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Abstract

Abstract

In comparison with other remote sensing methods terrestrial laser scanning (TLS) is quite
a young discipline, but the trustworthiness of the labaised distance measurements offers
great potential for accurate surveying. TLS allows -experts, outside the raditional
surveying disciplines, to rapidly acquire 3D data of high density. Generally, this acquisition of
accurate geoinformation is increasingly desired in various fields, however this study focuses
on the application of TLS for crop monitoring in @nieultural context.

The increasig cost andefficiency pressure on agriculture induced the emergente
site-specific crop management, whichquires a comprehensive knowledge about the plant
development. An important parameter to evaluate this development or rather the actual plant
status is the amount of plant biomass, which is however directly only determinable with
destructive sampling. Wht the aim of avoiding destructive measurements, interest is
increasingly directed towards necontact remote sensing surveys. Nowadays, different
approaches address biomass estimations basedier parameters, such as vegetation
indices (VIs) from speat data or plant height. A main benefif all remote sensing
approachess that plant parametersre obtained without disturbing the plant growtby the
taking of measurements. Since the plants are not taken it is in an economic and ecologic way
feasibleto perform several measurements across a field and across the greeaspn
Hence, the change of spatial and temporal patterns can be monitored.

This studyapplies TL®r objectively measuringnd monitoring plant height as estimator
for biomass at fi@l scale. Although the application of the here introduced approach is
generally conceivable for a variety of crops, the focus of this study was narrowed to cereals as
most important group of crops regarding world nutritiohree examples of this group were
chosen, namely paddy rice, maize, and barley.

In the course of this work, 35 TLS field campaigns were carried thurtegtsites over four
growing seasons to achieve a comprehensive data set. In each campaigpomnBBloud,
covering the surface of thigeld, was obtained and interpolated to a crop surface model (CSM)
in the postprocessing. A CSM represents the crop canopy in a very high spatial resolution on
a specific date. By subtracting a digital terrain model (DTM) of the bare ground from each
CSMplant heights were calculategixelwise. Extensive manual measurements aligned well
with the TLS data and demonstrated the main benefit of CSMs: the highly detailed acquisition
of the entire crop surface.

In a further step, the plant height data weresed to estimatebiomass with empirically
developed biomass regression models (BRMs). Validation analyses against destructive
measurements were carried out to confirm the results. Moreover, the spatial and temporal
transferability of cropspecific BRMs washown with the multisite and multiannual studies.

In one of the case studies, the estimations from plant height and six VIs were compared and
the benefit of fusing both parameters was investigated. Bmalyses were based on the
TL&derived CSMs and spieal data measured with a field spectrometer. From these results
the important role of plant height as a robust estimator was shown in contrast to a varying
performance of BRMs based on the VIs. A major benefit through the fusion of both parameters
in mutkivariate BRMs could not be concluded in this study. Nevertheless, further research
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should address this fusion, with regard to the capability of VIs to assess information about the
vegetation cover (plant density, leaf area index) or biochemical and bsigddyparameters
(nitrogen, chlorophyll, and water content).

In summary, a major advantage of the presented approach is the possibility to rapidly and
easily receive 3D data of plant height at field scale, which is a robust estimator for crop
biomass. Morever, the high resolution dhe TLSderived CSMs enables detailed and spatially
resolved estimations of biomass. Even though several issues have to be solved before practical
applications in conventional agriculture are possible, approaches based osdaseing offer
great potential for crop monitoring.
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Im Vergleich zu anderen Methoden der Fernerkundung ist Terrestrisches Laser Scanning
(TLS) noch eine recht junge Disziplin, jedoch bietet die Zuverlassigkeit der laserbasierten
Abstandsnessungen grof3es Potenzial fir genaue Vermessungen. Aul3erhalb der
traditionellen Vermessungsdisziplinen kdnnen somit auch Niofpterten 3D Daten mit hoher
Messdichte zugig erfassen. Die Erfassung genauer Geoinformationen wird zwar generell in
verschiedena Anwendungsbereichen immer wichtiger, die hier prasentierte Studie richtet
sich allerdings speziell auf die Anwendung von TLS zum Monitoring von Feldfrichten im
agrarwissenschatftlichen Bereich.

Der steigende Kosterund Effizienzdruck in der Landwirtséhaat zur Entwicklung der
standortspezifischen Ackerbewirtschaftung gefihrt, welche ein umfassendes Wissen uber die
Pflanzenentwicklung erfordert. Ein wichtiger Parameter, um diese Entwicklung oder genauer
gesagt den aktuellen Zustand der Pflanzen zu teden ist die Biomasse, welche direkt nur
durch destruktive Probenahme bestimmbar ist. Mit dem Ziel solche destruktiven Messungen
zu vermeiden, nimmt das Interesse an bertihrungslosen Erfassungen mittels Fernerkundung
zu. Heutzutage beschéftigen sich vériedene Ansatze mit der Schatzung von Biomasse auf
Grundlage anderer Parameter, wie z.B. Vegetationsindizes (VIs) basierend auf Spektraldaten
oder Pflanzenhohe. Ein grol3er Vortaller Fernerkundungsverfahrerst, dassParameter
erfasst werden, ohne diefRnzen durch die Durchfiihrung der Messungen zu stéren. Da die
Pflanzen bei den Messungen nicht entnommen werden ist es dartuber hinaus aus
okonomischer und 6kologischer Sicht méglich mehrere Messungen tber ein Feld und tber die
Vegetationsperiode verteildurchzufihren. Dadurch kann die Veranderudgmlicher und
zeitlicher Mustelbeobachtet werden.

Diese Studiererwendet TLS zumbjektiven Messenund Beobachtervon Pflanzenhdhen
als SchatzgrolRe fur Biomassef Feldskala. Die Anwendung des hier vorgestellten Ansatzes
ist zwargenerell fur eine Vielzahl von Feldfriichten vorstelllslar Fokus dieser Studigehtet
sich jedoch auf Getreide, da diese hinsichtlich der Welterndhrung die gréf3te Rolle spielen.
DreiBeispiele wurden dabei ausgewahlt, namentlich Paddyreis, Mais und Gerste.

Im Rahmen dieser Arbeit wurden verteilt Gber finf Standorte und vier Vegetationsperioden
insgesamt 35 TLS Feldkampagnen durchgefiihrt um einen umfangreichen Datensatz zu
erhalten. Injeder Kampagne wurde eine 3D Punktwolke zur Erfassung der Oberflache des
Feldes aufgenommen und in der Nachbearbeitung zu einem Oberflachenmodell der
Pflanzendecke (crop surface model, CSM) interpoliert. Ein CSM stellt somit die Pflanzendecke
in sehr hoheraumliche Auflésung zu einem bestimmten Zeitpunkt dar. Durch die Subtraktion
eines digitalen Gelandemodelles (digital terrain model, DTM) des blanken Bodens vom CSM
wurden die Pflanzenhthen pixelweise berechnet. Umfangreiche manuelle Messungen
bestétigen die TLS Daten und zeigten einen der grof3en Vorteile der CSMs: die sehr detaillierte
Erfassung der gesamten Pflanzendecke.

In einem weiteren Schritt wurden die Pflanzenhdhen verwendet, um die Biomasse mit
empirisch entwickelten Biomass$eegressionsmodelh (biomass regression models, BRMs)
zu schatzen. Diese Werte wurden zur Prifung der Ergebnisse gegen destruktive Messungen
validiert. Daruiber hinaus wurde die raumliche und zeitliche Ubertragbarkeit der fiir die
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jeweiligeFeldfruchtspezifischen BRMs anhdimon Studien Uber verschiedene Standorte und
mehrere Jahre gezeigt. In einem der Fallbeispiele wurden die Schatzungen auf Grundlage der
Pflanzenhéhe mit den Schatzungen basierend auf sechs Vs verglichen und der Mehrwert
durch eine Kombination beider Pan&ter untersucht. Die Analysen beruhten dabei auf den
aus den TLS Daten abgeleiteten CSMs und Spektraldaten, die mit einem Feldspektrometer
erfasst wurden. Die Ergebnisse unterstreichen die grof3e Bedeutung der Pflanzenhohe als
robuste SchatzgroRe fur Biosse, wahrend die aus den VIs abgeleiteten BRMs sehr
unterschiedliche Ergebnisse lieferten. Ein wesentlicher Vorteil aus der Kombination beider
Parameter in multivarianten BRMs konnte in dieser Studie nicht festgestellt werden. Dennoch
sollten Ansétze weiteuntersucht werden, in denen die Parameter kombiniert werden, da aus
Vls Informationen Uber die Vegetationsdecke (Pflanzendichte, Blattflachenindex) oder tber
biochemische und biophysikalische Parameter (Stickst@ffilorophyH und Wassergehalt)
abgeleitet werden kénnen.

Zusammengefasst ist einer der groReren Vorteile des vorgestellten Ansatzes die
Maglichkeit, schnell und einfach 3D Daten der Pflanzenhdhe auf Feldskala zu enesisbie
eine robuste SchatzgroRe fur Biomasse siDdriber hinas ermdgicht die hohe Auflésung
der durch TLS gewonnenen CS@iise detaillierte und r&dumlich aufgeloste Schatzung der
Biomasse. Vor der praktischen Anwendung in der konventionellen Landwirtschaft missen
zwar noch einige Probleme geldst werden, dennoch bieten asél.Scanning beruhende
Anséatze grol3es Potential fur das Monitoridgs Pflanzenwachstums.
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Introduction 1

1 Introduction

1.1 Preface

Therapidly growing world population and the related demand for food security causes
challengedor agrifood researchergMarsdenand Morley, 2014)According to the figures of
the Food and Agriculture Organization of the United Nations (FAO) the to&sllqeoduction
increasedrom ~2.0 to~2.8 billiontonsover the last 20 yeardAO, 2014)n the same period,
the worldwide havested area for cereals stayed almost constantaD0 million lectares
whichunderlinesthe pressure on the efficiency of land use. Moreover, the FAO indicates that
within this 20 yearghe world population rose from5.5 billion to ~7.1 billion people,with a
supposediseup to~8.6billion within the next 20 yearBy the middle of this century already
~10billion world citizers are expected. This growing populationdemands a secure food
supply, which in turnincreases the pressuren the conventionalagricultural sectorand
requires an improvement of management methddisaghat and Balasundram, 2010)

Fortunately, an increasing recognition of the interactitvetween production and
consumption andetweenfood security and sustainabilig observable imarge sections of
the population(Marsden and Morley, 201d) { Ay OS (G KS wmddpn Qa thddS OKy A Ol
and practices which aim at improving the food productemergedand can besummarized
under the termprecision agriculturéMulla, 2012) One of the first definition$or precision
agriculture came from thdJS House of Representativasd statedA (i ah #ntegéated
information- and productionbased farming system that is designedrtorease longerm, site
specific and whole farm production efficiencies, productivity, and profitggbiwhile
minimizing unintended impacts on wildlife and the environmenfUS House of
Representatives, 1997¢onsidering the topic of this thesis, this definition should be narrowed
to the term sitespecific crop managemems differentiate fromanimd industriesor forestry
(Whelan and Taylor, 2013FRelated approaches address the improvement of farming practices
to better suitsoil and crop requirementdHowever, both terms precision agriculture and site
specific crop managemeiire oftenusedsynonymouly.

Based on these definitions twmain aspects in this research fieddn bederived(Whelan
and Taylor, 2013)irst, fom an economic point of viewmproving theproductivity of crops,
which meanghe harveskd yield, is obviously mosimportant. Second, from an ecological
point of view,exhaustingor polluting soil, groundwater, and the entire environmehtough
intensivefield managemenneeds to be minimized or, even bettevoided.

Generally, a number afatural and humannducedprocesses are relevant for sigpecific
crop managemenand moreover they can show spatial and temporal variati@is/er, 2013)
These changes across time invotiifferences between the growing seasons, but also within
one season. Beside quite stable factors, such as the physical landscape, climaie|agidal
lifecycle of cropsthe efficiencyof an agricultural productiondepends on varying weather
conditions and field management practicegor example (Atzberger, 2013)Hence, the
required frequency of measuremento observe temporal variations depends strongly on the
concrete issueln contrast to these factors which are generally quite uniform across regions,
spatial variabilities can bdetectedbetweenadjacentfields and moreover within one field.
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Possible sources afertilizer residuedn the ground,varying water availabilityor generally
smallscaleheterogeneitiesof soil properties The importance of detecting4ield variations

for site-specific crop managemerntan be demonstrated byhe example ofWhelan and
Taylor(2013) shown inFigurel-1. The average yield and amount of variation are equal in
both fields, but the patterns diffedt is obvious thafor an acquisition opatterns such as in
the right field(B), measuring systems with a highfield resolution are required.

(A (B)

H1tha @4 t/ha 1 ttha B4 tha

Figure 1-1. Patterns of spatial varability. The average yie
(2.5t/ha) and the amount of \ariation (50% = 1 t/ha; 50%
4t/ha) are the same in (A) and (B), but the patterns ¢
(Whelan and Taylor, 2013)

Today, sensebased approaches are already findable for some applications assignable to
precision agriculture. Such technologies sapport plant protection and sitepecific seeding
(Auernhammer, 20019r the detection of foliar diseasgtee et al., 2010)With the aim of
enhancing the yield,precision agriculture is frequently associated with sifeecific
fertilization (Auernhammer2001) Xu et al. (2014)for example, showed that appropriate
fertilizer recommendations can increase the grain yield and moreover reduce the nutrient loss
and environmental pollutionin this context, biomass estimations are of major interest, since
studies show that crop yielts correlated to biomas¢Boukerrou and Rasmusson, 1990;
Fischer1993) This correlation cabe quantified by the harvest index, expresstheg yield
versus total drnppiomasgqPrice and Munns, 2010Mence, accurately determining bionsasan
help to forecast yield.

Beyond theyield-correlated amount of biomass at the end of the growing season, the
in-season status of the plants is more important. One reason therefore isatatjuate
conditions during early growing stages could preserilee yield against challengexf later
stagescaused bydrought stresfor example(Bidingeret al., 1977) Anessential prerequisite
for optimizing plant conditions througadequatefield management is to acquire the current
stateof the crop and monitor changes. A benchmark for quantifying the plant statsisason
is thenitrogen nutrition indexNNI), showing the ratio between actual and critical nitrogidin
content(Lemaire et al., 2008%pince this critical value corresponds to the actual crop biomass,
a precisedeterminingof biomass islesirable

A majordifficulty for all biomasgelatedindicesis that a nondestructive determination of
biomass is not possibl&his is whyeveral approaches focus on its estimations based on other
parameters. Remote sensing methods were therefore increasingly applied over the last
several decade@ulla, 2012) Casanovat al. (1998) for example, measured threflectance
on rice plantsacross the growing season i handheld radiometer and attained very good
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results for the estimation of biomass at field sc&8&% of the variance in biomassuld be
explained by their model. i©a far greateiobservation scalesatellite-basedremote sensing
enables to capture mtire regions in a short time. As shown Glaverie et al(2012) remote
sensing data with aigh gatial and temporal resolution, in this case Forme2aiages, can
be used to estimatédbiomass Through the daily revisit time of the satellite, the authors
obtained acomprehensivalata set and well estimated biomass, with a relative error o%28
However, a main issue for all approaches baseptical satellites is the dependence on
cloudfree conditions. In their first observation ye&laverie et al(2012) obtained only
27 almost cloudfree images from a total number of 51. Acts@tellite-basedremote sensing
systems, such asynthetic aperture radar (SAR) sens@i® used to overcome this problem
(Koppe et al., 2012; Zhang et al., 201Mgvertheless, referring to the variability of processes
which influence sitespecific crop managementhe temporal resolution reachable with
a satellite-basedsystem alvays depends on theatelliterevisit time, which limits the flexibility
of the approach. Regarding the spatial resolutionly recentlysystems have been developed
which allow surveys with a high-field resolution. One example WorldView3 with a pixé
size o~0.3m (DigitalGlobe, 2014 Betweerntheseapproacheswhich regarded very different
observation levels, numerous studies on crop monitoring with different remote sensing
sensors are findable acrosémostall scales.

It can be summarized, that in the field of precision agriculture or rathersggzific crop
management, a growing demand arises for appr@sdn monitoring plant parametersith
a spatial irfield resolution. Parametersusablefor reliable biomass estimatiorase thereby of
major importance In general, the requiredtemporal and spatial resolutions very
casespecific, but timely flexible systems which allow a high spatial resolution are desirable,
since the influencing environmental factors are variable in time and sgAtsberger, 2013)
Moreover, they should be as robust as possible against poor weather conditions and ideally
almost independent from external factors, such as solar radiation.

1.2 Research issue armstudy aim

The request for the reliable determination of biomass motivates the overall aim of this
study: developing a robust method for the ndestructive estimation of crop biomass at field
scale. Looking at the literature, biomasdated parameters, sth as plant height, leaf area
index (LAI), or crop density are assumed to be suitable estim&taxsng regard tground- or
vehiclebased measurements, plant parameters like crop density, LAI, or directly biomass are
widely estimated with vegetation indés (VIs) from spectral daf@asanova et al., 1998;
Clevers et al., 2008; Gnyp et al., 2014b; Montes et al., 2011; Thenkabalil et al., T288@)n,
the reflectance is often measured with passive sensors, having disadvantages like the
dependency on solar radiation and thigluencethroughatmospheric conditios. Since these
factors are variable in space and time, sde-specific spectral calibration is required
(Adamchulet al., 2004) which has to be frequently repeated during the measurements
(Psomas et al., 201Ihis makes surveys quite laborious.
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In contrast, an active system like terrestrial laser scanning (TLS) operates with
aseltgeneratedsignal, making the measurements independent from an external light source
(Briese2010) In addition, the system ftexible for the application in the field as the scanner
can be established on a tripod or small vehicle. The result of a TLS survey is a very dense
3Dpoint cloud, representing the spatial distribution of reflection points in the area of interest
(AOI),but measured with one wavelength. This makeslaivation of VIisimpossiblebut
enables to easily capture the entire fieldoriSequently the question is how to derive plant
parameter information from the TLS data?

In this work, the 3D point cloud from dad LS campaign is interpolated to a crop surface
model (CSM)CSM were introduced byloffmeister et al(2010)to representthe entire crop
canopywith a very high spatial resoluticat a specific dateAt each site mukiemporal CSMs
are established based on several campaigns. By subtractingjtal terrain model (DTMQf
the bare groundrom each CSMlant heights are calculated pixelise and stored as raster
data sets. These measuremerndtplant heightare then used for estimating biomass. First
promising results for the estimation of aboveground biomass were already attained in
afeasibility studyfor sugar beety Hoffmeister(2014) but regardingworld nutrition sugar
beet plays a mior role. The most important group of crops are cereals due to thigh
proportion of carbohydrategFAO1994) In view of theworldwide harvested area the five
most important cereals are védat, maize, paddy rice, barley, and rye, which cover already
more than 83% of the total area. Cereals might be further grouped in three categories by their
generalappearancendcultivation methodsExcept for maize, which is clearly distinguishable
throughthe larger plant height and paddy rice, which is grown on flooded fields, the remaining
wheat, barley, and rye share main characteristics like plant heights wfand the cultivation
on regulararable land

A comprehensive investigation of this novapproachin terms of its usabilityfor
monitoring cerealsat field scaleis targeted in this study. Hence, the main aims are (I) to
demonstrate the usability of Tkd®rived point clouds for establishing CSMs, (11) to obtain plant
height, and (Ill) to esnate cereal biomass from these plant height data. In four case studies
biomass regression models (BRMs) are therefore empirically developed with three cereals as
examples, namely paddy rice, maize, and barley. According to the above stated subdivision,
all three categories of cereals are covered by these examples. In addition to the bivariate
BRMs, a comparison with estimations based on Vis iopedd and first steps towards
afusion of both parameters are carried out by establishing multivariate BRMswolking
process can be dividadto the following steps:

I.  Execution of field surveys #iree sites with different platforms over four years.

II. Construction of CSMs from each TeBived point clouds.

[ll. Calculation of plant height.

IV. Estimation of biomass bas&uh plant height.

V. Comparison of plant height and VIs as individual estimators and fused in
multivariate BRMs for the barley case study.

VI. Validation of plant height and estimated biomass against comparative data.
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Generally, any remote sensing approach canelbeluated by its reachable spatial and
temporal resolutionCampbell and Wynne, 201Tjherebyisthe detection of spatial patterns
limited by the size of the areas whicban be separately recorded by the sensor. The
repeatability in time strongly depends on the flexibility of the platform. According to these
criteria the presented grountbased TLS approach shows promising potential for the
acquisition of plant height at field scale. Consequently, the shigle spatiakesolution can
be assumed for spatially resolved biomass estimations across the entire Tieéddmajor
innovative aspects are in particular the possibility to capture entire fieldsyenghigh spatial
resolution, and the flexible usag®loreover, thesurvey dates can be quite easily adapted to
capture particular steps of the plant development or measurements cgrobgponeddue to
poor weather

1.3 Outline

This chapter Bhould have given a first impressiohhow important crop monitoring is, in
particular the acquisition of biomasslated parameters for sitspecific crop management
Within the framework of this studya comprehensivedata set was achieved, allowing to
evaluate the potential of Tk&erived 3Ddata of plant height for estimatingiomass at field
scalen the followingchapter2 fundamental basictherefore aregiven includinga summary
about remote sensingwith particular attentionon applications in agriculture and a general
introduction into TLSAfter that the regarded cereals are briefportrayed andthe general
crop development across the growing seasoaddressedThen, existing approaches for crop
monitoring arepresentedand the methodologyrequisitefor the case studies is introduced.
This involves theanstruction of CSMsand the development of BRMs. In this context, the
attainablescales and dimensions are regarded. Finally, the three case studwaisEtpsiced
in a gegraphical context.

The hapters3 to 6 contairthe research papers, presenting the results of the case studies
They are sortedlong theoverallworkflow (Figure 1-2). Although, he major steps like the
post-processing of the point clouds, the calculation of plant height, and the estimation of
biomass areaddressedn all papers, they are broadly assigriedhe workflow according to
their main focuses. First of althe general concept of obtaining plant height from
multi-temporal TLSderived CSMs is examined Tilly et al.(2014g chapter 3) based on
surveyson two paddy rice fieldof one growing seasonMoreover, the potential of
CSMderived plant height for estimating biomass is investigatEden, h conjunction with
these data sets the measurements otwo paddy rice fielddrom the subsequentgrowing
seasorare analyzedn Tilly et al. (2015pchapter 4). The main focus of this study liea the
spatial and temporal transferability tfie BRMs. @ncerning the data acquisitigithe results
of measuremens ona larger field are shown for a maize fighdTillyet al. (2014bchapter 5)
Furthermore, the applicability of a cherry picker as platfasimvestigatedbased on several
campaigns in one growing seastmTillyet al. (2015achapter § the performances oplant
height andVIs as individual estimators are compared &rst attempts of improvinghe BRMs
through fusingboth parametersare carried out A barley field experiment washerefore
monitored withTLS and with a field spectrometerasthree growing seasons.
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TLS Point
surveys clouds Annual study on

maize (Chapter 5)

Annual study
on paddy rice

PI?nt Validation _ (Chapter 3)
Manual height Multi-annual
measurements Bivariate BRMs | Study on
Bio- / paddy rice
Jr (Chapter 4)
Validation

Multivariate BRMs

Multi-annual
Spectrometer [ Vis ]_ \lr study on barley

surveys > Validation (Chapter 6)

Figure1-2. Overall workflow and allocation eésearch papers in the chapteé8go 6according t
their main focuses

Based on the results of these case studieapter 7 gives a overall discussion In this,
firstly someissues related tdhe field measurements are regarded. Thre reliability and
utility of the CSMderived 3D data of pht height is evaluated and thalidity of the biomass
estimationsis assessedThis also includes asvaluationof the fusion with spectral data.
Afterwards,future prospects for laser scanning approaches in agriculture are outlined. Finally
Chapter8 gives a concluding assessment of the applied methods and achieved results.
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2 Basis

2.1 Remote &nsing

One of the earliest approaches commoalsignedo remote sensing is the use of balloons
for aerial photography in the late ¥9certury (Lillesand et al., 2004Enabled through the
development of airplanes, the interpretation of aerial photos increased in importance during
the world wars(Jensen, 2007)in the late 1950si¢ilian applications of aerial photography
arose as a source of cartographic informati@ampbell and Wynne, 2011from these
approaches, the @ammon aspect in definitions of remote sensing can be concluded:
sensorbased data acquisition to derive information about an object with a certain distance
between sensor and obje€tillesand et al., 20045ince no clear definition exists how great
this distance is, a variety of sensors and platforms, from greaased over low and
high-altitude airborne to spadaeorne systemsare currently included under the rubric of
remote sensing. The former ones are sometimes referred to as proximal (remote) sensing.

