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Abstract| |

Abstract

Data collection with unmanned aerial vehicles (UAVs) fillapaon theobservational scale ire-
mote sensingby deliveringhigh spatial and temporal resolution dathat is requiredin crop
growth monitoring.The latteris part of precision agriculturthat facilitates detection and quan-
tification ofwithin-field variability to supporggricultural managaent decisions such as effective
fertilizer applicationBiophysical parametersuch as fant height and biomasare monitored to
describe crop growtndserveas arnindicator forthe final cropyield. Multi-temporal gop surface

modek (CSMs)rovidespatial information on plant height and plant growth.

This study aims texaminewhether (1) UAVbased CSMs are suitable for plant heigtadelling
(2)the derived plant height can be used for biomass estimation, and (3) the combination of plant

heightand vegetation indices has an added value for biomass estimation.

To achieve these objectives, Uflight campaigns were carried owmtith a redgreenblue (RGB)
cameraover controlled field experiments dhree study sitestwo for summer barley in Western
Germany and one faice in Northeast China. Highsolution, multitemporal CSMs were derived
from the images by using computer vision software following the stmecftom motion (SfM)
approach.The results show that plant height and plant growth carabeurately modelled with
UAVbased CSMs from RGB imaging. To maximise thé @Bality, accurateflight planning and
well-considereddata collection is necessary. Furthermore, biomass is successfully estimated from
the derived plant height, with theestriction that results are based on a singlear dataset and

thus require further validation. Nevertheless, plant height skogbust estimates in comparison
with various vegetation indice#\sfor biomass estimation in early growth stagadditional po-

tential is found in exploitingisible band vegetan indices from UAVWased reagreenblue (RGB)
imaging. However, the results are limited due to the use of uncalibrated images. Combining visible
band vegetation indices and plant heighdesnot signifcantly improvethe performance of the

biomass models.

This studydemonstrateshat UAVVbased RGB imaging delivers valuable data for productive crop
monitoring. The demonstrated results for plant height and biomass estimation open new possi-

bilitiesin predsion agricultureoy capturing idfield variability.
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Zusammenfassung

DieDatenerfassungnit Unmanned Aerial Vehiclés)AVsXillt eine Luckeauf derBeobachtungs-
skalain der Fernerkundundurch die Bereitstellungon Daten mit hoheraumlicher und zeittiher
Auflésung die fiirdie Uberwachungon Pflanzenwachstumrforderlich sindLetzteredst Teil der
Prazisionslandwirtschafivelchedie Erfassungind Quantifizierung voNariabilitdtinnerhalbvon
Getreidebestanderermdglichtund so Entscheidungen delndwirtschaftliche Managements
unterstitzt wie zum Beispiebei effizienter Diingung Die UberwachungiophysikalischePara-
meter wie Pflanzenhdhaind Biomassealient der Erfassung deRflanzenwachstusiund liefert
Indikatoren fur den Ertrag Multitemporale Oberflachenmodelle von Getreidebestandérop
surface models CSM3liefern raumlichelnformationen Ubemie Pflanzenhdhend das Pflanzen-

wachstum

Ziel dieser Studie igts zu prifen, ol(1) UAVbasierteCSMssichzur Modellierungder Pflanzen-
hoheeignen (2) die abgeleitetePflanzenhohéir Biomasssechatzungewerwendet werderkann,
und (3)die Kombinatiorvon Pflanzenhoheind Vegetationsindizesinen Mehrwertfiir Biomasse-

schatzundhat.

Umdiese Zieleu erreichenwurdenUAV(Flugkampagnemit einer RotGriinBlau (RGBamera
in kontrollierten Feldversucherin drei Untersuchungsgebietedurchgefihrt zwei firSommer-
gerstein Westceutschlandund eine firReisim Nordosten Chinagius den Bildern wurdehoch
aufgeldste, multitemporale CSManit Hilfe von ComputerVisionSoftwarenach den Structure
from Motion (SFM)Ansatzabgeleitet Die Ergebnisse zeigedasses genaue Modellierungen der
Pflanzenhdhaind desPflanzenwachstusmit UAVtbasierten CSMsaausRGBAufnahmemmdoglich
sind Um die Qualitdt deCSMszu maximierensindeine genaud-lugplanung unavohliiberlegte
Datenerfassungotwendig.Weiterhinlasst siciBiomasseerfolgreichmit der abgeleiteterPflan-
zenhodheschatzen mit der Einschrankunglass die Ergebnisseiseinem einjahrigen Datensatz
erzeugt wurderund folglicheine weitereVerifizierungerfordern. Dennoch zeigen die Schétzun-
gen mittelsPflanzenhéheobuste Ergebnissém Vergleichmit verschiedenerVegetationsindizes
Fur die Biomasseschatzung frihen Wachstumsstadn, zeigt sich zusatzliches Potential tlie
Biomasseschatzung mittelggetationsindizesn Bereich des sichtbaren Lichtie audJAVtba-
sierten RotGrinBlau (RGB)Aufnahmenabgeleitet wurden Eine Beschrankung dé&rgebnisse
ergibt sich aus deverwendungronunkalibriertenBildern.Die Kombination voNegetationsindi-
zes im Bereich des sichtbaren Lialmsl der Pflanzenhdhdihrte nicht zu einer signifikanten Ver-

besserung in der Vorhersagequalitat domasseModelle.



Zusammenfassuniglll

Diese Studie zeigtlass RGBufnahmenauf der Basis von UAMsertvolle Daten fiir digoroduk-
tive Uberwachungron Pflanzenwachsturiefern. Die gezeigtefErgebnissédiir die Pflanzenhohe
und Biomasseschatzungroffnen neue Mdoglichkeiten in dePrazisionslandwirtschafiurch die

Erfassungon Vairabilitat innerhalb von Getreidebestanden
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1 Introduction

1.1 Preface

Ly NBOSyil GAYySa (KS ¢2NI RQa | 3 NkhalkzigegOeNERET LINE R dz

AL,2013.¢ 2 Rl @ Qa &ndA mNdurdl deoiirdeslBe pressured by population growth, increas-
ing consumption of calorieand meatintensivedietsand increasing use of cropland for nfood

use like biofuelFOLEY ET AL2011; FOOD ANDAGRICULTURBRGANIZATION OF THIRITEDNATIONS
2013 MUELLER ET.AR012. Population growth is accompanied by a decrease in available land.
Furthermore, climatechange will alter the reliability of critical components in crop production
that causing production variabilitfATZBERGER013 SRINIVASA ANDSRINIVASAN2006). Crop pro-
duction canbe quantified byagronomic parametersuch as crop vyield, leaf area index (LAI) or
chlorophyll conten{HATFIELD ET AR008). Parameters describing the crgpatuscanbe linked to
climate modelling,dr examplewhen changing weather patterreause poduction variabilitybe-
tween two growing seasons. Within fieldsriability is a result of soil quality, drainage conditions,
physiography, aspect, salinity andtrient managemen{OLIVER ET AL2013. Additionally, varia-
bility may be of spatial or temporal nature. Spatial variability occurs across certain areas, whereas
temporal variability occurs at different measurement timgHELAN ANGAYLOR2013). Particu-
larly, soil variability is closely linked to crop growth and hence crop produ¢ibAMCHUK ET AL
2010. On the field and sufield scaleboth natural variabilityas well as historic and recent man-
agement factorinfluence crop productiorHumans have an impact anop productionvariability
throughmanagement deciens.Precision agricultures away of addressing production variability

and ogimising management decisions

Precision agriculturaccounts for production variability and uncertainties, optimises resource use
and protects the environmeniGEBBERS ANBDAMCHUK2010, MuLLA 2013). By definition, a com-
plete precision agriculturesystem consists of four aspects: (1) field variability sensing and infor-
mation extraction, (2) decision making, (3) precision field control, (@hadperation and result
assessmenfYAO ET AL 2011). Precision agriculturadapts managaent practises within & agri-
culturalfield, according tovariability insite conditiongSEELAN ET Al2003). Consequetly, there

is a need for methods for characterizing such variabMiithin-field cropmonitoringis needed

to describesite conditions with a high spatial and temporal resoluti@MPBELL ANDVYNNE

2011). In precision agriculturéletailed infield information is retrieved from using Global Position-
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ing Systems (GPS), Geographical Information Systems (GIS) and Reamintg RS) for agricul-
tural decision makin¢S=ELAN ET 412003). This information is required within a short time window
for agricultural managemenHUNTXRR ET AL 2013). RS providesuch timely information foas-
sessing withirfield variability to adaptagricultural management purpos€&TzBERGER013).
Once kowing the site conditions, fertiless, herbicides and pesticides are only applied where and
when they are neede(BONGIOVANNI ANDOWENBER®EBOER2004 NELLIS ET A2009. Ultimately,
profitability increases and environmental contamination minimip&$ELAN ANOAYLOR2013).

As a resultRS techniques are commonly ugedcrop monitoring(ATZBERGER013 Q.EVERS AND
JONGSCHAARO0)).

Advances in computing, positidacating technologies and sensor development increased possi-
bilities for usingRSasan important data source of spatial and temporal information to adjust site
specific crop managemeiPINTER ET AL2003 SHANAHAN ET AL2001). RSrefers to obtaining in-
formation from an object or phenomenon without getting into physical contact withiliLESAND

ET AL 2008). In an agricultural context, RS includes w@structive methodgor crop monitoring
opposed to destructive sampling and laboratdrgsed measurement§CAMPBELL ANWVYNNE
2011). Typically, RS records the surfaeflectance in the visible or nedmfraredparts of the elec-
tromagnetic spectrunfYAO ET AL 2011). Reflectance is linked to crojpdphysical parametersuch
asbiomass or leaf area index (L#&iat indicate the final crop yiel@COHEN ET A12003). RS datas
acquiredfastand inhighspatial and temporal detail compared to time, cost and labiotensive
destructive samplinATzBERGERO013. Costs for RS datamedepending on the sensand carrier
platform (LLLESAND ET.AR008. RS methods arelassified according to the sensor typeeither
passiveor activeandaccording to the carrier platfornPassive RS employs instruments that sense
emitted energylike optical or thermal sensorgpposed to active RBith sensors emiing their

own energylike radar or LIDAR sens@¢@MPBELL ANW/YNNE 2011). Sensors arearried byspace
borne, manned or unmanned airborne or groubdsed platformgproximate sensingjMULLA
2013. The platform determines the distance to the sensed object, resulting in a local, regional or
global studyscale.Common platforms for local scale studies include small aircraft anthuned
airborne platforms The latterare referred to as unmanned aerial vehicles (UAVs), unmanned aer-
ial systems (UAS) or remotely piloted aerial systems (REAS)MINA ANDVIOLINA 2014). UAV
platforms are incrasingly used in RS applications as demonstrated@dnyOMINA ANOMOLINA
(2014, HARDIN ANDENSEN20113 andLALIBERTE ET.AR011), whogiveexamplesof different plat-

forms and applications
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1.2 Researchi®@blemandAims

Agricultural production is influenced by the following variabilities: yield variability, field variability,
soil variability, crop variability, anomalous factor variability and management varigQilityeER ET

AL, 2013 ZHANG ET AL2002. Those variabilities result in differences in cropvgito within agri-
cultural fields thatanbe quantifiedby monitoring crop canopy variables throughout the growing
season. Important variables in this context include leaf area index (LAI), biomassitragen
status(HANSEN ANISCHIOERRIN@OO3 SERRANO ET AR2000. Biomass and nutrient use efficiency
are considered as the main influencing factors on final crop {ReldN ANRDIOHNSON1999). More-
over, biomass has a strong relationship with nitrog#&mnseN ET AI1990 VANKEULEN ET A11989).
Since nitrogen is an essential nutrient in crop production, it is often-apelied with negative
impacts on yield and environme(HATFIELD ET AR008. Knowledge on crop status and condition
can be used to effectively improve nitrogen application by eliminating nutrient overuse
(ATZBERGERO13 NELLIS ET A12009. In this context, the nitrogen nutrition index (NNI) is a pow-
erful tool for assessing crop nifgen statugMISTELE ANBCHMIDHALTER008). The NNI is defined

as the ratio of measured and critical nitrogen content. Biomass and nitrogen concentration are
input values for the N dilution curve from which the critical nitrogen content is determfed
MAIRE ET AL.2008 LEMAIRE ANBASTAL1997). Therefore, biomass is of major importance in in crop
growth monitoring.Studies byMORIONDO ET A(2007), REMBOLD ET A(2013, andMARCELIS ET.AL
(1998 give examplesor quantifyingcrop growth by measuringaily biomass gains. The accumu-

lated biomassnay bemultiplied by a harvest indebo simulatethe final yield.

Datafor monitoring crop growthis most valuablevhen captured with high spatial and temporal
resolution to properlydetect the variability within an agricultural fieldhe advantage of using
unmanned aerial vehicle®JAV3 for cropgrowth monitoring is that UAVs fill a niche of observa-
tional scale, reslution and height between manned aerial platforms and the gro(fvdaiN AND
ZAMAN, 2012). Low distance from thesensed objecénables collection of high resolution data and
minimizes atmospheric effects in images. A mayor advantage over satellite imagery is the inde-
pendence of clouds and revisit time and fast data acquisition with real time capdBaiuI ET
AL, 20093 HsSeENBEIS2009. Furthermore, ligh temporal resolution is given through high flexibil-
ity in data acquisitiofABER ET AL2010 SHAHBAZI ET AL2014). Those characteristics make UAVs
highly suitable fomany agricultural application$ ENSEN ET AL2007, SNVAIN ANDZAMAN, 2012).
Examplesnclude sprging from unmanned helicopters that is most populadapan where more

than 10% of paddy fields are sprayeglusing this techniquéNonAMI ET AL 2010).
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Generally, thegrowing interest inUAV systems producesrapidly growing market with a pre-
dicted growthfrom 54n n ® nmaeket value irR013up to 6350.00 € 0 € (MARKETSANDBAR-
KETS2013. The number of avi@able UAV systems multiplied by three from 2005Hhe present
(CoLoMINA ANDMOLINA 2014) with a relevant increase in civil/lcommercial platforifMoNAMI ET
AL,2013.¢ KS | ROAOS 27F Y ILah&niifly AkB they wiNeats dBew fedmote
sensing market in your country{MARKETSANBARKETS2013). Trends in UAV technologdyclude
autonomous flights and swarm flights with multiple UAVs. Due to a rapid developmanctio-
controller processing speeaind storage capacity the ability of UAVs to perfaath complex
tasks is increasin@NONAMI ET AL, 2013 VALAVANIS ANWACHTSEVANOB014). Consequently,ensor
developmentgoes in the direction of lighter sensors with higérformance For examplelight-
weight fullframe hyperspectral cameraairborne laser scanneend inertial measurement units
(IMUs)became available fahe use on small UAMgeighing 0.5 to 5 kg with 0.3 to 1.5 h endur-
ance(BARETH ET A12015 GOLOMINA ANIMOLINA 2014 WALLACE ET AR012. Those developments
resultin a strongdemand for research orobust methodologieén the field of RS and crop moni-
toring. However, morettention should be paid to development and evaluation of data processing
techniquegSHaHBAZI ET A2014). Data acquisition and data pcessing for many new sensors are
at an perimental stagand improvemenis neededo make it available to end users that might

be the farmers.

Several authors demonstrate how UAVs in combination with light weight seasarsed for crop
monitoring. Crop health is the most popular topic in this con{&danHBAZI ET AL2014), demon-
strated for example bYHUANG ET AL(2010 for cotton fields,NEBIKER ET A(2008) for vineyards

and CALDERON ET A[2014) for opium poppy Further research investigates water stréssexam-
ple in orchards and vineyardsy usingthermal and multispectral sense(BALUJA ET AL2012

BELLVERT ET.AR014 BERNI ET AL20099. Existing UAWased studie®n crop growth monitoring
includeassessing biomass and nitrogen stafdsNTJR ET AL 2005, andderiving vegetation in-
dices to relate them to LAl or nitrogen uptakduNT, R ETAL, 2010 LELONG2008 SWAIN AND

ZaMAN, 2012). In addition, plant heighis an important parameter in crop growth monitoring.

Numerousmethodsfor measuringplant heighton the groundexist for exampleBUSEMEYER ET.AL
2013 BHLERT ET AI2009), but fail to produce accurate and precise data at high spatial and tem-
poral resolutionGRENZDORFFER ARRCHARIAR014). Additionally, those methods are not suitable

for high growing crops like maize and sugarcane as well as irrigated crops like padadytihicse
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cages UAVs significantly simplifyfant heightmeasurementsBESENBEISR009 demonstratesdig-

ital surface model (DSM) generation in a maize fieldther ekamples ofplant heightmeasure-
ments from UAY are giverby HONKAVAARA ET A(2013 in wheat and barleyby GRENNDORFFER
AND ZACHARIA%2014) in wheat and GEIPEL ET A2014) in maize However, studies are missing
where plant heightis systematically monitored throughout the growing period based on UAV

data

This study utilizesamotely sensedrop surface models (CSM#) produce high spatial and tem-
poral resolutionplant heightdata. CSMs are 3D models of the canopy surface derived from RS
data (HOFFMEISTER ET.,A22010. The concepts successfullppplied on terrestrial laser scanning
(TLS) dat@HOFFMEISTER ET.,201Q TILLY ET AL2014). Transferringhe CSM concept to UAV data

is one key goal of this research.

A second goal is to model crop biomass baseglant heightderived fromUAVtbasedCSMs.
Today, it is common pracgdo derive biomass frorplant heightsince crop yield is linked to crop
growth and crop yield is directly linked to biomgdSSRRANO ET A2000. LATI ET AL(2013b esti-
mated biomass from plant volume for single plafRSRDESIMO ET A2004) found good relation-
ships between stalk diameter aqdant heightfor biomass estimation in corn stoveZATCHPOLE
AND WHEELER1992) give various examples forgroundbasedbiomass estimatiorfrom plant
height.Moreover, common tractebasedplant heightmeasurement techniques aim at predicting
biomass(BUSEMEYER ET.A2013 EHLERT ET A12009. LUMME ET AL(2008) and TiLLY ET Al(2014)
estimate biomass using TLRIllowing the argumentation that biomass can be estimated from

plant heightthe hypothesis arises if biomasanestimated from UA\based CSMs.

