statistically to morphological evolution, demonstrates that by
upscaling to combine enough hydraulic and morphological conditions may allow this to be

possible.

It is important to understand how the role of guilds may change 4Fi@steows a prand

post image of the channel in this section, suggesting large scale mobilisation of large wood.
Being able to identify these changes is key, because the functional role large vegetation plays in
the river corridor changes depending on its life stagdataisuggests that large trees helps to
stabilise the channel, likely through increases in soil cohesion and slowing flows during the flood

stage. However, once a tree is undermined by erosion and collapses to form large woody debris,
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it provides an inease in in channel roughness and turbulence, diverts flow, and leads to kno
on morphological impac{deffris, Darby and Sear, 2003; ®tal. 2010) It is therefore
important to consider that guilds and their influence are not stationary, bey thia tdynamic
through time both in terms of seasonality and life cycles. This must be considered when look
at the implications of guild dispersal and modelling, as the impact of changing from one st
to another needs to be accounted for. Althoughtedimporal evolution of guilds was not
investigated, this presents itself as an area of future work, and the possibility to investigate tr

based methods to classify woody debris based on the surrounding vegetation structures.

The classification inputsedominantly focussed on structural and spectral characteristics o
the vegetation; however it is widely shown that traits vary dependent on their underlyi
hydraulic and environmental conditions. It is therefore not inconceivable that such metrics v
be used in future, such as to show inundation frequency or extent, to determine the like
composition of traits in these regions. This may take a more holistic approach and in ca

where less structural data is present, allow for a more robust dtassifigatids.

There are however several limitations to the methods. Variations in traits undetectable fr
TLS or UAVALS methods will limit the ability to detect features for certain types of guild, sucl
as those too small to resolve including differastegs or those with too complex structures,
such as branching shrubs. Both of these are prominent features of UK river corridors and
their ommision from the analysis is a limitation. However, they can still be mapped but wot
require in field trait dection or species identification for the use of trait databases (e.g. TR
(Kattgeet al.2020). The remote sensing equipmesed for this resear@not cheap (see
Tomsett and Leyland, 202ibting that our custom system is considerably more economical
than commercial ofthe-shelf packageand requiea degree of expertiseprocessing and
manipulating the data. However, commercial improvements are seeing more easy to def
cheaper, sensor systems being brought to the market, likely to have a positive impact on
geonorphic researcim terms of atlwing broad uptake of the methods developed herein for

applied monitoringnd river corridor management

4.8 Conclusion

We have presented a naweithod forcollectingand extracting vegetatifmmctional trait data

that is relevant tecageomprohic researcHerein we usedAV-LS and UAWS datasets

to advance our ability to collect high resolution 4D datasets, improving the spatial and tempc
resolution of riparian vegetation monitoring and geomorphic change detiémtiog usto

gain an insight into how ripairan vegetation evolvee betler discretise the spatial variation
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of vegetation in a manner that is applicable and scaleatdkrge river reachés such, we

have been able to provide insight in to how-tragedrameworks for vegetation analysis can

be linked to trends and patterns in morpholoigical evolution at scales that were previously not
attainable.We have also outlined the limits for current trait extraction from remote sensing
techniques. UAVS can chracterise larger vegetation structures and be used to upscale local
TLS models, but even TisSimited in its ability ttharacterise the spatial complexity of some
vegetation traitat the resolutionrequired tdink with geomorphic chang&his buildson

current research which has analysed ecogeomorphic interactions on small river sections, or used
species based imagery classification to determine large variations. The use of remote sensing
allows data to be captured, analysed, related to broadestaistsss, and upscaled to include

larger reaches. Simultanously, the same data allows for the collection of topographic responses
to flow events which can be linked to the variation in vegetation. This analysis uses seasonality
to improve the classifition of guilds via chages in structural and spectral properties, advancing
current methods available to the ecogeomrophology comnidesyite some noted

limitations, thigesearchepresentsin importanstep towards better discretisation of traits

across greater scales andiuhtbers thepossibility of implementing widespread ttaited

research.