Moreover, remote sensing might not be regarded as an own science, rather it is a tool or
technology which is ggied in amultitude of scientific disciplinegL6ffler,1985) In this
respect - contemporaneouslywith the development of new seors from a technical
perspective- the application of remote sensing has reached more and nfietds of human
activity. Only looking at remote sensing of the natural environment, applications range already
from the acquisition ofdata regardingvegetation and water to the assessment of soils,
minerals, or geomorphological structuré®ensen, 2007)Extending theapplication field to
urban areas, further issigeare, for example, thdetection of city structures, like roads and
buildings, detailed monitoring oproduction facilities or humaninduced changes of the
natural environment, such as forest agricultural land With regard to the extent of this
thesis the focus of this chapter is narrowed to remote sensing in agricultural applications with
different sensors and more detailedintroduction into TLS.

2.1.1 Application inagriculture

Remote sensing methods are widely used in agriculture, as they allowomdact surveys
and thus prevent disturbing the plants by theaking of measurementgLiaghat and
Balasundram, 2010)Applied sensors and platforms range across almost all scales, from
hand-held and tractorbased sensors to aiand spaceborngystems in micrdevel to regional
and global surveys, respectivéBilan,1990) Asfor any application of remote sensing, major
factors for choosing a system are tteggeted spatial and temporal resolutiomMulla (2012)
prognosticates that, compared to current approaches, future-sgecific crop management
will claim forgreater spatial ad temporal resolutionsAtzbergr (2013) summarized the
current research focuses of such approaches to five main topics: (I) crop yield and biomass,
(I crop nutrient and water stresqlll)infestations of weeds(lV)insects and plant diseases
and (V)soil properties

According to thisubdivisionthe presented study belongs to thdirst topic and hencelte
following remarksarelimited to applications dealing witbrop biomasskigure2-1 listsseveral
remote sensingensors and platforms, usable for biomass estimations. The selection is based
on recent exemplary studiesf the last five years ancannot claim to completenessather it
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should give a general view across methods at diffecdstervationscales. It has tbe noted
that an acquisition at an entire global scale is not very useful for agricultural applications.

Single plant Plot Field Region Global

Ground-based imagery
Grassland biomass estimation from ground-
based imagery (Inoue et al., 2015).

Field spectrometer
Hyperspectral canopy sensing for estimating rice biomass
(Gnyp et al., 2014b); Maize biomass determination from
measurements with tractor-based spectral reflectance
sensor (Montes et al, 2011); Predicting grassland
biomass with spectral sensor (Reddersen et al., 2014).

Light curtain
Maize hiomass determination from measurements with tractor-

based light curtain (Montes et al., 2011).

Ultrasonic sensor
Predicting biomass of grassland from ultrasonic sensor (Reddersen
et al,, 2014); Use of ultrasonic sensor for estimating biomass of
Bermudagrass, alfalfa, and wheat (Pittman et al., 2015).

Terrestrial laser scanning
Measuring crop biomass with laser rangefinder (Ehlert et al., 2009); TLS-based
estimation of wheat biomass (Eitel et al., 2014); Estimating biomass of paddy
rice with TLS (Tilly et al., 2015b, 2014a) (Chapter 3 & 4).

Low-altitude airborne imagery
Estimating barley biomass from UAV-based RGB imaging (Bendig et al., 2014).

Low-altitude airborne spectral measurements
UAV-based hyperspectral snapshot camera for estimating barley biomass
(Aasen et al.,, 2015); UAV-based spectral camera for biomass estimation of
wheat and barley (Honkavaara et al., 2013).

High-altitude airborne laser scanning
Airborne laser scanning for estimating maize biomass (Li et al., 2015).

Satellite-based spectral measurements
Maize and sunflower biomass estimation from Formosat-2
data (Claverie et al., 2012); Estimation of wheat biomass
from hyperspectral remote sensing (Koppe et al.,, 2012);
Detection of biomass in maize and soybean from rapid eye
data (Kross et al., 2015).

Satellite-based radar measurements
Estimation of wheat biomass from radar remote sensing
(Koppe et al., 2012).

Figure 2-1. Slectionof remote sensing methods ftine estimation of crop biomass across sce
Content of the studies is summarized to sensor and regarded crop or grassland.

This selection of studies demonstrates the genantdrestin the use of remote sensing
methods for estimating biomass. Thereby advantages and disadvantagés @ssumed for
each system, considering factors like the spatial resolution, the pogsilgoral frequency
of measurementsor the dependency on external sources. In this study, TLS was chosen as
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system which allows measurements at field scale in b Bgatial resolution. In addition, the
groundbased active sensor fairly flexible and independently usable.

2.1.2 Terrestrial laser scanning

Out of the variety of remote sensing sensors TLS is quite a young disciplimssigisable
to the proximal sensingnethodswith a short sensor rangecompared to satellitdbased
systems for example. However, in the beginning ldsesedmeasuements were applied with
greater distances between sensor and objédensen, 2007)The origin of laserbased
distance measwments can be dated back to the development of the first optical laser in
1960. Since the 1970s light detection and ranging (LIDAR) systems based on aais@fts,
known as airborne laser scanning (ALS), were wused for elevation mapping
(Lillesancket al.,2004) In these early stagessuch measuements wereprimarily used in
traditional engineering surveyindut caused by technical refinements and the development
of weatherresistantsystems during the late #0century, laser scanningrousedthe interest
of environmental scientist§Large and Heritag@009) In several cases the application of
aplane washowevernot flexible enougtor too expensive and the spatial resolution of ALS
was not sufficient. The resulting demand for grotimased systems led the evolution of TLS.

Only inthe late 1990ghe first TLS systems have been introduced, but the development of
new sensors rapidly increased and their usage is now exteadeda wide rangef research
areas(Large and Heritage, 2009 pplications of TLS range across various fields, such as
geomorphology(Schaefer and Inkpen, 201@eology(Buckley et al., 2008jorestry studies
(van Leeuwen et al., 2011ljarcheology (Lambers et al., 2007)or urban mapping
(Kukkoet al.,2012) With the main advantage of easily capturing data in a high rate and
density, TLS offers opportunities for nerperts, outside traditional surveying disciplines, to
acquire 3D spatial information.eNerthelessa basic understandingf the measuring prinple
is necessary. This can lxemplified by two simpler versions of laséased measuring
devicesnamely laser ranging and laser profiling systems.

The basic principle of so called tiroéflight measurements can be explained with the laser
ranger(Petrie and Toth, 2008Emitted by the rangethe laser radiation is used to accurately
measure the travel time, or timef-flight, between trasmitting a signal and its return to the
receiver after reflection on any point of an object, also referred to as reflection point (ranging
in Figure2-2). From thisime-of-flight, the slant distance or range (R) between the ranger and
the reflection pointis calculatedas half of the entire path, with the speed of light is known to
be ~0.3m/ns:

[ N QQQ WA Q& NG @AQ
C

In environmental science, rather than locating individual reflection points, capturing
2Dprofiles isdesiredfor detecting terrain features. Similar as ranging systems, laser profiling
devices measure the ranges @R)several reflection points equidigant steps along a line,
but in addition the vertical angles (V) between R #melhorizontalare observed (profiling in
Figure2-2). The profile is then determined through calculating each horizontal distance (D)
and difference in heightOH) between the sensor and the reflection points:
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Figure 2-2. Principleof time-of-flight measurementsvith laser ranginc
profiling, and scanningystems.

Through adding acanning mechanismo the system, such as a rotating mirror or a prism,

a laser scanner is attained, which can measure the vertical dimension of a profile along
atopographic features in a high detdPetrie and Toth, 2008Pue to the static position of

the terrestrial laser scanner, an additional motion is necessary to attain a horizontal
resolution. Usually, a movable component, containing shanning mechaamis rotated by

an engine around the vertical axis, which allows to measure a series of parallel profiles
(scanning irFigure2-2). The result of one measurementtigen a cluster of reflection points,
known as point cloud, containing the X, y, and z coordinates of each point.

In the short historyof TLS, the measuring rate of reflection points has rapidly increased
with the development of new systems. While the filsunched sensokeica Cyrax 2400as
capable of measuring only 100 point/sec, the sensors used in the case studies of this thesis
measure 100 to 1,000 times more points/sd@ble 2-1 gives an overview about selected
systemswherebythe selection is limited to timef-flight scanners, since only such systems
were usedin this study. Beyond that, phase scanning systems should be mentioned as
available alternatives, wbh achieve higher measuring rates antedter accuracy but can
only measure in shorter rangéBeraldin et al., 2010 heir measuring principle differs slightly
from time-of-flight scanners. Phase scanners emit the laser beam at alternating frequencies
and measure the phse difference between the emitted and reflected signal.

Table2-1. Chronological selectionf TLS systems with maximmakasuring
rate (Large and Heritage, 2009; Riegl LMS GmbH, 2015a,.2013)

Launch year Sensor Maximal measuring rate
1998 LeicaCyrax 2400 100 points/sec
2001 Leica Cyrax 2500 1,000 points/sec
2007 Riegl LM&420i? 11,000 points/sec
2007 Leica ScanStation 2 50,000 points/sec
2010 Riegl V210002 122,000 points/sec
2014 Riegl V2000 400,000 points/sec

aSensors used fdhe casestudies.



Basics 11

2.2 Crops

In the framework ofthis study, time-of-flight scanners are used to monitor crop height
across the growing seasonc@vrding tothe definition of the FAO, crops are agricultural
products, coming directly from the field without amgal processinggexcept cleaning
(FAO2011) Theymight be further subdivided into cereals, pulses, roots and tubers, sugar
crops, dl-bearing cropsfiber crops vegetablestobaccq fodder cropsfruits and berriesnuts,
spicesand aromatic herbsand other crops (coffee, cacao, tea, and hops). In addition, it can
be distinguished between temporargrops being sown and harvested during the same
growing season (sometimes more than once per year),mamthanent cropswhich have not
to be replanted after each annual harvest

The most important group of crops are cereals, as they contribute the mostottd
nutrition. In generalcereals areannual plantsof the gramineous family characterized by
carbohydrate as mainutrient element(FAO, 1994)Acording tothe statistics of the FAO,
the five largest cereals alone (wheat, maize, paddy rice, baatey rye) make up more than
85 % of the total harvested area for cerealsgure2-3). Based on their generappearance
and growing characteristics thremtegoriesof cereals might belassified Most cereals like
wheat, barley, and rye reach plant heights~dfm and are grown omegular arable land.
Exceptions from this are maize due to tleger plant height and paddy ricgue to its
cultivation a flooded fieldsAll herein regarded examples (paddy riogize, and barley) are
cereals and corresponding to thsibdivision they cover all subategoriesand are thus
regarded asuitablerepresentatives for cerealslowever, the broader term crop is preferred
in the further course of the worlas the presented concept of monitoringtransferableto
other groups. Brief characterizations of paddy rio@jze, and barley are given in the following
sections,listed in the order of their appearance the chapters 3 to 6Afterwards some
generalcharacteristis of crop growth and development are givas a basi$or the concept
of crop monitoring.

Worldwide harvested area for cereal
Mean 2011- 2013

Rye
1%
Oth
3 Absolute values (ha)

Wheat Wheat 220,000,00¢

31% Maize 180,000,00(

Paddy rice 160,000,00(

ARG Barley 50,000,00C

azgf%”ce Rye 5,000,00C

Maize Other 95,000,00C

250 Total 710,000,00(

Figure 2-3. Worldwide harvested area fahe five maincereals
Values according t6A0(2014)
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2.2.1 Paddy rice

Cultivatedrice Qriyza) is the staple food fotwo thirds of the world population and the
leading food crop in developing countri€duliano, 2004)It is acereal grain gras@amily
Poaceag and although it is an annual species, it may grow more than once per year under
reasonable environmentatonditions Thisquality of growthis influenced by factors like
temperature, day length, nutrition, planting density, and humiditfemoto et al., 1995Fven
thoughrice was originally @lant of wetlands, some species are cultivated on dry land or in
water. It is common practice to flood the paddy rice fields for irrigation and simplifying weed
control. The term paddy is thangliciz& F2 N 2F GKS alfle&ly @2NR
strawQ(Arendt and Zannini, 2013)Today, the term paddy rice is used for both the
water-coveredfieldsand the harvested product.

Historically, the most anciergrchaeologicafindings of rice cultivation are found in the
Yangzi delta in Chipalating back to 5,000 B@rendt and Zannini, 2013Although with
almost 30%, meaning about 200lio tons per year, China still accourits the largest parof
the world rice production, the cultivation of rice i®wadayswidely distributedaround the
world. It is grown in more than 100 countries between BBand 40S andirom sea level to
altitudes of up to 3,000m, covering in total about one quarter tfie worldwide harvested
areafor cereals [Figure 2-3). Assumable about+100,000 rice varieties exist, of which only
asmall number is cultivate@uliano, 2004)

Theappearanceof the rice plants is marked bypund and hollow stems with flatsessile
leaf blades and a terminal panigl&rendt and Zannini, 2013peveral stems are grouped to
hills with fbrous roots at the bottom. Each stem ignveloped by leaf sheath, which
continuously merge into the leaf blade. The height of the majority of the rice varieties ranges
between 1 and 2n at their final growth.

2.2.2 Maize

Cultivatedmaize Zea may4..), also known as corn, is along with wheat and rice one of the
most extensively cultivated ceregl&rendt and Zannini, 2013)t is an important sourcéor
awide range of applicationsuch ashumandiet, feeding animals, or production of fuel and
fibers. For a long time different theories on the origin of maize exidted, 2004)Thewidely
shared assumptiooday is that it was domesticated at least 6,700 BC in the highlands of
Mexico. Nowadays, cultivad areas arespread worldwide horizontally between 508 and
40°S and vertically from the Caribbean islands to 3#0@bove sea level in the Andean
mountains. About one quarter of the oldwide harvested aredor cereals in more than
160countries is altivated with maize Eigure2-3).

Like paddy rice, maize a cereal grain grass of the fanflgaceaesharing characteristics
such agonspicuousiodes in the sten and a single leaf at each node, with leasksrnately
arranged(Lee, 2004)On the contrary final plant heightsare much larger; typically maize
plants reach heights of 2:{8.5m. Plant height and yield arebviously influenced by
environmental factors, irrigation, and fertilization.

2.2.3 Barley
Cultivatedbarley(Hordeum vulgaré..)is one of the mst versatile cereal crogé&rendt and
Zannini, 2013)Ilt has been one fothe most important cereals in ancient times, as it can be
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grown under a largeange ofenvironmentalconditions Archaeologicafindings allowto infer
that barley was grown in the Near East and North Africa around 8,000 and 6,000 BC,
respectively. Durig the course of time, it was more and more replaced through the increasing
use of wheat, rice, and maize. Nowadays, considering the worldivdeestedarea for
cereals barley only ranks fourfRigure2-3), but an increasing use psedictedfor the future,
because unique benefits to human health are assuifiethey, 2010)The highest prices for
barley are achievable when used foalting and brewingwhich also supports the promising
future for barley, as the worldwidbeer consumptions likely to further increase However,
since malting has high qualitgquirements today the majority of the produced barley is used
to feed animals, where lower glity issufficient

Barley is a cereal grain grass of the faRibaceagwhichis howeverdistinguishable from
other speaces of this family, like wheat, through the ears with long awakhough some
awnless types also exi§Kling et al., 2004)Typically plants reacheights of about Im. In
modernvarietiesthe plant height was reduced and straw strength was increased to enhance
the resistanceagainst lodging.

2.2.4 Growth and development

From a generdbotanic point of viewthe changes in plants across the growing season have
to be divided in a qualitative and quantitative p@Rrice and Munns, 201QYVhile, qualitative
changes are related to a plant development, involving changemfs appearancer function,
quantitative changes reflect the growth, meaning a rising plant size, linked to an increasing
biomass. Obviously, théevelopmentand growth cycles interact to a high degreed are
furthermore influenced bgnvironmental conditiondn the fdlowing, the termgrowth always
implies the associated development of the plants, otherwisereasntioned separately

The entirebiological lifecycl®f any plant can be divided intoraproductivephase, starting
with the germination processand a vegetive phase, marked by plant growth and
developmentsuch asorgan formation Thispas®sinto the reproductive phase for the next
generation (Price and Munns, 2010)The growth process of cereals can be broadly
summarized to the tillering process after tgermination followed by the stem extension and
heading, and fina§l the ripening as start of the new reproductive phgkarcher, 2003)An
illustration of these stages dyarge(1954)is shown irFigure2-4. The stages are based on the
Feekes scale, which wdgveloped byWillem Feekesn apioneering approactof defining
growth stagegFeekes1941)

Nowadays, variouscales exist for describing crop growth across the growing season
through the declaration of stage3hese scales slightly diffier the definition of each stage
and its allocation to either the vegetative or reproductive phase. From this variety, thd BBC
scaleis used irall case studies of this thesis. The acronym BBCH is derived from the funding
organizations: Biologische Bundesanstalt (German Federal Biological Research Centre for
Agriculture and Forestry), Bundessortenamt (German Federal Officamf Varieties), and
Chemical industry. A main benefit of this scale is the fine subdivision of each growth stage in
further so called developmental steps. The scaldassified by a twaligit numberof which
the first decodsthe principal growth stagerad the secondsubdivides into the developmental
steps As shown inTable 2-2, the scale starts with the early reproductive phase, the
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germination and ends with the senescence, the withering of the plants but start for the
reproductive phase of the next generation. It should be mentioned that the vegetative phase
is most importanfor the development of cropand appropriate field management can mainly
influence the plant growth during these stagéshe application of fertilizer on barleyfor
example, should be completed prior to BBCH sta@dihzert and Frahm, 2005)ence, this
phase is mainly in the focud crop management

GROWTH STAGES —————STEM EXTENSION —-————»-1—HEADING—»R1PENING’-*
IN CEREALS STAGE | STAGE
stace 1O H
10.1 tlowering
STAGE | (see WMoV
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9 in“boot” Ei

ligule of
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8 just ﬁ /
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6 second < A fﬁ)
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Table2-2. Principal growth stages of the BBCH scale and criteria farghledivision in developmental
steps, modified from Meier (2001).

Figure2—4. Growth stage®f cerealshased on the Feekes scélarge, 1954)

Principal growth stagé Code® Subdivisionof developmental steps based on:

;;p;r;):uctlve 0 Germination 00-09 Steps of germination and sprouting

1 Leaf development 10-19 Number of true leaves, leaf pairs, or whorls unfolded

2 Tillering 21-29 Number of side shoots artdlers

3 Stem elongation 31-39 Number of detectable nodes and stem length
v?]getative 4 Booting 40-49 Percentage of reached harvestable vegetative plant f
phase

5 Inflorescence : 51-59 Amount of inflorescence emerged

emergence, heading
6 Flowering,anthesis 60-69 Percentage of flowers open

7 Development of fruit  71-79 Percentage of fruits have reached final size

start for

) 8 Ripening 81-89 Steps of ripening or fruit coloration
reproductive
phase of next g genescence 91-99 Stepsof leatfalling, withering till harvested product
generation

afirst number of code® entire code to subdivide developmental steps
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2.3 Crop monitoring

The plant height of the herein investigated crops is monitored across esspgective
growing seasonGenerallymonitoring means to observe the progress of something over
aperiod of timebut without any information about how this is done. Hence, crop monitoring
can beinterpreted as observing plant developmeduring its growh. This is nhowadays often
associatedwith sensofbased measurements as part of sg@pecific field management.
However, referringto the non-considerationof the applied method, cropnonitoring has
alonger history in agriculture than the remote sensing approaches. This evolution and
chronological developmenis shortly addressed in the next section, followed by an
introduction of the approach presented in this study and some aspects about scales and
dimensions.

2.3.1 Evolution and existing studies

Duringthe pre-industrial times farmers have cultivated small fields. Since they needed to
have a detailed knowledge about their fields or rather the plant development, some kind of
humanbased crop monitoring was already necessary. However, they had no possibilities to
quantifyvariallities so far(Whelan and Taylor, 2013)he industrial revolution induced then
a mechanizatiorof conventionalagricultureduring the second half of the #0century. A a
consequence management practices have widely been applied, in which fielésew
considered as being uniform over large scales. This alloweddap®yment of machinebut
reduced theflexibility to adapt thefield management Acontrarydevelopmentcan be stated
for the end of the 2 and beginning of the Z1century. Enabled ttough further technical
refinements,a trend towards sitespecific management practices was and is still observable.
Nowadays, various approaches address-sfiecific crop monitoring and management. In
particular noncontact surveys, enabled through remote sensing sensors, are in the focus of
research(Atzberger, 2013)With regard to the aim of this study, the focus of this section is
held on monitoring biomass and plant height with groundvehiclebased approaches.

Due toits strong link to yield, biomass is an important plant parameter and approaches as
to its estimation and monitoring arevidely researchedIn early approaches rising plate
meters were applied for biomass estimations on grasskidghell and Large, 1983\ pole
is placedperpendicularto the ground,surroundedby a plate which falls down on theass
cover. Through measuring the height, biomass is determined, which depends dnrthe
density and grass speciesSince this method is not well suited for determining biomass of
cereals and measurements in larger spatial extents, other-aestructive estimation
methods are necessary.

Widespread remote sensing methods for biomass estimations exist and range across
almost all scaled~(gure2-1). Commonly, measuremis of thereflected radiatiorfrom plants
are used to calculate Vls, which allow the estimation of plant parameters such as plant height,
LAI, water content or biomag€asanova et al., 1998; Clevers et al., 2008; Guyot et al., 1992;
Haboudane et al., 2004An extensive study on different crops and their characteristicssacro
several growth stages was conducted Blyenkabaikt al. (2000) Theycomplaired about
weaknessesf the widely usedhormalized difference vegetation index (NP®hd suggested
that other combinations of sgrtral bands are better suited to obtaimiophysical



Basics 16

characteristicsSeveral other studies focused on tegablishment of more suitable VIs, such
as the fourband VI GnyLi, which was empirically developed for estimating biomass
(Gnypet al.,, 2014a) In that study, winter wheat fields were monitored with both field
spectrometer and satellite images to develop a VI which can be usedulbiscalebiomass
estimations. The reliability of the GnyLi was demonstrated with an averatjealU®s across

all sales of 0.78, on the contrary tHéDVIreached only an Rralues 010.24.

Despite estimations based on ViIs, plant heicgnt be used to estimate biomass. However,
unlike Vlsi,t is not very widely investigatedso far. At the field scale, plant height cdme
measured by different grountlasedsensors.Montes et al.(2011) showed the usability of
height measurements with a light curtain for estimating maize biomadseached Rvalues
of up to 0.91. With Rvalues between 0.730.76 the usability of amltrasonic sensofor
measuring sward height as biomass estimator was demonstratdiedglersen et a(2014)
Continuous monitoring of rice growth withradar sensowas performed byim et al(2013)
and good correlations to plant height (0.88) were achieved. The potential of laser scanning
systems was shown bighlert et al.(2010) with strong relation between height and crop
biomass density of wheat {R 0.90).Moreover, plant heightare measured manuallyvith
aruler or measuring tape, as shown, for example Mgrshall and Thenkaba({2015) They
usad such manual measurements famproving biomass estimations from spectral
measurementsCompared to estimations on spectral data alone, up t&28ore variance
could be explained by the combined models. In contrast to the discrete measurements of
ultrasonic sensors or manual measurements, continuous measurenceptsire the entire
crop surface in theonsidered rangeachievable from a Tid&rived point cloud for example.
TLS sensors are also known to reach up tocariimeter accuraciegLarge and Heritage,
2009)and thus they should be regarded p®misingsystems for exact crop monitoring.