Athird goalis to combine SMs and vegetation indicegegetationindicesthat use reflectance in
the nearinfraredare a welestablished method for biomass estimati@UMAR ET AL.200L, QI ET
AL, 1994 ROUSE ET AL1974). PERRY ANBOBERTE008) investigate the relationspiofvisibleband
vegetation indiceand biomassUAV\tbased imagery enables calculatiorvegible band vegetation
indices It follows that biomass estimatioshouldbenefit from combiningplant heightandvege-
tation indices Bothvegetation indicefrom groundbased hyperspectral measurements and JAV

data are suitable for that combinatioin conclusion, key research questions:are

1 AreUAVbasedCSM suitable forplant heightmodelling?
T Are UAWbased CSMs suitable for biomass estimation?

1 Does a combination gflant heightandvegetation indicegmprove biomass estimation?
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1.3 Outline

The introduction,chapter 1, is followed bya specification othe basic pringles and methods
used,chapter 2. First ways the estimate biomass froremote sensinglata are presented. Sec-
ondly, methods fomplant heightand plant growth measurement are outlined atigk principle of
crop surface models (CSMs) is descriddk next section introduces the method of Udvhote
sensing divided in a general UAV section and a description of 3facigeneration fromred-
greenblue (RGBimaging. After thatmethods for measuringpectral properties of plants are ex-
plained with regard to the focus of this research. The term reflectance is introducedegeda-
tion indicesare presented as a methofibr expressing and comparing reflectan&Ghapter2 con-
cludes witha brief introduction tothe basic agronomy of barley and rice and a descripiotie
study sites. The study sites are located in Bonn and Rheinfmmany) fosummerbarley and
in Jiansanjiang (China) for ricéhapters3 to 7 comprise five research papers with the following

content:

In chapter3 (BENDIG ET Al2014b the CSM generation process from RGB imaging is described for
the rice study site in China. In this context, CSM generation process is adapted to the conditions

of an irrigated rice field.

In chapter 4 (BENDIG ET AL2013) CSMs to monitor crop growtim summer barleyare evaluated
Detectedcrop growthvariability is evaluated with grourdased infield control surveys gblant
height, indicating asong relationship between CShlerived plant height and #ield control sur-

veys.Results are verified in an accuracy assessment.

In chapter 5 (BENDIG ET AL20143 a biomass moddk developedased on CSMderived from
UAVbased imags. The CSMare validated within-field plant heightground measurementg-or
fresh and dry biomss estimationife linear regression modetse testedin a cross validationA
strong correlations found betweenplant heightand freshbiomass and plant heightanddry bi-

omass

In chapter 6 (BENDIG ET ALsubmitted) CSMderivedplant heightand vegetation indicesire eval-
uated for biomass estimatioivegetation indiceare calculated from hyperspectral dedad RGB
imagery.Plant heightshows the strongest relationship with dry biomass across all growth stages.

Visible bandregetation indicefiave potential for biomass estimation in early growth stages.
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Inchapter7 (BARETH ET 412015 two UAVbased hyperspectral fuffame cameraare compared
with a field spectraadiometer. The images d@he hyperspectral fulframe camera are consistent

with the measurements from the field spectroradiometer

The discussiormghapter8, addressethe accuracy of CSMs from UA¥sed RGB imaging and gen-
eral uncertainties implant heightmodelling.Further discussion points includeth, potentials of
biomass estimation from CSMs and combiniegetation indiceand CSMs for biomass estima-
tion. Subsequeny, additional applications of CSMs are presentedi G KS Sy R3>X (KS
RFEGFrasSiQa tAYAGA INB 2dzif AYSRo®

Chapter9 concludessignificant achievementsf this research andummarigs future research

opportunities.
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2 Basics and bthods

2.1 Biomasd$stimation fromRemote 8nsingData

The term biomass refers to theeight of living material, usually expressed as dry weight, in all or
partsof an organism, population or communitfuMAR 2006). It is commonly expressed as weight

per unit area Biomass accumulates through phogaghesis when solar radiation is converted into
carbon dioxide (C£ and water (HO) (KUMAR ET AL 2001, VARGAS ET 412002). Plants grow
through photosynthesis and develop plant organs above and below the ground. Grasses like bar-
ley and rice develop underground root biomass and above ground biomass. The above ground
biomass includes stems, leaves and ears depending on thdogenent stage. Fresh biomass is
dried to constant weight to obtain dry biomass. Biomass and biograssth rate indicate poten-

tial crop yield(SCULLY ANBVALLACEL1990 SHANAHAN ET AL2001). Furthermore, biomass is posi-
tively correlated with leaf area index (LAPNES ANWAUGHAN 2010. Biomass maximizes under

optimum nutrient, water availability, climate conditions, and pest confBelADLE ANDONG 1985).

Crop biomassanbe estimated with different techniques. Reflectance measurements base on the
instantaneous relationship between spectral reflectance and bior(Rs=ET ET ALL989). Vs are
derived from eflectance data anthusVIs are suitable facrop biomas®stimation Several stud-

ies demonstrate the relationship of different vegetation indices (VIs) and biomass on various spa-
tial scalefGTELSON ET AR003 HEISKANEN20OG LEMAIRE ET AL2008). PH is also correlated with
biomass and this relationship is commonly used for k@ssestimation from tractebased PH
measurement§BUSEMEYER ET.AR013 EHLERT ET AL2009. PH measurement methods are de-

scribed inchapter2.2.

2.2 Plant kigh, Plant Gowth andCrop Surface btlels

Ly LXFYyd Y2RStfAy3ds LIEFYyd KSAIKG otl1 0 Ad RSTAY
the uppermost point(LATI ET AL 20133. For a plant canopy PHjeals the difference between

bare soil and the canopy toplant growth (PG) is defined by the difference in plant height be-

tween two observation dates. Both PH and PG are variaifl@sterest inprecision agriculture
applicationsPH is an important faot in optimizingsite specificrop management and harvesting
processedike crop yield predictions, precise fertilizer application, and pesticide applicéfion

LERT ET AL2009 LATI ET AL 20133. Moreover, PHs a key variable idetermining yield potential

(GRMA ET AL, 2005 and inmodelling yield losses from lodgifBERRY ET Al2003 GHAPMAN ET AL
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2014 CONFALONIERI ET.AROL1). Monitoring PG is important since plants undergo intranual

cycles linkedo growth and phenologyATZBERGERO013).

Both PH and P&@e measuredby using RS method®estructive PH measurement is carried out
by clipping the plant and measuring length with a ruler. Mestructive methods includdirect
height measurement wittaser rangefinderéEHLERT ET A12009 2008, ultrasonic sensoréScoT-
FORD ANIMILLER2004), 3D timeof-flight cameragBUSEMEYER ET.A2013), light curtaingFENDER
ET AL 2005 MONTES ET A2011; SPICER ET AL2007) or electronic capacitance meter, rising plate
meter and simple pasture rul§SANDERSON ET.ARO0D). The latter are commonly used in range-
land applicationsAll of the above mentioned sensors and devicesuseallymounted on trac-
tors. Measurements cover the areas close to the tratdoes resulting in limited spatiabeerage.
Spatial coverage increases whieHl is derived from 3D point clouds collecteddayestrial laser
scanning (TL$HOFFMEISTER ET.,22010 LUMME ET AL 2008 TILLY ET AL2014) and airborne laser
scanning(HUNT ET AL.2003. Another way to derive such 3D point clouds séhg UAVbased RGB
imaging $eechapter2.3.2). PG is acquired by repeated measurements with the described meth-
ods and calculating the different®tween observationsVhen analysing plant canopigsther

PH and PG information of a surfasgequiredthan pointmeasurements.

Such information is provided within the conceptarbp surface modsl(CSM), first introduced

by HOFFMEISTER ET. £2010. By definition CSMs represent the top of the plant canopy at a given
point in time (HOFFMEISTER ET.,A22013. CSM are accurately georeferenced and resolution typi-
cally ranges from 1 m to 0.01 im a CSMPH results from th@lant surface at a point in timg t

minus thegroundsurfacet, (Figure2-1 and Figure4-1). PG is derived by subtracting surfaces at

the start and the end of the desired observation per{BENDIG ET Al2013. CSM products include

PH and PG maps that enable spatial variability dete¢iany ET AL2014). Point clouds for CSM
generationare acquired through RS techniques like TLS or UAV RS. The latter is described in the

following section.
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Figure2-1: Derivation of Crop Height (CH) and Crop Growth (CG) by the comparison of CSMs and the initial C
(HoFFMEISER 2014)

2.3 UAV Remoteedising

This study focuss on data from a small UAV for RERGB imaging he following section intro-

duces the basics of UAV RS &tM generation from UAWased imaging

2.3.1UAVs

In recent years, Unmanned AalrVehicles (UAV&ecame widspread in RESOLOMINA ANDMO-

LINA 2014 SHAHBAZI ET Al2014). VANBLYENBURGA 999 defines UAVs as uninhabited, reusable,
motorized aerial vehicles&JAVs rely on microprocessors allowing autonomous flight, nearly with-
out human interventionNoNAMI ET AL 2010). A data link ensures remote control by a pilati-
topilots enable autonomous flights along predefined waypoints. Remotely controlled kites,
blimps, balloons, fixed wings, helicopter or mutitor platforms are referred to as UAVE&-
SENBEIS2009. Numerous platform classifications exist based on size, weight, range, endurance
and power supplyCOLOMINA ANIMOLINA 2014). In this studya smallmulti-rotor platform below

5 kg takeoff weight with 15 min typical endurandgsused Those platforms are available at low
Oz2ad ofrmnnn € G2 | FS¢ wmnInnn €0 La Sttt |

1000e 0 @ stém cansisting of plation, sensorand remote controhas the advantages of high

a
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portability, rapid field setup and use, and limited need for highly trained personnel enabling op-

eration in many situations unsuitable for manned platforfABeR ET AL2010).
MK-OKTOKOPTER

The MKOKktokopter, is a low cost multiotor platform that isavailable for selassembly(HISys-
TEMSGMBH, 2013. The system consists of an aluminium and fibre ceodd plastic airframe, eight
brushless motors and propellerflight control board and navigation control boa(NEITZEL AND
KLoNowsKI201]). Flight and navigation control is facilitatedth high-quality gyroscopes, pres-
sure sensor, compass and GBBJMKER ANPRZYBILLARZ011). Lithium polymer batteries are used
for power supplyWith includedbatteries the LAV weighs less than 2Kg. The maximum addi-
tional sensor payload isKg. In addition to the UAV itself the UASystem comprises a remote
control and autopilot for waypoint navigation and autonomous fligfBBNDIG ET AL2013). At-
tached sensors are triggered by the remote cont®élfassembly allows for individual system
modification like adding plugs to power cabfes an easilydetachableairframe during transport
in a suitcaseCamera holdergimbaland landing gear are adjusted according to the sepsgr
load.CdzNJi KSNIXY2NBEZ dzy RSNEUGFYRAY3I (GKS a2adiSYQa LINRAY
ing field campaign@~igure2-2).

i o R . £ e E v %
Figure2-2: UAVLsystem onsite repair during one of the first fiecampaigns, Rheinbach, 18 M&p11.
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UAVENSORS

Today, many lightweight sensors are available for use on smatsyggi®mdor various crop mon-
itoring applicationsSensor gstems range from loveost amateur to professional sensors specially
designed for use on UA3ystems. There aréisible band camera@.g.for 3D modelling) multi-
spectral and hyperspectraines(e.g.for crop health statusas well as thermal camerds.g.for
plant stress) Additionally, laser scanners and radar systems are availggor 3D modelling)
(COLOMINA ANIMOLINA 2014). Weight is the main limiting factor for using a sensor on a UAV.
Within the scope of this dissertation leweight and lowcost sensorsire tested on tre above
described MKOktokopter:

9 Visible Panasonid.umixGF3 and GX1 digital consurggade cameragBENDIG ET AL
201432013

1 Multispectral: Tetracam MirMCA 4channel multispectral camerg50, 671, 800, 950
nm) (BENDIG ET AL2012)

1 Thermal NEC F30IS thermal imaging sys{@NDIG ET AL2012)

9 Hyperspectral CubertUHD18%-irefly (458950 nm) and Rikola Ltd. hyperspectral camera
(500900 nm)(BARETH ET A12015

Results presented in the following chapters concentrate on images obtained from the visible sen-
sors because calibration of data from other sensors is not satisfactorily sélved.etracam Mini

MCA needs careful calibration and pgsbcessing of imagg&a.CEY ANDUCIEER2012 LALIBERTE

ET AL 2011, VONBUEREN ET A12014). Thermal imaging adds complexity to image interpretation
due to lighting conditions, sun anglecal atmospheric conditionERNI ET Al2009b). Low image
resolution (160x120 pixel for NEC F30IS) poses challenges on image georect{fizetionanN

ET AL 2012. CubertUHD185irefly and Rikolatd. hyperspectral camera only became available
two years ago and had to be integrated in the WUgygtem before first data could be recorded in
2013 (BARETH ET AL2015). Therefore, the follaving section deals with data processing of UAV
based RGB imaging only.

2.3.2 DSMsDEMs from UAYased RGBniaging

Two types of modelsanbe derived from UANMased RGB imaginBy definition,digital surface
models (DSMg)r digital terrain models (DTMs) represent the spatial distribution of terrain attrib-

utes. Dygital elevation models (DEMshowthe spatial distribution of elevations an arbitrary
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datum (PECKHAM ANBORDAN 2007). Such models are needed fptant height (PH) and plant
growth (PG) analysis with CSMeDSMDEM generation process comprises

1 image collection
9 image processg

9 and product generation

IMAGECOLLECTION

Image collection involves considering the image scale and the area of interest (AOI). The AOI
equals the agricultural field to be studied. The scale is the spatial resolution of an image. It is given
by the pixel size that is the linear dimension of a R&BER ET AL2010. The area covered by one

pixel depend on the height above ground {Hand the focal length (f) of the camera resulting in

the ground sampling distance (GSBguation2-1):
"O°YO n Qo XK Q (2-1)

Images are mostly takdrnom a vertical vantage point, known as naditith a certain overlap. The
minimal required forward overlap is 60% and-2W% side lap between flight strips. Those num-
bers are common in small format aerial photogragAger ET AI2010). For UAV campaigns over-

laps are usually higher with 80% forward overlap a@&6ide laCoLOMINA ANDAOLINA 2014).

IMAGEPROCESSING

Two types of software are generally used for image processing: traditional photogrammetry soft-
ware or computer vision softwar&xamples for photogrammetry software are Leica Photogram-
metry Suite (LPS) and PhotoModel€he photogrammetric approach starts with camera calibra-
tion, followed by ground control point (GCP) identification and tie point research either automatic
or manualdepending on the softwaréSoNA ET ALL2014). GCPs are points of known ground coor-
dinates that facilitategeoreferencing. Additional tie points identified by the software support the
process. In a next stepxterior image orientation is estimated based on known interior image
orientation. Exterior orientation is defined by X, Y and Z ground coordinates &dth ! + Q& NRf f
pitch and yaw(ABER ET ALI2010. Roll equa the rotation around the X axis, pitch equals the rota-
tion around the Y axis and yaw equals the rotation around the Zlataésior image orientation is
defined by focal length, principal point location, three radial and two tangential distortion coeffi-
cients.Finally a bundle adjustment, the orientation of an image block, is carrieREMONDINO

ET AL 2014). Difficulties arise during image georeferencing and bundle adjustment when image

positions differ fromthose common for classical aerial surveysica LPS was initially tested on
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data acquired for this study but arising problems during data processing led to a change to com-

puter vision software.

Processing with computer vision is usually faster but rediicksS dza SN & O2y (i NP f
ing and blocKormation as well as calculated accuraciBEMONDINO ANBKERSTEN2012). Never-
theless, results are competitive with those fratime photogrammetric approact{SONA ET Al
2014). Available software packag@asludePix4UAPix4D SA, Switzerlandundler andhgisoft
PhotoScan Professional (Agisoft LLC, RusggjspftPhotoScan Preksionals chosen because it

is easy to use and jproduces high quality resul{f©®oNEUS ET AL2011; GINI ET AL 2013 NEITZEL
ANDKLONOWSKI2011; SONA ET Al 2014). Image processing with Agisoft PhotoScan is described

below (Figure2-3).

feature point bundle product
detection adjustment generation

images

(i) sparse point cloud point cloud
(i) exterior orientation orthophoto
(iii) interior orientation DSM...

Figure2-3: Image processing workflow with Agisoft PhotoScan.

In a first stepthe images are aligned to each other. The alignment is executed using the Structure
from Motion (SfM) algorithn{ULLMAN 1979. SfM reconstructs thredimensional scene geome-

try and camera motion from an image sequence taken while moving around the £&ameskl
2010. The algorithm detects geometrical similarities like object edges, so called image feature
points, and subsequently mdors their movement throughout the image sequend&RHOEVEN
2011). Products of the fst processing step are a sparse point cloud (i), the exterior image orien-
tation (ii) and the interior image orientation (iii). The sparse point cloud (i) is calculated from the
information about the image feature points. Calculated camera positions ehea&xterior image
orientation (ii) Inthe photogrammetric approactii) and (iii) need to be known, which requires a
calibrated camera. The advantage of the SfM approaith Agisoft PhotoScars that it works

with images from any uncalibrated digital cara (SNAVELY ET Al2008 VERKDEVEN ET AL2012).
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Image information and thus image alignméstimproved by usingsCPs that are manually or half
automatically identified in the image$. K S a2 Fi gl NBQa I+ 3Sad SSNaAAzZ2Y

tection.

In a second step the detailed scene geometry is liét bundle adjustmentising dense muki

view stereo (MVS) algorithm(§&CHARSTEIN ANBZELISKI2002). Like the image feature points, all
pixels are used in this step to reconstruct finer scene defHile.reconstruction accuracy mae
adjusted by the useiThe three dimensional geometry is then represented in a mesh of local co-
ordinates. Local coordinates are transferred into an absolute coordinate system by applying a

Helmert similarity transformatiollVeERHOEVEN ET.A2012).

PRODUCGENERATION

In a thid step the desired productare exported for further analysis. Prodts include point
clouds, orthg@hotos andDSMsNo filtering is applied to the point clouds, thus they contain outli-
ers and nois€AGISOFLLC2013. Orthophotosare exported in common image formats such as
* JPG or *. TIF with specified coordinate system, image blending mode, and the pixghsize
the default value result$rom the entered flying height. DSM export options are similar to the
latter but thedefaultpixel sizas defined by chosen accuracy during dense point cloud generation

The DSMs are required for CSM generafarapter2.2).

2.4 Measuring Spectrarépertiesof Hants

Any RS sensor usédplant studies somehow exploitke spectral properties of plant3radition-

ally, RS of agriculture involves tilmespectral reflectance information that is linkedttte plants
through structural, biochemical, and physiological propert{BELLIS ET AL2009 ROBERTS ET .AL
2011). This section aims at explaining reflectance as well as basic concepts of vegetaties. indic
Since this study fo@es on biomass estimation, a more detailed description of this plant parame-

ter is given.