Future research is needetht@stigate thiemitsof variousemote sensing methadselation

to theirability to be used for traits extarction and thenepsove understanding of a systems
ecogeomorphievolution Of particular note is the currently untapped resource that exists in
relation to coarse scale global coverage of land cover from whicbrvégétaticould be
extracted using methods such as those presented herein to link the scales dhesmlysis.
methods offer dridge across sclaes, within wheltonsider the ways in which riparian
vegetation within the river corridesrmaped evalueed, and modéed through timewith
implications dr establisimg new insights into the functioning of @m®mmorphic systems

across scales ranging from river sections to intercontinental basins.
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Chapter 5 Accurate representation of  seasonal
vegetation structure in a hydrodynamic

model.

51 Abstract

The influence of vegetation on hydrological and morphological processes is well recognis
but research to adequately represent viegeita hydrodynamic models is more limited in
comparison. The wuse of bulk roughness pat
to account for spatial variations in vegetation, but the ways in which these bulk roughness va
are assigned andiesmted are subject to inaccuracies. Moreover, they will often take little
accouninto the different structural roles of vegetation or their complexity through time, sucr
as seasonality and colonisation. Within this paper we investigate the impé&ereéhat di
representati@of vegetation and their seasonality have on model outcomes. We identify th:
switching between different methods of vegetation discretisation has a large impact
subsequent morphology and hydrodynamics. The timing of seasopes caanlead to
different evolution sequences and that the use obtiadgd methods to represent vegetation
can better represent channel stability in some locations but over stabilise the channel in ott
The use of seasonal parameters led to plaefaiotion more akin to that identified through
field observation, but that flood extent may have been better matched usivasédits
approaches. The sensitivity of the model to changes in roughness values is discussed as v
the large impact a stturally based approach has. Moving forward, further investigation into
the sensitivity of models to different vegetation parameters is required to fully understand h
changes in vegetation composition may influence morphology. Any decisions made us
hydrological monitoring which have a vegetative influence should acknowledge the importar
of correct parametrisation, with such decisions being increasingly likely and important undel

everchanging global hydrological background.

Keywords:Vegetationtydrology, Modelling, Traits, Roughness, Geomorphology, Seasonality

5.2 Introduction

Vegetation plays a crucial role in river corridors, affecting flow ve{Seitiddensen and
Pedersen, 1999; Whittakeal.2013and increasing cohesion ia fubstrat@/Viel and Darby,
2007; Gurnell, 2014yegetation can alter channel sl{Apdrews, 1984¢reate variations in
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water eleations and slop&vang and Wang, 200impact deposition and erosional patterns
(Gran and Paola, 2001; Bertoldi, Gurnell and Drake, 28adlgrovide root reinforcement

(Zhu et aJ.2018) These influences happen at the local scale of individual plants through to
patch and reach scale interactions between blocks of vegetation, with different plant structures,
densities, and spacialf important factors in controlling the flow of water and channel
morphology(Nepf and Vivoni, 2000; Sadeinsen, 2008; Kim and Stoesser, 2838 result,
vegetation is also seen as anpalesolution to reducing flooding impact through the
implementation of natural flood management technifliese, 2017)with specific
interventions for local catchments having potentially significant ifepgctiacksoet al.

2008)

Due to the difficulties associated with measurement and observation of natural river systems,
fluvial geomorphologists often resort to the use of morphodynamic models to study the
interactions between flow, sediment and morphdlmyg recenyl, in recognition of the first

order control that vegetation can exert on a fluvial system, many studies have sought to try and
incorporate vegetation controls into modelling frameworks (see the thorough reviews by
Camporealet al(2013)and Solariet al(2016). For reach scale 2D modelling, tiarian

vegetation type and structure are typically accounted for by providing a roughness value assigned
to each vegetation type, which cawdeed spatially to account for vegetat@mposition A

typical approach would be to use the lookup table for flow in different channé&gidwm

(1959) with many modelling studies using such an approach. This can be used to determine
variabilities in roughness val(@sbbyetal, 2003b; Casadt al. 2010) with more complex
implementations considering depth variations in rougliAederson, Rutherfurd and
Western, 2006)However, errors introduced through the introduction of unsuitable
classifications can lead to errors in water levelsiofetieqStraatsma and Huthoff, 2011)

and matching field observations or classifications to reliableessighrameters is subject to
seasonal variations, survey resolution, and researcher eXfemgptal.2017)