2.3.2 Cropsurface model

In this study, 3D point clouds of mutémporal TLS surveys are used to monitor the crop
height across the growing season. Details of the acquisition process and the individual steps
of the postprocessing are given in the research pagersach case study. Nevertheless, the
general methodology as common conceppissented briefly in the following

The final point cloud of each campaign is interpolated to a crop surface model (CSMs),
representing the crop surfacewith a very high spatiakesolution at a specific date
(Hoffmeisteret al., 2010) Previously, the point clouds afitered with ascheme for selecting
maximum pointgo detect the crop canopy. Thereby one value remains for eamh by 1cm
cell. By capturing several CSMs across the growing season and an additgtaalterrain
model (DTM) representing the bare gund of the field at the beginning of the growing
season, spatially resolved plant height data are calculated and temporal changes can be
monitored Figure2-5). For &ample, the plant height values for the first campaign datg (t
are calculated by subtracting the DTM from GSMhe plant growth, in this context meaning
an increase in plant height, is obtained by calculating the difference between the CSMs of two
campagns, e.g. CSM CSM. This results inaster data sets with pixelise stored plant height
or growth.
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Figure2-5. Cacept of multitemporal crop surface modelSingle plants modifieiiom Large (1954)

2.3.3 Biomass regression model

In the further courseof this study, plant bight is used to estimate crop biomass. During
tillering and in particular during stem extension and elongation (BBCH stagesTaBie?-2),
increasing biomass mainly related to increasing plant heiglitigure2-4). In the case studies
(Chapter3 to 6) biomass regression models (BRMs)eanpirically developedo express this
relation between TL-8erived plant height and destructively taken biomass for the examples
of paddy rice, maize, arfgarley. In the paddy rice and maize case studies only dry biomass is
regarded since this value is important for calculating biorratsed indices swch as the
harvest index and the NNI. Additionally, the relation to fresh biomass is investigated in the
comprehensive barley case study as this parameter is frequently used in crop growth models.
Prior to the establishment of the BRMs, theel-wise stored plant heighand the biomass
values are averaged across equal spatial extents to allowle¢hgationof model equations

In a first attempt,increasing plant height and biomass are bettpectedas being linear
during the key vegetative @se. Hence, the simplest approach to express the relation
between these parameters is also a linear BR&¢prding teequation[1], Table2-3. However,
during the later stages, in particular afteeading(BBCHstageb, Table2-2), furtherincreasing
biomass values can be expected due to the development of ears while the plant height stays
almost constantKigure2-4). @nsequentlynon-linear functions mit suit better to the trend
between the two parameters across the entire growing season. This is also confirptadrin
studies suggestinghat biomassacross the seasas best estimated with exponentiatodels
(Aasen et al., 2014; Thenkabsilal., 2000) Therefore, exponential BRMs are established
according teequation[2], Table2-3. Forthe exponential BRMs$he biomass valuearenatural
log-transformed which simplifies the calculatioeduation [3).

Linear BRMs are established in all case studienaparablebasis Since the main focus
of the first research paper (Chapt8y lies on thegeneralconstruction and usability of CSMs,
exponential modelsre not consideredyet. Exponential models are also excluded fritra
maize case studfChapter5), sincethe application ofa different platform for measuring the
larger maize plantsaand the larger fields isnainly addressd. The results of linear and
exponential BRMs are shown for paddy rice and barlehapter4 and6, respectivelyin the
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latter chapter, the benefit of fusing plant height widach of six VIs is investigated based on
linear (equation[4]) and exponentia(equation[5] and [6]) multivariate BRMsTable2-3).

Table2-3. Equations othe biomass regression models.

Linear BRMs
Bivariate 6 Qé G Qiaid o KD © [1]
Multivariate 6 Q& & 6 i0) & eI &£ A0 O [4]

with @ and¢ as slopesind@asintercept.
Exponential BRMs
Bivariate 6 Q¢ a dinim ° [2]
a8 QL aGidi @ Of & WENXKIN [3]
Multivariate 6 Q¢ & G I ° 0 [5]
A QA0 G @) dOMIBD @ IO [6]
with & - @ asfactorsandQas base of the natural logarithm.

2.3.4 Scales and dimensions

For any field survey, a general consideration should be given to the regarded scales and
dimensions. As shown iRigure 2-1, remote sensing methods for the estimation of crop
biomassrangeacrossvariousscales For sitespecific crop management a highfield spatial
resolution is required. The presented TLS approach for measplamg heightaims at the
applicationat field scale, but prior to this, sufficient knowledgeabout the development of
plant heigh and biomass across the growing seasomegessary Therefore, two field
experimentswere monitored, in which several cultivars obne crop were cultivated with
different fertilizer treatment in smalscale plotsThisexecutionof experimentsat plot level is
common practice in crop science, for example, to investigate the performance of newly
developed varietie¢Kling et al., 2004)

Apart from this, the expected difference between the plots are uddbr the monitoring
approach to capturdifferent plant conditions at one growing stage. Firstly, a paddy rice
experimentwas investigatedh two growing seasonsvhereeach plotwas10m by 7m in size
(Chaptes3 and4). Secondlya spring barley experimentvas surveyedin three growing
seasons, where each plot wéasn by 3 m in sizg Chapter6). The measurements on the paddy
rice fields weresupplemented by campaigns owo farmeNXa O2y @Sy G A2y, £ £ &
having a total extent of 5060 by 300 m and 100m by 80m. Moreover,a maize field, which
was 160m by 60m in size was monitored to examirlee applicabilityof the approachat field
scale (Chapter5). The overall intent was to establish BRMs based on comprehensive
measurements at plot level and use the models for estimations at field scale.

Furthermore, the dimension of the acged data has to be regarded. The result of a TLS
survey is a 3D point cloud, which is commonly used to generate a(Bildde, 2010)In these
point clouds more than one height value (z) can be obtained for each 2D location (X, y). Since
the representationof a DTM is typically limited to 2.5fe point clouds need to be converted
to data sets where one z value is stored for each 2D location. This involves a loss of
information, which however cannot be avoidedhen usingraster data sets. In the here
presented crop monitoring approach, it is very likely that several z values with the same
X,y coordinates are attained due to the almost vertical plants. Through interpolating the CSMs

Y
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from the filtered point clouds, rastetata sets with a resolution ofdm are generated to store

the highest aalue per 2D location. As the plant height is then calculated based on the CSMs,
the true dimension of these data sets is also 2.5D. However, the 3&mata of plant height

is usedin the further course of the workieferringto the point cloud as origin and since the
term 2.5D idrequently unknown Previous to the establishment of the BRMs, tiveelwise
stored plant heighd are averagedcross equal spatial extents, resultinglid data. In these

data sets one value of plant height is stored per spatialfanitvhich the x, y coordinates are

not considered, such as one field experim@fit. This was necessary to attain a common
dimension with the biomass values, which ageorded for these spatial units.

2.4 Studysites

Crop monitoring with TLS was carried out at three gli@$ng the growing seasons of 2011
to 2014, resulting in a total number 86 field campaigns. The study site locations are marked
in Figure2-6. From a geographicgloint of view, all sites belong to the same ecozone, the
temperate midlatitudesrangingon the west sides of the continentom 40°- 60° and at the
east sides from 35°50°(Schultz, 2006 but they differ in their location at the west and east
sides oEurasiaOn the east site, paddy rice fields at three sites around the citipoganjiang
Heilongjiang Province were surveyiedChina. In Germany, on the west site, fields at twessit
were investigated, both located in the federal state of North RAMestphalia. Firstly, a maize
field in the village Selhausen, about Kt west of Cologne and secondly, a barley field in the
village KleirAltendorf, about 2Gkm southwest of Bonn, wermvestigated. According to the
Kdppen-Geiger climate classification the sites in China and Germany are assigned to the
temperateclimates Cwb and Cfb, respectivéBeelet al.,2007) Hence, they show the same
temperature range across the year (hottest month >°@0and coldésmonth <18 °C) with
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warm summers, but they differ in theharacteristic of the winter seasol€wb climates are
characterized by dry winters with thgrecipitation of the driest wintemonth being lower
than 10% of theprecipitation of the wettest summemonth. In contrast, no dry season is
ascertainabldor Cfb climates. In the following all sites are briefly portrayed.

2.4.1 JiansanjiangChina

The city ofJiansanjiangs located in the pvince HeilongjiangNortheastChina The
topography of the province is flat andw in altitude complementedby a few mountain
ranges. In the northeasternmost part the Sanjiang Plain is situated, an alluvial plain, mainly
deposited by the rivers Heilong, Songhyand Wusuli.Through theland reclamationsince
1950the lowlying former wetlands are now well suited for agricultural production and the
area has become ammnportant basis for agricultural products in Chi(@ao and Liu, 2011)
Underlying soil types of the anshlandsas original land cover of the §ang Plain wer@eat
marsh soil, humus marsh soil, mire saitd meadow marsh soibut thereclamationinduced
a soil development. The four main soil types, making upo9& the area, araow meadow
soil, lessive, swamp spéind black soilLiu et al., 2013; Wang et al., 2006)

The dmate is marked by thEast Asian summer monsaaesulting in cold and dry winters,
but warm and humid summerfing and Chan, 200Q5Jhe average annual temperature is
about1.4-4.3°C, but araverage maximum of 24122 °C is reacheth July Moreover, about
70% of the annual precipitation of 5650mm occurs between July and September.
Resulting from the climatic conditions, tlgegowing season lasts about 12040 daygWang
and Yang, 2001; Wang et al., 200&)cording tothe records of the local weather station of
Jiansanjianghe annual meartemperature is 3.6C with anaverage yearly precipitationf
about490mm (Gnyp, 2014)the dimate diagram for Jiansanjiaigshown irFigure2-7 (A).

In Jiansanjianghe Keyansuo experiment statiors located, wherefield management
approaches for irrigated rice cultivatiare carried at. In each growing season of 2011 and
2012 the samdield experimentwas investigated at thistation. In addition, one nearby
FINYSNDa O2y @Sy i A 2 yhonitoted eadhlygar. BeSdRptiohs\ db thekthree - &
sites and thdield experiment are given in the research papers (Secdi@land4.2.]).

2.4.2 Selhausen, Germany

Selhausen is a small village in the district of D{iedrout 40km west of Colognélhe area
is part of the loweRhine basinvith a flat or slightly undulated surfaceharacterized bgmall
valleys of the rivers Rur and Ellbadthe inestigated fields situated on the upper teaceof
the Rhine/Meuse river systemwhich consists oPleistocene sand and gravel sediments
(Rudolphet al.,2015) All soils in the area ardevelopedin Quaternay sedments and
Cambisols, Luvisols, Planosols, and Stagnasalthe main soil types.

The longterm records of thaveather station at the nearbyd®earchCentre Jilichare used
to regard theclimatic conditions Theyshowan average annual temperature of 10.0 °C with
an average yearly precipitation of about 780n (Research Centre Julich, 2018)e climate
diagram for Julich is shown igure2-7 (B).

At this site aF I NY SN a 02y @S ynaideZigld vias sonitredcioss $he
growing season of 2013. Therefore six TLS campaigns were carried out. More details are given
in the research paper (sectidn2.1).
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2.4.3 KleinrAltendorf, Germany

The village KlewAltendorf lies about 2&m southwest of Bonn. Since the area belongs to
the main terrace of the southern part of the lower Rhirgsm the ground is almost flat and
the clayey silt luvisak well suited for crop cultivatiofun Bonn,2010a) On thesenutritious
soils in the Renish areaypically crops like sugar beet, wheat, and badey cultivated.

The region lies in thevarm temperateclimate zone, with themesoclimatic conditions
being influenced by thehelteredlocation of the lower Rhine bas{ni Bonn, 2010bRecords
of the weatherstation in KleirAltendorf showan averageannualtemperature of 9.3 °Gnd
alongterm average yearly precipitatioof about 600 mm Figure2-7 (O shows the climate
diagram for KleirAltendorf. The growing season comprisaisout 165- 170 days.

Afield experimentcampus belonging to the Faculty of Agritcute, University of Bonn, is
hostedin KleirAltendorf. Across the growing seasons of 2012 to 201i¢ld experimentwith
different cultivars of spring barley was monitored with several TLS campaigns each year. More
details about the experiment angrovides inthe research papersgction6.2.1).
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Abstract Appropriate field management requires methods of measuring plant hengght

high precision, accuracy, amésolution. Studies show thaetrestriallaserscanning (TLS) is
suitable for capturing small objects like crops. In this contribution, the results of
multi-temporal TLS surveys for monitoring plant height on paddy fields in China are
presented. Three campaigns were carried out on a field experiment and on a farmer's
conventionally managed field. The high density of measem@npoints allows to establish

crop surfacemodels (CSMs) with a resolution ot, which carbe used for deriving plant
heights. For both sits, strong correlationgfch R=0.91) between Tl-8erived and manually
measured plant heights confirm the accuracy of the scan data. A biomass regression model
was established based on the correlationween plant height and biomass samples from the
field experiment (R=0.86). The transferability to the famn's field was supported with
astrong correlation between simulated and measured value$=@R90). Independent
biomass measurements were used fealidating the temporal transferabilityThe study
demonstrates the advantages of TLS for deriving plant height, which can be used foingrodel
biomass. Consequently, laser scanning methods are a promising tool for precision agriculture.

Nontechnical Resa&rch SummaryIn general, efficiency of crop production is influenced by
adequate field management during the growing period. This requires appropriate technical
equipment, but even more, knowledge about the nutrient content of plants during cultivation
is necessary. Key factors for management decisions are nitrogen content and biomass.
Determination of the desired plant parameters and accurate estimation of the actual crop
status are in the focus of research. While several-destructive methods are intiduced for
monitoring nitrogen status in standing crops, the matter of determining biomass
non-destructively is still not solved. Consequently, other plant parameters, like the plant
height, are used for biomass estimations. Thsults of this study shovhat terrestriallaser
scanning can be used for measuring plant height accurate and witidh resolution.
Measurements on a field experiment were used for establishing a regression model for the
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determination of biomass. The transferability to a largeale and the temporal transferability
were supported with independent measurements on a farmer's conventionally managed field.
The developed methods can support the monitoring of paddy rice fields during the growing
period for getting detailed spatially dntemporally resolved information. Hence, the field
management can be optimized for conserving natural and financial resources.

Keywords terrestriallaserscanning; plant height;rgwth; biomass; rice; precision
agriculture; crop monitoring; field level

3.1 Introduction

The cultivation of rice is increasingly important in consequence of its role as a staple food,
in particular for the rapidly growing Asian population. In 2011, about 90 % of the estimated
world rice production, about 650 million tons, was gduxed in AsigFAO, 2014)Due to
afurther growing population with a constant or even decreasing cultivation area, a field
management aiming at high production and sustainability of natural resources is required.
Main goal is to close the gap between potiahand current yield in developed and developing
countries(van Wart et al., 2013)Therefore, in the context of precision agriculture, aete
crop monitoring should be based on remote and proximal sensing for improving the relation
between inputs and outputéViulla, 2012)

Rice grain yield for example, is positively catetl to biomass and nitrogen (N)
translocation efficiencyNtanos and Koutroubas, 200Zjowever, the ovefertilization with
N by farmers is a major problem for soil and groundwater. Hence, ways for enhancing the field
management are necessary. Overviews about the actual situation and recent trends in China
are given byiao et al.(2011)andRoelcke et ak2004)

Considering that the biomass praoction of crops carbe described as a function of
N content, an optimal fertilization requires the knowledge about the suitable N content of the
plants as well as methods of determining the actual N content and the bio(bessenne
Barret @ al., 2000; Lemaire et al., 2005; Mistele and Schmidhalter, 2008yidely used
indicator for quantifying the actual status is the nitrogen nutrition index (NNI), as the ratio
between measured and critical N contgiilia and Conversa, 2012; Greenwood et al., 1991;
Lemaire et al., 2008)The critical N content is determined by the N dilution curve, which
represents the relation between N concentration and biomass.

In order to estimate thevalues for the calculation of the NNI, the use of ra@structive
remote sensing technologies is in the focus of researBbveral studies exist using
achlorophyll meter(Huang et al.2008; Peng et al., 19963 handheld spectreradiometer
(Stroppiana et al., 2009; Yi et al., 2007; Yu et al., 2@t3n airborne hyperspectral sensor
(Ryu et al., 2011pr determining the N content of rice plants. Moreover, various approaches
are pesented for assessing the actual biomass. Spaceborne data is commonly used due to the
usually wide areal extent of paddy rice fieltoppe et al., 2012;0pezSanchez et al., 2011,
Ribbes and Le Toan, 1998) addition, satellite remote sensing images enable the estimation
of rice yield based on the calculation of vegetation indige®t al., 2011; Yang et al., 2011)

A higher spatial and temporal resolution is required for estimating the biomass more
precisely and with withirfield variability. Few works on the virtual modigg of rice plants in
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a high resolution exis(Ding et al., 2011; Watanabe et al., 200but the complex plant
structure and growing process cause uncertainties about the transferability to the Tielc,
in-situ measurements for biomass estimation are useful. In an early approach, the biomass of
rice was predicted from reflectance data, measured with a haeld radiometer
(Casanovetal., 1998) Similar results are reported inGnyp et al. (2013) and
Aaseret al. (2014) In Yaoet al. (2012), the authors used an active haeld optical
reflectance sensor for monitoring the rice canopy during the growing period and developed a
precise N management strategy. Furthermore, the authorLonfalonieri et al.(2011)
emphasized that rice plant height is a key factor for predicting yield potential and established
a model for estimating the plant height increase, but methods for accuratsitin
determination are are.

Besides hyperspectral and optical sensors, the technology of light detection and ranging
(LIDAR became increasingly important in a wide range of research fields, including the
acquisition of vegetation parameters. Advantages of airborne and grtvasdd LiDAR
remote sensing for ecosystem studies are highlightedran Leuwen et al.(2011) and
Lefskyet al.(2002) Tremendous research is conducted in forestry applicat{blesining and
Radtke, 2006; Hosoi and Omasa, 2006; Hyyppa et al., 2008gllL@t al., 2011,
Omaseet al.,2007; Van der Zande et al., 2006he main benefits are the fast and accurate
data capturing, the high point density data, and therefore the highly realistic reprasent

Several crops were already investigated with grotvadedLiDARapproaches for various
purposes, for example measuring height of perennial gfaang and Grift, 2012y biomass
of grapevine(Keightley and Bawden, 2010ilseedrape, winter rye, winter wheat, and
grassland(Ehlert et al.,, 2009, 2008)Furthermore, estimating crop densitfHosoi and
Omasa2009; Saeys et al.,, 2009)itrogen status(Eitel et al., 2011)and leaf area index
(Gebbers et al., 201 Df wheat, or detecting spatial and temporal changes €fiedent sugar
beet cultivardHoffmeister et al., 2012re evaluated. Single plant detection is possible based
on analysis of theneasured intensity valuggioffmeister et al., 2012; Hofle, 2014y Hosoi
and Omas42012) the authors examined the use of a portable scanner in combination with
amirror for assessinghe vertical plant area density in a rice canopy and achieved good
results. They used the density values for estimating the dry weight of plant organs (ears,
leaves, and stems). As stated limmme etal. (2008) terrestrial laser scanning (TLS)
apromising methodfor estimating the biomass of small grain cereals like barley, oat, and
wheat.

In this study, multtemporalcrop surfacemodels (CSMs) were established for determining
the plant heightfrom TLS measurements on paddy rice fields at different growing stages.
CSMs are introduced Hoffmeisteret al. 010)for deriving spatial crop growth patterns on
field level. Manual measurements were performed for validating the TLS measurements. In
addition, the CSMs are used for estimating the actual crop biomass. Therefore, a regression
model based o the findings from a field experiment was established. The model was used for
estimating the biomass of rice plants on a farmer's field on the base of-teaifporal CSMs.

The presented research is part of the activities of the International Center for
Agro-Informatics and Sustainable Development (ICASD). It was founded in 2009 as an open,
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international, and multidisciplinary cooperative research center. ICASD founding members are
the Department of Plant Nutrition of the China Agricultural University efjig) and the
Institute of Geography at the University of Cologne, Germany (www.ICASD.org).

3.2 Materials and nethods

3.2.1 Study area

The surveys were conducted in the area of the city of Jiansanjiang (N 47°15'21"
E132°37'43") in Heilongjiang Province in the far northeast of Cliiigaue3-1). The province
with a continental monsoon climate is an important basis for agricultural products in China
(Gao and Liu, 2011pituated in the east of Heilongjiang, the Sanjiang Plain covers almost
100,000 km?, which is about ¥ of the provinces' total area. Cold and dry winters and short but
warm, humid summers are characteristic for the middle temperate and humid climate of the
Sanjiang Plain, which is marked by the East Asian summer mo(@Boanand Chan, 2005;
Domrés and Gongbing, 1988lhe field campaigns were carried out at two sites: (1) A field
experiment at the Keyansuo experiment stati@iigure3-1) where various treatments for the
cultivation of rice were applied and (2) a farmer's fi¢klgure 3-1) with a conventional
management.
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Figure 3-1. Location of the stug sites in China (modified frc
Gnypet al. (2013)

3.2.1.1 Field experiment

At the Keyansuo experiment station, various field management approaches for irrigated
rice cultivation were investigated in smaltale fields. The focus of the field experiment
examinedin this contribution was on different N fertilizer treatments. Differences in plant
height and biomass were expected, related to the amount of N input. For the presented
monitoring approach, this variation is useful for capturing different plant conditainsne
growing stage.



Multitemporal crop surface mdels: accurate plant height measurement and biomass estimatiol
with terrestrial laser scanning in paddy rice 26

One half of the field experiment with a spatial extent of 60 m by 63 m was cultivated with
the rice variety Kongy3l, the other half with Longjingl. The plants sprout in
agreenhouse, were transplanted between the 17th and 20ttMay, and harvested on the
20th of September 2011. Nine different treatments were repeated thrice for both rice
varieties. Thus, the area was divided into 54 plots, each about 10 m by 7 m in size. As shown
in Table3-1, the treatments differ in the amount of applied N fertilizer during the growing
period. The amount of fertilizer was predefined for five treatments, whereas the amount for
treatment six to nine was adjtesd based on irseason N content analysis. The content was
approximated based on spectral reflectance measurements, performed with GreenBéeker
(Ntech Industries, USA) and Crop CitlgHolland Scientific, USA) and the actual biomass,
which was measured destructively several times within the vegetation period. A detailed
description of the experiment design is giverGao et al(2013)

Table3-1. Fertilizer application scheme for bothudy sites.

Treatment Base N Topdressing 1 Topdressing 2 Topdressing 3 Total N
(kg/ha) (kg/ha) (kg/ha) (kg/ha) (kg/ha)
Fieldexperiment
Date 06.05.11 30.05.11 09-21.07.11  29.07.11
1 0 0 0 0 0
2 28 14 19.6 8.4 70
3 40 20 28 12 100
4 52 26 36.4 15.6 130
5 64 32 44.8 19.2 160
6-8 40 20 N/A2 N/A2 N/AP
9 40+55SCU O N/A2 0 N/AP
Farmer's field
Date 14-16.04.11  29.05.11 09.06.11 08.07.11
40 12 18 30 100

a Amount based on N content analydisResulting from the calculated amouystSulphurcoated urea (slow
release fertilizer)

3.2.1.2 Farmer's field

The aim of investigating a farmer's conventionally managed field was to provide an
independent validation data set and check the transferability of the findings from the field
experiment describeébove. For this purpose, a farmer's field with similar growing pattern
but a considerably larger spatial extent of 300 m by 500 m was chosen. The plants also sprout
in a greenhouse, were transplanted on the 17th and 18th of May, and harvested between the
25th of September and 10th of October 2011. Unfortunately, it was not possible to find any
field with one of the rice varieties investigated at the Keyansuo experiment station, where the
farmer would have allowed to enter the rice paddies and to take destre samplings several
times within the growing season. The field was cultivateth whe rice variety Kenjianda®.
The dates of fertilization differ from the field experimeiaple3-1).

3.2.2 TLS measurements

The chosen survey period of late June to July captures the key vegetative stage of the rice
plants, when the stem elongation process takes place. Remarkable differences in plant
development occur due to the increa®f tillers and plant height during this stage. For the
monitoring approach, three campaigns were carried out on both fields, which were each time
conducted on two consecutive days. The campaign dates are givabia3-2.
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Table3-2. Dates of the scan campaigns and corresponding phenological stages.