2.4.1 Reflectance

Remote sensing methods employ electromagnedidiation (EMR3¥uch as light, heat and radio
waves for detecting and measuring plambperties(SABINS 1997). EMR moves at light velocity in
a harmonic wave patterim different wavelengthsOnce EMR hits a matter it is either transmitted,

adsorbed, scattered, emitted or reflected. Absorption causes heating and determines the EMR
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emission(CAMPBELL ANBVYNNE 2011). The StefarBoltzmann lawspecifiesthe relationship be-
tween total emitted radiation (W imvatts/cm?) of a blackody and temperature (T in)KEqua-
tion 2-2):

O LY (2-2)

According to this lawthe total emitted radiation is proportional to temperature to the power of
four,timesthe Stefan. 2t 41 YI yy 02 y & (9. 7hé pedkintefsitypftadiatiqgntshifs m n
to shorter wavelengted <  awfhyirkréased temperaturé€T [K]) The relationship is defined by

2 ASyQa RAALX I OSYSEduationi2®: F2NJ I ofl Ol o02Re

— G wgirY(2-3)

Short wavelength ultraviolet (UV) EMR <300 isabsorbed by ozone @ and long wavelength
EMR<OY A& | 0a42NbSR o0& Of2dzRa Ay (GKS SINIKQa FGY
with place and time and thus EMR hitting the earth surface vakesthis study,RSmethods

using the reflected pamf EMR aref interest.

The reflection is defined as the ratiud reflected energy to incident enerditUMAR ET Al 2007).

It is measured with sensors that are either framing systems, known as cameras, or scanning sys-
tems, so called single detectors with a narrow field of view (FR8¥)NS 1997). A sensd® spec-

tral resolutionis defined by the bandwidth that is determined by the wavelength intenaimed

at 50% of peak response of the detectbtultispectral sensors typically consist of six to 12 broad
bands whereas hyperspectral sensors consist of 20§ or more) narrow bandslown to 2 nm

or less(ALBERT,Z2007, JONES ANWAUGHAN 2010). According to the spectral resolution different

plant propertiescanbe studied.

| LJt refiédiaficiécurve has typical properties in each spectral doma@he angesof such do-
mainsare differently defined in the literature. The definition KyMAR ET A(2001) is used below.
The biochemicaplant constituents include foliar pigments like chloroph§@hl) carotene and
xanthophyll that absorb light in the visib@&1S)spectrum (406700 nm).Pigments absorb the UV
and VIS with distinct but overlapping absorption featu(@®BERTS ET .A12011). Reflectance
strongly increases in the red edge between 690 and 720 nm. The point of maximunsstafed

red edge inflection point. Maximumeflectanceis reached at the red edge shoulder around 800
nm. The red edge position may shift due to chlorophyll concentratiobAl Reflectance in the
nearinfrared (NIR) region (76@300 nm) varies with plant species and is dominated by the leaf

internal structue. The shortwave infrared (SWIR) region (£3600 nm) is characterized by



Basics and Methods17

strong water absorption bands and a resulting lower reflectance compared to théKNMRR ET
AL, 2001).

Reflectance of vegetation cover changes with the above mentioned biolagpacts and the
vegetation structure. Water content, age, stress, cover geometry, row spacing and orientation and
leaf distribution in the cover alter vegetation reflectan@aANNARI ET AL1995). Furthermore, re-
flectance is influenad by atmosphere composition, soil properties, soil brightness and colour as

well as solar illumination geometry and viewing conditions.

2.4.2Vegetationindices

Vegetation indice$Vk) are developed to qualitatively and quantitatively evaluate vegetation us-
ing spectral measurementia relation to agronomic parameters like biomass or (BENNARI ET
AL, 1995. Theyare commonly used for extractingformationfrom RS datdJACKSON ANBUETE
1991). Numerousvegetationindices exist in VIS, NIR and SWIR spectral redibasv$ are clas-
sified as broad multispectral indices, narrow hyperspectral indices, and combined indices depend-
ing on the width of spectral bands used for calculatidarrowbandindices can be better tuned

to capture a specific absorption but need a hyperspactenso(MUTANGA ANISKIDMORE2004;
ROBERTS ET.AR01]). Broadbandindicescanbe calculated from many sensofdost indicesare
calculated as ratios or normalized differencesvad or three bandg4HUNTXR. ET AL 2013. Plant
propertiesdetermined fromVis are grouped into structural, biochemical, and physiological prop-
erties (ROBERTS ET.AR011). Structural propertiegncludefraction of vegetation cover, green leaf
biomass andeaf area indexl(A). Biochemical propertieimcludewater, pigments like chlorophyll
and plant structural materials like ligniBhysblogical indices measure stresgluced changes in

the state of xanthophyll, chlorophyll content, fluorescence or leaf moistiioaAR ET i, 2001).

VISIBLDOMAINVEGETATIONDICES

VIS vegetation indicg¥\9 use the reflection in the blue4@0-480 nn), green (496670 nm) and
red (643760 nm) part of the spectrunVhiscanbe calculated from UAYased RGB imageEkable
2-1 gives an overview of M¢mentioned in the literature, while Vikdeveloped in this study are
listed inTable6-2. The ratio of red to green reflectanég defined afkedGreen Index (RGdy red
green ratio(Gooprs ET AL2006). The GreerRedVI (GRVIpr Normalized Green Red Difference
Index (NGRD[TUCKER1979 exploitsthe balance between red and greeeflectance to distin-
guish phenology stages of vegetatiMoTOHKA ET Al2010. TheGRVINGRDI may also be used
for biomass estimatio(CHANG ET AL2005 HUNTJR ET AL 2005. The Vegetation Atmospherically
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Resistant Index (VARI) has proven good estimatésabfarea indexL(A), biomassand moisture
stress(GITELSON ET AR003 PERRY ANBOBERT,22008). Moreover, it outperforms the NDVI in frac-
tion of vegetation cover estimatio(GTELSON ET A2002. Crop parameters arassessed using
the Green Leahidex (GLIxand Triangular Greenness Index (TEBINT ET AL.20113 for leaf chlo-
rophyll content(HUNTJR ET AL 2013 or NGRDI for biomass estimati¢fuNTIR ET AL 2005. The
Excess Greemdex (ExG)WOEBBECKE ET. AL995) quantifies green vegetation reflectance and is
used for weed mappingnd mapping of vegetation fractio(RASMUSSEN ET.A2013 TORRES
SANCHEZ ET AR014). AlthoughNIR VIs\(kir are widely usepdHUNT ET AL(2013 assertthat higher

correlations are found for leaf chlorophyll content aktsthan forVir

Table2-1: Overview of visibldandvegetation indices wheré& = reflectance (%lRs = 450520 nm, R= 526600 nm,
Re=630c bn Y YZ < I' NBTFESOGlIyYyOS il F LI NLGAOdzZE | NI g @St
tral sensor bands or digital camera bands of red, green and blue may be used instead of narrow fdmdsR. ET
AL, 2013.

VI Name Formula References
Y (Coops ET AL 2006 GAMON ANL
RGI Red Green Index v SURFUS1999
Green Red Vegetation | (HUNTXRR ET AL 2005 MOTOHKA ET A
GRVI dex/ Y oY 201Q TUCKER1979
INGRD| Normalized Green Rec YooY
Difference Index
Visible YooY (GITELSON ET AR002
VARI Atmospherically —_—
Resistat Index Yoy v
¢zyY Y Y (HUNTRR ETAL, 2013 LOUHAICHI ET A
GLI Green Leaf Index Y Y Y 2001)
w = = (HUNT ET AL20119
Triangular Greenness || Y Y
TGF
dex - =
Y oY
(WOEBBECKE ET.A1995
ExG Excess Green Index ¢zyY Y Y

NEARINFRAREDOMAINVEGETATIOMNDICES

Most VIequations compare an absorbing wavelength to a-sabsorbing wavelengtfROBERTS ET
AL, 2011). Combinatios of red, green, bluandNIRor SWIR bands exist depending on the inves-
tigated plant properties. Exteng\ists of existinylirandViwirare giverfor exampleby BANNARI

ET AL(1995, MULLA(2013 and ROBERTS ET AR011). A selectionof commonly used/liris pre-
sented in the following sectiora(d inTable6-1) based onthe work by GnYP ET AL(2014) and
HUETH1988). Simple Ratio (SR), the ratio of NIR to red reflect&lnrpAN 1969 and Normalized
Difference Vegetation Index (NDVROUSE ET AL1974) are widely used andood predictordor
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fresh and dry biomss. However, NDVI saturates with canopy closure during the vegetative growth
cycle (heading stage for most cropgth high LAI values and varies with viewing geometry and
soilreflectance(BARET ANEBUYOT 1991, HABOUDANE2004 MUTANGA ANISKIDMORE2004). More-

over, atmospheric effects alter the reflectan(@RLSON ANRPLEY 1997). Based on the NDVI
indicesareadjusted to reduce the influence of atmosphere and Sdike Soil Adjusted Vegetation
Index(SAVI{HUETE1988) contains the constant L that is adjusted according to vegetation density.
For the Modified SAVI (MSAVI) the L vatreplaced with a variable L functi¢@i ET AL 1994).

A simpler version is theptimised SAVI (OSAVI) where L was replaced with a constant value of
0.16(RONDEAUX ET A1996). The GnyLi is a new, narrow band ing@yp ET AL.20149. All of the
Vislisted here may be used to predict plant biomass that is discussgthipter5.

Table2-2: Selection of VIS and NIR vegetation indices whire reflectance (%lR: = 636690 nm, Rir= 7061300
nm, R = reflectancen a narrow bande.g. Ri220= 1220 nmL = constant

VI Name Formula References
SR Simple Ratio Yo (JORDAN 1969
Y

NDVI Normalized Differend Y Y (ROUSE ET A
Vegetation Index Y Y 1974

SAVI Soil Aljusted Vegets .Y Y (HUETE1989
tion Index pv Y Y 0

MSAVI Modified SAVI nopN B H W B MY W, TR, (QUET AL 1994

OSAVI Optimised SAVI .Y Y (RONDEAUX  E

P MOV me AL, 1999

GnyLi Named by the develo Y oY Yo WY (GNYP ET Al

ers Gnyp and Li Y @Y Y WY 201439

2.5 Agronomyof Barley and Re

2.5.1 Barley

Barley Hordeum vulgare ) belongs to the grass famind has been cultivated since 5,000 B.C
(LEBEREI ANBEISDORKR007). Barley originates from the Asian wild spediespontaneuniKoch
Today, barley is mainly cultivated in temperate climate while the producing region spreads from
the subtropics to tropical high plateafisr example irthe Andes and Himalaylm 2013, thdarg-

est barley producer waRussigq15,39 mt/y) followed byGermany (10,34 mt/y) and France (10,31

mt/y) (FOOD ANCAGRICULTURBRGANIZATION OF THEITEDNATIONS2013).

Generally, barley is distinguished into winter amptingsummerbarley. Both formglifferentiate

in cultivation period,temperature requirementand nutrient content(LEBEREI ANBEISDORR
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2007). In the northern hemispherespring/summerbarley has araverage ripeningperiod of 95
daysand is suited for lower temperatures and has lower requirements for soil quality. Winter
barley requires a cold period to induce flowering, preferslarikclimate and has a longer ripening
period thanspring/summertbarley.Spring/summebarley is usually sown in March or April while
winter barley is sown in late September. The crop is harvested with yellow ripeness or full ripe-
ness.Grains are used forbad making, as animal food or for beer brewiggring/summebarley

is predominantly used as malting barley in the beer brewing process.

According to thex . A 2 f BahdedaOkafBundessortenamt un€CHS YA 4 OKS BBCR dza (i NA& S
scale, barley phenology is divided irtoee growth cycles with 10 principal growtstages(0-9)
(LANCASHIRE ET.AL991):

1 Vegetative cyclegermination (0), leaf development (&pdtillering (2)
1 Reproductive cyclestem elongation (3), booting (4), inflorescence emergence and head-
ing (5), floweing and anthesis (6)

1 Postheading cycledevelopment of fruit (7), ripening (8) and senescence (9).

Germination (0) is the development of the dry seed until the coleopéleegrates the soil surface.
During leaf development (1) one to nioe moreleaves are developed. Stages 2 anch8begin

before leaf development is completedillering(2) is completed when the maximum number of
tillers is reachedA pseudo stem develops during stem elongation (3). This stage ends with flag
leaf development and continues with booting (4) of leaf sheath until first awns are visible. Inflo-
rescence emergence and heading (5) end when the spikelets become visible aresaghce is

fully emerged. The beginning of flowering and anthesis (6) is indicated by first visible anthers and
ends when all spikelets have flowered. Fruit development (7) follows with grain growth and dif-
ferent grain milk contents. During ripening @grins become harder until difficult to divide with

a thumbnail. In the final senescence (9) stage, grains are very hard and loosening from the plant
until the plant is dead and collapsd&ants growth is highest between leaf development (2) and

flowering (6). Hence CSMs are produced during those development stages.

2.5.2Rice

Rice Oryzasatvalh. A& | YSY0OSNI 2F GKS 3INFraa FrFYAfE& € A7
known (LEBEREI ANBEISDORER007). Today the India®. fatua Koen, ex. Triis accepted as the
originating species. Rice has been cultivated since 3,000RBd@ntly rice is cultivated in the

tropics and subtropics between 45° N and 4@fr&erably at average temperatures between 20
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and 38°C during the growing perioBliggest producers are China (203,29 mt/y), India (159,20
mt/y) and Indonesia (71,28 mt/\(FOOD ANDAGRICULTURBRGANIZATION OF THINITEDNATIONS
2013.

Due to intensivetranspiration rice requiresigh water availability. In most cases rainfall is insuffi-
cient and fields need irrigatiofrurthermore, rice cultivars are distinguished into tropical and tem-
perate varietiegLULEBEREI ANREISDOREFR007). The study siténvestigated consists of irrigated pad-
diesin alowlandtemperate climate In China, rice seedlings are commonly grown in a greenhouse
and later transplanted to the field. The field is then flooded with3D5cm of water. After flower-

ing the water table is continuously decreased until the field is dry for Istinge The growth cycle

is 140150 days long andrgins are harvested witiiellow ripening

BBCH development stages are similar to those of barley with a few differédeasination (0)
and leaf developmen(l) usually takeplace in the greenhouse andapit development pauses
after transplanting to continue again the field During tillering (2) a substantial number of tillers
and leaves are produced compared to other cerfAIBTANABE ET AL2005. Stem elongation (3)
starts withthe development of a green ring in the stem tissue. Booting (4) starts whesthiath

of the flag leafemerges from the penduitnate leaf sheath. Inflorescence emergence and heading
(5) start with panicle emergence and no grains loosen during senescen@@NBRSHIRE ET.AL
1991).

2.6 StudySites

2.6.1 Barleyg Bonn(2012)

LOCATION

The barley study site in Bonn is located at thstitute of Crop Science aR@ésource Conservation

¢ Horticulture Science (Institut fir Nutzpflanzenwissenschaften und Ressourcenschutz NRES)
Gartenbauwissenschaft)niversity of Bonn, Germarfifigure2-5). The institute is centrally lo-
cated in the West German city of Bonnpatn c4Téo Qb ¥ 298 ¢ 9 nriabove sea level. Bonn

is located on both banks of the river Rhingh the predominantsoil beinguvisol from loess and
loamy-sandy terrace depositBGR 1994). The climate is temperate with significant rainfall
throughout the year (Cfhfter KopperGeiger climate classification). The average annual temper-
ature is 10°C, rising @mverage?20°C in July androppingto average 1°C in JanugiyANUWRW,

2011). The avemge annual rainfall is 66000mm spreading relatively evenly over the ye@he

experiment fields located on flat terrain
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barley study site in Bonn
orthophoto 25-MAY-2012

plots

E treated
E untreated N

m
0 5 10 15 20

Figure2-4: Barley studysite in Bonn, orthophoto 25 Mag012 andplots treated and untreated with fungicide

EXPERIMENDESIGN ANBELCDATA
The experiment consists of §iots that are 1.5 x ¥ in sizeFourspring/summeibarley cultivars

areplanted in randomized blocksith a sowing density of 320 seeds per.@he half of the field,
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with four replications of each cultivais treated with a curative fungicide against three common

plant diseases. The other half of the figddeft untreated Figure2-4, Figure4-2).

Destructive sampleare taken to determine biomassitrogen (\N)- and chlorophyll contentAd-
ditionally, nonrdestructive sampling of plant height, hyperspectral reflectance data and fluores-
cence datas conducted throughout the growing perioRGB imageare acquired in five UAV

flights between 14 May and 23 J@@12

2.6.2 Barleyg Rheinbacl{2013)

LOCATION

The barley study site in Rheinbaishiocated at the Campus KleMtendorf research statioffor
crop science®f the Agricultural Faculty of the University of Bonrii pncoT QpmMé b3 cc
186m above sea leveKleinAltendorf is located neathe township of Rhénbach with 26600
inhabitants,17 km southwestof Bonn(Figure2-5). The region belongs to the lower Rhine basin
and is known as one of the most important fruit growing regions of Germaraddition to fruits
agricultural crops are growitypical crops arsugar beet, wheat and winter barleyhe soilis a
mostly loamy silt witra high a soil quality (Ackerzahl: 93he clim#e is similatto the one Bonn:
temperatewith significant rainfall throughout the year (Cfb after Kbpgeéeiger climate classifi-
cation). The average annual temperaturedig°C, rising to average 18°C in July and dropping to
average 0°C in Janug§uNz ANDVOLKERING013 LANUWRW 2011). The average annual rain-

fall is595mm spreading relatively evenly over tlyear.

EXPERIMENDESIGN ANBIELDDATA

The experiment field is the central experimental site for spring/summer barley of the
CROP.SENSE.net interdisciplinary research network. Scientists working on the study-d&e non
structively and quantitatively analgsand screen plant phenotypes throughout their life cycle. The
experiment consists of 54 plots that are 3 xn7in size Figure5-1). Two replications of 18
spring/summer barley cultivars, 10 current and eight old cultivars, are planted in randomized
blocks. One replication is fertilized with 40Mha and the other onevith 80 kgN/ha. The sowing
density is 300 seeds par2 with a 0,104m row spacing. Each plot consists & a5 m measuring
area and a 3 x 2 m sampling ar&sestructive biomass samplase taken in 36 plots throughout

the growing season (sashapter5.2.1). Non-destructiveplant height (PHr) samplesare taken in
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each plot to be compared with CS#iérived PH for reference. Hyperspectral reflectance meas-
urements ae taken throughout the growing period. RGB images are acquired in seven UAV flights
between 30 April and 23 July 2013.

Legend
= river Rhine IZ\ city

[CINRW §
[ ] community © town

data source:

BKG - Federal Agency for Cartography and Geodesy
background:

Digital Terrain Model - DGM 1:200 000

E km
0 10 20

Figure2-5: Location of barley study sites in Bonn and Rheinbach, North Rifiestphalia (NRW)Gemany.