The current state of the art in terms of vegetation structural representation in 2D models is to
define X, Y and Z so that individual elements can be explicitly m{@edeato an&aleh,

2011; Vargdsunaet al. 2016) However, such discretisation across vegetated reaches has
hitherto not been possible, relying on manual measurements of individual plants. Similarly, with
one or two notable exceptions, more sophisticated representation of lroe ahd
floodplain vegetation in models has not been undertaken, despite advances in the high
resolution characterisation of vegeta(Butterfieldet al. 2020; Tomsett and Leyland, In
Review)Diehl et al(2018)used a traitbased framework when constructing flow response
curves to assess the effects of guilds (areas of vegetatismithfunctional traits) on
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morphological response and vice versa. Likedagpeni, Vetsch and Siviglia (20269d
different tratis-based methods for allocating above and below ground biomass on dynamic b
systems during different flow events to assess mobility changes between different gro
strategies. However, beyond this most functionabaset research has focussed @rlth
observations in an attempt to link guilds to flow and geomorphic inter@ctdimtobagyi

et a].2018; Butterfielet al.2020)

In relation to temporal variation of vegetation (e.g. due to seasonality ancdigspitthheing

well studied from an ecological point of view, it is still rarely accounted for in hydrodynam
model |l ing. Seasonal Manningds n values hz
studies for water surface elevation and dischargedch observed field val&snget al.

2017) The amountf plant biomass, its cressctional area, and percentage cover have all been
demonstrated to explain (Dabonckdeiabn2 089 Ma 0
et al.2010; De Donckest al.2011) and as such it is clear that variations in biomass from
seasonal cycles will influence channel roughihésseasonal variation in biomass has been
closely linked to seasonal variations in roughness through fieldwanatgbig/ariations in
roughness follow the seasonal peaks bibmass is at its great@tirnell and Midgley, 1994;
Champion and Tanner, 2000; Co#obmal.2006; De Donckest al.2009; De Donckest al.

2011) These principles have been accounted for in hydrodynamic m@dgll®gng, Schmalz

and Fohrer, 2014; Soeigal.2017)with Songet al(2017noting an increase in model fit from
using seasonal valwues of Manni ngosfocused De
on the river channel alone, the same principles also apply to floodplain vegetation and

interactions with flow, floodingnd morphology.

53 Aims

The aim of this research is to establish a method for incorporating more accurate spatial -
tempoal vegetation characterisation into ehg&@odynamic model to assess how it impacts
modelled outputs in terms of flow and morphology. This will be achieved througr
representation of a traliesed approach to characterising vegetation within a model doma
simulating a small temperate UK river system, the River Teme. The different model outpt
across the fluvial corridor will be compared to establish the differences that alternative meth
of vegetation representation in a model can make, with rssuksetl within the context of
other studies seeking to analysegeomorphic feedbacks and future research requirements in
this domain.
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54 Methods

5.4.1 Delft3D

Herein, Delft3D (version 4.04.02), an open source depth averaged hydrodynamic model
developed by Deltas, widely used for simulating flow, sediment transport, and morphological
evolution(Lesseet al.2004; Deltares, 2024 used. Delft3D has been widely used and proven

to be an effective and validated model in a number of hydrodynamidesmyd@sitsenet

al, 2008; Williamst al. 2013; Williamst al. 2016; Parsapour, Rennie and Slaney, 2018)
Delft3D simulates dep#iveraged flows using Navstokes equations with shallow water
assumptions and the Boussinesq approximation for density. Bionula¢ions undertaken

here, the use of a 2D rather than 3D approach is deemed acceptable, as a trade off in allowing
a larger domain to be modelled and because the downstream dominance of the flow will
outweigh the importance of vertical momentum exebangthe context of the scenarios

explored

5.4.1.1 Modelling Scenarios

A series of three scenarios were run to assess the impact of vegetation representation on
hydraulic and geomorphic responses (EableThese three models used a combination of
either Mann n g 6 s -based cylindricad madeds for influencing flow, and these were either
static throughout the year or seasonally varying. All other parameters were kept consistent

throughout the modelling procedure to isolate the effects from vegetaton alo

Table5-1 Model runscenariossed in this study, explaining the vegetation representation and

whether these vary through time

Run ID Veg Rep  Time Varying Details
1 Ma n ninn No Traditional Ma nn
2 Ma n ninn Yes Seasonally varyini
3 Traits Yes Seasonally varyitrgitsbased approach