Date Field Variety BBCHscalet

21.06.11 Experiment Kongyul31l 13
Longjing21 13

22.06.11 Farmer's Kenjiandao 6 13

04.07.11 Experiment Kongyul31 13-15; 22-23
Longjing21 13-15;22-23

05.07.11 Farmer's Kenjiandad® 13;21

18.07.11 Experiment Kongyul31 19; 29; 32
Longjing21 19; 29; 32

19.07.11 Farmer's Kenjianda® 19; 29; 34

amultiple values due to several samples

For all field campaigns the terrestrial laser scanner Riedl0@4(Riegl LMS GmbH, 2013)
provided by Five Star Electronic Technologies, located in Beijing, was used. The scanner
operates with the timeof-flight technique, where the time between transmitting and
receiving a pulsed laser signal is measured. The timesed for calculating the distance
between sensor and target. Parallel scan lines are achieved with a rotatingfaneitipolygon
mirror and the rotation of the scanners head itself, which implies a wide field of view, up to
100° in vertical and 360° morizontal direction. The infrared laseedm has a high precision
of 5mm and an accuracy of Bm. Apart from a measurement rate of up to 122,000
points/sec, long range distance measurements of up to 1,400 m are possible. In addition, the
system is capdb of an online fulwaveform analysis and according echo digitization.

Additionally, a digital camera, Nikon D700, was mounted on the laser scanner. From the
recorded RGB photos the point clouds gained from the laser scanner can be colorized,
resulting in3D RGB point clouds and the corresponding surfaces can be textured. The camera
was connected via USB interface to the scanner for adjusting the camera settings and ensuring
an accurate alignment between the devices. During the acquisition, the wholensyses
remotely controlled with the RiISCAN Pro Software on a notebook, linked via a LAN connection.

During the campaigns at the field experiment, the scanner was fixed on a tripod which
raised the sensor up to 1.5 m above ground. Where possible, a seidt behind a tractor
was used for achieving a greater height of about Figyre3-2). The study area was scanned
from nine scan positions for capturing all fisldf the Keyansuo experiment station and
minimizing shadowing effects. Although the data from all positions was used for the analysis,
four of them were of major importance, as they were located closely to the investigated

Figure3-2. Overview of the investigated field experiment from scan position six (Figg)eCh thi
right side the scanner with the tripod mounted on the small trailer can be seen (taken: 04.07.1
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N field experiment. Two positioneere accomplished without the trailer at the north edge
and twopositions with the trailer at the south edge of the fielthe whole setting is shown

in Figure3-3.

Rice variety
[T Kongyu 131
I Longjing 21
Selected plots
[JFig. 8
[JFig. o

A Scan position

N 0255 10

- —

1:1.000

Figure3-3. Experimental design and scan positi
of the field experiment. Number in thelot
represents: rice variety @Kongyul3l; 2
Longjing2l); treatment (1 - 9 in Table 3-1);
repetition (1- 3).
On the farmer's fieldFigure3-4) the scanner was also mounted on the tripéd.cordingly,
the sensor height was about 1.5 m above ground. Due to a limited access on the small dikes
between the plots, it was impossible toais trailer or to reach any lifted position. The field

was scanned from seven scan positions. For this study, the whole field is divided in the overall
units (W and Erigure 3-4). In order to get a high

field and two intensively investigated
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Figure3-4. Experimental design and scan positi
of the farmer's field.
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resolution for the latter ones, four scan positions were placed at their corners. Twelve thin,
long bamboo sticks per unit were stuck in the ground, placed in an equally spadeatych

can be detected in the point clouds and located in the field to ensure the spatial linkage to
other plant parameter measurements. An additional grid with 28 measurement points
represented by bamboo sticks was placed in the overall field.

Common tie points in all scans of each site are required to enable the merging of all scan
positions in the posprocessing. Therefore, higleflective cylinders, which can be easily
detected by the laser scanner, were fixed on ranging poles built upodikes between the
fields (Hoffmeister et al., 2010)The reflectors had to be detected from all scan positions for
computing the spatial relatiobetween all positions of the scanner and the cylinders. In the
first TLS campaigns, the position of each pole was marked in the fields. All scans of each date
from a respective field can be merged together byesablishing the ranging poles for the
other campaigns.

3.2.3 Manual measurements

During the whole vegetation period, manual measurements were performed at both sites
for monitoring the development of the rice plants. The phenological stage of the plants and
more precisely, the steps in the plant developmt are defined here by the BBCidale
(Meier,2001) The abbreviation BBCH was derived from Biologische Bundesanstalt (German
Federal Biological Researcan@re for Agriculture and Forestry), Bundessortenamt (German
Federal Office of Plant Varieties), and Chemical industry, who funded the development of the
scale. For both sites, the BB&&lues at the campaign dates are giveil@ble3-2. The similar
values confirm the comparable phenological development of the rice plants on the field
experiment and the farmer's field.

Corresponding to each TLS campaign, plant heigate manually measured. On the field
experiment, eight to ten hills per plot were regarded. Each hill consists of four to six rice plants
(Cao et al., 2013)n both intensively investigated units of the farmer's field, the heights of
four hills around each bamboo stick were measured.

As mentioned above, destructive biomass sampling was perforsexeral times during
the vegetation period at the field experiment. Samples were taken from both varieties for the
respective three repetitins of treatment one to five (r30). Due to the small plot size, it was
not feasible to take additional samplesrresponding to the TLS campaigns. As the dates of
sampling differ from the TLS campaign dates, the biomass values were linear interpolated.

On the farmer's field, the four hills around each bamboo stick in the two intensively
investigated units were déuctively taken after the TLS measurenm®rior measuring the
biomass (r=24). After each campaign, the grid of bamboo sticks was moved for having an
undisturbed area around the bamboo sticks for the following campaign. Furthermore, in the
overall field éstructive samplings were taken around the mentioned 28 bamboo sticks on the
26th of June, as an additional independent validation dataBigu¢e3-4). For all sampigs,
the cleaned above ground biomass was dried in a compartment dryer and weighed after
dehydrating. The average dry biomass per m2 was calculated, considering the number of hills
per m?, which was counted in the field corresponding to each sampling.
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3.2.4 TLSlata processing

The general workflow for the pogirocessing of the TLS data is showrFigure 3-5. It
consists of the (1) registration and merging of all point clouds, (2) filtering and extraction of
the area of interest (AOI), (3) spatial, and (4) statistical analyses, consideeimganual
measurements.

Registration
)
Adjustment
)
Merging
)

Filtering
"
Extraction
{
Export
d
Interpolation
y
Calculation
{
Statistical analysis

Figure 3-5. General overview of the workflow
the postprocessing of the TLS data.

The first steps (1 and 2) were carried out directly in Riegl's software RiSCAN Pro, which was
already used for the data acquisition. First of all, the scans from the respective three
campaigns were imported into one RISCAN ProegtojThe registration of the scan positions
was executed with an indirect registration method, based on the above mentioned
high-reflective cylinders acting as tie points. With an automatic algorithm, corresponding tie
points between the scan positions cdé® found. After the registration, the datasets still
showed alignment errors, due to nasptimal reflector positioning, imprecise +#&stablishing
of the ranging poles, or instabilities during the measurements. A further adjustment was
applied to minimizehese errors. RiISCAN Pro offers the Multi Station Adjustment, which is
based on thaterative closestpoint (ICP) algorithniBesl and McKay, 1992)he position and
orientation of each scan positiowere modified in multiple iterations for getting the best
fitting result for all of them.

The point clouds still contained noise, caused by reflections on water in the field or on small
particles in the air. Thus, a further filtering based on the refleceameasured for each point
during the data acquisition, was performed. Points under a certain reflectance value, regarded
as noise, were removed. As the reflectance value depends on the distance from the sensor to
the field as well as other factors, theteal value was slightly different for each scan.

Subsequently, all point clouds of each respective date were merged to one dataset and the
AOI was manually extracted. For an easier orientation and the distinction between field and
dikes, the point clous were previously colorized from the recorded pictures. The AOI was
further separated for each date and plot to have a common spatial base. A filtering scheme
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was used for selecting the maximum points and determining the crop surface. Finally, those
filtered point clouds were exported as ASCII files for spatial and statistical analyses.

3.2.5 Spatial analysis

ArcGIS Desktop 10 by Esri was used for constructingrtipesurface models (CSMs) and
following spatial analyses. The exported ASCII files were converteector point data and
interpolated with the inverse distance weighting (IDW) algorithm for receiving a raster,
representing aigital surfacemodel (DSM) with a consistent spatial resolution of 1 cm. IDW
is a deterministic, exact interpolation method ametains a measured value at its sample
location(Johnston et al., 2001Hence, the method is suitable for preserving the accuracy of
measurements with a high density, like the TLS point clouds.

A common reference surface is required for the calculatbthe plant heights. Usually
a high-accuratedigital elevation model (DEM) is used; achievable from scanning the AOI
without any vegetatior{Hoffmeister et al., 2010Bince it was not possible to obtain such data
in this study, another method was applied: the lowest parts in the point clénaas the first
date, accordingly containing the least dense vegetation, were manually selected for
interpolating a DEM surface representing the real ground. As it can be ségguie3-6, the
rice plants were small enough for clearly identifying points on the ground and the water height
in the irrigated field was less than 4 cm at this stage. Hence, enough ground points at the
edges and around the hills remained foterpolating a DEM.

Figure3-6. Corner of the field experimerghowinc
the least dense vegetation (taken: 21.06.11).

Finally, the CSMs, introduced (Hoffmeister et al., 2010pr plant growth monitoring at
field level, were established for each tda The application of CSMs is presented in
Hoffmeisteret al. (2013) A CSM represents the crop surface with high spatial resoluatio
one campaign date, gained from the merged and filtered point cloud. As sholigure3-7
(Bendig et al., 2013CSMs are used for determining the actual plagight for a given growing
stage. Therefore, the DEM from the first acquisition date, representing the ground, is
subtracted from the CSM, representing the crop surface. The result is the plant height above
ground with the same spatial resolution as theM3Swhich is visualized in maps of plant
height. By subtracting a CSM of an earlier date from a CSM of a later date, the plant growth
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between the dates can be spatially measd, e.g. CSM_2 minus CSM_Figure3-7. The
spatial patterns of the plant growth are visualized in maps of plant growth. In the following,
plant growth is always defined as the spat@mporal difference in height.

Multi-temporal Crop Surface Models

Plant Height

ty = DEM
ty=CSM_1

Layout: G. Bareth, A, Bolten, J. Bendig, N. Tilly
Design: R. Spohner

ty= CSM_3

Figure3-7. General concept of cropigacemodels (CSM¢Bendig et al., 2013)

3.2.6 Statistical analysis

The statistical analyses were performed in Microsoft Excel 2010. For a better visualization,
diagrams were plotted in OriginPro 8dy OriginLab. The plant height values, calculated
pixeklwise for the CSMs, were averaged for each plot of the field experiment and each circular
buffer area with a radius of 1 m around the bamboo sticks for the farmer's field, respectively.
The plots of tle field experiment were previously clipped with an inner buffer of 60 cm for
preventing border effects. Additionally, the manually measured heights were averaged for
each plot (n=54) or aea around the bamboo sticks &24). These values were compared
with the mean plant heights derived from the CSMs of the same respective spatial feature for
evaluating and validating the laser scanning results.

3.2.7 Biomass regression model

As mentioned before, the problem of the nalestructive estimation of crop biomass on
field level is not solved yet, while indirect approaches successfully used plant height as
predictor. In order to investigate the correlation between plant height and biomass of rice
plants, a regression model was derived from the results of the fielderaxent. The
transferability of the model to the farmer's conventionally managed field was validated by
comparing the simulated and measured biomass. As mentioned, different rice varieties were
cultivated on both test sites. The two rice varieties from fieéd experiment were combined
in the regression model to ensure an adetpiaumber of measured values €90) and attain
a reasonable mean value for the transfer to the farmer's field. The combination of the
different treatments covers the influence tife varying amount of used fertilizer. Previously,
three test models were established for testing the general concept. For each test model the
regression equation from two repetitions of the field experiment were used for simulating the
biomass of the thil repetition.
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The workflow can be structured in five steps:

VII. Generation of the test models, considering only the field experiment

VIll.Evaluation of the correlation between all C8lgrived plant height and destructive
biomass sampling for the field experimentdaderivation of the regression model

IX. Application of the regression model for simulating the biomass on the farmer's field
based on the CSMerived plant height

X. Evaluation of the simulated and destructively measured biomass of the farmer's
field

XI. Validationof the regression model using the additional independent measurements
of biomass of the overall farmer's field

3.3 Results

3.3.1 Spatial analysis

After the described data processing of the captured TLS point clouds, the CSMs for each
date and both sites were generated and the plant heights were calculatedwisel Thus,
the following spatial and temporal patterns and variations within one CSM and between
different CSMs can be obtained. As an exanfpigre3-8 shows twelve maps of plant height

Plot number
plot 162 plot 163 plot 261 plot 262

21.06.11

Date
04.07.11

18.07.11

CSM Height [cm]

Figure3-8. CSMderived maps of plant height for four selected plaitthe field experiment (let
Kongyul31; right: Longjin@1, markedin Figure3-3).
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derived from the CSMs. For all three TLS campaign dates, the maps of two repetitions of the
same fertilizer treatment for KongylB1 (plot 162 and 163) and Longji2d (plot 261 and

262) are shown. All field experiment plots and the whole farmer's fiddepresented in the

way it is shown ifrigure3-8.

The linearstructure of the rice plant rows within the plots is detectable at the first
campaign but disappears later due to plant development. Regarding the field experiment,
slight differences between the rice varieties can be identified. The latter differenagtisred
by examining the mean plant height per plot, which shows higher values for Lo@djifitne
averaged difference between the varieties increases over time (4 cm, 5 cm, and 10 cm). In
addition, the plant growth is observable, which is determined eiglfit difference between
consecutive CSMs and visualized as maps of plant growliigline3-9 maps of Kogyu131
(plot 133) and Longjingl (plot 232) for both timéntervals are shown as an example. In both
intervals, the growth patterns are almost homogeneous within the plots for both varieties.
According to the increasing height difference between the varieties over time, the growth
values are higher for Longjirag.

Plot number
plot 133 plot 232

oty Lol
v rd

Plant height change between
04.07.and 18.07.11 1 21.06.and 04.07.11

Figure 3-9. Maps of plam growth for two selecte
plots of the field experiment, derived from t
difference between twoconsecutive CSMs (l¢
Kongyul31; right: Longpg 21, markedn Figure3-3).

The mean plant heights calculated from the CSMs were validated against the averaged
manually measured plant heights for each plot or area around the bamboo sticks for verifying
the results.Figure3-10 shows the difference between these values for the first campaign on
the field experiment. The variance is quite small. About 40 % of the plots show a difference of
less than 2 cm, further 45 % differ by 2 to 5 cm, ared 15 % show a higher error, reaching
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the maximum at about 10 cm. The mean difference between all-G&Med and manually
measured plant heights is about 3 cm for the plots of the field experiment and about 9 cm for
the buffer areas around the bambotcks of the intensively investigated units of the farmer's
field, each with a sindard deviation of about 5 cm.
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Figure 3-10. Difference between the averac
manually measured plant heights and the G
derived mean plant heights for each plot for
first campaign of the field experiment.

3.3.2 Statistical analysis

The CSMierived and the manually measured plant heights, averaged for each plot or
buffer area, were used for executing correlation and regression analyses. Common statistical
values are shown imable3-3. For each campaign and both sites the mean heights are quite
similar. The differences between the mean C&&fived and manually measured plant heights
are about 3 cm for the field experiment and 9 cm for the farmigelsl. The standard deviation
within each campaign is about 5 cm for both sites. All minimum values are lower for the
CSMderived mean plant heights, whereas the maximum values are more similar. All values
and the resulting regression lines for both fiell® shown inFigure3-11. The correlation
coefficients are vy high for each field (botRe =0.91).

Table3-3. Mean CSMlerived and manually measured plant heights for both fields.

Date Plant height from CSM (cm) Measured plant height (cm)
n X S min max X S min max

Field experiment

21.06.11 54 24.84 3.63 17.90 3299 24.37 206 19.13 28.88

04.07.11 54 34.62 436 2459 4271 37.94 242 3238 44.13

18.07.11 54 55.38 722 4428 70.30 63.56 425 53.10 70.70
Farmer's field

22.06.11 24 20.80 482 1339 3144 29.18 2.87 2325 37.00

05.07.11 24 34.09 452 27.13 4460 40.62 193 38.25 43.75

19.07.11 24 59.49 487 5179 7258 71.64 263 67.50 76.50
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Figure 3-11. Regression of the mean CSlgrived ani
manually measured plant heightfor the field experime
(n=162) and the intensively investigated units one
farmer's field (r=72).

3.3.3 Biomass regression model

As mentioned before, for destructive biomass sampling on the field experiment only
treatments one to five were considered, with the main different levels of N fertilization.
Hence, the number of samples aadcordingly the averaged plant height values, differ from
the comparison of the height measurement method8alfle 3-3). In the intensively
investigated units of théarmer's field biomass was taken around all bamboo sticks. For each
campaign the mean value, standard deviation, minimum, and maximum were calculated for
the plant height and dry biomas$4ble 3-4). The mean plant heights of each campaign are
similar for the field experiment and the farmer's field, with a difference of less than 5 cm. In
contrast, the averaged dry biomass values of fie& experiment are 20 to 30 % lower than
the values of the farmer's field at the second and third campaign.

Table3-4. Mean CSMilerived plant heights and biomass values.

Date Plant height from CSM (cm) Dry biomass (g/m%}
n X S min max X S min max

Field experiment
21.06.11 30 24.93 285 2059 30.33 5951 18.86 24.04 100.70

04.07.11 30 33.80 3.74 27.25 40.75 131.72 30.03 66.71 199.41

18.07.11 30 56.69 5.49 44.91 63.03 422.27 80.90 274.74 599.53
Farmer's field

22.06.11 24 20.80 4.82 13.39 31.44 57.58 13.02 25.64 80.01

05.07.11 24 34.09 452 27.13 4460 217.43 29.44 146.54 278.12

19.07.11 24 59.49 4.87 51.79 72.58 589.71 73.01 482.33 723.32

avalues for the field experiment are interpolated
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The general concept of the biomass regression model was validated with three test models.
Therefore, the regression equation achieved from two repetitions of the field experiment was
used for calculating the biomass of the respective third repetition.niban deviations of the
simulated values from the actual measured values are 3 %, 16 %, and 19 %.

Considering now both fields, the relation between mean plant height and dry bioimass
visualized in a scatterploE{gure3-12). The lower biomass values of the field experiment are
also visible, but the linear correlation is similar for both sites. The regression equedim
the field experiment (¥ 11.06x- 224.18) was used for deriving the biomass regression model.
Following, the biomass on the intensively investigated units of the farmer's field was
estimated with the model, based on the CSigrived plant heightsFigure3-13 shows the
simulated biomass, with once the standard deviation calculated for each campaign, and the
actual measured values. The reliability of the established model is supported by timg stro
correlation between shulated and measured valued®(=0.90). The mean difference
between the values is 90 g/m? (about %4 of the mean measured dry biomass), with a standard
deviation of 80 g/mz2.
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Figure3-12. Regression of the mean CSlgrived plant heigt

and dry biomass for the field experiment (83 and the

intensively investigated units on the farmer's field (n = 72

The regression model was validated and the transfergtititany point in time within the

observation period was checked with the biomass measurements on the overall farmer's field.
As the increase in plant height over time is almost linear in the observation period, a linear
function achieved from all CSherived plant height values was used for interpolating the
plant heights for the 26th of June. The theoretical biomass was estimated with the regression
model and compared to the measured valu@sble 3-5 gives the basic statistics for the
simulated and measured biomass values. The mean difference between both values is 15 g/m?
(about 20 % of the mean measured dry biomass), with a standard deviation of 36 g/mz2.
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Figure 3-13. Theoretical biomass simulated with regres:
model and the measured values for the intens
investigated units on the farmer's field (each: n = 72).

Table3-5 Biomass values for the overall farmer's field.

Dry biomass (g/m?)

n X S min max
Simulatedvalues 28 64.25 30.51 16.04 128.68
Measured alues 28 79.32 15.91 50.02 113.23
Difference between 28 15.07 36.36 0.50 84.88

related samples

3.4 Discussion

Generally, the data acquisition with the laser scanner in the field worked very well. The
lightweight buildup of the Riegl V2000 is quite helpful. Nevertheless, problems occur from
noise in the point clouds, due to wind, rain, insects, or lsperticles in the air, reflections on
water, and other effects. These issues for TLS applications in agriculture are also reported in
Ehlert et al.(2009)and Lumme et al(2008) The timeof-flight scanner, used in this study,
reduces the noise already by the high measuring speed. Fuirtimovements are possible
with the software filter options in RISCAN Pro. Earlier studies with a comparahlp set
(Hoffmeister et al., 2010jlready showd the usability of this method, but further
improvement is still desirable. Approaches for automatic corrections of internal errors focus
on systematic error models and sefilibration methodgLichti, 2010)

Further possibilities are the investigation of intensity values, which can be used for
establishing a filtering scheme of separating laser returns on canopy from ground returns
(Guarnieri et al., 2009r for detecting single plant{dioffmeister et al., 2012; Hofle, 2014)s
already stated. In addition, the gpcation of fullwaveform analysis for identifying vegetation
in point clouds is commonly known from Alt§yppa et al., 2008; Wagner et al., 2008w
TLS systems are also capable for retrieving thesalleform of the retected signal and their
role for detection of vegetation gets increasingly importailséerg et al., 2011,
Guarnieriet al., 2012)
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A major advantage of the terrestrial laser scanner is the easily achievable and fast data
acquisition of a whole field. Besides that, a higher spatial resolution anemhpghnt density
than achievable witlairborne laserscanning (ALIMcKinion et al., 2010% reachable, which
enables an accurate differentiation between the plots and allows the identification of small
objects, like the bamboo sticks used on the farmer's field. Nevertheless, the approach leaves
room for improvement, for example enhancing the evess@f the point cloud distribution.
Recent developments imobile laser scanning (MLS) brought up promising solutions
(Kukkoetal., 2012a) In general, MLS comprises all measurement systems with
two-dimensional profiling scarers, attached to a moving ground vehicle for achieving an
areal coverage. This method was already used in several studies for crop monitoring and
detection purposes(Anduja et al., 2013; Ehlert et al., 2008; Gebbers et al., 2011;
Kukkoet al.,2012a) For the limited access on the small dikes of the paddy rice fields, the new
Akhka MLS systeifiKukkoet al., 2012b) where the laser scanner is attached to a backpack,
has promising potential.

In the literature (Ehlert and Heisig, 2013)e problem of overestimating the height of
reflection points depending on the scanning angles is examined. In this study, the point clouds
of all scan posibns from one campaign date were merged for achieving an evenly distributed
coverage of the field and a scheme for filtering the maximum points was used for detecting
the crop surface. However, referring hlert and Heisi2013) the influence of the scanning
angles has to be taken into account for further studies, in padicidr MLS systems.

One source of error for validating the CSM measurements with the manual measurements,
are the height variances within the observed spatial unit. Considering the manual
measurements such withifield variations are already detectable. mgntioned, on the field
experiment the heights of eight to ten hills per plot were measured. The mean standard
deviations within those measurements are already 4 cm, 4.5 cm, and 5.5 cm for the respective
three campaigns. Regarding the C8&fived plant héhts, many more measuring points
exist, with one height value for each pixel. Hence, the whole area of the plot is captured,
including lower parts. With respect to those witHileld variations and differences between
the measuring techniques the meanfdiience of 3 cm between averaged G8btived and
manually measured plant heights is reasonaflahle3-3). Considerindgrigure3-10 the few
samples (15 %) with differences between 5 and 10 cm can probably be related to these
uncertainties and variations. Moreover, for the first campaign a difference between the rice
varieties on tle field experiment might be detectable. While for Kondy1 mostly the
manually measured plant heights are higher than the ®ekived values (positive
difference), contrasting patterns, resulting in negative differesicare observable for
Longjing21. However, those tendencies are not observable for the other campaigns.