2.6.3 Riceg JiansanjiangChing2012)

LOCATION

Therice study site inJiansanjiangs located at theKeyansuo experimental statiasf the China

Agricultural University (CAU) of Beiingd nTtc MpQ HMEé b3 MOHC .0TQ no
Jiansanjiang is located ihe Heilongjiang Province in the Northeast China p{&igure2-6). The

name Jiansanjiang, indicates the locatansituatedn an alluviafloodplain between three rivers

(three=san, rivers=jiangHou ANCLU, 2005. The Sanjiang Plain é;ie of the largest wetland
distributions in China with typical ansh soils, meadow soils and peat sUSINGKWEI ANKU,

1999. Continuous land use changesthin wetland developmentransformed the former for-

estedarea into an intensely used agricultural ai@¥ANG ANDYANG 2001). Winters are cold and

dry while summers are warmnd temperate, anatharacterized by high precipitation during the

East Asian Monsoon seas@wb after KdpperGeiger climate classification). The average annual
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temperature is3.6°C, rising to average 22 in July and dropping to avera8°C in Januar§GNYR

2014). The average annual rainfaldi80-600 mm, whichpeaks in July and August.

N .8¢

Chankasea
0 100

1 km
1359 E

Ni.vt

Figure2-6: Location of Sanjiang Plain and Jiansanjiang study $@syr 2014).

EXPERIENTDESIGN ANBIELDDATA

The experiment focusesn monitoringrice plantdevelopmentin response to N fertilizetreat-
ments Half of the 54 plot¢7 x 8m) were planted withrice seedlings of cultivad¢ongyul31 and
the other half withcultivar Longjing2lin May 2012(seechapter 3.2.1). Plotsare arranged into
three randomized replications dive N fertilizer level§0-160kg Nha) and four N treatments
based on sensor measurements (GreenseBkeCropCircle”) (Cao ET AL 2013. The latterare
not used in this studyConstant ground water irrigatiois carried outduring the growing period.
Destructive biomass sampling and rdestructivehyperspectral reflectance measuremeraee
takenthroughout the growing seasoRGB imageareacquired irthree UAV flighton 04, 07 and
17 July2012 Additionally, hree PH reference measuremerage taken in each plowith a ruler

and the field was scanned with a terrestrial laser scaiffiery ET AL.2014).
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ZusammenfassundJnmanned Aerial Vehicles ( UAVs ) wurden in den letzten Jahren zu beliebten
Plattformen fur die Sammlung von mit Fernerkundungsmethoden erhobenen Geo(tdteniN
ANDJENSEN2011b. Verschiedene Anwendungen in vielen Forschungsbereichen wie Archéologie
(HENDRICKX ET.ARO1Y), Forstwirtschaft oder Geomorpholog{®1ARTINSANZ012) entwickelten

sich. Dieser Beitrag befasst sich mit der Erzeugung von multitemporalen crop surface models
(CSMs) mit sehr hoher Auflésung zur Uberwachung von Reiswachstum mit giinstiger Ausriistung.
Das Konzept der Generierung vonltitemporalen CSM mittels Terrestrischem Laserscanning
(TLS) wurde bereits vatiOFFMEISTER ET.(R010 eingefiihrt. Fur diese Studie wurde die Datener-
fassung mit einem gunstigen und leichten MtV (5kg) durchgefihrt. UAVs allgemein und vor
allem kleinere, wie das hier vorgestellte System, schlieRen eine Liicke in der Fernerkundung im
Nahbereich(BERNI ET AL2009g WATTS ET AL2012). Im Préazisionsackerbau liefern haufige Erhe-
bungen von Fernerkundungsdaten im Nahbereich, wahrend der Vegetationspemochtige
raumliche Informationen Uber den Pflanzenzustand. Variabilitat im Pflanzenwachstum kann durch
Vergleich der CSM in verschiedenen phanologischen Stadien erkannt werden. In diesem Beitrag
wird das Verfahren, welches bereits fiir Gerste genutztdeyBENDIG ET ALl2013), auf eine an-

dere Feldfrucht in einer anderen Umgebung angewendet. Das Untersuchungsgebiet ist ein Ver-

suchsfeld fur Reis in Nawdt-China (Sanjiangebene). Zwei Reissorten wurden dort gepflanzt und



Hoch auflésende crop surface models (CSMs) auf der Basis von Stereobildern aus UAV
Befliegungen zur Uberwachung von Reiswachstum in Nordostfi#ia

mit unterschiedlichen Mengen Stickstoffdiinger behandelt. Im Juli 2012 wurden dreKaiiyy
pagnen durchgefihrt. Zusatzlich erfolgte die Erhebung weiterer destruktiver und nicht destrukti-
ver Felddaten. Das UASYystem ist ein MiOKto von Hisystems (www.mikrokopter.de), ausgestat-

tet mit einer hochauflosenden optischen Digitalkamera. Das selbstgebautegemdrtete Sys-

tem hat eine Nutzlast von bis zu 1 kg, 15 Minuten durchschnittliche Flugdaagekann bis zu

einer Windgeschwindigkeit von unter 19 km/h betrieben werden. Die Erfassung der Stereobilder
erfolgte bei einer Flughohe von 50 m und einer 44% 8ed 90% Vorwartsuberlappung. Die Bil-

der werden in CSM mittels der Structure from Moti@d@FM3basierten Software Agisoft Photo-

Scan 0.9.0 prozessiert. Die resultierenden Modelle verfiigen tber eine Auflésung von 0,02 m. Wei-
tere Datenverarbeitung in EgkrcGIS®@rmdglicht quantitative Vergleiche der Pflanzenhéhen. Die
multi-temporalen Datenséatzg SNRSY FdzF . aira &a23SylyyidaSNI axSNJ
gebnisse kénnen mit den zusatzlichen Felddaten verglichen und kombiniert werden. Die Erfassung
von Wuchsho6he mit nichihvasiven Messverfahren ermdglicht die Analyse der Korrelation zu Bi-
omas® und anderen Pflanzenparametern, die im Feld gemessen weHIYSEN ANISCHIOER-

RING 2003 THENKABAIL ET AR000Q. Die hier vorgestellte Methode kann somit eine wertvolle Er-

ganzung fur die Erkennung solchrrelationen liefern.

SchlUsselworter:Landwirtschaft, Biomasse, DGM, miéimporale Daten, Pflanzenhthe, Reis,

UAV

Very High Resolution Crop Surface Models (CSMs) frorhddAN Stereo Im-
ages for Rice Growthavitoring In Northeast China

Abstract: Unmannedaerial vehicles (UAVS) became popular platforms for the collection of re-
motely sensed geodata in the last ye@faRDIN ANDENSEN2011b. Various applications in nu-
merous fields of research like archaeold##ENDRICKX ET.AROL1Y), forestry or geomorphology
evolved(MARTINSANZ2012. This contribution deals with the generation of very high resolution
multi-temporal crop surface models (CSMs) for rice growth monitoring by means efdsiv
equipment. The concept of the generation of miimporal CSMs using Terrestrial Laserscanning
(TLS) has already been introducedHoFFMEISTER ET.(R010). For this study, data acquisition was
performed with a lowcost and lowweight MintUAV (< 5kg). UAVs in general and especially
smaller ones, ke the system presented here, close a gaprirallscaleremote sensingdBERNI ET

AL, 2009g WATTS ET AL2012). In precision agriculture frequent remote sensing on such scales
during the vegetation period provides important spatial information on the crop status. Crop

growth variability can be detected bpmparison of the CSMs in different phenological stages. In
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this contribution, the method, that has already been used for bafBBNDIG ET AL2013), is ap-

plied to a different crop in a different environment. The study area is an experiment field for rice
in Northeast China (Sanjiang Plain). Two rice cultivars were planted and treated with different
amounts of Nfertilizer. In July 2012 three UAMAmpmigns were carried out. Additionally, further
destructive and nosdestructive field data were collected. The Usywstem is an MIOkto by
Hisystems (www.mikrokopter.de) equipped with a high resolution optical consumer camera. The
seltbuilt and seHmaintaned system has a payload of up to 1 kg and 15 minutes mean endurance
and can be operated up to a wind speed of less than 19 km/h. Stereo images were captured at a
flying height of 50 m and a 44% side and 90% forward overlap. The images are processed into
CSMs under the use of the Structure from Motion (Sthdksed software AgisoRRhotoScan0.9.0.

The resulting models have a resolution of 0.02 m. Further data processing Ar&3sis@llows

for quantitative comparison of the plant heights. The mtétinporal datasets are analysed on a

plot size basis. The results can be compared to and combined with the additional field data. De-
tecting plant height with nofinvasive measurement techniques enables analysis of its correlation

to biomass and other crop paramas (HANSEN ANISCHIJOERRIN@QOO3 THENKABAIL ET AI2000
measured in the field. The method presented here can therefore be a valuable addition for the

recognition of such correlations.

Keywords:Agriculture, Biomass, DEM, Mdiémporal data, Plant height, Rice, UAV

3.1 Introduction

Surveyingrop growth during phenological stages is an important component of precision agricul-
ture (HANSEN ANISCHIOERRIN@OO3 THENKABAIL ET AR000. Remote sensing has great potential

of contributing data for such kind of investigations in the field of precision agricu{Mte.LA
2013. In NortheastChina rice productionis an importanteconomic factorand contributes to
ensuring thefood supply for thelocalpopulation(MIAO ET AL 2010 PENG ET AL2006). The use of
precisionagricultureto optimise rice cultivationn this regionhashigh potential. Thecontrol of
plantgrowth can help tamprovemanagemenof the fields.In experiment fieldssuch aghe one

in this contribution the relationship betweerapplication ofdifferent amounts ofN-fertilizer and

plant parametersis investigatedTheseplant parameters carbe putin relationto the sizeof the

plant, which is related to the yieldA way to monitor plant growth is the idea of generating multi
temporal crop surface models (CSMs) to allow for comparison of different phenological stages

(BENDIG ET AL2013 HOFFMEISTER ET. A2013. For eacldate of data acquisition a model of the
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crop surface is generated from highly dense point clouds. The plant growth is obtained by com-
parison of the surface models for each date. Detdlectionusing a mobilelow-cost and self
maintainabledevicelike a snall UAVoffers big advantagesn this remoteregion of the worldIn
addition, thewell-managedsmallsizedexperiment fieldorovides an ideabpportunity to validate

the method ofCSMgenerationby aUAVunder different conditions than in Germarnihe aim of

this study is to monitor plant growth using point clouds generated from very high resolution stereo

images captured by a UAgystem.
3.2 DataAquisition

3.2.1 Study Area and Dataset

The study area is Keyansuo experimiggitiin/ KA Y I Q& { | ¢m@rthérnyfdst ricé drokvy G K
ing region in Chinérigure3-1). Two cultivars of rice seedlings were transplanted in May of 2012.
Ground water was used for constant irrigation during the growing season. Harvest of the crops
took place at the end of Sepiber. The experiment consisted of 54 small plots with a size of 7 x

8 m, in which three replications of the rice varieties Kongyul31 and Longjing21 were planted in
randomized order. Different amounts offirtilizer (0160kg ha') were applied Figure3-2). The

total size of the field is 0.39 ha.

CHINA
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r ©®  Qixing
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Figure3-1: Location of the experiment fields Qixing and Keyansuo, Jiansanjiang Branch Bureau, Heilongjiang B
of Agricultural Reclamation, Heilongjiang province, Chirf#u ET AL 2013).
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Figure 3-2: Experiment field in Keyansuo, plot numberingstfo.: cultivar (1=Kongyu131, 2=Longjing21)98o0.:
treatment (1=0, 2=70, 3=100, 4=130, 5=16ad, 6-9=other), 34 no.: replication, redarrows: flight strips 1-3, black
rectangle: dataset selection b.

In Juy 2012 three UAVcampaigns (04,09,17 J@Q12) were carried out. 30 ground control points
(GCPs) were distributed evenly across the fieléatilitate ground truth. Additionaldestructive
sampling of biomasandnon-destructive measurements of plant height, hyperspectral point data

using an ASD FieldSpec and 3D point clouds using a terrestrial laser scanner were carried out.

3.2.2 Platform

The sensor platform is the M&kto by Hisystem@iSrsTEM&MBH, 2013. The UAVsystem was

selfbuilt at the study site in 2011. Thus eite maintenance was possible, which is important in
NBY2GS FNBFa 6KSNB &LINB LI NIa FyR YI ydzFIl O dzNF
consists of aluminium and fiberglass reinforced plaskagufe3-3). The eighbrushless outrunner

high torqueengines are equipped with high performance propellers. The electronics consist of an
ARMyprocessor equipped mainboard and a navigation mainboatti gyroscopes, a pressure

sensor and a compass modyEBENDIG ET AL2012). Lithium polymer batteries (up to 5000Ah

capacity) are used for the power supply. A @Mz transmitter remote control (RC) is used for

stirring and camera triggering. The maximum payloackg. TThe average endurance is 15 minutes

(about 0.5kg paylod). The price of the system including spare batteries and Bfpreximately

3000e ® ¢KS 2LISN} GA2Yy A& LR EnaH @éabfortdaale dutbel3fos A Yy R &

wind speed).
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Figure3-3: MK-Okto by Hisystems GmbH mounted with Lumix DMC GF3 optical ca(BerapiG ET AL2013).

3.2.3 Sensor

The RGB sensor used in this study is the Panasonig DMC GF3 in combination with a Lumix G
20mm (F1.7 ASPH) fixed lens. The weight isg4@®e sensor resolution is 40k@016 (12million)
pixel(PANASONIC2013). Thus capturing very high @stion images oé.g.0.01m at a 50m object
distance is feasible. The Field of View (FOV) has an extend of 48.5° horizontal and 33.4° vertical,

resulting in an image size of 430m at a 50m object distance.

Prior to each flight aperture and exposuime are adjusted and fixed manually according to the
current light conditions. The camera gimbal is custouit and features a mechanical trigger
driven by a servomotor. The image acquisition is controlled by the remote control of the UAV

system.

3.2.4 Measuerment

A number of 30 GCPs were installed on the experiment in a uniform distribution. In order to be
able to use the same GCPs during the whole campaign, wooden poles were installed on the dikes.
0.3 x 0.3n highly visible targets were attached to the pwland served as the GCPs. The GCP
positions were measured with a TrimbleProXT GPS witm adcuracy in-y-z-direction.For tech-

nical reasonsno more accuratelevicewas available

The flightsvere carried out at a height of 5, resulting in three flight strips with44% side and
90% forwardoverlap in order to cover the whole experiment fieEiqure3-2). Each flight strip
was captured in a separate flight due to the endurance of the-system limited by the battery

capacity.The RGB sensor was mounted in a fixed nadir position and orientation.
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Theflights were carried out in mostly clear sky conditions2(@kta) at low wind speed (up to
3.4m/s) in the early morning between 05:30 and 07:00 am. Due to the uniform time zone in China,
the sun rises at about 03:00 am in Jiansanjiang, resulting in high gietatares in the summer

between 25 and 35C in the early morning.

3.2.5 Data Processing

The data processing workflow is divided into CSM generation égjigpft PhotoScan 0.94nhd
post processing and analysisArcGIS®0.1. The workflow is presentedfigure3-4. The individ-

ual stepsf the dataanalysisare described below.

photos Align Build Export
e photos geometry CSM

ASCII to Extract by Extract by Minus ZQ|1;I statistics
Raster Mask Mask Statistics
.dbf
esample

CSM ||
_plot.tif

-

Figure3-4: Data Processing workflow for generation of CSM KC&sc) from RGB images capturég UAVsystem
(photos.jpg) in Agisoft PhotoScan 0.9.0 andgrither processing for analysis EsriArcGIS® 10.1

3.2.5.1 Agisoft PhotoScan

The images captured during the flight campaigns were processed into CSMs ugimgjtthaew

3D reconstruction software Agisoft PhotoScan 0.9.0 (latest version (A&EOFLLC2014). The
software utilizes a structure from motion (SfM) algoritfidERHOEVEN ET.p2012). This approach
allows for computation of the relative projection geometry and 3D points by using only corre-
sponding inage features occurring in a series of overlapping images of the area of interest
(SzELISKI2010). The surface geometry reconstructed by using multiew stereo (MVS) algo-
rithms (SCHARSTEIN ANRZELISKR002 SE1TZ ET AL2006). The software computes a depth estimate,

in this case the distance from the camera to the object surface, for nearly every pixel of each view.
One view equals one image. The resulting independent degthsnare combined and approxi-

mated by a triangular mesh, resulting in a DM@RHOEVEN ET.A2012). The transformation from
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local to an absolute UTM coordinates was carried out by assigning the coordinates of the GCPs to
the corresponding images. Computation of the CSMs was carried out using the highest possible
accuracy resulting in computation times up to two hours on an 8 GB RAM-I6# operating
system. The dataset for every date was divided into three tiles according to the three flight strips.
This allowed for manageable size of datasets. The CSMs with a@é¥blution have 700 points

per m2on average. Agisoft offers various ways of exporting the generated CSMs. In this case an

ASCHile was chosen which enabled further processingioGIS®

3.2.5.2 ArcGIS®
9ANAR QA a2z2RSft . dzAt RSNJ g AraGISEA. B Fhe pracddsing btdps welgiN2 OS a a A
up into three models due to identification signs that had been placed in the plots. Those had to

be removed in each dataset by applying a mask.

Model 1 comprises data conversion, masking and resampfiiggie3-5). Thefile iterator was
used to process all files (three files for each of the three dates) automaticall AS@GH to raster
tool was used for data conversion to a floatipgint raster for enhanced performance ArcGIS®
Based on the plot boundaries visible in the CSMs, a shapefile @frézeof interest(AOI) was
constructed. Plant growth at the margins of a field diffesri plant growth in the middle of the
field due to different environmental conditions such as availability of light. Thus a negative buffer
of 0.6m was applied to the plot boundary shapefile in order to exclude those plants from the
analysis. The resultinmask was used as an input for tBetract by Maskool. Results of this step
GSNBE YIN] SR gA0K Figukedsy i aheyt stépibResaniplifuSofidn With a o
nearest neighbour interpolation was applied reduce to the cell size of the CSMsnodklt is
suitable for analysis on a plant level. Outliers in the data were removed by applyirptia
Statisticdool with a focal mean 3 x 3 pixel rectangles. Finally the AOI mask needed to be applied

again, as the interpolation and smoothing added some pixel at the boundaries of the dataset.

—
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Figure3-5: Model 1 in EsrArcGIS®0.1 processing workflowg data conversion, masking and resampling.
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In order to remove the identification signs in the field individual shapefiles containing the outlines

of the signs were produced for every CSM (eap s120717_2 irFigure3-6). The shape of the

files varied in every flight strip, due to the different viewing angles. Usingthsetool the AOI

mask could be modified for every single C&M).(s120717_2e irFigure3-6). In a next step the

Extract by Maskool was applied and datasets of the different dates could be subtracted from
each other using th#linustool. As a result the relative plant growth in meters between th& 09

and 04 July and the 17 and 09 July can be obtained. The concept of CSMs includes generation of
absolute plant heights as well as growth monitoring. Due to frequently varying wates ievedch

of the 54 plots, no ground plane could be generated. In a barley field for example this ground

plane can used as a basis fataulation of absolute heigh{8ENDIG ET AL2013).