54.1.2 Model Grid

For this model, an equilateral grid compromising of 463 and 143 grid cells in the X and Y
directions with a grid cell size of 2 m was created, covering a reach of the Teme ~0.9 x 0.3 km
in siz (Figuré-1). This was surrounded by a closed boundary except at the entrance and exit

of the study area where open boundary conditions were prescribed.
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Figure5-1 Model domain grid, monitoring locatipaisd water level input@p Panel: Study

site with the 2 x 2 m grid used within the modelling domain shown. Locations A
B, and C refer to locations used for analysing avulsion formation (A and B) and tf
impacts of different vegetation representafioand C) as described in Section
5.52. Bottom Panel: (A) Long term hydrograph from water level stage downstrear
of study site from 1st January 2010 until 31st June 2021. Model time perio
highlighted in red. (B) shows the hydrograph used for the study obtained from
combination of in fieldlata loggers, and inferred depth from the relationships

between than-fieldloggers and downstream gauge station.

The DTM (Digital Terrain Model) was created using a hybrid approach of bet!s BV
Laser Scanning) and UMS (UAV Multispectral) dafieom surveys performed in February

2020. This survey was chosen as it had good ground coverage in vegetated areas and ¢

quality of Structure from Motion (SfM) outfege Tomsett and Leyland, In Reviewgating

accurate terrain models within the vegetated sections of the reach. Both datasets were cle

of erroneous points and welassified into ground and rground points using a progressive

morphological filter from the lidR pack#&Beusseét al. 2020) The ground points of each

point cloud were then combined in CloudCarapgo gain the benefits of through canopy
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surveying fromdAV-LS and the through water survey capabilithe@tJAV-MS SfM, giving

a continuous terrain model for the study area exported as a 0.1 m raster.

The resultant DTM was then split to extract thosdgowithin the channel using a water mask
derived from the SfM imagery, subsequently classified using a Random Forest Classifier and
manually adjusted to overcome any misclassified or obscured points, such as under tree
canopies. The water excluded rasas tha interpolated between the dry points on the banks

to create an estimate of water surface eleystarettoet al.2014) The dfference between

the water surface elevation and bed elevation was calculated to create a raster of water depth,
from which a refraction index of 1.33 was applied to account for the effects of refraction in SfM
reconstructiotWoodgett al.2015) The difference between the original and refracted depths

was then computed before subtracting this from the original bed elevation to create a refraction
adjusted bed elevation. Once adjusted, the new channel DTM and original separated no
channel DTM are combined to create a modified DTM. This DTM was then resampled to 2 m
resolution for computational efficiency during the modelling process, using the average
elevation for all cells within the resampled area. This was then smootlzetivositap 3x3

low pass filter in order to minimise the effects of any bumps or sinks within the DTM which

could hinder the modelling process.

5.4.1.3 Model Timescales

For each of the scenarios, the model run times totalled 10 months running frrudhests

2020 to the 14th June 2021, capturing the dominant winter flows of thd dresett and

Leybnd (In Reviewpreviously showed that morphological change is driven by winter peak
flows, with very low and stable flows occurring during the summer months Rigure
Moreover, the high resolution of the model and relatively large area beitegl sipouiiaed

small timesteps which subsequently impacts model run times. The model was set up to have a
time step of 0.02 minutes (equivalent to just over 1 second) to avoid instabilities caused by using
a relatively fine resolution 2 m grid, keepingdheant number value below the maximum
suggested valBPeltares, 2021This grid cell size is lower than those typically used within
Delft (e.gRinaldiet al(2008); Oorschat al(2016); Williamst al(2016) and as such this time

step is also considerably smaller. Each model had a warmup time of 60 minutes in order to
reach settled hydrological conditions, in which no miogibal updates could take place to
remove any artefacts from unstable water levels. The initial conditions for the runs were based
off water elevations extracted from the water mask described above. When investigating

seasonal changes, where the modettepped and restarted, the restart files outputted by the
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model were used to reinitialise the model so the conditions at the beginning of a run wot

exactly match those at the end of the preceding run.