Regarding the farmer's field similar patterns are clearly visible. In the intensively
investigated units only the heights of four hills around each bamboo stick were manually
measured, ich assumably leads to the lower standard deviation (3 cm, 2.5 cm, and 4 cm for
the three campaigns). However, the difference between the averaged manual measurements
and CSMlerived plant heights is larger (9 cm), as the manual measurements covered only
small parts of the area, mostly representing the highest parts of the crop surface. In contrast,
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the scanner captures the whole area, including lower parts, resulting in a high number of
measuring points. Thus, the mean values of the pmeé stored CSMerived plant heights

per circular buffer area are lower, which explains the overall lower minimum values for the
CSMderived plant heightsTable3-3).

In summary, the manual measurements with strong correlations to the averaged
CSMderived values validate the accuracy of the TLS results. Due to the very different numbers
of samplings peplot, only averaged values can be compared. As mentioned, the heights of
less than ten hills per each spatial unit were manually measunezbritrast, the resolution of
1 cm of the CSMs results in a huge number of measuring points for each spatiahmit (
500,000 points for each plot and 30,000 point for each buffer area on the field experiment
and farmer's field, respectively). Through this high resolution also smaller hills and lower parts
of the plants are captured, which decreases the minimume&land increases the standard
deviation {Table 3-3). Nevertheless, the comparable mean values of the measurement
methods, with deviations of 2 to 15 % for the fiekperiment and 15 to 30 % for the farmer's
field, lead to regressions with high correlation coefficierg(re 3-11). The much higher
spatial resolution and the acdgition of the whole area are the main benefits of the TLS
approach and required for accurate crop monitoring in tloatext of precision agriculture
However, the precision of the CSMs can hardly be validated with the manual measurements.
Other studies sbw that TLS measurements are supposed to be préEige, 2014; Keightley
and Bawden, 2010; Lumme et al., 200B)e high accuracy and precision of the Riegl Q0D
is validated withperformance test by the manufacturéRiegl LMS GmbH, 2018)oreover,
the TLS approach immensely reduces the human error factor, which cannot be neglected for
the manwal measurements.

Although the TLS data acquisition worked well, some uncertainties remain. Due to the field
management and construction, it was not possible to obtain a DEM from the AOI without any
vegetation and water. Thus, the DEM had to be estimatemnfthe point clouds of the
respective first campaigns, containing already small plants. The low water height in the field
of about 4 cm and the remaining ground at the edges and around the hills enabled this
approach. Nevertheless, the high correlation ffmgents and small differences between the
CSMderived and the manually measured plant heights justify this assumption.

For paddy rice fields, border effects have to be regarded, resulting in differences between
internal and external rice plants in a pl@/NVang et al., 2013)The executed application of
abuffer, to cut off the outmost rows, is suitable for avoiding border effects. However,
uncertainties still remain, for example about the appropriate size. The compiled CSMs show
the applicability of thepresented method of calculating crop heights in fiiedds with a high
spatial resolution (up to 1 cnfigure3-8) and accuracyln contrast, spaceborne data, which
is commonly used for rice field mapping reaches aiapagsolution not higher than 1 m
(Koppe et al.,, 2012; Lop&anchez et al., 2011; Ribbes and Le Toan, 1998 results
demonstrate the potential of LS for accurate{situ measurement on paddy rice fields, which
could also be a validation for spaceborne remote sensing data. Furthermore, the
transferability of virtual moded rice plants to field level can be validatéding et al., 2011;
Watanabe et al., 2005)
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Reconsidering the model presented @onfalonieri et al.2011) the CSMlerived plant
heights can be used for predicting yield potential for ricethis context, the mentioned
influence of border effects is a general problem for estimating rice yidlang et al., 2013)

The very high resolution of the Fd8rived CSMs might be useful for quantifying this effect
and estimae differences between internal and external rows.

The strong correlation between plant height dnidmass (R=0.86) enabled the derivation
of the regression model for estimating the actual biomass of rice plants. Strong correlations
between plant height and biomass were also reportecEimert et al.(2009)for different
crops. The transferability of the established model to a laggale farmer's field was
demonstrated. Differences between the theorml biomass, simulated with theegression
model and the actual measured values can be related to the mentioned differences between
the investigated fields. The BB@kBues Table3-2) show that all varieties were almost in the
same phenological stage, but differences in plant height and biomass are measurable. The
biomass values of the field experiment are up to a third smaller than the values ofrtherfa
field (Table3-4). Hence, the simulated values differ from the measured values with a mean
difference of about 25 % of the mean measured dry biomass. Regarding the general concept
of the biomass regression model, better simulations were possible with the established test
models, where only the rice varieties on the field experiment were used. As mentioned, the
mean differences between the simulated and measured values are 3 %, 16 %, and 19 %.
Further investigations are required, regarding the differences and whether tteegeaused by
the different rice varieties or fertilizer treatments. Other influencing factors might be different
soil conditions or lower human impact and larger plot size on the farmer's fie{Hosoi and
Omasa, 2012)he authors achieved good results for estimating biomass of rice plants based
on the vertical plant area density, measured with a portabtanner in combination with
amirror. However, the setip might be less practical for the application on largerle fields.

The estimated biomass values may be used for improving NNulazidns and
N management strategie§Yao et al., 2012)as the actual biomass is a key factor for the
evaluation of the field status and management damis. Hence, the claimed improvement of
the relation between input and output(Mulla, 2012) can be realized to reduce
over-fertilization and shrink the gap between potential and curremgi

Accurate captured rice fields can also be used for mindelpurposes. In
My Phunget al. (2013) a model is presented for rating damages from rice field rats and
corresponding yield losses. The extent of damages was assumed, based on the experiences of
the involved farmers. Damages can also be caused by otlhecedlike storms, rain, or plant
diseases. Measurements with TLS could be more accurate for predicting the damaged
biomass. Furthermore, crop simulation models can be used for estimating the potential and
current yield (van Wart et al., 2013)Therefore, the CShMerived height and estimated
biomass values can be used as model input or validation data.

For the presented approach, the improventesf the temporal interpolation method for
the plant height values to any point in time is desirable. In this study, the@8Ved mean
plant heights were interpolated. Better results might be reached with a pus raster



Multitemporal crop surface models: accurate plant height measurement and biomass estimatii
with terrestrial laser scanning in paddy rice 42

interpolation and subsequerdveraging of the interpolated pixel values for estimating the
mean plant height for a given day in the investigation period.

3.5 Conclusion

The presented method of producing mui@mporal CSMs based on TLS measurements is
applicable for nordestructive capiiring and monitoring of rice growth. The very high spatial
resolution and accuracy of the point clouds are the most outstanding features of TLS.
Regarding the varying performance of plant growth on the field experiment, further studies
might focus on the ififerent rice varieties and fertilizer treatments. Therefore, similar data
sets of the same field experiment of consecutive years should be considered.

The Riegl V2000 is comparatively expensive. However, for this study a TLS system, known
for high pregsion and accuracy, was required to avoid systmmsed errors. Recent
developments brought up costffective system, like the Velodyne HBAE LIiDAR sensor
(Velodyne, 2014)Suchsystems should be regarded for realizing the practical implementation
and application for farmers. Further, more castective approaches are conceivable with
MLS systems like the ibeo ALASCAENXTert and Heisig, 2013)

In the context of precision agriculture, biomass is a key factor for management decisions.
As mentioned, to this day, it is impossible to directly measactual crop biomass
non-destructively. Hence, remote and proximal sensing measurements for estimating actual
values inseason are required. The results show the strong correlation betweant height
and biomass (R=0.86; R=0.90) for the analyzed tim of the growing period. The
transferability of the established biomass regression model based on plant height
measurements from a smadcale field experiment to a largscale farmer's conventionally
managed field was supported. Differences between thie sites, e.g. rice varieties, plot size,
and fertilizer treatment lead to differences between the simulated and measured values, but
the strong correlation (R=0.90) demonstrates the coherence of the results. Furthermore,
the independent biomass datastbm the overall field was used for validating the temporal
transferability. In further studies, the transferability to other farmers' conventionally managed
fields has to be checked. The accuracy of the simulated biomass shows the suitability of the
established model and reveals the presented method as a promising approach for the
non-destructive inseason estimation of biomass withireld resolution in paddy rice.
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Abstract: It is known that plant height is a suitable parameter for estimating crop biomass.

The aim of this study was to confirm the validity of spgtiant height data, which is derived

from terrestrial laser scanning (TLS), as a-destructive estimator for biomass of paddy rice

on the field scale. Beyond that, the spatial and temporal transferability of established biomass
regression models werewmestigated to prove the robustness of the method and evaluate the
suitability of linear and exponential functions. In each growing season of two years, three

OF YLI Adya 6SNB OFNNASR 2dzi 2y | FAStR SELISNR
field. Gop surface models (CSMs) were generated from thedEtiSed point clouds for
calculating plant height with a very high spatial resolution of 1 cm. High coefficients of
determination between CSMerived and manually measured plant heigh®& (.72 to 0.9)

confirm the applicability of the approach. Yearly averaged differencesveen the
measurements were-7% and~9%. Biomass regression models were established from the

field experimentdata sets, based on strong coefficients of determination between plant

height and dry biomass {R0.66 to 0.86 and 0.65 to 0.84 for linear and exponential models,
NBaLISOGABStevd ¢KS aALIOGAlLET FyYyR GSYLERNFXt GN
conventionally managed fields is supported by strong coefficients of detation between

estimated and measured values’{R.60 to 0.90 and 0.56 to 0.85 for linear and exponential

models, respectively). Hence, the suitability of -Okefved spatial plant height as
anon-destructive estimator for biomass of paddy rice on thédfiscale was verified and the
transferability demonstrated.

Keywords:terrestrial laser scanning; plant height; biomass; rice; precision agriculture;
field level

4.1 Introduction
{2fdziAz2zya (2 Syad2NE (KS ¢g2NI RQa T22RB &SOdz
population. Focusing on the supply with staple food, the cultivation of rice is essential. This is
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in particular for the Asian world important, where 2011 and 2012 about 90% of the estimated
world rice production was cultivated, each year about 650 iomlltons (FAO, 2014)
Miaoet al. (2011) reviewed longterm experiments on sustainable field management and
highlighted the required increase in cereal production to ensure food security in China. The
authors emphasized the combination of traditional practicasd modern sensebased
management approaches for addressing this challenge.

In this context, precision agriculture (PA) rises in importance, which focuses on spatial and
temporal variabilities of natural conditions and an adequate dealing with resources
(Oliver,2013) PAimproved management methods support farmers in closing the gap
between potential and current yielflzan Wart et al., 2013Based on analyses of loteym
field experiments,Roelcke et al(2004) concluded that there is a great need for -farm
experiments. Therefore accurate crop monitoring based on remote and proximal sensing has
become increasingly important within PA in recent ye@arshall and Thenkabail, 2015;
Mulla, 2012) A widely used indicator for quantifying the aat status of plants is the nitrogen
nutrition index (NNIYElia and Conversa, 2012; Greenwood et al., 1991; Lemaire et al., 2008)
The index shows the ratio between measured and criticaliMerd. The latter is determined
by the cropspecific N dilution curve, showing the relation between N concentration and
biomass. Consequently, the accurate and +@structie determination of biomass is
aprecondition for calculating the NNI.

For rice, ithas been shown that grain yield is positively correlated to biomass and nitrogen
(N) translocation efficiencgNtanos and Koutnabas, 2002)but overfertilization affects the
nutrient balance in soil and groundwater. Consequently, the NNI should be used for optimizing
rice production with PAmproved management methods. Therefore, nRmwasive
approaches for biomass estimatiane of key importance as rice paddies should be entered
with machinery as little as possible during the growing season. Satellite remote sensing images
serve for estimating the actual biomass and vyield of large paddy rice fields
(Koppeet al.,2012b; Li et al., 2011; Lop&anchez et al., 2011; Ribbes and Le Toan, 1999;
Yang et al., 2011)However, for monitoring withifield variability and more accurately
estimating biomass, a higher spatial resolution is required. The potential of gioaseh
plant parameter measurements as input for biomass estimation models was recently
demonstrated for rice, maize, cotton, and alta{Marshall and Thenksail, 2015) However,
therein, plant height was manually measured, which isongr to selection bias.
Agroundbased multisensor approach showed good results for predicting biomass of
grasslandReddersen et al., 2014For biomass estimationf @addy rice, irsitu approaches
with handheld sensors for measuring canopy reflectance provided good results
(Aaseretal.,2014; Casanova et al, 1998; Gnyp et al, 2013oreover,
Corfalonieriet al. (2011) emphasized rice plant height as a key factor for predicting yield
potential and developed a model for estimating plant height increase, but accuragi¢uin
measurements of plant height on field level are rare. Although virteahgetric models of
single rice plants in a high resolution ex(®ing et al., 2011; Watanalstal., 2005)
uncertainties remain about the transferability to theeld, due to varying patterns of plant
growth. Hence, accurate methods for determining plant height on field level are desirable.



Transferability of Models for Estimating Paddy Rice Biomass from Spatial Plant Height Data 50

Light detection and rangind-iDAR sensors have been increasingly used in vegetational
studies since the 1980¢Lee et al., 2010)Insitu studies confirmed the potential of
groundbased LIDARmethods, also known as terrestrial lasecasning (TLS), for the
assessment of plant parameters in agricultural applications. Previous studies focused on the
acquisition of plant heighfZhang and Grift, 2012postharvest growth(Koenig et al., 2015)
leaf area indexGebbers et al., 2011¢rop densityf{Hosoi and Omasa, 2009; Saeys et al., 2009)
nitrogen status (Eitel et al., 2011) or the detection of idividual plants
(Hoffmeisteret al.,2012; Hofle2014) Moreover, the potential of TLS for estimating the
biomass of smalgrain cereals was emphasizé&thlert et al. (2009, 2008), Hammerle and
Hofle(2014), and Lummet al. (2008) Regarding the accurackumme et al(2008)found
that estimated heights of cereal plants correlated with tape measurements. The high precision
for mapping of maize plants was showynié6fle (2014) Little research has been done so far
on TLS #ksitu measurements of paddy ricelosoi and Omas@012)examined vertical plant
area density as an estimator for biomass, achieved with a portable scanner in combination
with a mirror. Besideshiomass estimations based on TdeSived spatial plant height was
evaluated for some of the fields considered in the presented s(dly et al., 2014, 2013)

But as stated above, muléinnual onfarm experiments are necessary for achieving a
comprehensive undstanding of plant growth and developing objective sersased
measuring methods and models for biomass estimatiofidiao et al., 2011;
Roelckeet al.,2004)

Based on the promising results of the single year anal{Bdlg et al., 2014, 2013}his
study focused on (I) the robustness of the method, (1) the spatial and temporal transferability
of the models, and (Ill) a model improvement. For thtela in addition to partially existing
linear models, exponential models were established, as a better suitability of these models is
denoted in other studies of biomass estimations over different growth stages
(Aaseret al.,2014; Hansen and Schjoerring, 2003 kabail et al., 2000)n two consecutive
growing seasons, rice fields were monitored during thegqméhesis period. Based on the data
sets of a field experiment, estimation models for biomass were established and then applied
2y I FI NXYS N manay2dfiddsy 0 A 2 Y

4.2 Data andmethods

4.2.1 Studyarea

Heilongjiang Province in the northeast of China is an important region for agricultural
production(Gao and Liu, 2011AImost 25% of the total areagsvered by the Sanjiang Plain
(~120,000 k). The regional climate with cold and dry winters and short but warm, humid
summers is marked by the East Asian summer mongbarg and Chan, 2005; Domrés and
Gongbing, 1988) ¢ KNBES FAStR aA0Sa I NRPdzyR wk81OrROE
were considered in this study.

At the Keyansuo experimental station (Jiansanjiang, Heilongjiang Province, China) the same
field experiment was monitored in 2011 and 20FgUre 4-1). For the experiment, nine
N fertilizer treatments were repeated three times for the rice varieties Kongyu 131 and
Longjing21. Hence, the field with spatial extent of 60 m by 63 m consisted of 54 plots, each
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about 10 m by 7 mn size. A detailed description of the experimental-sptis given by
Caoet al. (2013) Related to the amount of N input, variations in plant height and biomass
were expected. These differences were useful for the TLS monitoring approach to capture

varying patterns of plant growth at one growing stage.
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Figure4-1. Design of the field experiment and s
positions. Thregligit number in the plot regsent:
rice variety (1 = KongyiBl; 2 = Longjingl):
treatment (1 to 9); and repetition (1 to 3). Modif
from Tilly et al. (2014)
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sets for checking the spatial atdmporal transferability of the findings from the field
experiment data. For the following, they are termed village ¥8af 2011) and village 36
(year2012). In both years, it was not possiblefited a field with one of the field experiment
rice varieties, where destructive sampling was possible several times during the growing
season. In village 69 the variety Kenjiandao 6 was cultivatedjllage 36 the variety
Longjing31. Moreover, in villag 36 management units with very heterogeneous
development were chosen, including parts without any plaRigure4-2). On each field two

Figure 4-2. One management unit with very heterogene
plant growth in village 36.
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management units wergvestgated. In village 69 and village 36 each wat about 60 m by
40 m and 50n by 70 m insize, respectively.

4.2.2 Fieldmeasurements

On each site, three TLS campaigns were carried out in June and July of the respective year
to capture the key vegetative staged the rice plants. During this pf@nthesis period,
differences in plant development occur mainly due to the increase of tillers and plant height.
This period is important for fertilizer management decisions. In both years, the campaigns on
thefieldexp®A YSYy i FyR (GKS FINYSNDRa FASEtR 6SNB OF NI
a best possible comparison regarding the plant development. For quantifying the phenological
stages of plants and steps in plant development the BBSidle was used
(Lancashireet al.,1991; Meier, 2001) The abbreviation BBCH is derived from the funding
organizations: Biologische Bundesanstalt (German Federal Biological Research Centre for
Agriculture and Forestry), Bundessortenamt (German Federal Office of Plant Varieties), and
Chemical industry. The wgaign dates and BBGHlues for all sites are givenTiable4-1.

Table 4-1. Dates of the terrestrial laser scanningL§) campaigns and corresponding
phenological stages.

Date/ 2011 2012

BBCHscale? Field experiment Village 69 Field experiment Village 36

1. Campaign 21 June 2011/ 22 June 2011/ 1 July 2012/ 30 June 2012/
13 13 37 37

2. Campaign 4 July 2011/ 5 July 2011/ 9 July 2012/ 8 July 2012/
13-15; 22-23 13; 21 42 37; 39

3. Campaign 18 July 2011/ 19 July 2011/ 17 July 2012/ 16 July 2012/
19; 29; 32 19; 29; 34 50 19; 29; 34

aMultiple values due to several samples.

Terrestrial laser scanners operating with the thoieflight technique were used for all
campaigns. The relative positions of survey points are calculated from the distances, as well
as the horizontal and vertical angles between sensor and targets. Bothkitime between
transmitting and receiving a pulsed laser signal and its angles are measured. In 2011 and 2012,
the Riegl VZA000 and Riegl LM&420i, respectively, were provided by the company Five Star
Electronic Technologies (Beijing, ChifRipgl LMS GmbH, 2013, 201Byth devices operate
with a nearinfrared laser beam and have a beam divergent®.3 mrad (VZA000) and
0.25mrad (LM&2420i). The agular resolution was set to 0.04 deg. All scans were conducted
from the dikes between the paddies to avoid entering them, resulting in an oblique
perspective. More detailed descriptions are giveTilly et al.(2014)

The setip for the campaigns on the field experiment was similar in both years. Each time,
nine scan positions were established for coveritigfialds of the Keyansuo experimental
station and minimizing shadowing effects. For this analysis, the scans from all positions were
used, but four positions were of major importance, as they were located close to the
investigated field experiment. Follomg, the largest number of points was acquired from
these positions. Point clouds from other positions were used to avoid gaps in the final point
cover due to information signs close to the field. As showrkrigure 4-1, two positions
respectively were set up at the north and south edges. At each position the scanner was
mounted on a tripod which raised the sensor up to 1.5 m above ground. Additionally, a small
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tractor-trailer system was used for the positions at the soutlyeaf the field for achieving
agreater height of about 3 m. The narrow dikes along the other edges made it impossible to
reach those positions with the tractdrailer system.

5dz2S G2 I tftAYAGSR | O00Saa 2y GKS RA1Sa o0SieSS
it was also impossible to use a trailer. Henttee sensor height of the scanner on the tripod
was about 1.5 m above grounth village 69 the scgpositions were established close to the
four corners of the management unitSigure4-3). As the investigatednits in village 36vere
located at the edge of the whole field, this agt was slightly changed. Two positions in the
north were established on a small hill close to the field for reaching a higher poaitsan
additional position was placed at the center of the edge (scan positiofigume4-3). Further
two positions were set up close to the south corners. In d@his, twelve thin, long bamboo
sticks per management unit were stuck in the ground. These bamboo sticks can be easily

detected in the TLS point clouds and located in the field to ensure the spatial linkage to other
plant parameter measurements.

Village 69 Village 36
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Furthernore, ranging poles with higreflective cylinder{Hoffmeister et al., 2010)ere
built upon the dikes between the fields, homogeneously distributed adothe field. These
can be detected by the laser scanner and act as tie pointsrierging the scan data in
post-processing. In the first campaigns, the position of each pale marked in the fields. By
re-establishing the ranging poles at exactly the sgmosition for the following campaigns, all
scans of one site can be merged. In the data sets from 2011, alignment errors occurred due to
imprecise reestablishing of the ranging poles or where an exact marking of the positions was
difficult, particularly2 y G KS FIF NXYSNRa FAStRad ¢KSAS SNNERI
options but caused timeonsuming posprocessing. In 2012, additional tie points were used
to avoid this. As shown ifrigure 4-4 for village 36,five small, round reflectors were
permanently attached to trees close to the fields and remained there during the observation

period. A homogeneous distribution around the field was not possible, as no sthigsnary
objects were available.
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Figure4-4. Small, round reflectors were permanently attached to trees in village 36.

At all sites, manual measurements of plant height and biomass were performed doeng
whole vegetation period. Corresponding to each TLS campaign on the field experiment, the
heights of eight to ten and four hills per plot were measured in 2011 and 2012, respectively.
Each hill consisted of four to six rice plants.

Regarding the measement of biomass, differences between the sites and years must be
pointed out. As part of the field experiment, destructive sampling was performed several
times during the vegetation period. Samples were taken from both varieties, but only from
the three epetitions of fivetreatments (n = 30). The dates of sampling differed from the TLS
campaign dates in 2011, but due to the small plot size, it was not feasible to take additional
samples. Thus, the biomass values were lineatigrpolated. In 2012, the nmesurements
could be carried out on the same day.

hy GKS FINYSNRa FAStRaX F2dzNJ KAf €& | NRPdzy R ¢
the TLS measurements (each n = 24). For the following campaign, the bamboo sticks were
moved in a defined directioto the center of four other hills. In each management unit of
village 36, onddamboo stick was placed in the part without any plant and left at its position
for all campaigns (no. 12 Figure4-3).

The cleaned above ground biomass was weighed after drying. All samples were oven dried
at 105°C for 30 min and dried to constant weight at 75 °C. The dry biomass Ppaas
calculated, considering the specific number dishper nf.

4.2.3 Postprocessing of the TL&ata

The postprocessing of the scan data was similar for all sites. A detailed description is given
for the data sets from 2011 ifilly et al. (2014 wA S3If Qa a2Fiu ol NBE wAi{/ !k
the data acquisition, was used for the first steps of the data handling. The scans from all
campaigns were imported intmne RISCAN Pro project fifer each site. Following,
aco-registration of all scan positions was carried out, based on the reflectors acting as tie
points. As mentioned above, the data sets of 2011 slbvedignment errors, due to
non-optimal positioning oimprecise reestablishing of the ranging poles. The iterative closest
point (ICP) algorithniBesl and McKay, 1992mplemented in RiISCAN Pro as Multi Station
Adjustment, was used to modify the gtien and orientation of each scan position in multiple
iterations for getting the best fitting result. For the campaigns in 2012, additional small
reflectors were permanently established. By first registering one scan position of each
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campaign based on #&se permanent tie points and aligning all other positions to these, an
accurate alignment was possible. After optimizing the alignment with the ICP algorithm the
error, measured as standard deviation between the used ppaits, was 0.06 m and 0.01 m

on average for both sites of 2011 and 2012, respectively.