£ N //- =

Erass (3) L 5120717 2 8

Flight strip 2

Figure3-6: Model 2 in EsrArcGIS®0.1 processing workflovg AOI refinement by applying individuahasks and
dataset subtraction.
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Figure3-7: Model 2 in EsrArcGIS®0.1 processing workflovg calculation of plant growth on a plot sized basis.
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In a last step, plangrowth on a plot sized basis was calculated usingZbeal Statistics as Table
tool (Figure3-7). Theraster iteratorhelped to automate the process. As a result, a *-titifle for

each dataset containing range of values, minimum, maxrn, mean value and standard deviation
was generated. The tables were named according to the corresponding raster file usidglthe

culate Valudunction. Further analysis of the tables was carried oWliorosoft®Excel®

3.3 Results

The results of the CSgnerationand the analysis of the plant growth are presented below. Anal-
ysis was carried out for three dataset selecticais\(aluesselection aandselection bn Table3-1

and Table3-2) and two growth periods (GP1 = @R.07.; GP2 = 04.7.07.). A visiblinspection

of the CSMs showed that unrealistic height values existed in parts of single GBMidht strip

1; GP2{light strip 2) due to the quality of the georeference. The values of the affected plots were
removed from the analysis resulting intdaet selection aTable3-1, Table3-2). Furthermore,

data at the beginning and the End of the flight strips were removed with only the core part of the
field remaining. This resulted selection bseeFigure3-2) containing only the values where the
CSMs for GP1 and GP2 showed the most reliable results and were less prone to boundary effects
(Figure3-10).

3.3.1 Statistics

The range of overall plargrowth (Table3-1) obtained from the CSMs is InBfor the dataset
containingall valuesshowing negative values of up t6.5m. For theselections and b show
lower values of 0.7 and 0.5m apply. Negativealues also occur (0.322, b-0.019). Regarding
the mean plant growth, the datasets show differing tendencies. In the datase&lttalues the
mean plant growth declines between GP1 and GP2 from 0.144 to h0éile forselections a
andb the gowth increases slightly (a: 0.13 to 0.143 b: 0.206 to 0.255). The standard devia-
tion varies between 0.02 &0.05m with a mean of 0.04n.

Table3-2 shows the mean plargrowth differentiated by the two cultivars of the experiment field;
Kongyul31 and Longying21. In the dataset contaialhgalueshe growth of Longjing21 (0.157
and 0.121m) is 31% higher than for Kongyul31 (0.129 and On0B®r both GPs. In datasse-
lection g growth only differs by less than a centimetre for GP1 but is On@ligher for
Kongyul31 in GP3election only contains data for Kongyul31 but has a 78% higher growth of

0.2m and higher compared to the rest of the values.
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Table 3-1: Descriptive statistics of plant growth [m] derived from CSMs & data and sdected datasets a and b

for two growth periods in July 2012.

dataset all values selection a selection b

growth GP1 GP2 GP1 GP2 GP1 GP2
min -0.433 -0.514 -0.322 -0.284 -0.019 0.078
max 0.508 0.786 0.408 0.474 0.324 0.474
range 0.941 1.300 0.730 0.758 0.343 0.396
mean 0.144 0.069 0.130 0.143 0.206 0.255
std. 0.040 0.051 0.037 0.040 0.026 0.036

Table3-2: Mean plant growth [m] of rice cultivars Kongy131 and Longjing 21 derived from CSMs falagdl and

selected datasets a and b for two growth periods in July 2012

cultivar Kongyu 131 Longjing 21 Kongyu 131 Longjing 21
growth GP1 GP2
all values 0.129 0.157 0.083 0.121
Dataset selectiona 0.129 0.131 0.155 0.129
selection b 0.206 no data 0.255 no data

3.3.2 Crop Surface Models

The CSM of flight strip to of the ©®f July with a 0.0in resolution is shown iFigure3-8. 27 of

the 54 experiment plots are completely covered in the model. Orange areas indicate high and
green areas indicate low heights. The highest areas are located in the centre of thevhigdd,
heights decrease towards the north, south and to the west. The pointy objects in red show the
positions of the identification signs that had been placed in the field. The water channels used for
irrigation at the northern and southern ends of thelfleare clearly marked by the dark green

colour indicating the lowest parts of the CSM.
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Figure3-8: CSM of flight strip 2 009July 2012; orange areas indicate high and green areas indicate low height:
(EsriArcScene, height 2 times exaggerated).

3.3.3 Crop Growth

A map of the plant growth of GP1 for flight strip 2 is presentdéignire3-9. Values undes0.08m

I NE O02f2d2NBR Ay 3INB@ A ycRaptérB.4fok gfsBusdion)Pystive valuasd S
change from yellow to red, with reddicating the highest growth. Areas with the highest growth
between 0.2 and 0./ are located in the centre. Growth is decreasing towards north and south

where the grey areas are located. The trend is similar to the oRéure3-8.

N growth [m]
£3-0.08-0

[ 0-0.081

[0 0.082-0.162
W 0.163 - 0.243
B 0.244 -0.324
W 0.325-0.405
2 under -0.08

Figure3-9: Plant growth in flight strip 2 betweerD4 and 09 July 2012 (GP1) (EsiMap).

An example of a detailed plot analysis of dataselection ds given inFigure3-10 showing the

plots in centre of flight strip 3. The plant growtbr {lGP1 is shown on the left and for GP2 on the
right. In general, growth for GP1 is lower than for GP2 (comjal®#e3-2). For GP1 plots 182,

141 and142 have the highest growth, while plot 171 has the lowest values. GP2 gives a different

3 NJ
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impression with plots 131, 182, 141 and 151 showing the highest values and 161 having lowest
values. Growth variability in the plots for both GPs can be detectedxtimple the north western

corners of plots 141 and 171 growing stronger than the south eastern corners.

A . GP2 growth [m]
o " ‘ M 0.0-0.05
q WA N S 9 0.05-0.1

BE0.1-0.15
B 0.15-0.2
BN 02-025
W 025-03

N
0 10 20
M

Figure3-10: Plant growth of ddaset selection b between 0dnd 09July (GP1) an@9 and 17 of JulyGP2) 2012
(EsriArcMap).

3.4 Discussion

The GCPs used during the data acquisition helped during data processing with sufficient visibility
and distribution across the experiment field. A strong disadvantage was that for measurement of
the GCP positions, ondyGPS with a low accuracy ainlon all three axes was available. This can

be regarded as the main source of error during the process of CSM generation and the results of

the whole data analysis.

The flight plan with14% side and 90% forwaoderlap and 50n flying height produced images at
very high resolution with sufficient overlap for CSM generation. Comparable studies use similar
flight plans with overlaps of 70 to 95¢4AALA ANOROTHERMEI2012 HARTMANN ET AL2012). The

area of image acquisition should be extended further across the borders of the field to account

for errors at the CSM edges.

Model geneaation using Agisoft PhotoScan was comfortable and well suited for the task of han-
dling unregistered aerial images. ComparisonhklbyzeEL ANELONOWSKR011) or GINI ET A(2013)

of similar software using SfM and MVS techniques like Bundkchbasel Multi-view Stereo
Software Version 2 (PMVS2) and the photogrammetry software Leica Photogrammetry Suite (LPS)

stated the good performance of Agisoft PhotoScan.

The further processing iArcGIS®&ith ModelBuilder offers the advantage of an adaptable and

automated processing chain. The models are clearly structured which make the process easy to
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understand for people unfamiliar with the workflow. The fact that only one iterator can be used
in the model limits the flexibility to a certain extend. Putting tieole process into a Phyton script
would have been an alternative but would not offer such a good overview of the process. A solu-
tion could be building a custom madecGIS@&ool for the whole process. But more experience

on processing chains for differedatasets is needed first before automating processing to such

an extent.

Results of the plant growth analysis show that there is a big range of values of up teetere
(seeTable3-1) in the dataset, which is linked to the quality of the resulting CSMs; since range of
values in datasets cfelection aandb are considerably lowefT@ble3-1). The fact that negative
values of up ta0.5m occur in the data evinces the limited quality of the CSMs. Again, the occur-

rence of such values is directly linked to the low acoufche GCP measurement.

Values obtained for the mean plant growth still have a realistic magnitude between 0.06 and
0.26m (Table3-1) for the regareéd phenological stage. This can be stated due to frequent obser-

vation of rice fields in this region since 200 ET AL 2013.

Whencomparing the two rice cultivars Kongyul31 and Longjing21, no significant differentiation
in growth can be observed &ble3-2). Differences are in thmagnitude of a few centimetres.g.
0.129m compared to 0.15%). The dataset wherall valueshad been used suggests a higher
growth for Longjing21, while iselection ahe growth is higher for Kongyul31 in GP2fiéhd
measurements showed that Kong}31 tends to grow slower than Longjing21. This could not be
proved from the data in this paper. Either no actual difference in the growth of the two cultivars
existed for the regarded GPs (about 1 month) or the quality of the CSMs was not sufficiemito sh

such differences.

When analysing the spatial distribution of growffiqure3-8, Figure3-9) it can be clearly seen

that plant heights are decreasing towards the th@rn and southern ends of the fields. This could

be due to inhomogeneity in the fielde. soil quality or other factors influencing plant growth.
SinceFigure3-9 gives the impression of a radial decrease of growth towards the edges, another
reason is more likely: It could be a barrel effect in the CSMs which is resulting in lower heights at
the edges of the CSM. This problem can be addressed by extending the areest during the

flights and by solving the problem of inaccurate registration of the GCPs.

In the centre of the field where this effect is less masking the true infield variability, the variability

of growth in the plots can be shown with very hidatail (Figure3-10). This proves that the



Hoch auflésende crop surface models (CSMs) auf der Basis von Stereobildern aus UAV
Befliegungen zur Uberwachung von Reiswachstum in NordosttHifa

method is suitable for detection afmallscalevariability (here: 0.In raster resolution) in plant

growth.

3.5 Conclusion

Choosing a UAV for monitoring a remote small sized study area like the one presented here, ena-
bles multitemporal data acquisition at very low cost and with high flexibillyis flexibility is

especiallymportant forareas whichare difficult to accessuch as irrigated rice fields.

Due to the strong barrel effect influencing the models, no analysis of the different treatments of
N-fertilizer Figure3-2) was performed. This step can be added to the analysis as well as compar-
ison of the derived CSMs with the additional data available such as CSMs from terrestrial laser

scanning, hyperspectral reflection data and agronomical daltaated for the same time span.

In summaryit can be statedhat the method ofmulti-temporal CSMgeneration fromUAVtbased
data,is applicable taice.For thereliablemodelling of plant growttand adifferentiation of culti-
varsandtreatment the model quality needs to be improvedwhich is possibléhrough improved

post processing.

3.6 Outlook

Although the platform is performing well, some improvements are possible. A gimbal enabling
pitch and roll compensation during the flight was mounted. A cameraaviityher image resolu-

tion (Panasonic Lumix DMC GX1M.Bixel) is used. It is triggered electrically, which has the ad-
vantage of a more reliable image acquisition. Another advantage is continuous image acquisition

which guarantees an over 95% forward daer

Theavailabilityof point clouds generated from terrestrial laser scanning offers the chance of using
the highly precise local coordinate system for georeferencing of the CSMs resulting in models of
significantly higher accuracy. This will greatlyriave the usability of the resulting CSMs and offer

wider possibilities of data analysis.
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Summary This paper describes the generation of mtdtinporal crop surface models (CSMsth

very high resolution of &05 m. Data collection was carried out with a {oast and lowweight
UAVsystem with a weight of less than 5 kg and the possibility of mounting different sensors. Key
focus is the detection of crop growth variability ansl dependency on cultivar, crop treatment
andstress. The study area is a barley experiment fieBldnn in the west of Germany. Four rep-
lications of four cultivars of barley were investigated of which half of them where treated with a
fungicide. Five UAYampaigns were carried out during the growing season between early May
and late July 2012. Ground control points (GCPs) measured witRea®Pro Topcon DGPS al-
lowed for appropriateground truth (€©.02 m). Ground based infield dool surveys on three das

served as validation of the method. Additionally, various destructive anedestructive ground

data were collected. The stereo images captured were processed into CSMs by using the struc-
ture-from-motion (SfM) software Agisoft PhotoSdarofessionalGenerated plant heights ranged
between 0.16 m and 0.983 m? i = 32) for the correlation between plant heights in the CSM
and irfield control surveys is 0.69. Lower plant heights were detected in those plots of the field
where nofungicide was applied. é¢ight differences between cultivars were observed and in-
creased during growing season. The accuracy assessment of DEMs generated with the proposed
UAVbased imaginghowed a correlation coefficient of 0.99 (n = 10vizeen the DGPS GCPs and

the DEMs with anean difference of 0.01 m indirection.
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ZusammenfassungMonitoring des Pflanzenwachstums mit Hilfe multitemporaler und hoch auf-
l6sender Oberflachenmodelle von Getreidebestanden auf Basis von Bildern atBeflidgun-

gen. Dieser Beitrag beschreibt diezeugung von multitemporalen Oberflachenmodellen von Ge-
treidebestanden (crop surface models, CSMs) mit einer sehr hohen Auflésung von <0.05 m. Die
Datenerfassung wurde mit einem kostengunstigen tBygtem mit einem Gewicht von weniger

als 5 kg durchgefiihrwelches die Mdglichkeit der Anbringung verschiedener Sensoren bietet.
Schwerpunkt war die Detektion der Variabilitdt im Pflanzenwachstum und die Abhangigkeit von
Sorte, Pflanzenbehandlung und Stress. Das Untersuchungsgebiet liegt in Bonn im Westen
Deutshlands und besteht aus 32 Testflachen, die mit viermaliger Wiederholung mit je vier Gers-
tensorten bepflanzt wurden, Die Halfte der Pflanzen wurde mit einem Fungizid behandelt. Die
Untersuchung umfasste funf UAR&Gmpagnen wahrend der Vegetationsperiodesolien Anfang

Mai und Ende Juli 2012. Passpunkte (GCPs), gemessen mitiilRe®Pro Topcon DGPS, sorg-

ten fur eine entsprechende Georeferenzierung (<0.02 m). Kontrollmessungen im Feld an drei Ter-
minen dienten zur Validierung der Methode. Zusatzlich wurdeiitere destruktive und nicht
destruktive Felddaten erhoben. Aus den Stereobildern wurden unter Verwendung der Structure
from-Motion (SfM) Software Agisoft PhotoScan CSMs erzeugt. Die abgeldi#tazenhdhen

lagen zwischen 0.16 m und983 m. Das Hur die Korrelation zwischen Pflanzenhthe im CSM
und den Kontrollmessungen liegt bei@®. Niedrigere Pflanzenhdhen befanden sich in ungespritz-
ten Teilen des Feldes. Hohenunterschiede zwischen den Sorten wurden festgestellt, die sich wéh-
rend der Vegetationsgriode verstarkten. Die Genauigkeitsanalyse des -b@dierten DEMs
zeigte einerKorrelationskoeffizienten von 89 zwischen DGPS und DEM, eirier mittleren Dif-

ferenz von @M1 m in ZRichtung.

Keywords agriculture, crop growth, DEM, plant height, UAV

4.1 Introduction

Modelling canopy surfaces is a common application of remote sensing methods. In forestry, stereo
photogrammetry or airborne laser scanning (ALS) are used for the extraction of canopy heights
and surface modellin@ST-ONGE ET AL2008). Spaceborne sensors like TerraSA€bmbined with

TanDEMX enable stereo radargrammetric modellingcahopy height$PERKO ET AL2010).

Precision agriculture can benefit greaflpm remote sensindMuLLA 2013. Smallexperiment
fields (<5 ha) like the one mented in this study can be easily monitored using-fesight un-

manned aerial vehles (UAVs). Producing mui@mporal datasets of the whole vegetation period
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is essential for obtaining reliable results in such experiments. UAVs are already in use for capturing
optical, spectral and thermal informatiofHSENBEISS ANBAUERBIER2011; GRENZDORFFER ET, AL
2008 HARTMANN ET AL2012 HUNT, R ET AL 2010. The UAWystem used in this study is a low
costmulti-sensor system with a weight of less than 5 kg, a so calledWAN(ESENBEIS2009).

Using a high resolution RGB consumer camera, stereo imagdseaaptured and processed into

digital crop surface models (CSNsigure4-1).

The key focus is to detect differences in plant height depending on cultivar, phenology, crop treat-
ment, or stress. The neimvasive measurement of plant height is important due to its €ation

to biomass and other crop parametgf$ANSEN ANISCHIJOERRIN@0OO3 THENKABAIL ET.AR00Q. In

this context,HOFFMEISTER ET. £2010) introduced theconcept of multitemporal CSMs for moni-
toring plant growth between phenological stages with terrestrial laszmning. Comparison of

the CSMs for different phenological stages allows for the detection of crop growth variability and
absolute plant heightThis approach of analysing CSMs is showkFigare4-1. The plant height
(PH),e.g.at time t; results from t minus b. The plant growth (PG), for axple from time { to

time tzresults from g§minus t.

In this study, the idea of investigating mttitimporal CSMs is transferred to very high resolution

CSMs derived from stereo images captured by a UAV.
4.2 Data Aquisition

4.2.1 Study Area anddbaset

Thestudy area is located in the city of Boim the west of GermanyF{gure4-2). In 2012 the
Institute for Agricultural Plants and Resource ProtecfiNREYC Horticultural Science estab-
lished an experiment field with four di#rent cultivars of barley with different resistances to plant

diseases.
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Multi-temporal Crop Surface Models

Plant Height

ty = DEM
t; = CSM_1

ty=CSM_2

Layout: G. Bareth, A. Bolten, J. Bendig, N. Tilly =
Design: R. Spohner t3 CSM_3

Figure4-1: Multi-temporal crop surface models (CSMs).

The aim of the experiment is to determine the response to natural pathogens usindesbrc-

tive measurement techniques. A protective and curative fungicide against three common plant
diseases was applied to the control sample plants (grey pldtgure4d-2). All other horticultural
activities were left unchanged. Four replications of every cultivar for both treatments were
planted in 1.5 m x 7 rplots in a randomised order surrounded by boundary plots which were not

used for measurements.

N Germany

66.8 m
=
[
W
—

| S ——

113(2]4 }'

4

Figure4-2: Study area; 4 replications of 4 cultivars of barley (1, 2, 3, 4) planted in randomised order tre@tments.
Grey: treated plots, white: untreated pits, dashed line: replication &reated).
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Figure4-3: MK-Oktokopter by HiSystems GmbH mounted with RGB sensor.