5.4.1.4 Boundary Conditions

To obtain accurate model pagdrisation, seven data level loggers were placed into the rivel
throughout the study reach, collecting data from October 2020 until June 2021. These w
designed to capture water levels at the model inflows and outflows, as well as to prov
calibrationdata for assessing model performance. VanWalt LevelScout loggers were usec
conjunction with an eighth logger collecting barometric air pressure. This is used to adjust
pressure values recorded by thehamnel loggers to obtain an estimate ofr wiafeth.

Unfortunately, due to significant morphological change during deployment, only two logge

can be used to calibrate the model.

Data fromthese twdoggers wasused to prescribe boundary water level conditions. For fluvial
modelling, Delft suggesie use of discharge boundaries at an inlet and water level at the outle
(Deltares, 2021Asa result, cross sections and flow velocity measurements were acquired fra
the field, but access during high flows, changing cross sectional areas, and limited survey re
ultimately made relationships between water depth and discharge inadegaateitiorgp
boundary conditions. Consequently, it was decided that waterdeadse used to prescribe

flow depths at the inlet boundary. The inlet conditions were related to those oftdrenlong
downstream gauge to extend the diver data to alsote@vmonths of preceding data to
complete the run times. For the outlet boundary, a water level boundary prescribed by
dischargelepth relationship was determined using the model itself across a range of flo

conditions, to minimise instabilities &t élxit.

5415 Sediments

Sediment boundary conditions were split into bedload and suspended inputs and assessed
sensitivity analysis whereby a small amount of sediment was input and conditions were s
transport rather than supply limited (as observiee ifield). Two classes of sediment were

specified in the model, first a Aophesive sediment type used to represent bedload material
and second a cohesive sediment type which represented the alluvial sediments in the floody
When specifying sedinten Delft will typically mix the different sediment types into a

homogenous layer with the relative volume of material based on the specified initial thickne
However, to model with stratified sediment, a separate input is required to get the corre

layering in the bed material.
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Figure5-2 How botherosion and deposition are accounted for in the various sublayers of the
model domairErosion moves sediment out of the active layer, sourced from the
underlayer below, with deposition adding to the active layer which is then

redistributed to the underlayers below.

Delft separates the layers in to three categories, a base layer, underlayers, and a transport layer.
The top transport layer is of a spetitieickness which remains constant throughout the
simulation, determining the amount of sediment that is available for transport atiar@y one

step. Sediment is moved in and out of this layer depending on the flow conditions and
subsequent transport adétions. The underlayers act as gatekeepers, transferring sediment of
different sizes up or down the layers depending on what is required. The depth of these layers
is set to a maximum and these are added to until the user defined max thicknes# alla layer
layers are at maximum thickness, then these are passed on to the base layer. During erosion,
these underlayers are reduced until they are removed from the layering system, whereby erosion
is then performed on the next layer down. FigRrdemontates how this process works with

a maximum of 3 underlayers of equal depth during erosion and sedimentation (adapted from
Moerman (201D)

In essence, erosion in the active layer, leads to a removal of sediment which is then replaced by
the first holding layer beath it, reducing the depth of this holding layer. During deposition,
sediment is added to the layer that sits below the active layer. If the layer below is of different
sediment type, e.g. cohesive being deposited amnimesive, then the composition fudtt

layer is adjusted accordingly.
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Cohesive underlayer
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Cohesive underlayer
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Base Layer

Figure5-3 The sublayers used within the model setup to represent the likely compositio
across the floodplain, channel, and bars. Note that the relative depthapéeach

are not to scale.