Following, the point clouds were merged to one data set per campaign and the area of
interest (AOI) was manually extracted. Clearly identifiable noise in the point clouds far below
and above the fieldcaused by reflections on water in the field or on small particles in the air,
was previously removed. The crop surface was then detexchinom the point clouds with
afiltering scheme for selecting maximum points. A common reference surface is required fo
the calculation of plant heights. Therefore, the AOI is usually scanned without any vegetation.
As it was not possible to obtain such data on the rice fields, the lowest parts in the point clouds
from the first campaigns were selected. At this stage, rihe plants were small enough for
clearly identifying points at the bottom of the hills, as showTilty et al. (2014) The point
clouds of the field experiment data sets were subdivided-plste to attain a common spatial
olFlaSed 91 OK YIyYylFr3aSYSyid dzyAaid 2F GKS FIFNX¥SNDa ¥
were exported as ASCII files, which @néd the XYZ coordinates of each point for spatial and
statistical analyses.

4.2.4 Calculation ofplant height andvisualization asmaps ofplant height

For the spatial analyses, crop surface models (CSMs) were constructed from -theriVe&

point clouds. CSMl were introduced byHoffmeister et al., 2010jor an objective and
non-invasive deriving of spatial crop height and crop growth patterns. A CSM repsdbe

crop surface at a specific date with a high spatial resolution. Therefore, the exported point
clouds were interpolated to raster data sets with a consistent spatial resolution of 1 cm with
the inverse distance weighting (IDW) algorithm in ArcGkkidp 10 (Esri, Redlands, CA, USA).
IDW is suitable for preserving the accuracy of measuremeiits a high density, as it is
adeterministic, exact interpolation and retains a measured value at its location
(Johngon et al.,2001). Likewise, a digital terrain model (DTM) was generated from the
manually selected ground points as common reference surface. Next, the DTM was subtracted
from the CSM for calculating the plant heights. In the same way, plant growth between two
dates @n be spatially measured by calculating the difference between two CSMs. Herein,
growth is defined as spatitemporal difference in height. Finally, maps of plant height were
created for visualizing the pixelise calculated values.

Forthe following analges, one plant height value per campaign for comparable spatial units
was necessary. Therefore, the G8btived plant heights were averaged plotse for the field
experiment (n = 54). Previously, each plot was clipped with an inner buffer of 60 cm for
preventing border effects. As the manual measurements were used for validating the laser
scanning results, these plant height values were also averagegavpdet(n = 54). Around each
oFlYoz22 &a0GA01 2y GKS FIFNYSNIRa 7T masgen@ratedito OA NI«
attain a common spatial base, for which the G8&ived plant heights were averaged
(eachn = 24).
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4.2.5 Estimation ofbiomass

The field experiment analyses were taken to express the correlation between plant height
and dry above ground biomagkereafter referred to as biomass) in a biomass regression
model (BRM)Since only the above ground plant height is determinable from the TLS data,
statements about the subsurface cannot be done. As mentioned above, other studies showed
that exponential nodels performed better for biomass estimations over different growth
stages. For establishing exponential models in addition to the linear ones, the biomass values
were natural logransformed. The models were used for estimating the biomass on the
F | NX fieN&based on the T4d8rived spatial plant height data. Previously, linear and
exponential biomass regression models (BRMere established, only regarding the field
experiment for checking the general concept and evaluating differences betweeresh#és
for 2011 and 2012 (hereinafter referred to as trial BRMs). Afterwards, the transferability of
iKS Y2RSt (2 GKS FFENX¥SNRa FTAStRa ¢l a SgIfdz i

I. Examination of concept with trial BRMs: Each linear and expealemodel was
derived from the measurements of two field experiment repetitions from one year.
The biomass of the remaining third repetition was estimated and validated against
the destructive measurements.

II. Generation of BRM: Overall six models were Pklthed based on the
measurements of all field experiment repetitions psgeately for each year and as
acombination of both years, each as linear and exponential model.

lll. Application of the BRMs: Each model was used for estimating the biomass at all
OFYLI A3y RIFEGSA 2y 020K T-HeNyeSpam heightdfSt Ra 0 |
the buffer areas around the bamboo sticks.

IV. Validation of the BRMs: By comparing estimated and destructively measured
biomass values the general validity, robustness, and silittalof the linear and
exponential BRMs were evaluated.

The accuracy of each BRM was evaluated based on the coefficient of determination, index
of agreement and root mean square error, calculated for each estimated value in comparison
with the destructivdy measured biomass. The coefficient of determinatigf) (s widely used
as measure of the dependence between two variables, but often unrelated to the size of the
RATFSNBYOS 06SisSSy GKSYd C2NJ @I fARFGAY3I Y2RS
which degree a measured value can be estimgWdimott and Wicks1980; Willmott, 1981)
The index ranges between 0 and 1, from total disagreement to entire agreement. In addition,
the root mean square error (RMSE) indicates how well the estimated values fit to the
measured valuegHair et al., 2010)

4.3 Results

4.3.1 Maps of CSMlerived plant height
The TL$lerived CSMs and the DTM were used to calculate plant heightwigelfor all
LX 2648 2F GKS FASEtR SELSNAYSY(d FyR SIFOK Yl yl 3
raster data sets have a high resolution of 1 cm. Maps of plant height we&ted for
visualizing spatial and temporal patterns and variationgzigure4-5, maps of plant height
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are shown for two field experiment plots for all campaigri®oth years. The respective first
repetition of two fertilizer treatments for theice variety Kongyu 131 are selectad an
example, whereby the plot numbers, 111 and 151, refer to the lower and higher amount of
applied N fertilizer, respectively. In peular in the maps of plot 111, the linear structure of
the rice plant rows is detectable in both years. In 2012, Plot 151 shows a discernible pattern
with higher plant height values in the north corner, which is visible in all campaigns. Moreover,
differences in plant height occur between the different fertilizer treatments. The mean plant
heights are higher for plots with a higher amount of applied N fertilizer, with a difference
ranging from~7 cm to~13 cm and~4 cm to~16 cm for 2011 and 2012, respectively.
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Figure 4-5. Crop surfae model (CSMjerived maps of plant height for two fir
experiment plots of both years, given with mean plant height per plot.

4.3.2 Analysis ofplant height data

Regarding thefield experiment, averaged CS#érived and manually measured plant
heights were used for validating the accuracy of the scan dahlé4-2). The mean heights
are qute similar for both years, with an average difference-8% and-9% for 2011 and 2012,
respectivelyThe standard deviation within each campaign increases over time. All values and
the resulting regression lines are shownHigure4-6. The coefficients of determination are
high for 2011 and 2012 with?R 0.91 and R= 0.72 respectively.
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Table4-2. Mean crop surface model (CStBrived and manually measured plant heights of the field
experiment (n number of samples;x. mean value; SDstandard deviation; min minimum;
max maximum).

Date Plant height from CSM (cm) Measured plant height (cm) Difference
n X SD min max X SD min max %
21 June 11 54 24.84 3.63 17.90 32,99 24.37 2.06 19.13 28.88 1.89
04 July 11 54 34.62 436 2459 4271 37.94 242 32.38 44.13 9.59
18 July 11 54 55.38 7.22 4428 70.30 63.56 425 53.10 70.70 14.77
01lJuly12 54 44.72 3.08 37.80 53.25 40.85 487 31.00 49.50 8.64
09 July12 54 57.09 3.61 48.87 64.64 46.84 430 37.50 56.50 17.95
17 July 12 54 67.04 525 5462 76.46 65.84 538 53.00 75.50 1.78
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Figure 4-6. Regression of the mea@SMderivec
and manually measured plant heights of the 1
experiment of both years (each n = 162).

4.3.3 Analysis ofestimated biomass

Following the setp of the field experiment, only five treatments were considered for the

destructive biomassampling (n = 30). Thus, the number of samples and averaged plant height
values differ from the comparisoshown inTable4-2d h y

020K FI NXV¥SNRa

taken around all bamboo sticks (eatch24). Mean value, standard deviation, minimum, and
maximum were calculated for the plant height and dryrbass of all campaigns on each site
(Table4-3). The analysis of themean plant heights can be summarized to: (I) the differences
between the field experiment 2011 and village 69 are less tfaom, (1) the data sets from
the field experiment 2012 and village 36 show considerably larger differences-2btlcm,

(1IN thedifference between the data sets of the field experiment lies betwe&f cm and

~200YX O6Lz%0O

O2 YLJ NAXy13

GKS TIFNX¥YSNRa

T sefdoR & T

from ~2 cm to~20 cm, and (V) the standard deviations within each campaign aresalm
similar and below-5 cm, despite the results from village 36 withlues between-6 cm and

~8 cm.

Regarding the biomass measurements, comparative statements have to be limited, due to

the interpolated values for the field experiment 2011. Nevertheldhs, results can be

FAS

i K
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summed up as following: (I) all mean values aommsiderable higher for 2012, (ll) the
difference between the values of the field experiment 2011 and village 69 increases over time
from less than 5% for the first campaign0% and-30% for the second and third campaign,
respectively, (Il) the difference between the values of the field experiment 2012 and ABage

is constantly less than 5% during the whole observation period, and (IV) the standard deviation
is much higher for all sasuirements in 2012, ranging fror¥5 g/n?to ~145 g/n?, in contrast

to ~15 g/n? to ~80 g/n? for the measurements in 2011.

Table4-3. Mean CSMilerived plant heights and destructively measured biomass values of all sites
(n: number of samplesy: mean value; S¥tandard deviation; mirminimum; maxmaximum).

Site/ Plant height from CSM (cm) Biomass (g/m) 2
Date n X SD min max X SD min max
Field experiment
21.06.11 30 24.93 285 20.59 30.33 59.51 18.86 24.04 100.70
04.07.11 30 33.80 3.74 2725 40.75 131.72 30.03 66.71 199.41
18.07.11 30 56.69 549 4491 63.03 422.27 80.90 274.74 599.53
01.07.12 30 43.81 295 37.80 4814 231.42 74.48 104.47 421.35
09.07.12 30 56.08 3.73 46.66 62.28 449.92 105.62 22540 673.79
17.07.12 30 66.63 505 5462 7524 636.10 127.87 372.06 946.15
Village 69
22.06.11 24 20.80 482 1339 31.44 57.58 13.02 25.64 80.01
05.07.11 24 34.09 452 2713 44.60 217.43 29.44 146.54 278.12
19.07.11 24 59.49 487 5179 7258 589.71 73.01 482.33 723.32
Village 36
30.06.12 24 18.13 7.59 196 45.00 251.67 91.46 123.00 479.88
08.07.12 24 30.23 6.22 19.25 4173 469.93 104.00 17190 639.00
16.07.12 24 40.36 8.28 2154 5282 717.61 143.73 399.36 966.42
avalues for the field experiment 2011 are linearly interpolated from other dates.

The regression equations from the field experiment data were used to establish linear and
exponential BRMs. Previously, the general concept was examined with trial BRMs, each
achieved from two field experiment repetitions of one year, validated againstthire
repetition. Table4-4 shows the equations of the linear and exponential trial BRMs with the
estimated and measured biomass values. In both years-@rat undeestimations occur,
depending on the repetition combination and linear or exponential model. However, for the
linear models the mean deviations of the estimated values from the actual measured values
are smalffor 2011, less than 19% and very small for20#&ss than 1%. On the contrary, for
2011 the coefficients of determination {Ras well as the indices of agreement (d) between
estimated and measured biomass values are higher andatbiemean square error (RMSE)
lower. Similar Rand d values were achieved with the exponential models. Due to the
log-transferred biomass valugshe RMSE values cannot be directly compared. However,
whereas the differences between estimated and measured values are much lower for 2011
(below 5%), theyre slightlyhigher for 2012 (up te-2.5%).
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Table4-4. Trial biomass regression models (BRMs) and validation of estimated against measured
biomass (R coefficient of determination;:dndex of agreement; RSE root mean square error).

Year/ i Mean biomass (g/ i
» Trial BrRMg ~ CStimated Me (g/rM) D'ffeorence R d  RMSE
Repetition repetition estimated measured (%)
2011
1&2 & I' MMDnc 3 249.79 210.61 £18.60 0.92 0.96 61.54
_1&3 y=mmMO®mMHE 2 174.05 208.32 16.45 0.81 0.93 79.90
8 2&3 & I MMOM I 1 189.38 194.56 2.66 0.88 0.97 52.90
[
£72012
1&2 & TI' Mnodoc 3 427.12 426.06 £0.25 0.72 0.91 93.27
1&3 & ' w™Mn Dy 1 2 404.44 402.35 £0.52 0.55 0.85 125.13
2&3 & ' Mnodoc 1 413.28 417.20 0.94 0.71 0.91 92.77
2011
o 1&2 y=0.06x+2.76 3 4.99 5.22 4.58 0.88 0.95 0.38
81&3 y=0.06x+2.64 2 5.01 4.83 £3.64 0.80 0.93 0.41
$2&3 y = 0.06x + 2.80 1 491 5.05 2.91 0.91 0.97 0.30
c
8_ 2012
L|>j 1&2 y=0.04x+3.79 3 5.95 5.96 0.22 0.68 0.89 0.28
1&3 y=0.04x +3.82 2 5.88 6.02 2.44 0.58 0.82 0.36
2&3 y=0.04x + 3.67 1 5.94 5.88 £1.03 0.72 0.91 0.25

ax = plant height (cm); y = biomass (§Jn biomass values are natural kbgnsformed.

The final linear and exponential BRMs were established from the field experiment data sets
for each year separately and for both years combirieab{e4-5). All values and the resulting
regression lines areplotted in Figure 4-7 for the linear and exponential models, the
corresponding equations are giveriliable4-5. Strong coefficients of determination for all data
sets prove the dependemcof biomass on plant heighduring the regarded pranthesis
period. Comparable results were achieved for lin€2011: R = 0.86; 2012: R= 0.66;
combination: R = 0.81) and exponential models (20112 R 0.84; 2012: R= 0.65;
combination: R= 0.84) Each model was used for estimating the biomass of the buffer areas
I NRPdzy R GKS ol Yoz22 aidAaola 2y -dedvadplark heigdy. Sena T A
reliability of the estimated values was validated against the measured biomass values. In
Table4-5the mean differences are given, averaged for each campaign and over all campaigns
2y SIFOK FFENXYSNNRaA FTASER® CdzNP Kn8eXBf agiekntent@ ST FA C
and root meansquare error (RMSEYye given for each BRM. Generally, the estimations for
village 69 are better overall, verifiable through smaller percentage deviations, highedRl
as well as lower RMSE values for linear and exponential models. The differenaegrbet
linear and exponential models for each site are small with slightly befteraRRes for the
linear BRMs. Within each site, the three models yielded almost similar results. Regarding the
BRMs of the single years, the linear function showed slighiigr percentage deviations with
the data set from 2011, whereas the exponential with the one from 2012. For the combined
data set, the linear model functioned slightly better than both single year BRMs, whereas with
the exponential models it performed weake
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Table4-5. Biomass regression models (BRMs), derived from field experiment and validation of
SAGAYIFGSR 3FAyad YSI adz2NB R coefficent of defermingtiond dadexS F I NI ¢
of agreement; RMSIEoot mean square error).

Mean difference R d RMSE
Site/ per campaign (g/m) all campaigns
Data set BRM? 1. 2. 3. (9/m? %

Village 69

2011 & I' mMmmdnc 51.69 64.56 110.79 90.73 3148 0.90 0.92 119.70

_ 2012 @ I mMmndpwm 146.33 113.35 115.10 12559 4357 0.90 0.91 146.90

8 combinaton & ' mMHu ®oT 7347 6895 9830 89.83 31.16 0.90 0.93 115.22
£ Village 36

2011 & ' mMmmdnc 25434 320.62 380.60 336.87 74.48 0.60 0.53 377.04

2012 & I w™mn ®pmwm 28190 38273 42557 375.82 83.09 0.60 0.51 429.33

combinaton @ [ MH ®oT 175.02 330.06 383.54 312.30 69.04 0.60 0.53 383.62
Village 69

o 2011 y =0.06x +2.74 0.04 0.59 0.32 0.23 435 0.85 0.95 0.46

8 2012 y =0.04x + 3.76 £0.58 0.25 0.24 1©0.03 10.65 0.85 0.92 0.45

§ combination y = 0.05x + 2.95 0.07 0.72 0.58 0.41 7.81 0.85 0.91 0.56
S Village 36

ﬁ 2011 y =0.06x + 2.74 1.58 1.52 1.42 147 2431 056 0.44 1.47

2012 y =0.04x + 3.76 0.65 1.12 1.13 0.97 1597 056 0.51 1.06

combination y = 0.05x + 2.95 1.38 1.62 1.58 151 2492 056 0.42 1.51

ax = plant height (cm); y = biomass (gJm biomass values are natural kdgnsformed.
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Figure4-7. Linear (left) and exponential (right) regression between meand@sied plant height ar
dry biomass for the field experiment of both years (each n = 90); regression equations are
Table4-5. Biomass values for the exponential regression are naturdrémgformed.

4.4 Discussion

Overall, the acquisition with both laser scanners worked very Weék reliabity of the
devices was shown in earlier studigsoffmeister et al., 2010; Tilly et al., 2014, 20I3)e to
the lightweight buildup and higher measurement rate the RiegtMIDO0 is préerable to the
Riegl LM&420i, but was not available in 2012. As mentioned, alignment errors in the data
sets from 2011 caused timesonsuming posprocessing.The positioning of additional
reflectors was helpful for aligning the data sets from 2012 adddebetter results, reflected
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by the lower error after the whole alignment process. A further source of error in TLS
measurements is noise in the point cloud, caused by reflections on rain, insects, or other small
particles in the air. Due to the smaltsiof the measured crops and uneven surfaces, this issue
has to be regarded in particular for applications in agriculture, as also reported from other
studies (EHert et al., 2009; Lumme et al., 2008The measuring speed of the used
time-of-flight scanners reduced the noise already and filter options in RISCAN Pro simplified
its removal, but further developments are desirablie.this context, intensity valueshould

be investigated for establishing filtering schemes. So far, they are used for separating laser
returns on canopy from ground returff&uarnieri et &, 2012)or for detecting single plants
(Hoffmeister et al., 2012; Hofle, 2014)

Regarding the practical implementation, this approach indicates advantages towards
similar studies. Good results were achieved for estimating bionfasseoplants based on the
vertical plant area density, measured with a portable scanner in combination with a mirror
(Hosoi and Omasa, 2012oweer, for the application otargerscale fields their sep might
be less practical. Through the nmvasive TLS acquisition from theglges of the field,
undisturbed plant growth can be ensured and the scan positions with the tréeiber system
profited from the greater height. As the linear structure of theerplant rows is observable,
amore precise acquisition of the crop surface can be assumed. Thus, lightweight scanners are
desirable, which can easier be brought to a lifted position. Moreovest-effective systems
like the Velodyne HDB4E LIiDAR sens@relodyne, 2014and mobile laser scanning systems
like the ibeo ALASCA XJaakkola et al., 201@hould be considered for realizing practical
applications of the presented approach for farmers.

Further, the obliqueperspective of the scanner must be taken into account, which is
unavoidable from a grountlased system without entering the field. Studies indicate that the
height of reflection points might be overestimated through the influence of the scanning angle
(Ehlert and Heisig, 2013As the measured signal is influenced by the scanning geometry and
beam divergenc€Hofle, 2014; Kaasalainen et al., 2QZHl)adiometric calibration is supported
for stationary TLS by other studi@saasalainen et al., 2011; Koenig et al., 20itbthis stualy,
the merged and cleaned point clouds were filtered with a scheme for selecting maximum
points. Hence, the crop surface was determined from an evenly distributed coverage of the
field and overestimations should be precluded.

Manual measurements of planteight were conducted for validating the TLS data.
However, therein differences between the measurement methods must be denoted. Whereas
with less than ten hills per field experiment plot, only a small and mostly the highest part of
the entire crop surfacevas considered for the manual measurements, the scanner captures
the whole plot, including the lower parts. Hence, only plse averaged values could be
compared but the high Rvalues up to 0.91 between both measurements confirmed the
accuracy of the DS data. However, the approach of using @ percentile(Hammerle and
Hofle, 2014)nstead of the maximum values for the CBised plant height calculation should
be considered for achieving values which are more robust against low scanning resolution
Generally, the precision of the TH&rived CSMs is difficult to determine by the manual
measurements due to these differences. The good performance of TLS measurements for
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agricultural applications is presumed from other studidéfle, 2014; Lumme et al., 20G8)d
performance tests by the manufacturer validate the high accuracy and precision of the Riegl
scanners(Riegl LMS GmhF2013, 201Q) Nevertheless, a main advantage is the objective
assessment of plant height by CSMs, which avoids the selection bias of manual measurements.
The noninvasive acquisition of the whole area in a high spatial resolution is one of the main
benefits of the presented approach. In the context of PA, this is required for accurate crop
monitoring (Mulla, 2012)

Considering the upscaling of known plant information, the transferghdiftthe virtually
modeled geometry of single rice plants to field level might be evaluated with the high
resolution CSMEing et al., 2011; Watanabe et al., 2008¢ferring to the model of predicting
yield potential for ricqfConfalonieri et al., 2011)}he CSMlerived plant heights can be used
as input data. Border effects cause problems in estimating rice yield, due to differences
between internal and external rice plants in a p{éfang et al., 2013)n this study, an inner
buffer was used to avoid border effects. For further studies, the high resolution of the
TL&derived CSMs might be useful for determining the differences between internal and
external rows.

The pixelwise calculated plant heights were visualized in maps of plant height for
discovering spatial or temporal patterns and variations. As showhigare 4-5 the high
resdution of 1 cm allowed an exact representation. In contrast, rice field mapping based on
spaceborne data has not been carried out with resolutions finer than 1 m so far
(Koppeet al.,2012; LopefSanchez et al., 2011; Ribbes and Le Toan, 1988yever, new
satellites like the WorldVies8 (DigitalGlobe, 2014 )roviding a panchromatic resolution of
~0.3 m, should enable a more detailed acquisition. The high resolution is one of the major
advantages of TLS data and enaliles usabilityas insitu validationfor spacdorne data.
Although, the spatil extent of air or spacé®orne methods cannot be reached with
groundbased methods and the data acquisition effort is high, they are more flexible for the
application in the field. Consequently, the presented approach may offer a tool for
comparative analyses between TLS and airborne laser scanning (ALS). As shown by
Bendiget al. (2015) good results were achieved for the creation of CSMs from unmanned
aerial vehicle (UAWased imaging for barley {Rip to 0.82 between CSMerived and
manually measureglant heights). Furthermore, promising results for the assessment of trees
have already been achieved with UA¥sed laser scanning systerfdaakkola et al., 2010;
Wallace et al., 2014However, the influence of the oblique and nadir scanning perspextive
of ground and airborne measurements, respectively, haweib less investigated so far.
Acomparative study on TLS and common plaased ALS showed that the scanning angle
and possible resolution influences the resultsiscombe et al., 2014Therefore, multiple
sensors and acquisition levels should be combined for comprehensive analyses.

For confirmingthe general validity of gatial plant height data as a nefestructive
estimator for biomass of paddy rice and proving the robustressvell as thespatial and
temporal transferability of all established modelsdestructive biomass sampling was
performed on all sites, revealingfitrences between the fieldS&ble4-3). Basic differences
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well as the pesence of different rice varieties and fertilizer treatments on all sites.

The three repetitions of each fertilizer treatment on the field experiment wergulge
set up trial BRMs for proving the general conceptable 4-4). High coefficients of
determination and indices of agreement between the estimated and measured biomass
values for each repetition of both years suppdmear and exponential models with
comparable resultsNevertheless, further research is necessary for defining the differences
between rice varieties and the influence of varying fertilizer treatments.

In addition to the final BRMs of each year, a model based on the combined data set of both
years was established, each as a linear and an exponential model. The transferability of the
BRMs from the sma#cale field experiment for estimating biomass on larger scale farmer's
fields was shown Table4-5). Besides the transferability of existing models, a model
improvement through the combined data set and through additional exponential models was
investigated. As shown Figure4-7 for the data sets of the field experiment, the dependency
of biomass on plant height can be described by linear and exponential regressions with similar
high coefficients of determination. Hower, herein, only the pranthesis period was
regarded. After anthesis, increasing biomass is mostly related to the development of grains
while plant height remains almost constant. Thus, further studies are necessary for
investigating the performance ofnkear and exponential BRMs for the estimation of rice
biomass duringhe later stages.