The ground based data collection weeparatedinto destructive sampling of biomass, plant N
and chlorophyll content, and nedestructive data acquisition of plant height,ggrspectral, and
fluorescence data. Field datampaigns were carried out repeally during the growing season.
UAV campaigns were conducted on 14.5., 25.5., 5.6, 18.6. and 23.7.12 using anRGBsse
chapter4.2.3). 18ground control points (GCPs) were established on the corners of the plots for
ground truth. Iriield control surveys of the plant heights werarried out on the 25.5., 5.6. and
18.6.12.

4.2.2 Platform

The UAVWsystem is a MiOktokopterby HiSystems GmbHiSysTEMS&MBH, 2013). It consists of a
point-symmetrical frameset coposed of aluminium and glass fibre reinfed plastics(Figure

4-3). The total weight of the system including battery is less than 2.5 kg. An additional payload of
up to 1 kg is possible. The cost of the entire system not including the sensor is around 3p00@ K S

eight engines are equipped with high performance propellers.

The electronics include higiuality gyroscopes, a pressure sensor, a compass module and a GPS
module (MIKROKOPTER0139. Using the open source software MikrokopterT@diKROKOPTER
2013 pre-defined flightroutes in a sense of an aufwlot can be caied out in autonomous flight
mode. Lithiumpolymer batteries with up to 6,60Ah caacity enable flight times of around 15
minutes depending on the payload. The additional transmitter channels of the 2.4 GHz transmitter

remote control are used for camera triggeri(BENDIG ET AL2012).

4.2.3 Sensor

The RGB sensor is a Panasonic Lumix DMC GF3 with a LumimGR2ZD7ASPH) lens. The weight
is 400 g and the sensor resolution is 4016 x 3016 (12 million)(PaedsonNICc2013).
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The field of view (FOV) of the camera &5 horizontal and 33.4vertical resulting in an image
size of 90 m x 60 m at a distance of 100 m. Aperture and exposure timesjaséeddand fixed
manually prior to each flighDue to the manual triggering ¢tfie camera an individually adapted
camera holder with a mechanical trigger is used and operated by the remote control of the UAV

system.

4.2.4 Data Acquisition

Wooden poles with 0.3 m x 0.3 m highly visible targets attached to them were used as GCPs. Those
were measured using BiPer®&ro Topcon DGPS with a horizontal and vertical accuracy of < 0.01

m according town evaluationg0.02 m according t&sco$ED2010. Horizontal coordinates of

eight data aquisition points were taken in the field which were used as waypoints for the flight
route, resulting in a 50% oviap of the images, covierg the whole experimental field in one flight.
Several flights were carried out for each fiempaign with the sensor mounted in nagwossition

with constant orientation and flyingeight. For the Panasonic Lumix DMC GF3 a hefgsd m

was chosen resulting in a FOV of 18 m x 27 m and ground resolution of 0.006 m.

For the infield control surveys a ruler walaced next to the plants on three positions in each of
the 32 plots to determine the mean plant heightrpgalot with a 0.01m precisionPlant heights

per plot vary 0.1 m on an average.

4.2.5 Data Processing

The overall workflow of data processingresented inFigure4-4. For the generation of the CSM

the multi-view 3D reconstruction software Agisoft PhotoScan 0(8®sorFtLC2014) was used
which is based on a structufeom-motion (SfM) algorithr{VERHOEVERO11). SfM allows for the
estimation of the unknown camera positions through comparison of detected image feature
points, e. g. object edges, in multiple imad&zeLIsk010). Despite of the fact that Agisoft Pho-
toScan and, in general, the use of SfM algorithms for DEMs derived fronbas&dimagery is
becoming more and more popular since 2012, quite little literature on comparable studies has
been published. Papers BEITZEL ANKLONOWSK(2011), VERHOEVERT AL(2012 and DEREUET AL

(2013 suggest that the software shall be well suited for such applications.

For each date fecept 23.7.) two partly overlapping tiles were generated, one covering¢aged
plots of the experiment field and onmovering the untreated plots. However, a complete model

could be generated as well. Due to computation and calculation time, welsplihodel into two
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parts. The point clouds consisted of 12 million points per model on average. As a result, the 4th

replication of the untreated plis was covered in both datasefSigure4-5).

1
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Figure4-4: Data Processing workflow for the generation of ISCSM.asc) from RGB images tapd by UAV (pho-
tos.jpg) in Agisoft PhotoScan and further processing for analysis based on each plot IArEGIS®

GCPs were identified manually on egatioto and assigned to the coordinates measured by the

DGPS&Figure4-4). In a batch process the images were aligneddoh other, the CSM was built.

Via an ASClile it was transferred to a raster file in E&icGIS®0.1. A shapefile caaining the
outlines of the plots, reduced by a 0.3 m inside buffer to reduce plot boundary effects, served as
a mask to extract areas of interest (AOI). After that, data were resampled to a raster size of 0.1 m
and smoothed by calcating the focal mean of 3 x 3 pixel rectangles. A ground model was con-
structed from zdata of the GCPsy(in Figure4-1). Each CSM was subtractedrfrdhe ground

plane using theAOl shaptle to obtain plant height per plotin a last step, general statistics in-

cluding mean plant height and standard deviation were calculated for each date and plot.

Five datasets were collected during the growing seasfomhich four could be used for analysis.

For & (23.7.), the CSM could onhe generated for parts of the experiment fietllie to image
quality (se€Table4-1). Image quality was decreased because of strong wind during data collection
and lodging caused by a thunderstorm a few days before. Furthermore, parts of the CSM for t
(16.5.) and £(18.6.) could not be modelled satisfactorily. feplications 4 treated, replication

2 untreated; t: replication 4 treated, replication 3 and 1 untreated) resulting in unrealistic values
for plant height. Those datasets were partly excluded from the analysis and are referred to as

A X e AL

all data and selected data of sufficiaqiality.
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4.3 Results

4.3.1 Statistics

Table 4-1 illustrates minimum, maximum, range, mean, and standard deviation (std.) of plant
height for the whole experimental field eording to date (t) and measurement tetkjue (CSM

or infield contol survey). Planbeights generated from CSMs range from 0.16 m t88:9 over

all dates. Ranges feach date vary between 0.149 m and 0.755 m and increase with development
of vegetation (range § > range ). The mean plant height increases fotd t; and decreases

for t4 to ts. Standard deviation increases continuously with the vegetation development §td. (t
> std.(t1)). For the infield control surveys, plamights range between 0.370 m and 1.06 m for all
dates (t to t4). Ranges for each date vdrgtween 0.17 m and 0.22 m which is sigrafitly lower
compared to the CSM heights. Mean plant height increases fsoontiwhile the standard deia-

tion varies without a trend.

The average difference of mean plant heightween CSM and infield control surveyigder 0.01

m for 2 and & but one magnitude higher fort R (correlation, n = 32) for both measurement
techniques are 0.554} 0.22 (§) and 0.71 (). The overall correlation is 0.69 (n = 96) for the three
datesaltogether. For selected data, overall correlation decreases to 0.62 (n = 64), because some
values were removed {R= 0.43 (n = 12),°R,= 0.68 (n = 20)).

Table4-1: Descriptive statistics of plant heightén) derived from CSMs and infield control survey according to d:
(std. = standard deviationRMSE = roemean-square error).

date t1 t2 t3 ta ts
14.5.12 25512 | 5.6.12 | 18.6.12 23.7.12
min 0.160 0.354 0.595 0.454 0.228
max 0.309 0.512 0.905 | 0.874 0.983
> range 0.149 0.158 0.310 0.420 0.755
8) mean 0.241 0.451 0.772 0.688 0.595
std. 0.028 0.032 0.062 | 0.075 0.160
RMSE 0.256 0.453 0.815 0.683 0.892
_ min 0.370 0.685 0.850
= max . 0.590 | 0.855 1.060 .
< > - -
8 g range 8 0.220 0.170 0.210 S
32 mean o 0.509 0.763 0.950 )
.9 c c
= std. 0.054 0.045 0.058
RMSE 0.702 0.755 0.940
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4.3.2 CropSurfaceModels

In Figure4-5 an example of the generated CSM with 0.006 m resolution is presenteg(&5.5.)
starting with replication 1 (treated) in the north. The experimentipl@. g. red rectangle ffigure

4-5, are surrounded by two boundary plots on one side and three on the other side.

Figure4-5: CSM¢ Overview of study area ¢t 25 May2012), red rectanglereplication 4 (treated) (Es#rcScene).

height A e

~— red: 5.6.12

o e

e +— green: 25.5.12

e »———W& ;
T = = ——— . Dlue:14.5.12

2? e «— grey: ground
e

7m

Figure4-6: Cross section of CSiteplication 4 (treated): height comparisondg ts) for two datasets of ovedlapping
tiles (o = grey, t = light and dark blue, = light and dark green, 4= light and dark red) (Esri ArcScene, height
times exaggerated).

The plots can be clearly distinguished from each other and from the surrounding bargisoé

the model was separated into two tiles, seamlines are visible. Tiles were not merged in order to
keep the original data and to facilitate the comparison between the datasets. A closer look at
replication 4 (treated) fordto ts (Figure4-6) allows for the detection of possible differences in
the datasets. Blue surfaces show plant height {¢d#.5.). An increasing height difference to the
south (mean: 0.08 m, max: 0.18 m) is noticeable. F{23.5.), green surfaces Figure4-6, the
maximum difference is considerably lower with 0.1Jand the meardifference 002 m. The red
surfaces irFigure4-6 of t3 (5.6.) show maximum differences of 0.36 m and a mean of 0.01 m due

to the surfaceon top increasing in height towards north.
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4.3.3 PlantHeight Development

The analysis of plant height and the growth according to cultivar and treatment is presiented
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Table4-2 and Figure4-7 for all data and selected data (in brackets).

plant height (m)

cultivar

4
o

o
£

plant height (m)
e
IS

o
[

e
=3

cultivar

1

3
w4

cultivar

ut5

[ d
1.0 1.0
_ 08 _08
E E
= =
50.6 506
K ‘s
= =
- P
504 Soa4
5 o -
0.2 — 02—
- 28R P 838 Hh& =3 =3 25 23
ococo ocoo coo coo oo oo oo oo
0.0 0.0
1 2 3 4 1 4

cultivar

Figure4-7: CSM¢ mean plant height comparison according to date, cultivar and treatment; a: treated (all data),
27

untreated (all data), c: treated (selected data), d: untreated (selected data) (for de@nifi

4.2.5.

daS ke

Figure4-8: Experimental design of accuracy assessment (left: photo, right: DEM): Reference posfeur GCPs

two different sized Peli Cases and 4 corners of the UAV transport box.
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Figure4-7 shows that plants in untreated plots are generally smaller than plartreéted plots.
Numbers inTable4-2 give more details, for example cultivar 1: 0.295 m compared to 0.165 m for
t1 minus . Looking at columrntminus b, plants in untreated plots are 0.109 m (0.118 m) lower
on average (meandight treated: 0.749 m (0.755 m) and untreated: 0.639 m (0.636 m)).

In general, height differences increase between cultivars during the growing season, e. g. orange
bars compared to green bars Kgure4-7a or Table4-2: 0.016 m for £ minus t compared to

0.135 m for § minus t for treated plots, all data. Mean heights between cultivars differ by 0.135

m (0.138 m) for treated plots and 0.065 m (BZLm) espectively for untreated plots{iminus ).

For & minus b cultivar 3 has the smallest heights while the cultivar with most growth is cultivar 4

for the treated plots and cultivar 2 for the untreated plotsrftinus b).

4.3.4 AccuracyAssessment

Todetermine the quality of DEMs generated from stereo images acquired with thesiygt®m

an accuracy assessment was carried &ifgure4-8). X, y- and zcoordinates of test targets and

four GCPs were measured using DGPS and compared to pixel valnesDEM (flying height
30m). The test tagets were two Peli Cases of different sizes of which each midpoint was meas-
ured and the transport box for the AY (0.75 m x 0.75 m x 0.365 m) of which the four corners
were measured. Xalues and differences between D&RBnd DEM are presented Table 4-3.
Numbers in italic mark differences measured for the four corners of the transport box. The mean
height difference is 0.01 m which is in the same order as the accuracy of the DGPS measurement
of 0.01 m in direction. The differences for the corners of the tsport box are above average
with 0.02 m which is probably due to the grooved surface of the béforRhe correlation be-
tween DGPS and DEM is 0.99.
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Tablev4-2:vPIar,1t beight and growths (m) ¢t ta) agcordjng to cultivar apd treatment. Shadir)g in the Ja§t colu[r
AYRAOIU0Sa NrylAy3a 2F 0KS FY2dzyd 2F INBGUK | OO2NR
eOi SR RMAHEe &SS
date to taQto| toGta| toGto| tsQtz taQta| taQlo| taQts taQlz  taQta| taGlo
cultivar
1 0.000 0.295 0.21(0 0.504 0.282 0.492 0.787 -0.045 0.237 0.447] 0.742
2 E 0.00(0 0.293 0.219 0.511 0.289 0.508] 0.80Q) -0.037 0.252 0.471 0.763
3 5 0.0001 0.304 0.179 0.484 0.286 0.465] 0.770) -0.093 0.193 0.372] 0.677
4 % - 0.000 0.308 0.203 0.511 0.316 0.520] 0.82§ -0.016 0.300 0.503} 0.812
1 % 3 0.000 0.169 0.228 0.393 0.326 0.554] 0.719 -0.103 0.222 0.450] 0.616
2 § 0.0001 0.173 0.234 0.409 0.370 0.606] 0.780) -0.111 0.260 0.496] 0.669
3 = 0.0001 0.183 0.230] 0.413 0.282 0.512] 0.695 -0.092 0.190 0.421 0.604
4 > 0.000 0.184 0.231 0.41¢ 0.335 0.566] 0.751] -0.083 0.252 0.483] 0.668
1 0.00Q9 0.2994 0.21(Q 0.504 0.228 0.437] 0.734 0.004 0.232 0.4421 0.737
2 © % 0.000 0.293 0.219 0.511 0.267 0.485] 0.778 -0.003 0.264 0.482] 0.775
3 § g 0.0001 0.304 0.179 0.484 0.220 0.399| 0.704 0.020 0.200 0.379] 0.684
4 3 0.0001 0.308 0.203 0.511 0.309 0.513] 0.821) 0.001 0.311 0.514} 0.822
1 g 3 0.000 0.16Y 0.228 0.393 0.252 0.480] 0.646
2 g § 0.0001 0.173 0.23q4 0.409 no data 0.284 0.520} 0.693
3 = 0.0001 0.183 0.23() 0.413 0.143 0.373] 0.556
4 > 0.0001 0.184 0.231] 0.414 0.233 0.464] 0.649

Table4-3: Comparison of heights (m) measured by DGIP8 pixel values of DEM for accuracy assessment.

DGPS DEM Difference

126.261 126.257004 0.003996
126.151 126.164001 bndamonnm
126.181 126.166000 0.015000
126.219 126.224998 bndonnp dpdy
126.529 126.504997 0.024003
126.409 126.393997 0.015003
126.713 126.728996 £0.015996
126.730 126.704002 0.025998
126.734 126.707001 0.026999
126.716 126.691002 0.024998

mean 0.0101002

4.4 Discussion and Conclusion

The study area, experiment design and validation results underlined the suitability of stereo im-
agesfrom optical cameras mounted on UAV systems for crop growth monitoring. This enables

DEM/CSM genetmn for agricultural purposefHOFFMEISTER ET.,A22010. Cther campaigns like
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the ones byGRENZDORFFER AL (2008, HUNTET AL (2010 and LELONGET AL(2008) already men-

tioned the great potentiabf UAVSs in the field of agriculture.

The MKOktokopter by HiSystems GmbH laast pldaform produces competitive results to the
often used Microdrone MD<200, Falcon $88SENBEISS ANBMUERBIER2011) and other UAV¢e.g.
ABER ET ALI2010 BHSENBEISS ET.A2005 VALLET ET A12011).

Still some improvements will be made in the future: the L&tem will be equipped with a cam-

era holder that enables pitch arrdll compensation during the flight. Thissires the capture of
images in nadir position during movement of the Ugyétem. A amera with increased resolution

will be used (Panasonic Lumix DMC GX1, 16 mio. pixel) in order to increase ground resolution. It
can be triggered electrically which makes image acquisition more reliable compared to a mechan-

ical trigger.

Size, design, texta and number of the GCPs were suitable for the study since ¢hald be

clearly identified in the images. Withcreasing density and height of vegetation the visibility of

the GCPs at the chosen placement was obstructed by plants in some cases. Taeatdtargual-

ity GCPs will be placed in unobstructed positions. The accuracy of the GCPs could be slightly im-
proved by using a total station a$ARwWIN ANOLUCIEER2012) found out, but would make data

collection more time consuming.

Flight planning including flight route geration and data acquisition points enabledpturing im-
ages of the whole study area. Far t: and t weather conditions during data dettion, mainly
wind, influenced the quality ahe CSMs. Generally weather conditions limit the applicability of a

UAVsystem for data collection.

The overlap 050% between the images will be increased in the future in order to cover the study
area from numerous positions leading to a greater variety of viewing perspech#@sA AND
RoTHERME(2012) used 80% overlgstating that using additional stereo pairaleances the point
clouds, especially in previously occluded ardamther study byHARTMANNET AL (2012 suggest

90% overlap leading to 0.01 m horizontal and 0.03 m vertical accuracy.

Different settings were tested in Agisoft PhotoScan showing that model quality increased with the
amount of photos used for model generatiofhis is also stated BROBERTET AL (2011). The
number of photos takewluring the flights will be increased in thetdive because higher accuracy

is expected. The inclusion of photos that were discarded bedoie to insufficient sharpness,
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exposure or coarage of the areaid not decrease the model quality but on the contrary led to

increased model quality in some cases.

Dividing the model of the study area into two tiles led to datasets with manageable data size and
provided the opportunity of model comparison. The compamishowed satisfying results for

good quality datad.g.t,, Figure4-6) with a mean difference ofwzalues of 0.02 m. An error of this
magnitude corresponds to the results of the accuracy assessment which shows a mean error of
0.01 m.HARWIN ANOLUCIEER2012) achieved an accuracy of 0.025 ¢1.04 cm with a DGPS at a
comparable liyingheight of 40 ng 50 m. Taking other sources of error into account like inaccura-

cies caused by moving plants during data acquisition or inaccuracy of the DGPS, the resulting CSMs

enable plant growth monitoring with very high accuracy.