For this model, a base layer of ®®0nix of cohesive and roahesive sediment was used.
This was overlaid by a 5 m thick layer of cohesive sediment across the entire reach that f
15% volume mix of coarse fractions incorgdrat. Throughout the channel and bars there
was a 1 m layer of naohesive bedload sediment added to this cohesive layer. Finally, a 0.2
active layer was specified, with spatially varying volumes of sediment where 100% of the ac
layer was neoohesve across the channel and bars, and 100% of the active layer was cohes
across areas outside the channel and bar regions 38pufbée depth of these layers was
estimated as no in field observations of stratigraphy were collected. Observatiseaf exp
riverbanksuggest a fine cohesive dominated sediment with some larger fractions present. T
was the primary basis for assigning the relative fractions of sediment in each layer. The
volume of norcohesive sediment in the first underlayer eddbaf§ image classification of
exposed banks. Figlrd shows images taken from the field showing exposed banks containin
a mixture of cohesive fines and coarse fractions. These were automatically classified usir
mean unsupervised classification taeixthese coarse fractions, for which the number of
these pixels were compared to the overall. For 4 images that had a reasonable qualit
classification based on visual assessment, it was established that a 15% volumetric approc
coarse sedimergbould be used, as the classification in general missed out some smaller coc
fractions not clear in the original image. Figbweshows the classified image and the
segregated image from which coarse volume fraction was assumed. Although an sssumpti

made that this mixing is present throughout the reach, in the absence of any intensive samg
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Raw Imagery Unsupervised classification Coarse Sediment Thresholding

N

Figure5-4 Image classification of riverbanks to obtain coarse sediment fraction percentage.
Basic steps taken wdfe Raw imagery taken in the fig@)Classiftation oimage
through unsupervisednkeans clusterin¢3) ®gmentation to identify individual

coarsesedimenfractions.

of sediment this provides an estimate of the amount of coaterial that will be released into
the system during lateral erosion. This is important to consider during morphological evolution

and avoids only cohesive sediment entering the system during lateral erosion.

The overall stratigraphy was bast#da nunber of images, such as in Figb#® which

suggested the layering approach taken in the model is corre&Fstones that on the bank

edges there is often an active layer that consists predominantly of cohesive materials, which then
becomes a greatarix of coarse material further down. This is the reasoning for a purely
cohesive active layer of 0.2 m across the floodplain before coarse fractions become present.
Although there is distinctive layering in the substructure, not enough informatientisqres

create a fully representative depth model of this. Bi§uakso shows an image of the surface

of a bar, highlighting the dominance of coarse fractions which justify the use of a coarse

fractions only active layer in the channel and on the bars.

The grainsize of the n@ohesive bedload sediment was established from the collection of field
samples. Samples were collectedthirmelocations: at the centre of the channel, the cl@nnel

edge, and on an adjacent bar, incorporating a mixture oé surtasubsurface material. In

total, 11.05 kg (dry weight) of sediment was collected. The samples were kept separate from one
another and dried in an oven at 50 degrees Celsius for 96 hours to remove any moisture present.
Once dried, each sample was veeidiefore being placed into a mechanical sieve shaker to
separate sediment at diameters 64, 32, 16, 8, 4, 2, and 1 microns Gedén&mhicron were

then sieved by hand to separate out grainsizes of 0.75, 0.50, 0.25, 0.4#&;0098Re
materiataptured by each sieve was then removed and weighed separately to identify the mass
at each diameter interval. This data was then analysed using GRABI&T#1d Pye, 2001)

for each location to extract the grainsize distribution for input in to the model. The grainsize
distributions for each of the three sites can be seen in Bguangside a combined

distribution across all sites.
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Figure5-5 Grainsize distribution plots for each of the three sample location sites and th
combined final distribution$he red line shows thesd®f the final combined

distribution.

The resulting values for each sample and combined are shown52Natite only samples
from the channel centre consisting of a large proportion (10%) of material under 4 mm
diameter. Samples from the edge of the channel and bar were classech agaveld (86

mm) whereas sediment in the channel was classed as fine g8awein) (Based on

classifications bydden (1914and Wentworth (1922)Sediment in the channel centre was
deemed to be poorly sorted whereas sediment at the channel edges were deemed to be ver
sorted as expected. The, s, and B, of the combined samples were subsequently used to

assign the grainsize distribufioopertiesnto the model.
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Table5-2 Grainsize distributions established via mechanical and manual sieve shaking for all

three sampled locations as well for the combined values.