The results of the linear and exponential models are almost similar for each site, with
overall better values for village 69. As stated above the linear and exponBikMlyielded
better results with the data sets from 2011 and 2012, respectivelyogsiple explanation
might be the slightly different captured growth stages or the interpolated biomass values for
2011.Moreover,analyses are necessary, concerning theugrice of different rice varieties,
fertilizer treatments, or soil conditions. Additionally, the lower human impact orfahmer's
fields might influence the plant development. For village 36 tieterogeneous plant
development in the management units h&s be stated as a source for the differences
between estimated and measured valudhe varying performance of the combined model
might be caused by these differences. Of most importance might be the fact that the relation
between plant height and biomags the two regarded periods seems to be best represented
by different models. Overall, the results support the applicability of BRMs for biomass
estimations based on Tid&rived spatial plant height data and substantiate the potential of
groundbased plantparameter measurements as input for biomass estimation models
(Marshall and Thenkabail, 2015; Reddersen et al., 2014)

4.5 Conclusions

The applicability and high suitability of terrestrial laser scanning for monitoring plant height
of paddy rice based on multemporal CSMs were confirmed. An outstamgl feature is the
objective assessment of the whole field in a very high spatial resolution. Moreover, as the
scans are noinvasively acquired from the field edges, entering the rice paddies is avoided.
By investigating a repeated field experimentan@tw ¥ I NY SNRa O2y @Sy GA2y | §
in two years, varying patterns of plant development and growth were covered.
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For PA, monitoring of plant parameters for adjusting -specific fertilization is a major
topic. Strong coefficients of determination tweeen plant height and biomass show the
applicability of spatial plant height data as a raestructive estimator for biomass of rice
plants. Based on the promising results of single year ana({jégset al., 2014, 2013in this
contribution, the annual trasferability of the BRMs and the applicability on different fields
were regarded. Moreover, a model improvement through exponential models was examined.
During the regarded pranthesis period, the linear and exponential models performed
equally well. Furthr studies are necessary regarding a presumed differing performance
during the later stages. However, the spatial and temporahsferability of the BRMs to
at  NASNJ aOFtfS Aa &adzLJLl2NILI SR o6& SaiA Y-tetivk® y a
CSMsHigh coefficients of determination and indices of agreement between estimated and
measured values demonstrate the coherence of the results and prove the robustness of the
method. Regarding the accuracy of the estimation, best results were achieved iffditeat
models, depending on the used dataverall, higher Rvalues were achieved with the linear
models, whereas the exponential models yielded smaller percentage deviations.

To summarize, the novelty in this contribution is the comparative analydisesr and
exponential models based on objectively assessed plant height as a reliable estimator for the
biomass of paddy rice over different growing seasons and different fields. Furthetelong
experiments and comprehensive monitoring approaches awired for investigating the
performance of linear and exponential models for the jarghesis and for later growing
stages.

In the future, combined approaches involving plant height and spectral measurements
should be developed for accurately determinitg actual biomass and N content of plants.
Following, spatially resolved NNI calculations could be executed foowimg N management
strategies(Yao et al., 2012)Thereby, ovefertilization could be reduced while keeping or
enhancing the yield.
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Abstract Over the last decades, the role of remote sensing gained in importance for
monitoring applications in precision agriculture. A key factor for assessing the development
of crops during the growing period is the actual biomass. Asdestructive methods of
directly measuring biomass do not exist, parameters like plant height are considered as
estimators. In this contribution, first results of mulémporal surveys on a maize field with
aterrestrial laser scanner are shown. The achieved point clouds aolated to generate

crop surfacemodels (CSM) that represent the top canopy. These CSMs are used for visualizing
the spatial distribution of plant height differences within the field and calculating plant height
above ground with a high resolution of IncIn addition, manual measurements of plant
height were carried out corresponding to each TLS campaign to verify the results. The high
coefficient of determination R = 0.93) between both measurement methods shows the
applicability of the presented appash. The established regression model between
CSMderived plant height and destructively measured biomass shows a varying performance
depending on the considered time frame during the growing period. This study shows that TLS
is a suitable and promising ried for measuring plant height of maize. Moreover, it shows
the potential of plant height as a neshestructive estimator for biomass in the early growing
period. However, challenges are the nlimear development of plant height and biomass over

the wholegrowing period.

Keywords:TLSmulti-temporal agriculture crop; change detectionmonitoring

5.1 Introduction

A major topic in the field of precision agriculture (PA) is the enhancement of crop
management due to the constant or even decreasing cultivaaoea but concuently
growing world populationOliver, 2013) Therefore an accuratdetermination of the crop
status during the growing period is requirdd.the st decades, remote and proximal sensing
methods are widely used for crop monitoring. Depending on the investigated parameters and
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desired resolution various sensors and methods are applied. An overview is given in
Mulla (2012)

Studies focusing on maize plants have a particular challenge in common. In contrast to
other crops, tall maize plants with heights of aboum3complicate groundased nadi
measurements. As demonstrated 6Yaverieet al.(2012) spectral satellite data has promising
potential for largescale crop monitoringnd biomass estimatiortiowever, grounebased
observations are conducted to achieve a high resolution and thus etfabldetection ofin-
field variability. Studies show the potential of passive hyperspectral Haeld sensors for
biomass estimationfOsborne et al., 2002; Teal et al., 200&)rbandt et al(2010)compared
nadir and offnadr hyperspectral measurements and detected a significant influence of sensor
height and measuring angle.

A major disadvantage of passive sensors is the dependency on solar radiation. By contrast,
studies show that terrestrial laser scanning (TLS), asctimeasystem, can be applied for
agricultural purposes. Investigated plant parameters are plant h€igfeing and Grift, 2012)
biomass(Ehlert et al.,2009, 2008; Keightley and Bawden, 2Q1€p density (Hosoi and
Omasa, 2012, 2009; Saeys et al., 20@9)d leaf area indexGebbers et al., 2011)As
mentioned the large heighaf maize plants causes difficulties for grodpased system. Solely
Hofle (2014)used the measured intensity values from TLS for detecting single plants of maize.

In this contribution, the first results of multemporal surveys on a maize field with a TLS
system are shown. The scanner was mounted on a cherry picker to reach asiibnpabove
the canopy. The Tkdrived point clouds are interpolated to generatep surface models
(CSM) that represent the top canopy. The concept of CSMs for determining plant height and
estimating biomass was tested for sugar bdetoffmeister et al.,, 20132010) barley
(Tillyet al., 2014apnd paddy ricgTilly & al., 2014b)

5.2 Methods

5.2.1 Data acquisition

In the growing period 2013, surveys were carried out on a maize field in Selhabsen,
40km away fromCologne, Germang b pncpHQPE€SX 9 CCHTQMMEOD D ¢ K¢
of about 60m by 160m was chose, due to heterogeneous soil conditions and thereby
expected differences in plant development within the field. Six field campaigns were carried
out between the 229 of May and 2# of September 2013 for monitoring plant height. Thus,
almost the whole gromg period of maize is coverefor an accurate acquisition of the
ground surfacdhe first campaign was scheduled after sowibgfore the plants are visible
above groundFor all campaigns, the terrestrial laser scanner RiegtZA28i was used, which
applies the timeof-flight method (Riegl LMS GmbH, 201igure5-1 a). Fromthe known
position of the scanner, the position of targets is calculated by measuring the distance through
the time shift between transmitting and receiving a pulsed signal and the respective direction.
The laser beam is generated in the bottom of the dewvith a measurement rate of up to
11,000 points/sec. Parallel scan lines are achieved with a rotating-facédti polygon mirror
and the rotation of the scanners head. Thereby a wide field of view can be achieved, up to 80°
in vertical and 360° in horintal direction. Furthermore, a digital camera, Nikon D200, was
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mounted on the laser scanner. From the recorded RG&es, the point cloudsecorded by
the scanner can be colorized and the corresponding surfaces can be textured.

The scanner was mounted on a cherry picker to achieve a logitign above the canopy
(Figure5-1 a). The height of the sensor was aboutn8above ground. Alpositions of the
scanner were measured with the highly accurBRlBKDGPS system Topcon HiPer Hr@pcon
Positioning Systems, 2008)he relative accuracy of this systemrim. Additional reference
targets are required to enabla direct georeferencing in the pegtocessing Therefore,
highly reflective cylinders arranged on ranging poles were uséich can be easily detected
by the laser scanner and thegoordinateswere measured with theRTKDGPS system
(Figure5-1b). In each campaign, the field was scanned from its tmrnersfor achieving
auniform spatial resolution and lower shadowing effects. For all scans a resolutioieh
at adistance of 10n was used.

Figure5-1. a) TLS system (marked with arrow)
mounted on a cherry picker; b) highly reflective
cylinders arranged on ranging pole.

With exception of the first campaign, manual measurements of plant height and biomass
were carried out, corresponding to the TLS measurements. Therefore twelve sample points,

well distributed in the field, were marketh the first campaign and their positions were

measured with theRTKDGPS system. Hence, the manual and TLS measurements can be
accurately linked. In each campaign, the heights of five plants per sample point were

measured.In the last four campaignsdedructive sampling of biomass was performed.
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Around each sample point, five plants were takafter the TLSand manual height
measurements

5.2.2 Data processing

The workflow for the posprocessingan bedivided in three main steps:)the registration
and meging of all point cloudg]l) the extraction of thearea of interest (AOI), both executed
in Riegl's software RISCAN Rit) spatial analyses, conducted in ArcGIS Desktop 10 by Esri;
and (V) statistical analyses, calculated with Microsoft Excel 2018 @giagrams plotted in
OriginPro 8.5 by OriginLab.

At first, the scan dta from all campaigns and thé®Sderived coordinates were imported
into one RISCAN Pro project file. Based on the positionseos¢hnner and the reflectors,
adirect georeferencingnethod was used for the registration of the scan positions. However,
small alignment errors occur between the point clouds of one campaign and between
different campaigns. Thus, a further adjustment was applied. RiISCAN Pro offers the Multi
Station Adjustmat, where the position and orientation of each scan position are modified in
multiple iterations to get the best fitting result for all of them. The calculationsbased on
the iterative closestpoint (ICP) algoritm (Besl and McKay, 1992)

Following, all point clouds of one date were merged to one data set and the AOI was
manually extracted. Moreover, points regarded as noise were removed, caused by reflections
on insects or other small particl@s the air. The crop surface was then determined from the
data sets with a filtering scheme for selecting maximum points. Similar, for the data set of the
first campaign a filtering scheme for selecting minimum points was used to extract ground
points. Firally, the data sets were exported for the following analyses.

In ArcGIS Desktop 1the exported point cloud data sets were interpolated with theerse
distanceweighting (IDW) algorithm. For retaining the accuracy of measurements with a high
density, ths exact, deterministic algorithm is well suitable as measured values are retained at
their sample locatiorfJohnston et al., 2001The result are raster data sets with a consistent
spatial resolution of 1 cmpiroduced by(Hoffmeister et al., 20104s crop surface models
(CSMs). For each date, the CSM represents the crop surface of the whole field in a high
resolution. Henceijn-field variability can be spatially measured. digital elevation model
(DEM) is interpolated from the ground points of the first campaiga esmmon reference
surface for the calculation of plant heights. By subtracting the DEM from a CSM, the actual
plant height is calculated with the same spatial resolutiolkewise, by calculating the
difference between two CSMs the plant growth can be spatially measured for the respective
period of time.Herein, growth is defined astamporal difference in height.

Furthermore, statistical analyses were performed, takingoaot of the manual
measurements. For validating the TLS results, a common spatial base was required. Therefore,
a circular buffer with a radius of 1 m was generated around each sample point, where the
CSMderived plant heights were averaged#£i.2). The mnually measured plant heights and
destructively taken biomass were also averaged for each sample point. Consequently,
correlation and regression analyses were carried out to investigate the accuracy of the TLS
results and examining the usability of pldrgight aspredictor for biomass of maize.
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5.3 Results

5.3.1 Spatial analysis

TheTL&derived point clouds were interpolated to generate a CSM of the whole maize field
for each campaign. By subtracting the DEM from each CSM, the plant heights are calculated
pixelwise for the whole field and visualized as map of plant height for each campaign. Thus,
spatial differences in plant height and their temporal development camétected As an
example Figure5-2 shows the maps of plant height for the whole field on the last campaign
date and for the buffer area around sample point 5 on eade dRegarding the whole field,
spatial patterns are observable. It has to be mentioned that the whole field was clipped with
an inner buffer of In for avoiding border effest However, in particular in the corners such
influences cannot be completely exded and the south edge of the fiettems to benore
affected. Neverthelessspatial patterns are noticeable. Lower plant height values are
detectable [) in a stripe of~20m at the west edge,Ilj in an almost circular area with
adiameter of~15m eastwardof sample point 7, andllf) in a small area at the south edge
between the sample points 10 and 11. Regarding the detailed view of the buffer area around
sample point 5, the plartteight increasdetween the campaigns is clearly detectable tlee
first half of the observation period. However, as also supported by the mean values, the plant
height is almost constant from late July to the end of the observation period in late September.
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Figure5-2. CSMderived maps of plant height for the whole maize field on the last
campaign date (top) and for the buffer area around sample point 5 on each date
(bottom).
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The spatial distribution of plant height differences between the campaigns is meshbyr
subtracting the CSM of an earlier date from the CSM of a later date and visualized in maps of
plant growth. InFigure5-3, maps of plant growth are shown for two time periods. At the top,
the plant growth between th&™ and 3% of July and at the bottom between the 3bf July
and the 24" of September are shown. Thereby the above stated results are supported. On the
on the hand, for the earlier period, the same spatial patterns with areas of lower plant growth
are detectable at the west edge, in tla@most circular area in the middle, and in the small
area at the south edge. On the other hand, the temporal developmeatedtfor the buffer
area around sample point 5 is also observable. The main increase occurred in July with a mean
plant growth of about 2n for the whole field, whereas afterwards the plant heights are almost
constant with a mean growth of 0.08@ for the whole field until the end of September.

0 10 20 40m

03.07 -31.07.13

31.07. - 24.09.13

Figure5-3. CSMderived maps of plant growth faéhe whole maize field ¢ahe top
between 3rd and 31st of July; at the bottom between the 31st of July and the 24h
September).

5.3.2 Statistical analysis

Besides the visualization of spatial patterns, the quantification of plant height differences
and the correlation between plant height and biomass was an object of this study. The
analyses are basl on the averaged values, measured in the buffer areas around the sample
points. Table 5-1 gives the mean valué¢x), standard deviation (s), minimum (min), and



Terrestrial laser scanning for plant height measurement and biomass estimation of maize 77

maximum (max) for the CSherived and manually measured plant heights, as well as for the
destructively taken biomass. Regarding the plant height, the results of both measuring
methods are similar. The défences can be summarized asy éxcept of the first campaign,

the CSMderived valuesre always a little higher, Ylthe standard deviabins are very similar,

(1) in conformity with the mean values, the minimum and maximum values are mainly a bit
lower forthe CSMderived values. As already stated for the maps of plant growth, the main
increase occurred in July. Afterwards the plant heights are almost constant

Table5-1. CSMderived and manually measured plamights as well as destructively taken biomass,
based on the averaged values for the buffer areas (each date n = 12).

Plant height from CSM Manually measured plant Dry biomass
Date (m) height (m) (g/sample point)
X S min max X S min max X S min max

06.06.13 0.07 0.02 005 0.14 004 001 0.03 0.05 N/A?  N/A®  N/A®  N/A®
03.07.13 0.60 0.10 038 0.72 082 011 060 096 13.08 4.05 590 1840
31.07.13 256 032 199 284 268 032 210 298 783.00 243.79 475.951153.0C
29.08.13 263 035 201 299 278 037 208 3.19 843.85 200.09 513.501188.8C
24.09.13 259 035 196 297 271 038 194 3.15 1059.6¢ 300.97 524.60 1435.9(
aNo biomass sampling performed

Regarding the biomass, no cparative statements can be done. Nonetheledsjsi
noteworthy that in contrast to the almost constant plant height in the second half of the
observation period, the biomass still increaseswever, the main increase occurred in the
first half, between the B and 3% of July where the amount increased about 60 time$.als
to be mentioned, that the values for the samples of thé'81 July are a little too high. Due
to technical problemssome plants were notompletely drywhile weighing. Consequently
the plants wereheavierowing tothe remaining water. As the probie could not be fixed and
the amount of water could not be determinedfterwards the values were used for the
analyses. Merwisethe time frame between thg@revious and followingampaign would have
been too long.

For validating the CSlderived heightsregression analyses were carried out with the
results of both measuring method&igure 5-4 showsthe related values of all campaigns
(n=60) and the resulting regreson line with a very high coefficienbf determination
(RR=0.93).

Moreover, regression analyses were carried dat investigating thedependence of the
actual biomass from plant heighfigure5-5 shows the related values only for the last four
campaigns, as no destructive sampling was performed on thef6June (n = 48). The
regression line andcoefficients of determinatio were calculated for different periods. First,
for the data set of the whole observation time, second and third, without the values of first or
last campaign, respectively. As mentioned, the main increase took place between the first and
second destructie biomass measurements. These clusters are visible instldterplot
A small cluster of values with plant heights between 0.5 anddnd a low degree @icattering
in the biomass values and a larger cluster of values with plant heights between 2aad®
a high degree ofscatteringin the biomass valueskollowing, the high coefficients of
determination for the periods including the first destructive sampli®g=0.70 and= =0.80),
have to be regarded aspurious correlatios. Regarding the perioéxcluding the first
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measurements, any correlationdetectable R =0.03). Theuncertainvalues from the31t of
July have to be taken in to account.
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Figure5-4. Regression of the mean CSlerived Figure5-5. Regression of the mean CS$lerived
and manually measured plant heights (n = 60).plant height and the dry biomass (n 8)4

5.4 Discussion

The data acquisition with the laser scanner worked very well. As mentioned, the presented
approach of generating CSMs was successfully applied with low growing crops like sugar beet
(Hoffmeister et al., 2013, 201Marley(Tilly et al., 2014aand paddy ric€Tilly et al., 2014b)

The height otall maize plants is ahallenge for grounébased measurements. In the study
presented in this paper, the laser scanner was mounted on a cherry picker. Following, the
sensor heigt of about 8m above ground was helpful for reaching a position above the
canopy. Obviouslyhis setup can hardly be implemented for realizing practical applications
for farmers. However, as this was the first approach of determining maize plant heiigpht w
TL&derived CSMs, the preconditions ought to be comparable to earlier studies, like the
relative height of the sensor above the canopy. Further studies are required regarding other
platforms and acquisition methods.

An issue of TLS measurements wiked scan positions at the edges of a field, isrdmial
measuringview of the scannerCloser to the edges, the viewing perspective is steeper and
allows a deeper penetration of the vegetatiomhus, also lower parts of the plants are
captured. Thignfluence of the scanning anglés also stated byhlert and Heisig2013)
However they detectedverestimations in the height of reflection pointSor the generation
of the CSMs in this study, point clouds were merged from all positions of one cangpaign
afiltering scheme for selecting maximum points was used for determining the crop surface.
Hence, it was determined from an evenly distributed coverage of the field with a mean point
density of 11,000 points per m2. Nonetheless, further studies ageired for analyzing the
influence of the scanning angle.

Reconsidering alternative platforms for practical applications, ways of avoiding effects due
to the radial measuring view should also be regardBdomising systems are brought up
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through recent deelopments in mobile laser scanning (MLS). Those systems apply
atwo-dimensional profiling scanners based on a moving ground vehicle for achieving an areal
coverage. Conceivable MLS approaches are presente@higrt and Heisig2013) and
Kukkoet al. (2012)

The high resolution anacquisition of the wholeié€ld, achievable with the TLS system, allow
to calculate the plant heights pixalise andvisualze themas mays of plant heightfor several
steps in the growing period. Thuspatial and temporal patterns and variationsan be
detected, as shown iRigure5-2. Moreover, the plant growth between two campaigns can be
calculated and visualized as maps of plant growth, as showigure5-3.

Thevery highcoefficients of determinatio(R? =0.93) and lowdifferencesbetween the
mean CSMierived and manuallyneasured plant heightshow the usability of th@resented
approach for determiningnaize plant height. Regarding the differences between the mean
values Table5-1), the differences between the measuring methods aresource of error.
Whereas the scanner captured the whole field, including lower parts of the canopy, only five
plants per sample point were considered for the manual measurements, which represent the
highest parts of the canopy. Thus, the manual measunets can solely be regarded as an
indicator for the accuracy of the CSiMrived heights. Due to the high resolution of the scan
data a more precise acquisition of the field can be assumed. However, as vistigenes-4
there is adata gapbetween heights of In to 2m. Due totechnical problems, the
measurements of one campaign in the middle of July could not be used for the analyses.
Consequently, this period, viithe main increase in plant height is not well covered with data.
Further monitoring studies in the followingears are necessary to fill this gap.

Furthermore, additional studies are required to enhance the knowledge about the
correlation between plant gight and biomass. Due to thenusabledata set from the middle
of July and thetechnical problemswith drying some plants at the S1of July, several
uncertainties remain. As the main increase in plant height and biomass occurred in this period,
more measurements are necessary for establishingliableregression model. Nevertheless,
the resultssuggest linear regression betwegplant height and biomass for the first half of
the growing period. Furthermore, it has to be evaluated whether an exponential function can
better model the increase of biomass while almost constant plant heights in the later growing
period occur.

5.5 Conclusiorand outlook

In summary, he main benefitof the TLS approadre the easily acquisition of a large area
and the high resolution of the resuliy data. In addition, applying the cherry picker to reach
a highposition above the canopy turns out to be useful in particular for large plants, like maize.
Nevertheless, furtheresearch igequired regarding the differences between G8btived
andmanually measured plant heights. Moreover, as also mentioned, fuftbklstudiesare
necessary to achieve more data for the period of main increase in plant height and biomass
for investigating the applicability of plant height as an estimator for the actual biomass of
maize. Challenges therein are the height differeneékin one CSM, in particular in the early
stages, before the canopy closure and the sioiear development of plant height and
biomass over the whole growing period.
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Abstract:Plant biomass is an important parameter for crop management and yield estimation.
However, since biomass cannot be determined-destructively, other plant parameters are
used for estimations. In this study, plant height and hyperspectral data were osédifiey
biomass estimations with bivariate and multivariate models. During three consecutive
growing seasons a terrestrial laser scanner was used to establish crop surface foodels

a pixekwise calculation of plant height and manual measurements aftgl@ight confirmed

the results (Rup to 0.98). Hyperspectral reflectance nseaements were conducted with
afield spectrometer and used faralculating six vegetation indices (VIs), which have been
found to be related to biomass and LAI: GnyLi, NDV],RIRII, REIP, and RGBVI. Furthermore,
biomass samples were destructively taken on almost the same dates. Linear and exponential
biomass regression models (BRMs) were established for evaluating plant height and Vls as
estimators of fresh and dry biomasscB8BRM was established for the whole observed period
and preanthesis, which is important for management decisions. Bivariate BRMs supported
plant height as a strong estimatorBp to 0.85), whereas BRMs based on individual Vls
showed varying performansgR: 0.07- 0.87). Fused approaches, where plant height and one

VI were used for establishing multivariate BRMs, yielded improvements in some casps (R

to 0.89). Overall, this study reveals the potential of remotely sensed plant parameters for
estimatons of barley biomass. Moreover, it is a first step towards the fusion of 3D spatial and
spectral measurements for improving naolestructive biomass estimations.

Keywords:terrestrial laser scanning; spectrometer; plant height; hyperspectral vegetation
indices; biomass; precision agriculture; plot level; migthporal

6.1 Introduction

Over the past several decades remote sensing has increased in importance for precision
agriculture(Atzberger, 2013; Liaghat and Balasundram, 2010; Mulla, 2&li2¢e the world
population is expected to increase by more than one third until 2050 a main goal is shrinking
the gap between potential and current yielNFPA, 2010; van Wart et al., 201Bjeld
management strategies in precision agriculture that aim to manyield must involve
areasonable use of natural resources and &y take spatial and temporal variabilities into
account(Oliver, 2013) as agricultural production is influenced by the physical landscape,
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climatic variables, andgricultural management practicdétzberger, 2013)Studies reveal

that grain yield is correlated with total biomaé8oukerrou and Rasmusson, 1990; Fischer,
1993) A quantitative measure is the harvest index, which expregsdd vs. totalbiomass
(Price and Munns, 2010Moreover, adequate crop condition in earlyoging stages could
buffer the yield against environmental stresses, such as droughts, during later stages
(Bidingeret al., 1977) Inseason, the nitrogen nutrition index, the ratio between actual and
critical nitrogen (N) content, is widely used as a measure of the plant status
(Greenwoocet al.,1991) The critical value is defined by a crgpecific N dilution curve,
showing the relation between N concentration and biomass. Hence, an exaeagon
acquisition of biomass is important in prsicin agriculture.