The comparison of plant heights derivis[dm CSM and infield control surveys shovikdt for t

the range of values is twice as laigethe CSM (0.42 m) compared to the infielohtrol survey
(0.21 m). This is mainly due to the underestimation of heightse model epecially in the south-

ern part of the field wheraghe untreated plots are located. In this part thfe field the range of
height values is abou.06 m larger compared to the northern parttbie field. The same is true

for the mean height dierence between CSM and infield contsoirvey compared to treated plots.
Two possible sources of error might account for those differences: The CSMs become more com-
plex with progressing phenology as differences in plant heights increase. This makelngodel
difficult as only one viewing perspective {tid was chosen and some areas might not hiagen
covered sufficientlyHARWIN ANOLUCIEEK2012) suggest data collection from different perspec-
tives. This would further increase the time required for data collection. Continuous acquisition of
nadir images using the electricalgger could address this problem avoiding time consuming

measurements.

A second reason is the accuracy of infietohtrol surveys. Determining average pldmight is
difficult due to high variability ofieights in a plot and the fact that plants are wiog by wind. A

higher number of samples for the control surveys could help to increase accuracy.

Figure4-6 shows that with the method presented in this study it is possible to derive #muitt
poral CSMs similar to the concept presed inFigure4-1. The transferability of the concept used
for a TLYHOFFMEISTER ET,A010 to a different platformthe UAV, is possible. The partial models
show a similar surface pfite, if the quality of the raw data is sufficiefiroblematic are: 4, tsand

ts).
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Thestatisticalanalysisof the modelsshowed detectable differences between growth according
to the cultivar and the treatment. When plants were treated with fungicides, the overall plant
height was 15% higher compared to untreated plants. The plant heights of cultivar 3 were 14%

lower compared to better growing cultivars 2 and 4.

45 Outlook

In the plannedield campaign of 2013, thessults obtained from the CSM analysis will be com-
OAYSR 6AGK RFEGE OF LWdzZNBER o6& | Ydzf GA&LISOG NI f
F30ISYBENDIG ET AL2012). Thus additionaspectral and thermal patterns will be analysed be-
tween plant height, which is linked to biomass, vegetation indices, derived from multispectral data
(HUNT, R ET AL 2010, and plant temperatur¢BERNI ET AL20093, derived from thermal data.
Additionally, the approach will be applieddiferent crops with varying growth patterns like rice,
sugar beet and maize in 2013 in order to investigate the transferability of the concept of multi

temporal CSMs.
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Abstract:Crop monitoring is important in precision agriculture. Estimating algpeeind biomass

helps to monitor crop vitality and to predict yield. In this study, we estimated fresh and dry bio-

mass on a summer barley test site Wwit8 cultivars andwo nitrogen(N)}treatments using the

plant height (PH) from crop surface models (CSMs). The $ugreresolution, multitemporal

(1 cm/pixel) CSMs were derived from red, green, blue (RGB) images captured from a small un-
manned aerial vehicle (UA\Qomparison with PH reference measurements yielded?af ®92.

¢KS (Said arAdsS 6A0K RAFTFSNByYyG Odz GAGFNRE yR (NB
adrtdz . dzyRSaaz2NISyl Yid dzyR [/ d8% X highOdtr8atidn ywasdza G NAR S
found between PH from CSMs and fresh biomass=(B.81) and dry biomass?R 0.82). Five

models for aboveground fresh and dry biomass estimation were tested by evadiglation. Mod-

elling biomass between different-tdeatments for fresh mass produced # best results

(R =0.71). The main limitation was the influence of lodging cultivars in the later growth stages,
producing irregular plant heights. The method has potential for future application byrafas-

sionalse.g, farmers.

Keywords:UAV; optial; remote sensing; RGB; 3D; biomass estimation; crop surface model; plant

height; summer barley; precision agriculture
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5.1 Introduction

Monitoring crops throughout the vegetation period is one prerequisite for precision agriculture
(LAUDIEN ANIBARETH2006 MuLLA 2013). In addition to natural factors, like water availability or
soil quality, knowledge about the health status, nutrient supply and effects of agricultural man-
agement practices helps when estimating the predicted yield of a (AdMCHUK ET AL201Q
GOYNE ET AL1996 SHANAHAN ET AL2007). Such knowledge can be obtained from crop parame-
ters, such as plant height (PH), biomass, plant nitrogen content, soil nitrogen content and LAI,
amongst other variableGENSEN ET ALL990 THENKABAIL ET.AR00Q. Biomass plays an important

role in yield prediction and for management optimization. For the latter, the nitrogentianri
index (NNI), the ratio of measured and critical nitrogen (N) content, is commonly used as a tool
for determining the ideal amount of N needed to maximize yield while preventegfertiliza-

tion (GHEN ET AL2010 LEMAIRE ANEBASTAL1997). The relationship between biomass and N con-
centration is used in the N dilution curve, from which the critical N content is de(i¥®thIRE ET

AL, 2008 LEMAIRE ANMSASTAL 1997). Hence, biomass is a crucial paeter for calculating the

NNI.

The NNI input values can be measured either destructively ordestructively by remote sens-
ing. Biomass can be estimated through spectral reflectance measurerfieniar ET AL 2001)
from space(KOPPE ET AL2012 MIGDALL ET AL2009, from the air(HOYOSVILLEGAS ANERITSCHI
2013 JANG ET AL 2006 YANG ET AL 2008 or from the ground(GNYP ET AL2014g JENSEN ET AL
199Q L ET AL 20100 SAkKAMOTO ET AL2012). However, these measurements often involve so-
phisticated and expensive equipment that needs careful calibration. Alternatively, PH is also pos-
itively correlated with crop biomas@ATiI ET Al 20133. In combination with a nowegetation
ground model, PH can be t@ined by quantifying the height of a canopy using crop surface mod-
els (CSM9BENDIG ET ALl2013 HOFFMEISTER ET.,A22013 2010. The suitability of terrestridhser
scanning (TLS) for biomass estimation is demonstratefiLhy ET Al(2014 2012 for paddy rice

and for sugar beet biAOFFMEISTER ET. £20110. A good correlation between PH and grain yield
in barley, oat ad wheat is given byMME ET AL(2008 and byEHLERT ET A2009) in oilseed rape,
winter rye, winter wheat and grassland. Besides laser scanning appmmagiDegeometry infor-
mation from an unmanned aerial vehicle (UAV), in combination with ardeigblution digital cam-
era, is used for CSM generation. UAVS, sometimes referred to as rerpdtesd aerial systems
(RPAS) or unmanned aerial systems (UAS}haremerging tools to be used for smadale re-

mote sensing COLOMINA ANOMOLINA 2014 SAKAMOTO ET AL2012; ZARCGTEJADA2008). A few
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studies exist for biomass estimatidre., (HUNT ET AL.2011kh JENSEN ET AR007), using UA\based
nearinfrared imaging. Comparisons of UAVs with airborne platforms (for larger areas) and TLS
show competitive result UMME ET AL 2008 TiLLY ET AL2012). Inan agricultural context, UAVs
have been used, for example, for crop status analysis usingimieared or thermal dat{ AGUERA

ETAL, 2011, BALUJA ET AL2012 BERNI ET AL.2009b) or crop mapping. This study uses UBased

data from a smalscale summer barley field experiment to evaluate how sudadg<SMs can

predict biomass.
5.2 Materialsand Methods

5.2.1 Test Site: CampideirAltendorf, 2013

The study site is located at the Campus Kibendorf agricultural research station (507
6°59E, altitude 186 m), 40 km south of Cologne, Germany. The summer barley experiment con-
sists of 18 barley cultivars, of which ten aew cultivars and ight are old cultivarsHigure5-1).

They were randomized over 54 plots with a size of 3w, @ 300plants/n¥ seeding density and

a 0.104m row spacing. The plots were fertilized with either 40 or 80 kg N/ha. Each plot was di-
vided into a 3 x Bn measuring area and a 3 Mm2sampling area. Destructive biomass sampling
was carried out for two replicas (40 and 80 kg N/ha) of each yafeimber of samples (n) = 36).
Additionally, the reference plant height (Rl was measured manually in each plot (n = 10).
Ground control points (GCPs) were distributed evenly across the field, making them easily identi-
fiable in the images. The GCPs everade of 0.3 x 0:-Bh laminated card board, which was at-
tached to wooden poles that were fixed in the ground. We then measured the position with a
differential global positioning system (DGPS, HalReo Topcon, Tokyo, Japan) with Gr@hori-

zontal and velical precision.



Estimating Biomass of Barley Using Crop Surface Models (CSMs) Derived fréasedRGB
Imaging| 64

357656 357664 357672 357680 357688

Campus Klein-Altendorf
summer barley
experiment 2013

® GcPs
D new cultivars
[ old cultivars

S sampling area
10 cultivar ID

.| treatment

/

background:
orthophoto 14-JUN-2013

Coordinate System:

WGS 1984 UTM zone 32N
Projection: Transverse Mercator
Datum: WGS 1984

false easting: 500,000.0000
false northing: 0.0000 N
central meridian: 9.0000

scale factor: 0.9996

latitude of origin: 0.0000

Units: Meter

[ S—] )
0 6 12

357656 357664 357672 357680 357688

Figure5-1: Test site: summer barley experiment at Campus Klaltendorf agricultural research station in 2013
GCPs, ground control points used for crop surface model (CSM) generation.

5.2.2 BiomassSampling

Destructive abov@round biomass sampling of 0.04 was carried out within the sampling areas

of each plot Figure5-1). The rootsvere clipped, samples were cleaned and stem, leaves and ears
were weighed separately on the same day for fresh biomass measurement. For obtaining dry bi-
omass, the samples were then dried at 70 °C for 120 h, and each plant organ was weighed again
separatey. The values were rescaled to kg pet ithe sampling took place either on the same

day or on the day before or after the UAV flightalfle 5-1). Thebiomass sampling area was

excluded from the CSM calculation.
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Table5-1: Details of unmanned aerial vehicle (UAVigit campaigns (CSM resolutiodh01 m) and destructive bio-
mass sampling.

Type Date Number [BBCH ¥ Point J Image
of Images Density |Overlap #
Collected (pt./m2)
(groL:':c\i/model) 30 April 2013 216
UAV 14 May 2013 378 2878 >9
Biomass 14 May 2013 tillering (21¢27)
UAV 28 May 2013 783 2675 >9
Biomass 28 May 2013 tillering-stem elongation (2835)
UAV 14 June 2015 363 2958 >9
Biomass 12 June 2019 booting (4x47)
UAV 25 June 2019 300 3452 >9
inflorescence emergence,
Biomass 25 June 2013 heading
(51¢59)
UAV 8 July 2013 342 2836 >9
Biomass 9 July 2013 development of fruit (7€75)
UAV 23 July 2013 265 2653 >9
Biomass 22 July 2013 develop(n;iség)f fruitripening

*1g . A2f 23dA80KS . dzyRS&lIYy&GIEf G2 . dzy RSAAENINS Y | Y

ber of images covering the same part of the area of interest (AOI).

5.2.3 Platform

In this study, we used the multotor MK-Oktokopter developed by HiSystems (&=\DIG ET AL

(2013 for details). The payload capacity is 1 kg. The flight duration varies betwgénrain,
depending on the batteries and payload chosen. The red, green, blue (RGB) optical sensor was
mounted on a gimbal that maintained a near nadir camera position. Theayipdsition is ad-

justed to the pitch and roll movement that is measured by the onboard gyroscopes of the airframe
(BENDIG ET AL2013 TURNER ET AL20149. During the flight, position, altitude and flying speed
were automatically logged to a memory card. The-td#&l autopilot was ued to set the flight

waypoints.
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5.2.4 Sensor

RGB imagery was collected with a Panasonic Lumixdigkal camera (16 Megapixel4608 x

3464, with a Lumix G 20 mm (F1.7 aspheric (ASPH)) fixedTéesangular field of view ¥5.8°
horizontal x 38.9° verticatesulting in 0.009n ground sampling distance (GSD) at 50 m above
ground level. A cable connects the camera to the flight control of thedWtokopter, which ena-

bles triggering via the remote control. The camera is set to continuous data capture at Zframe
per second (fps) with fixed aperture and exposure according to the light conditions and saves im-

ages to a secure digital (SD) memory card.

5.2.5 GeneratingCSMs

Generating crop surface models requires (a) mosaicking of the collected images, (b) point cloud
generation, and (c) digital surface model (DSM) export. Here, the DSM represents the crop surface
and is referred to as CSM hereatfter. It has to be subtracted from a ground niaddd%-1, Figure

5-2) in order to obtain (d) the PH. For Stegs,ave use Agisoft PhotoScarmfessional, a structure

from motion (SfM)(VERHOEVEN2011) software that performs a bundle adjustment based on
matching features between the images. The result is a 3D reconstruction of the geometry that
enables export of a CSM, in our case, a-®0Esolution *TIHile (Figure5-2; LUCIEER ET AR014

TURNER ET A2012. For enhanced absolute spatial accuracy, the GCPs were imported into Pho-
toScan prior to (b), where they were projected to all images automatiaéity being placed in a
single imagéBAIOCCHET AL 2013. We then manually verified and adjest the positions if nec-

essaryFinally, the CSM is parted in *TIFimage format.

Further processing was carried out in Esri Ar@&0(52.1. The CSM was clipped with the 36 plots,
which form the area of interest (AOI). To account for boundary effects, the plots were reduced by
0.3 m on each end, and the areas where destructive biomass sampling was performed were ex-
cluded. In the nexttep, the CSM is subtracted from the ground model to obtain the PH. The mean
PH was calculated for each pl&idure5-2, Table5-2) and used for the biomass estimation with

a regression model. This process is repeated for the CSM of each date. The workflow for deriving
PH from CSMs is described in detaBEnDIG ET A2013). An example of the ground model and

the CSM for two sample dates is presentedrigure5-2, as well as the derived PH.
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Figure5-2: CSM over ground model (top) and derived plant height (bottom) of Plots 8, 7 and 1 (from left to righ
the eastern row of the test site for 14 June and 8 July 2013.

Table5-2: Descriptive statistics of CSM plant height (BJs, ground reference plant height (R&) (linear regression)
and aboveground fresh and dry biomass (exponential regression) for all plots (n = 216). SE = standard errc
number of samples.

PHer (M) PHesm(m) Fresh Biomass(kg/m?) Dry Biomass (kg/m?)
Min 0.14 £0.03 0.22 0.03
Max 1.00 0.80 8.29 2.70
Mean 0.55 0.43 3.24 0.81
SE 0.25 0.25 1.96 0.68
n 216 216 216 216

5.2.6 Statistical Analyses

The correlation and regression analyses were carried oigrosoft® Excel® 2013 and IBM®
SPSS®tatistics 22.0.0.0. The mean PH per plot obtained from the CSMyRlds evaluated
against the mean PH obtained from the reference ground measurementg) (Pl result is pre-

sented in a scatter plot together whita linear regression equation.

For the biomass estimation, the mutémporal dataset (n = 216) was divided into five different
calibration and validation dataset§dble5-3). Exponential regression equations were derived for

PHsmversusfresh biomass and Rklversusdry biomass for the calibration datasets and evalu-
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ated by their coefficienbf determination (R). The resulting regression models from the calibra-
tion datasets were applied to ¢ghvalidation datasets and ana by linear correlation between
observed biomass and predicted biomass. The results are compared based on the root mean
square error (RMSE), relative error (RE in %) and standard error (SE), which egstaisdael
deviation Table5-4).

Table5-3: Coefficients of determination #for PH (CSM and ground reference, linear regression) and aigovend

fresh and dry biomass (exmmential regression) for all plots (n = 216); lin. = linear, exp. = exponential; p < 0.000
all Re.

23 PHet (M) PHsm(m) |Fresh Biomass (kg/m?) |[Dry Biomass (kg/m?)
PHer (m) 1
PHesm(m) 0.92 (lin.) 1
fresh biomass (kg/m?)| 0.76 (exp.)] 0.81 (exp.) 1
dry biomass (kg/m?) | 0.79 (exp.)[ 0.82 (exp.) 0.67 (lin.) 1
5.3 Results

5.3.1 PlantHeight and Biomass Samples

The test site was flown seven times between/Afil and 23July 2013, at 50 m above ground

level, of which the first dataset served as the naygetative ground model. Descriptions of the

dataset are given ifiable5-1. Destructive biomass sampling was carried @uNJ & . A 2f 2 3A 4 OK S
desanstalt, dzy RSa a2 NI Syl Y& dzyR /| SYA X8Khat edusl Relzdl-0 NR S €
ering until ripening stage. Fro2b June onwards, lodging occurred in the plots with four of the

old cultivars (D, 11, 12 and 14 iRigure5-1).
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Table5-4: Regression characteristics of observedrsuspredicted biomass. M1: 70% calibration, 30% validatio
M2a: model for 40 kg N/rAapplied on plots treated with 80 kg N/#) M2b: model for 80 kg N/rhapplied on plots
treated with 40 kg N/n#; M3a: model for old cultivars applied on new cultivars; M3b: model of new cultivars appl
on old cultivars. n = sample number of validation dataset; SE = standard error, efficient of determination;
with p < 0.0001; RMSE = root mearusge error; RE = relative error.

Calibration/Validation Regression Model n |SE (kg/M) [R |RMSE [RE (%)
Dataset (kg/m?)

Fresh Biomass

M1: 70%/30% BIOM = 0.642 x exp(PH x 3.08[ 66 | 3.21 0.71] 1.95 160.87
M2a: 40/80 kg N/d  |BIOM = 0.534 x exp(PH x 3.41/108 | 3.46 061 235 [67.72
M2b: 80/40 kg N/ri BIOM = 0.741 x exp(PH x 2.85{108 | 2.97 0.71| 1.60 [54.04

M3a: old/new cultivars |BIOM = 0.690 x exp(PH x 3.08|120 | 3.49 0.61( 2.15 (61.50
M3b: new/old cultivars [BIOM = 0.591 x exp(PH x 3.13] 96 | 2.87 0.72 1.77 |[61.79

Dry Biomass

M1: 70%/30% BIOM = 0.073 x exp(PH x 4.30[{ 66 | 0.77 0.60| 0.59 [76.50
M2a: 40/80 kg N/m BIOM = 0.057 x exp(PH x 4.92(108 [ 0.98 0.49| 0.83 |[84.61
M2b: 80/40 kg N/r BIOM = 0.083 x exp(PH x 3.96{108 | 0.61 0.61]| 0.42 |68.41
M3a: old/new cultivars |BIOM = 0.081 x exp(PH x 4.24|120 | 0.67 0.39( 0.54 (79.88
M3b: new/old cultivars [BIOM = 0.063 x exp(PH x 4.46|/ 96 | 0.83 0.68 | 0.64 (76.28

1,00 y = 0.817x

R?*=0.92

80-{ n=216
= ;
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Figure5-3: Scatter plot for PRsand PRswmfor all plots (n = 216). R= coefficient of detemination; p < 0.0001 for
all rRe.