Sample Sites

Sediment

Characteristic ~ Channel Centre Channel Edge Bar Combined
D10 (HM) 688 12015 8546 1256
Dso (um) 6851 40924 30785 23353
Do (M) 39389 254769 125509 175391

5.4.1.6  Channel Morphological Adjustment

For the modelling of rivers, Delft usege@ondary flow calculation to account for perpendicular

flow experienced through a river bend as descrilfedrijn 1993)overcoming the lack of

vertical grid within 2D models. By accounting for secondary flow, adjustments in the direction
of bed shear stress away from the direction of depth averaged flow are accounted for, which in
turn affects bed load transp@@eltares, 2021) his directly impacts morphological simulations

and subsequently allowsrmeander development and lateral shift within the domain. In order

for lateral erosion to be modelled, Delft requires some parameters to be tuned in order to
determine the rate of change. This includes the erosion of adjacent dry cells by reallocating shear
stress (ThetSD) and a coefficient value to account for the effects of secondary flow on bedload
transport (Espir). ThetSD allocates a percentage of erosion on a wet cell to an adjacent dry cell
to implement bank erosion in a simplistic maflresseret al. 2004) ThetSDallows river

sinuosity to develop and avoids over deepening at outer banks, but does not always represent
realistic change compared to observed\Wdteamset al.2016; Banda and Meon, 20E8pir

influences the magnitude ofeetf spiral flow has on bedload transport, with higher values

proportioning a greater component of subsequent direction to that prescribed by spiral flow.

In order to test the sensitivity to these values, a cross computation was undertaken for a high
flow period, with bed load transport and subsequent erosion assessed. The extent of deviation
from a baseline (middle value) scenario was assessed, and erosion used as a proxy in order to
determine suitable values qualitatively, as no reference values obtdthdé@ Despite
quantitative analysis against monitored erosion showing little variation in erosion and deposition
volumes across various ThetSD values, the model experienced variations in bedload transport
across values ranging from®2X with 1 hamg much higher levels of erosion and bedload

transport directions different to expected. This led to the selection value of ThetSD as 0.75, in
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line with other studies using Delft to monitor planform ch@agernick, 2013; Williagisa).

2016; Banda and Meon, 20V&)ues for Espir were varied from the base line advisetftoy D

of 1 for inclusion to 0.5, with the value of 1 creating higher rates of lateral erosion withol
introducing spurious bed load transport rates and directions. This affect is similar to that not
by Frolke (2017and uses values in line witberet al(2011)

Bedload transpbwas calculated using the Md3etierMuller formula with a calibration factor

of 0.047 as outlined by Deleltares, 2021¢hanges in morphology were updated within the
simulation and fed back into the hydrodynamics so that channel evolution would affect futu
hydrodynamic processes. The morphological scale factor was set to 1, whergtlicatonult

of geomorphic change was applied to the erosion and or deposition processes. Critical sl
st r e was (ezmined using a sediment composition approach with secondary de
available from the Teme and also from studies that have coifectedtion on shear stress
globally. Data collectedPgar®t al(2020at Broadwas on the Teme identified sand % content
of between 185% from core samples, giving an indication of the type of soil within the
floodplain. As such, studies using jet tests, cohesive strength meters, and velocity profiles \
used to suggest a range of val ugswasi3Pafor s h
banks described as silty or sandy or having cohesive prGhaidiesnd Torres, 2006; Darby,
Rinaldi and Dapporto, 2007; Rinaldal.2008; Darbgt al.2010)whereas for clay banks this
was seentollei gher with average <cal cul abfiarounds f r
8.5 PgGaskiret a].2003)Although the composition of cohesive sediment was not established
for the study site, the sand contents identifiedelayset al(2020)downstream and visual

assessment would suggest a sandy silty mix is more likely.

Given the role of vegetation root structures in decreasing the erodibility of beds and banks «
increasing the critical shear stress required for erosion to taKplacand Quick, 1998;

Wid and Darby, 2007a spatially varying shear stress for erosion was implemented wherel
values obtained from the wider literaiuege used to assess the impacts of above ground
vegetation on below ground erodibility. Researdhnliayn and Torres (200@gntified that

grass increased the erodibility of cohesive sediments by a factorraf 493y eh this is used

as a first gui de ctfoocolsesivg gedimdnts. &urtthheemere, researghanl
to critical stress variationMylar and Quick (1998phdHuang and Nanson (1998ymparing

the impact of trees compared to grass for similar sedimenntyipased a further increase in
Dzby a factor of 1.74. Here we make use of the detailebdssitsvegetation characterisation

of Tomsett and Leyland (InReview) a | | o w cbeaweenaditfereot megdatation Qalds.