Since plant biomass cannot be determined rawstructively, other plant parameters are
used as estimators. Therefore, remote sensing measurements enable an objective and
accurate acquisition in a high temporal frequen@tzberger, 2013)A revew of remote
sensing methods for assessing biomass is giveAhayned et al.Z011) At the field level,
groundbased methods are commonly used to achieve sufficiently high resolutions and over
the last several decades, several studies investigated the relatioristipeen spectral
reflectance measurements and crop characteristics. For extracting information, various
vegetation indices (VIs) were developed from the reflectance in determined wavelengths. Two
band Vis like the normalized difference vegetation indeR\(N were traditionally used with
multispectral broad band systems to estimate biomass or biomelssed parameters, like
LAI. Such Vis have been adapted to narrow band hyperspectral data and other band
combinations(Aasen et al., 2014; Marshall and Thenkali0l15; Thenkabail et al., 2013,
2000) Additionally, other VIs with more than two bands, such as the GnyLi, have been
developed for the same purpog&nyp et al., 2014b)

Moreover, active sensors based on light detection and ranging (LIDAR) have been
increasingly used in vegetation studies since the 198@& et al., 2010)Indeed, a main
benefit of LIDAR is the very high resolution, which enables the acquisition of complex canopies
(Danson et al., 2009)n agricultural applications, for example, grodoased LIDAR metials,
also known as terrestrial laser scanning (TLS), reveal potential for assessing plant height
(Zhang and Grift, 2012)eaf area indeXGebbers et al., 2011xrop density(Hosoi and
Omasa2012, 2009; Saeys et al., 2009r postharvest growth (Koenig et al., 2015)
Furthermore, the potential for estimating biomass with TLS is supported through studies on
small grain cereals(Ehlert et al., 2009, 2008; Lumme et al., 2008%agebrush
(Olsoyet al.,2014) and paddy rice€Tilly et al., 2015, 2014bThe 3D architecture of single
plants was modeled under laboratory conditiofizaulus et al., 2014a, 2014owever the
transferability of those laboratory results to field conditions has not yet been shown.

Generally, the accuracy of estiniats is a major issue, with the accuracy being limited
when calculations are based on one estimator. Whilst biomass estimations based on Vls are
affected by saturation effects (Blackburn, 1998; Reddersent eal., 2014;
Thenkabaikt al.,2000) plant height may reach limitations when differences in plant height
are low. Consequently, the fusion of multiple parameters should be examined to enhance
estimations. So far, studies on the fusion of spectral andspettral information have been
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applied for characterization of forest ecosysteifi®orabzadeh et al., 2014nd modeling of

corn yield (Geipel et al., 2014)As both studies applied airborne methods, the spatial
resolution was low. A grounbased multisensor approach for predicting biomass of grassland
based on measurements of plant height, leaf area index (LAI), and spectral reflectance showed
that combining multiple sensors can improve the estimatigteddersen et al., 2014)
However, in thatstudy, spectral data were not weduited. Recently, the potential of the
combined use of spectral and n@pectral grounebased measurements for estimating
biomass was demonstrated for rice, maize, cotton, and alfaffdarshall and
Thenkabail2015)

The overall aim of this study was to compare the potentigblant height (PH), Vls, and
afusion of PH and VIs for estimations of above ground fresh and dry barley biomass. More
specifically, this study compares tipotential of 3D spatial and spectral information for
different time frames during the growing season and investigates if a fusion of both can
improve the estimation. Therefore, a spring barley experiment was monitored during three
growing seasons in varislcampaigns with a TLS system and a field spectrometer. PH was
derived from the TLS data and VIs from the hyperspectral data. Four makingtasks were
carried out: () conduct extensive mutannual field measurementsluring the growing
seasons, (Jlderive bivariate biomass regression models (BRMs) from 3D spatial and spectral
measuremelis for biomass estimations, {llfuse the 3D spatial and spectral data in
multivariate BRMs to estimate biomass basedhua extensive data set, and jl&valuate tle
robustness of the BRMs with a cresalidation.

6.2 Methods

6.2.1 Fieldmeasurements

In three growing seasons (2012, 2013, and 2014), field experiments were carried out at the
CampusKleih f G SYR2NF opncoT pmM bX 9 ccpd athe 0 06Sf
University of Bonn, Germany. Due to crop rotation, the locations of the fields were slightly
different between the years. However, soil and climatic conditions were similar with the
surface of the soil being flat with a clayey silt luvisol and sweted for crop cultivatio{Uni
Bonn, 2010ap ! OO2NRAYy 3 (2 GKS OF YLldziegh az@mge yaardy/ K S N
precipitation was about 606hm with a daily average temperature of 9.3(f@i Bonn, 2010b)

Each year, the field consisted of 36 srsakile plots (3 x 7 m) where different cultivars of
oF NI S& ¢6SNB Odz 6AQIGSR gAGK (g2 tS@Sta 2F b
common rate of 8&kg/ha Nfertilizer was applied, for the other half a reduced rate okéha.
In 2012 and 2013 each fertilization scheme was carried out once for 18 cultivars of spring
barley (Barke, Wiebke, Beatrix, Eunova, Djamila, Streif, Ursa, Victoriana, Sissy, Perun, Apex,
Isaria, Trumpf, Pflugs Intensiv, Heils Franken, Ackermanns Bavaria, Mauritia and Sebastian). In
2014, the sewp for the experiment was changed in that each fertilization scheme was
repeated three times for six selected cultivars (Barke, Beatrix, Eufowapf, Mauritia and
Sebastian). The experiments were carried out within the interdisciplinary research network
CROP.SENSe.net (www.cropsensebonn.de). The research focus of this project was
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non-destructive sensebased methods for detecting crop statguch as nutrients, stress, and
quality.

In this study, 3D spatial measurements from a TLS msystpectral measurements from
afield spectrometer, and manual reference measurements were used. Due to the weather
conditions the time of seeding changed aherefore so did the start of the growing season.
The seeding dates were 21 March 2012, 9 April 2013, and 13 March 20lzblé6-1, all
dates of TLS and spectrometsampaigns are listed as day after seeding (DAS) and a universal
scale, known as the BBCH scale, was used to describe phenological stages and steps in the
plant development, encoded in a decimal cdlancashire et al., 1991; Meier, 2001)
Table 6-1. Dates of the terrestrial laser scanning (TLS) and spectrometer (S) campaigns listed as day

after seeding (DAS). Averaged codes for the developmental steps are given for the dates of manual
plant paraneter measurements (BBCHhr some dates BBCH codes were not determined (N/A).

2012 2013 2014 2012 2013 2014 2012 2013 2014
©» 335 235 259 85 85 852 B8 ¢5id
< c @ c hoa) c a < c e c @ c a < c @ c @D c @
O § o § a § ol § o ga §al §a §ga § o
15 TLS 45 75 TLS
16 46 76
17 47 77
18 48 78 TLS/ ¢ 57
19 49 TLS/S 30 79
20 TLS/ ¢{N/A 50 TLS/¢ 80
21 51 81
22 52 82 S
23 53 83 N/A
24 54 30 S 84 S TLS 56
25 55 85
26 56 TLS 31 86 TLS
27 57 87
28 58 TLS 88
29 59 89
30 60 90
31 61 91 S 68
32 62 92 TLS
33 63 93
34 TLS 64 TLS/S 41 94
35 S 18 65 95
36 66 96 74
37 67 97 TLS/<
38 68 98
39 69 99
40 70 S 49 TLS/S 49 100
41 TLS/¢29 71 101
42 72 102
43 N/A 73 103
44 74 104 TLS/ ¢ 81

The acronym BBCH is derived from the funding organizations: Biologische Bundesanstalt
(German Fedal Biological Research Centre for Agriculture and Forestry), Bundessortenamt
(German Federal Office of Plant Varieties), and Chemical industry. The first number of the
two-digit code represents the principal growth stafjeable 6-2) and the second subdivides
further in short developmental steps. Through determining the BBCH codes during the
growing seasons, the annual moparability was ensured. For each plot, the BBCH
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developmental step was determined as a mean of three plant§abte 6-1, BBCH codes are
given for he dates where plant parameters were manually measured. The codes are averaged
per campaign, as the values were almost similar for all cultivars. Although the plant
development varied among the years it can be sdbat the BBCH codes indicate
acomparabledevelopment.

Table6-2. Principal growth stages of the BBCH scale.

Principal Stage Descriotion Time Frames Regarded for
Growth Stagé 9 P Biomass Estimation
0 Germination
1 Leaf development
2 Tillering
3 Stem elongation Pre - Whole
4 Booting anthesis
. observed
5 Inflorescence emergence, heading :
: . period
6 Flowering, anthesis
7 Development of fruit
8 Ripening
9 Senescence

afirst number of the twedigit code.

Asreference measurements, the heights of ten plants were measured for each plot and
averaged in the pogprocessing. Moreover, in a defined sampling area of each plot, the above
ground biomass of a 0.2 x MR area was destructively taken each time. The siamparea
was neglected for the remote sensing measurements. In the laboratory, plants were cleaned
and fresh weights were measured. After drying the samples for 120 h at 70 °C, dry biomass
was weighted and extrapolated across the plot (g/m?).

Furthermore, a digital terrain model (DTM) is required as a common reference surface for
calculating plant height from the TLS data. In 2014, the bare ground of the field was scanned
after seeding but before any vegetation was visifildb{e 6-1: DASL5). For technical reasons,
it was not possible to acquire such data in 2012 and 2013, however, the ground was
identifiable in the point cloud of ther§t campaigns due to the low and less dense vegetation.

6.2.1.1 Terrestriallaserscanning

The TLS configuration and setup was almost equal in all years. Thus for each campaign, the
time-of-flight scaaner Riegl LM&420i was used-{gure6-1 A) (Riegl LMS GmbH, 2010he
sensor operates with aearinfrared laser beam, has a beam divergence of 0.25 naad,
ameasurement rate of up to 11,000 points/sec. In addition its field of view is up to 80° in the
vertical and 360° in the horizontal direction and this study used resolutions between 0.034°
and 0.046°. The digital camera Nikon D200 was mounted on the laser scanner and the TLS
point clouds were colorized from the images captured. Furthermore the sensor should be as
high as possible above ground, resulting in a steep angle between scannemvastigated
area enabling the best possible coverage of the crop surface and a homogenous penetration
of the vegetation. Accordingly the scanner was mounted the hydraulic platform of
atractor, raising the sensor to approximatelymdabove groundKigure6-1 B). In order to
lower shadowing effects and to attain an almost uniform spatial coverage, the field was
scanned from its four corners. The coardies of all scan positions and an additional target
were required for the georeferencing and -oegistration of the positions in the post
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processing. Highly reflective cylinders arranged on rangingspolere used as targets
(Figure6-1 Q. These reflective cylinders can be easily detected by the scanner meaning their
exact position in relation to the scan position can be measuyirEdfmeister et al., 2010)The
coordinates of the scan positions and ranging poles were measured with the highly accurate
RTKDGPS system Topcon HiPer Propcon Positioning Systems, 200BYy establishing an

own reference station each year, the precise merging of all data sets per year was ensured
with the relative accuracy of this system being appmagely 1cm.

Figure6-1. Instrumental seup: (A) terrestrial laser scanner Riegl LR4R0i; (E
tractor with hydraulic platform; (C) ranging pole with reflective cylinder.

6.2.1.2 Fieldspectrometer measurements

The ASD FieldSpec3 was used for measuring the reflectance several times during the
growing seasons (all dates are listedTigble 6-1 above). This spectrometer measures the
incoming light from 350 to 2500m with a sampling interval of 1mm in the VNIR
(350- 1000nm) and 2nm in the SWIR (100122500nm). These measurements are resampled
to spectra with Iy’ Y NB &2t dziAzy o6& GUKS YIydzZFl OGdzZNBND&
measurements were taken and instantly averaged by the software, from dbove the
canopy with a pistol grip, which was mounted a cantilever to avoid shadows obscuring the
sampling area. Additionally, a water level was used to ensure nadir view and no fore optic was
used, resulting in a field of view of 25° and thus, a footprint area on the canopy with a radius
of approximately22 cm was achieved. Before the measurements, the spectrometer warmed
up for at least 30 min and every 10 min or after illumination change, the spectrometer was
optimized and calibrated with a spectralon calibration panel (polytetrafluoroethylene
referencepanel). Six positions were measured within each plot and for each position, the
detector offset was correctedAasen et al., 2014)Then the six spectra were averaged,
resulting in one spectrum per field plot, which was used in the further analysis.
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6.2.2 Postprocessing

6.2.2.1 TLSata

In the scanner software RISCRMN, the DGPS data and the scans of all campaigns were
imported into one projectife per year. Based on the coordinates of the scan positions and
reflectors, a direct georeferencing method was applied for the registration of all scan
positions. However, a further adjustment was required due to small alignment errors between
the point douds. Based on the iterative closest point (ICP) algorifées! and McKay, 1992)
the Multi Station Adjustment in RISCAN Pro allows the position and orientation of each scan
position to be modifiedn multiple iterations and thus the best fitting result for all of them to
be acquired. After optimizing the alignment with the ICP algorithm, the error, measured as
standard deviation between used poipairs, was 0.04 m on average for each campaign.

Thepoint clouds were then merged to one dataset per campaign, and the area of interest
was extracted. As reflections on insects or small particles in the air produced noise those
points were manually removed. In addition a filtering scheme for selectingmuxipoints
was used for determining the crop surface and in the same way, a filtering scheme for
selecting minimum points was applied to extract ground points from the data sets of each first
campaign. Finally, the data sets with XYZ coordinates of eachwere exported.

The spatial analyses and visualization of the data were carried out in Esri ArcGIS Desktop
10.2.1. All point clouds were interpolated using the inverse distance weighting (IDW)
algorithm, resulting in a raster with a consistent spatedaiution of Icm. IDW is an exact,
deterministic algorithm that retains measured values at their sample location. The accuracy
of measurements with a high density is maintained as all values are kept at their discrete
location and not moved to fit the ietrpolation better(Johnston et al., @1) As introduced
byHoffmeister et al. Z010) the created raster data sets are referred to agpcsurface models
(CSMs). Similarly, a digital terrain model (DTM) was generated from the ground points and by
subtracting the DTM from a CSM, plant heights were calculated-pisel Moreover, by
calculating the difference between two CSMs, plant growtlas spatially measured.
Hereinafter, growth is defined as temporal difference in height (for a detailed description of
the CSMs creation and the calculation of plant heightsisiiyet al(2014b). The raster data
sets with pixelwise stored plant heights and growth were visualized as maps of plant height
and growth, respectively. Then the plant heighisre averaged plewise, allowing a common
spatial base with the other measurements to be attained. It should be noted that previously,
each plot was clipped with an inner buffer of @bto prevent border effects.

6.2.2.2 Spectraldata

For this study, establislieVis were used to extract information from the hyperspectral
data, measured with the field spectrometer. From the widespread of known hygoeot
multispectral Vls for deriving different vegetation properties, six VIs were selected from the
literature whidh have been found to be related to biomass and LAI. The selection was based
on two criteria: Firstly, to make this study comparable to other studies VIs were selected which
have been widely used in literature. Secondly, Vis with different spectral domwaiesused
to examine if this would influence the prediction power of the fused models.
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The NDVI was originally created for broad band satellite remote se(Rmgse etl, 1974)
and has been widely used in the literature. It has been adapted to hyperspectral narrow bands
and was specified for sensors such as GreenSEéked Crop Circl¢! (Gnyp et al., 2014b)
Several articles reportecklationships between the ND¥hd biomass or LAl. However, NDVI
has been shown to saturate in cases of dense and +#ayléred canopy
(Thenkabaikt al.,2000)and to have a notinear relationship with biophysical parameters
such as green L@AHaboudane et al., 2004)

On this basidRoujean and Breo(1995)developed the renormalized difference vegetation
index (RDVI) for estimating the fractiom photosynthetically active radiation absorbed by
vegetation, independentof a priori knowledgeof the vegetation cover(Roujean and
Breon,1995) The RDVI showed strong relationships to LAHiberent crops below an LAI
of 5 (Broge and Leblanc, 2001; Haboudane et al., 20@04dense crop canopies with an LAl
above ive, RDVI tended to overestimate the I(Whboudane et al., 2004p5imulations with
the radiative transfer models PROSPRBRGd SAIL indicated that the RDVI is less affected by
canopy structure, biochemistry, and soil background when estimating th€Brége and
Leblanc,2001)

The red edge inflection point (REIP) was introduce@hbyot and Baretl988) The REIP
characterizes the inflection in the spectral red edge by calculating theelength with
maximum slope. A variation of the inflection is mainly related to leaf chlorophyll content, leaf
area index, and leaf inclination angle. Furthermore, soieotfince and sun position have
alimited effect(Guyot et al., 1992)

GnyLi is a fouband VI for estimating biomass ithe NIR and SWIR domain
(Gnypet al.,2014b) This VI was developed for winter wheat and showed good performance
on different scales from plot to regional level and across several growth stages
(Gnypet al.,2014b) The GnyLi considers the two reflectance maxima and minima between
800 and 130m. While the high reflectance is caused by the plants intercellular structure,
the absorption at the minima is caused by cellulose, starch lignin, and water. These
components contribute substantially to dry and fresh biomass and combining the two
products helps to avoid saturation problemshis is a major advantage of this VI.

Similar to the GnyLi, the normalized reflectance index (NRI) was also developed for
estimating biomas in winter wheat. The NRI was empirically developed by combining the
shape of the NDVI and the best two band combination biomass estimation with
EQ1 Hyperion satellite datékoppe et al., 2010)

The red green blue vegetation index (RGBVI) was developed for estirbatingss based
on bands available in a standard digital cam@andig et al., 2015)n this study, the RGB
data was simulated from hyperspectral data where green, red, and blue values were
calculated as the mean of the reflectance fro®05t0 560nm, 645 to 765 1m, and 465 to
495nm, respectively. Thus, in contrast to other studiBareth et al., 2015; Bendig et al., 2015;
Geipel et al., 2014jhe RGBVI wasedved from radiometrically and spectrally calibrated data.

The six VIs used in this study can be categorized by the wavelength domains that are used
in their formula. The NDVI, RDVI, and REIP use wavelengths in the visible aidraesd
domain (VISNRVIs) the GnyLi and NRI use wavelengths in the nefrared domain (NIR/Is),
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while the RGBVI uses wavelengths in the visible domairv{y/I$he formulas of the Vis used
in this study are given ifable 6-3 (Bendig et al., 2015; Gnyg al., 2014a; Guyot and
Baret,1988; Koppe et al., 2010; Roujean and Breon, 1995; Rouse et al., 1974)

Table6-3. Vegetation indices used in this study.

Wave ;
Vegetation
length Index Formula References
Domains
GnyLi YomnYpmu mYwu u'Yp ¢ ¢mMYOTTT'Yp ML TIYWL U'YP G G 17 (Gnyp et
NIR al., 2014a)
. . . . (Koppe et
NRI WYXTYCRYWYXTYpGGQU al., 2010)
. . . . (Rouse et
NDVI YX0PYox TYX oY x T al., 1974)
(Roujean
visnr  RPM! YK OPYQ X TTUYX oy Yo x T and Breon,
1995)
Yo X TUYX YT (Guyot and
REIP T S YX T Baret,
YX T Y T 1988)
. . . . . . (Bendig et
VIS RGBVI Y Y Y Y Y Y al., 2015)

6.2.3 Biomasgegressionrmodels

The main aim of this study was to establish biomass regression models (BRMs) and
compare the potential of PH, Vls, and a fusion of PH and VIs for estimating hiaregss.
The workflow for the BRM calibration and validation and the distinction of considered cases
are shown inFigure 6-2. All calculations were performed in the #ftware environment
(RDevelopment Core Team, 2013he measurements from 2012 were excluded because the
spedral data set was inconsistent, since due to unsuitable weather, no spectral data or only
data for less than half of the plots could be acquired corresponding to the second and fourth
TLS campaign, respectiveljafle 6-1). Furthermore, as mentioned above, the number of
cultivars was reduced in 2014 so as a result only these six cultivars were used from the 2013
data set to ensure comparability.

The reduced data set wgasplit into four subsets to obtain independent values for
calibration and validation. The first subset contained the plte averaged measurements
of plant height, calculated VIs and destructively taken biomass from 2013 (n = 48). Each other
subset condined the same measurements of one repetition from 2014 (each n = 60). Thus,
each subset contained the measurements of each cultivar from one plot with low and one
with high N fertilizer level for the given campaign dates. A evadisiation was performed
using these data sets: For each run, one subset was excluded from the BRM calibration and
used for validating the resulting BRM.

First, bivariate BRMs for fresh and dry biomass were developed based on thdeTigad
PH or one of the six Vis. Linear anganential BRMs were established since no trend
regarding their usability for biomass estimations based on PH was clearly identifiable in earlier
studies(Tilly et al., 2015)However, the biomass accumulation during the vegetative phase is
exponential and other studies have shown that it is best estimated with exponential models
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(Aasen et al., 2014; Thenkabat al., 2000) For the exponential BRMs, the fresh and dry
biomass values were natural kbigansformed. Each BRM was calculated for two time frames,
the whole observed period from tillering (BBCH stayeill the end of fruit development
(BBCH stage) and the preanthesis period (till BBCH stagg (Table6-2).

The latter period is important as, for example, adequate crop conditions could buffer the
grain yield against later environmental strg8sdinger et al., 1977)Thus, campamgnumbers
3to 6 and 2o 6 were consideredor 2013 and 2014, respectively, whereas each final
campaign was excluded for the pamthesis BRMs. Considering the four possible subset
combinations, overall 224 bivariate BRMs were established. Second, mate&vBRMs were
established based on PH fused with each VI. Since they were also established as linear and
exponential BRMs for fresh and dry biomass for both time frames, the four possible subset
combinations led to 192 multivariate BRMs in total.

Remote sensing data Reference data

i L 1
: 1 I I
| P i
! 1 1 5 I
! ) ’Spectrometer\ ' 1 ( Destructive \ |
E TLS data data P Qpling i
| P :

Subsets

4 Y
@ |Plant height 6 VIs | @
Plant height | | 6 VI | !
il e Vil AL with fourth subsets i
- - Q) !
® |Plant height | | 6 Vs | : g @ O
! e |
@ | Plant height 6 VIs | @ i Average (% RMSE. d E

__________________________________________________________________________________

Model calibration from three subsets

Model validation

Cases for biomass regression models
3
224 bivariate BRMs
192 multivariate BRMs
biomass
e
biomass )

Figure 6-2. Workflow for the calibration and validation of the biomass regression model
distinction of cases for each model.

The cabration was evaluated by calculating the coefficientlefermination (R) for PH or
VI vs. measured biomass and the standard error of the estimatg (($&r et al., 2010)For
the validation, besides the’Restimated vs. measured biomass), the root mean square error
6wa{902 IyR 2Aff Y2l i(Wilmot ahdR\Wieks, 2080; Wiltmess 9815y i o |
were determined. For each case, the results from the four runs were averaged. Finally, the
robustness of the BRMs was evaluated by calculating the ratio betweer? traluR sof BRM
calibration and validation.
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6.3 Results

6.3.1 Acquiredplant parameters

The TLSerived point clouds were used to establish CSMs and spatially calculate plant
height. Results of the pix@ise calculation were visualized in maps of plant height for each
plot. As an example for this, maps of four plots and corresponding meghtseare shown in
Figure6-3 for the barley cultivar Trumpf. In the first campaign of 2013, plants were too small
to obtain reasonable results. Thus, maps are presérior the last six and five campaigns of

Figure6-3. Maps of four plots from the last six and five campaigns of 2013 and 2014, respectiv:
plot of each N fertilizer level of the barley cultivar Trumpf is shown for each4eRldt mean height











































































































































