As the effects of root cohesion should be added to erosion modétsit arwdeases in soil
cohesion areelatedwith increasing root ar€@/aldron, 1977; Yet al.2020)it is clear that
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different guilds will likely have different root properties andeffect erodibility. Root
distribution may be more influential than the root strength(Abelfnethy and Rutherfurd,
2001)and as poplar roofsow DBH)tend to take up less soil than willow r@digh DBH),
andalthough thehave longer roots overdltiey areot necessaripsdeeppoplar treesvere
considered to havesmallei n c r e.a(SeulemansvicDpnald and Pereira, 1996; Phillips,
Marden and Suzanne, 2014)S h r ucavalues wereskepDihe same as previous vegetation
values. Thedeow DBH and High DBH guilds n c r e a s e giweveabasadeos one dnd Dz
two standard deviations above the mean values based onMifitat bgd Quick (1998nd
Huang and Nanson (1998%pectivelyso that the increases were still within measured ranges
of increased soil cohesion values. Final values for all vegetation types withs ares
provided inTable5-3.

Table5-3 Val ues of cr {ytfor ecoaidn tosakeglaadichsatespatiatlysvariedDz
according to theelowvegetation classificatioRsr traitsbased approaches, grass
is split in to grasses and herbaceous vegetation, and established vegatation split
shrubs and the two guilds of woody trees.

Class and Guilds Dz (Pa/Nm )
Grass 2.56
Established/egetation 4.46
Singletem andMulti-SemHerbs 3.75
Shrubs 4.46
Low DBH Trees 6.52
High DBH Trees 8.60

5.4.1.7 Roughness and Vegetation

For a si mpl e Mmseddppraadhsfourlamdicgverclasses were defined; large
vegetation, grasses, bars, and watemAination of both multispectral imagery and laser scan

data were used to define these. The use of the Infrared band of the multispectral imagery was
used in combination with the red and green bands to create N@¥falised Difference
Vegetation Indgxand NDWI (Normalised Difference Water Injié&ayerdo enablanaximal

spectral differentiation between classes. This is especially useful in areas of varying brightness,
where the relative amount of light reflected across bands is similar, but thealbss|diéer
comparedo unshaded areas. Two structural datasets were used to improve classification results.
Surface variation in a 0.5 m search radius was calculated within the CloudCompare software
(https://www.danielgm.net/c), and a Canopy Height Model (CHM) produced to identify the

height of vegetation. The CHM was produced by identifying ground points -gndunain
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points using a progressive morphological filter within the LidR péRkagseét al.2020)

before creating both elevation models for the vegetation aftthlthrpoints and computing

the difference between the two. The use of structural data can help separate out differ
vegetation elements with similar spectral properties and thoseveéhlaédra hampered by

shading also.

Training samples were manually digitised within ArcGIS based on the high resolutic
orthoimagery. For training, the number of samples for grass and small herbaceous vegete
was 16883 (422F)yxfor large shrubs andl tzegetation 3952 (988)nfor bars 2040 (51F)n

and for water 4626 (1,156%).nm\ random forest classification was used to classify in to the
four initial classes. The original 0.04 m orthomosaics were resampled to 0.5 m with the suri
variation andCHM rasters snapped to the same size and extent before being stacked intc
multHlayer raster dataset. This created alayee dataset (5 image bands, 2 indices, and 2

structural) from which to train the random forest model.

Figure5-6 Random forest classifmrt of bag accuracy and variations in band impoffi@ance
Manningds r oughndLefs Out & lbad accaracysoeres far | a s
different numbers of trees used within the random forssificiation, showing a
distinct levelling off in accuracy after 7 trees are B&gt) (The standard
deviation in individual band importance across 10 sample runs to identify at wh:
number of trees bans importance became consistent across alhignissiarice

around 300 trees.

The number of trees used was based on an analysisQffBag (OOB) accuracy and the
Standard Deviations (SD) of band importance based on data from the September surv

Models were fitted with n trees od 300 in varyig incremental steps with each model fitted
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