We compared the PH derived from the CSMddHo the reference measurements on theound
(PHer) (Table5-2, Figure5-3). In general, P&vis about 0.1 m lower than Rddsince the CSM
represents the entire relief of the crop surface, not only the highest points of the plants (see the

Discussion). The coefficients of determination are classified hereafter as Rigl0(R, medium



Estimating Biomass of Barley Using Crop Surface M{dglgls) Derived from UAB&sed RGB
Imaging| 70

(0.5 < R<0.7) and low (R 0.5). A high linear correlatiarf R = 0.92 is observed between B
and PH; (Figure5-3). The overall standard errors (SEs) are similar for thenRithd the Pl
with 0.25 m.

The average fresh (and dry) biomass ranges between 0.2 and 8.3 (0.03 and 2.7@yikgyan SE
of 1.96 (0.68) kg/rh The exponential regression between Bidand PHy and fresh biomass
shows a high correlation ofR 0.81 and 0.76. The correlation issar for dry biomass with an
R of 0.82 and 0.79.

5.3.2 Biomass Modelling

5.3.2.1 Model Development

In the first step, five exponential regression models between observed fresh and dry biomass and
PHswwere developed and evaluated by their coefficients of deterniora({R) (Figure5-4). For

Model 1 (M1), the data were split into a 70% calibration and 30% validation dataset by picking a
randomized calibration daset of 25 out of 36 samples for each date. For Models 2a and 2b, the
data were split into a calibration dataset of 40 kg R{M2a) and 80 kg N/f{M2b). The calibra-

tion dataset for Model 3a (M3a) consists of the old cultivars, and for Model 3b (M3ionsists

of the new cultivars. M1 yielded art & 0.79 for fresh biomass and 0.81 for dry biomass. M2a has

a correlation of 0.84 for fresh biomass and 0.87 for dry biomass. For M2b, the correlation is 0.79
for fresh biomass and dry biomass. M3a producedReof 0.78 for fresh and 0.73 for dry biomass

and M3b 0.84 and 0.89. Note that all models are based on a different number of samples varying
from 96 to 150 according to the experimental design. As we can seeHigune5-4, the values

tend to scatter increasingly for the later sampling dates.

5.3.2.2 Model Application

In a second step, the derived regression models from the calibration datasets were dpyitied
validation datasets for all models (\¥3b) (Figure5-5). The correlation between observed bio-
mass and predicted biomass is displayet@iable5-4 andFigure5-5. As we can see, th@ediction

of fresh biomass had the highest\Rilues in the models, M3b (0.72), M2b (0.71) and M1 (0.70).
The models M2a and M3a show medium correlations (0.61). In combination with the RMSE, RE
and SE error measures, the model M2b performs best (RM3Ekg/tr?, RE = 54.04%, SE = 2.97).
Model M2a fits worst with an RMSE of 2.35 kg/en RE of 67.72% and an SE
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Figure5-5: Crossvalidation scatter plots for observed fresh and dry biomasssuspredicted biomass derived fromr
validation datasets MtM3b (details inTable5-4); p < 0.0001 for all R
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of 3.46 kg/nt. Again, the scattering of values increases with progressing vegetation stages. For
the dry biomass, M3bi2b and M1 show a medium?R0.68, 0.61 and 0.60), while the other
models have a low correlation (0.49, 0.39). The regression characteristics show that M2b fits best
to the biomass samples (RMSE = 0.42 RgRE = 68.41%, SE = 0.61), and M2a fits worst (RMSE =
0.83 kg/m2, RE = 84.6d, SE = 0.98 kgfin The fit for the dry biomass models is 5 to 10% lower

than that of the fresh models for each model.

5.4 Discussion

The CSM plant height (B&) strongly correlates with the reference measurements pH
(R =0.92). For comparisoffHLERET AL (2008 achieved a coefficient of determination of 093
0.99 in oilseed rape, winter rye and winter wheat using a greoagid, norrdestructive laser
rangefinder.BUSEMEYER ET.AR013 state an Rof 0.97 in triticale using breed vision, a multi
sensor grounebased measuring platform consisting of a laser distance sensattrasonic sen-
sor, a light curtain and a hyperspectral camera. However, grtnasegd methods can only be used
in the accessible parts of a field and, thus, require interpolaflBRENZDORER ANIZACHARIAS
2014).

In this study, the Ptiurepresents the mean plant height (PH) of all GrfJixels in a plot. As a
result, not only the top of the plant, for example the ears, is measured, but also the lower parts,
like the leaves. Consequently, the detail otRib higher than Pk, becausd’Hsvcontains more

than one pixel per plant and, thus, not only the maximum height. In this context, the method for
the PH reference measurements in the field should be discussed. Manual PH measurement is of-
ten subjective when the height is varying iplat (SCOTFORD ANAILLER2004). The results indicate

that measuring 10 randomly chosen single plants does not produce a representative mean of the
plot. To solve the problem, a transect could imeasured every 0.05 m to better cover the can-
211 Qa KSGSNRISySAGed ! y2UKSNI AYLERNIFYyG FFOG2N
From our experience, wind primarily causes a shift in tyedirection and does not significantly
influence PH mesurements. The main constraint of the dataset is the lodging cultivars. A way to
mitigate the effect of lodging can be to use the average maximum PH instead of the average mean

PH. However, the objective of measuring PH by 0&3éd imaging was satisfadlgrreached.

CSMs allow spatial variation in PH, plant growth and, accordingly, biomass and yield to be identi-
fied. This ability is positive in comparison to peiwise samplingLAUDIEN ANIBARETH 2006),

where a high number of samples would be needed to allow for a comparable analysis. Even in
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smallscale field studies of <1 ha, the number of samples that can be collectedanageable
amount of time is limited. The number of samples might influence the comparison ofwisat
biomass sampling and spatially measured &fekived biomass. In this study, the sampling area

did not influence the model development, since itsxseparated from the measuring area.

The regression models for biomass estimation show that all models perform differently. The high-

est R occurs for fresh biomass in M3b?@®72, RE 61.79%) and M2l¥ (R71, RE 54.04%). The

model quality for the dry bimass is generally lower, as is reflected in the high relative errors
N}Yy3IAy3a 6SG6SSy cy YR yp:r:d ¢KS Y2RStaQ YIAy f
11, 12 and 14. Note that Cultivars 10, 11 12 and 14 belong to the class of old culinassatter

plot in Figure5-6 shows the general exponential trend of the ntmuging plots (blue dots) and

the scattering lodging plots (red dots). We removed the lodging cultivars from model M1 and
achieved an Rof 0.88compared to 0.81 for the relationship between dry biomass andsRH

Similarly, for model validation 2iicreases from 0.60 to 0.64. This observation can explain the big
differences between M3a and M3b, where the dataset was divided into old and newacslt

Therefae, the best performing modeM3b, for fresh biomass is possiblylirenced by the lodg-

ing effect.
3.0 O non-lodging
O lodging
E
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n
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Figure5-6: Scatter plot for dry biomassersusCSMy lodging and nonlodging plots; n 216.

Comparable results from UAbAsed imaging are currently limited to the study GYeENZDORFFER
ANDZACHARIA$2014). They found relationships of 0.6 and 0.76 between PH and yield in a grass-

land experiment. Most other studies focus on terrestrial laggmnsing (TLSYILLY ET A2014)

estimated bomasswithan® ¥ noddpn Ay I O2YLI NR&A2Yy o6S06SSy |
field for paddy rice. In the study lhwMME ET AL(2008), a comparison of PH and estimated grain

yield in barley, oat and wheat ugjra laser scanner mounted on a rack led to Abheé®ween 0.88
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and 0.95. The results indicate that TLS yields higher accuracies in biomass estimation. However,
the number of samples was slightly lower in the studyibyy ET A(2014) (n = 72, n = 90) obtained

in a shorter observation period (21 Jw@i® July 2011) with only three measurements and only
three cultivars, as opposed to 18 in this studymmME ET AL(2008) used three types of crops with

five treatments (n = 15) in six scans during the growing period. Furthermore, no lodging was re-
ported for the comparative studies. Lodging and differences in plant development of the ultiva
clearly influence biomass and PH. The results presented here need to be evaluated for field scale
studies of multiple years to verify transferability. Several factors, such as water supply and tem-
perature, soil type and status, the type of crop and giileenology, which are commonly consid-

ered in crop growth model§0 EVERS ANIDNGSCHAAR2001L, CONFALONIERI ET.ARO11), are not

investigated here.

Both methods, the UAYased CSM and the Fh&sed CSM, produce highly detailed point clouds.
Comparisons of Th&rsusthe UAVbased SfM approach show that competitive results can be

achieved for excavation sitdBONEUS ET A12011), dike inspection (SE 0.0d204 m)(NAUMANN

ET AL 2014) and landslides (RMSE 0.31 (N)ETHAMMER ET Al2012), although the pointdensity

is considerably lower for the UAbAsed approach. On the other handf)FLE2014) suggests that

occlusion effects of TLS are possibly avoided in the UAV approach. Data collected with UAVs might

be less accurate, but UAVs offer the advantage of a fast, inexpensive andflagihle data col-

lection method that can easily coverdgr areas. Data acquisition of 1 ha takes about 2 h with TLS

and 20 min with a UAV, assuming that the allowed time for ground control measurement and data
FylLfeaAra Aa SljdzZ t® t dzNOKFaAy3 | &dz idstiudNd | &SN
syl SY OFy 6S 0602dzaK{ FNRY n nsOktokepkr, ikciidng dafopilgf 3 |y W
OGMpnn e€0X DtNE oboHvn €ed IS oG KMEISA NB EZ &S Qpyid NS 3.
| A{A3IKG {[wHT npn &«Da&/ aBym@mP2 Nh o tahatdnia PufilR ©@E1$ ¥z A 6 t
TKHA YYT ocp €0 ' oTHp €0® -§fflagddedding oeciahiding 2 G & |
make data acquisition with a UAV feasible without intensive training, they will become directly

applicable for a farmer or neprofessional seree providerdSVAIN ET AL 2010 in the future.

In this study, uncertainties occur both in PH modelling and biomass timgd&lhe main constraint
of the dataset are the lodging cultivars. Lodging caudewar average PH than expectéeigure
5-6) and, thus, weakens the relationship between biomass andileHRE = 0.61 compared to
0.64 for dry biomass M1). In addition, it appears fribigureb-4 that scattering increases after PH
reaches 0.5 m. This height is reached at the heading stad®eb-1). The standard error of Rkl
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varies between 0.007 and 0.019 m across growth stages and does show an increasing trend. Thus,
a reason for the increased scattering is the higher SE in obtained destructively measured biomass.
The SEoubles from 0.025 to 0.053 kgfwhen it reaches the heading stage. Therefore, it seems
that growth stages influence the prediction accuracy due to increasing spatial variability. Gener-
ally, the robustness of the method must be further investigated, asnlyused data from single

experiment in one year.

5.5 Conclusions and Outlook

In this study, we introduced a simple method for estimating biomass based on plant height derived

from crop surface models. First, it was demonstrated that unmanned aeriatle (UAVbased

red, green, blue (RGB) optical images are highly suitable for deriving barley plant height (PH) from
multi-temporal crop surface models (CSMs) with a super high resolution of 1 cm on the field scale.
The PH can bmodelledwith a very ligh accuracy for different growth stages using theged

high resolution images R 0.92). The CSMs cover more details than peise ground measure-

ments, where a lower mean PH per plot is obain

In the second step, a new method for estimating crigniass based on PH was tested. Five linear
models for estimating abovground fresh and dry biomass veedeveloped and tested through
crossvalidation. The models explain 6892% of the fresh and 39%%8% of the dry summer bar-

ley biomass variability in a ntrolled field experiment with 18 cultivars and two treatments
throughout the vegetation period (May to July, 2013). The coefficients of determination
(R =0.31¢0.72) demonstrate that Ptterived from UAbased images is a suitable indicator for
biomass. fie model quality is limited through the lodging of four cultivars and increased biomass
scattering after the booting stage. The results presented here need to be evaluated in multiple

year fieldscale studies to ensure model robustness and transferability.

Improvements should be made in UA¥sed image collection by using an inertial measurement
unit (IMU) in combination with a global positioning system (GPS) on th@ktékopter. The com-
bination enables direct georeferencing of the images with cm accufid@t way, the ground con-

trol points can be omitted, which speeds up both the data collection and the data processing. The
first studies(ELING ET AL2014 2013 PFEIFER ET A2012 TURNER ET AL2014b show that this
approach is close toperational us¢COLOMINA ANIMOLINA 2014). In a next step, the results from

this study will be combined with (hypérspectral measurements for the calculation of vegetation

indices. Vegetation indices can serve for the estimation of plant parameters, like chlorophyll or
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nitrogen concentrationGNYP ET AL20143 YU ET AL 2012. The first results from UAbased hy-
perspectral fulframe imaging have been publish@@hRETHET AL 2015 HONKAVAARA ET ARO13).
Furthermore, vegetation indices in the visible domain have potential in crop monit@ugrir

ET AL 2013 2005. Ultimately, the analysis of single growth staglesgd be performed.
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Abstract:In this study we combined selected vegetation indices (VIs) and plant height information
to estimate biomass in a summer barley experiment. The VIs were calculatedfoomd-based
hyperspectral data and unmanned aerial vehicle (U#adedred-greenblue (RGB) imaging. In
addition, the plant height information was obtained from UB&sed multitemporal crop surface
models (CSMs). The test site is a summer barley expetiomanprising 18 cultivars and two ni-
trogen treatments located in Western Germany. We calculated five VIs from hyperspectral data,
of which the GnyLi showed the highest correlation (R?=0.83) with dry biomass. In addition, we
calculakd three visible band I8: the Green Red Vegetationdex (GRVI), the modified GRVI
(MGRVI) and thRedGreenBlue VI (RGBVI), whereas the MGRVI and the RGBVI are newly devel-
oped VI. We found that the visible band VIs have potential for biomass prediction prior to heading
stage.A robust estimate for biomass was obtained from the plant height models (Rz8B3)

In a cross validation test, we compared plant height, selected VIs and their combination with plant
height information. Combining VIs and plant height information &ipg multiple linear regression

or multiple nonlinear regression models performed better than the VIs alone. However, only in
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two cases the relationship was stronger than for the plant height alone. All visible band VIs pro-
duced varying results both inétmodel development and in the model application. Especially the
performance of the GRVI and the newly developed RGBVI should be further investigated. In sum-
mary, the results indicate that plant height is competitive with VIs for biomass estimation in sum-
mer barley. Moreover, visible band VIs might be a useful addition to biomass estimation. The main
limitation is that the visible band VIs work for early growing stages diigre should be more
studies examining these simple and cost effective methogsdoide improved applicability.

Keywords:vegetation indices; visibl&jAV; remote sensing; biomass estimation; crop surface
model

6.1 Introduction

It is a weHknown fact that biomass estimation is crucial for yield prediction of c(GE&KE ET AL
2010. Crop parameters, like biomass, are frequently used to assess crop health status, nutrient
supply and effects of agricultural management practi&sAMCHUK ET AL2010. For manage-
ment optimization, the nitrogen nutrition index (NNIDagk a key roléCHEN ET AL2010 TREMBLAY

ET AL 2011). Biomass is needed for calculating the XIEMAIRE ANKBASTAL1997). A wellestab-
lished method for biomass estimation is the calculata@nvegetation indices (VIs) in thear
infraredregion (NIRJQI ET AL 1994 ROUSE ET AL1974), here defined as the range between 700
and 1300nm (KUMAR ET AL.2001). Field spectroradiometers are commonly used for the collection
of hyperspectral reflectance data thateaused for such calculatiof§LEVERS ANIDNGSCHAAP
2001, KUMAR ET AL.20021; RoYO AND/ILLEGAS2011). An alternative possibility is to model biomass
using plant height informatiorLluMME ET AL(2008 and TiLLY ET A2014) demonstrated the suit-
ability of the method in wheat, oat, barley and paddy rice. Plant height information is most useful
when it is available at high spatial and temporal resolution. The method of-teaifboral crop
surface models (CSMs) derived from @aint clouds delivers the desired high resolution. The
method was studied for different crops IHOFFMEISTER ET. £2013 2010 for sugar beetTiLLY ET

AL (2014 for paddy rice andBENDIG ET A(20143 2013 for summer barley. For satl fields of a
few hectares, suitable data collection platforms can be grebaskd like terrestrial laser scanners
(HOFFMEISTER ET,AZ013 KRAUS2004 TiLLY ET AL2014) or airborne like unmanned aerial vehicles
(UAVS)BENDIG ET AL20143 2013. Through the availability of high resolution consumer digital
camerasred-greenblue (RGB) aerial imaging with emsolution can easily be obtained using
UAVS(DCDLEIREOLTMANNS ET AL2012 LUCIEER ET A2014 NEITZEL ANBLONOWSKI2011). At the

same time, the emergence of structure from matigSfMibased softwargDANDOIS AN LIS
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2010 VERHOEVEN2011]) speeded up data processing for 3D point clouds and super high detail
orthophotos. Visible ban®fls (Mh9 may be calculated from the orthophotos as demonstrated by
HUNT ET AL(2014 2005. MOTOHKA ET A2010 use RGBmagery obtained from a tower. How-
ever, such studies are rarely done fanallscale field trials. Neanfrared VIs (\Mdr are more
widely used because of the deviation between red and NIR reflection in green vegéBatnnRI

ET AL 1995. In addition, smaller, but significant spectral differences in the visible bands exist,
caused by biochemical plant constituersuch as chlorophylHATFIELD ET AR008 ROBERTS L,
2011). Consequently, it is worthwhile investigating ifistan compete with Wlrat biomass esti-
mation. Furthermore, the Vikand the plant height information can be obtained from the same
dataset suggesting to combine both parameters to pdgsiprove biomass estimatiosccord-

ing toKOPPE ET A(2013, a combination of parameters can improve the model quality of biomass
prediction. Similarly, this approach can be trimeed to this study. In this paper we shall investi-
gate the possibilities of usingnAcalculated from hyperspectral reflectance data ands¢alcu-

lated from noncalibrated RGB images in combination with &&ded plant height information.

6.2 Materialsand Methods

6.2.1 TestSite

The study site is based at th€ampus Klewhltendorf agricultural research statiod@ p nc o T Qb X
C C | dalftude 186m), located40 km south of Cologne, Germariyp 2013, 18 summer barley
(hordeum vulgargcultivars were planted, of which 10 were new cultivars and eight are old culti-
vars(Figure6-1, BENDIG ET AL20149. They were treated with two levels of nitrogen fertilizer (40
and 80 kg N/ha). The experiment is organizesdifwe used 36) small 3»¥ plots with a random-
ised order ofthe cultivars. Seedlings were planted witB00O plants/m? and a row spacingf
0,104m. In addition, the plots are divided into35 m measuring aredor PH and reflectance
measurements and 8x2m sampling aredor destructive biomass sampling. Biomass samples
were taken frequently from April touly in 36 of the plots. For the UAV image collection, ground
control points (GCPs) were evenly distributed across the flagu(e6-1). The positions were
taken using &liPe®Pro TopcoGP$Topcon Corporation, Tokyo, Japarith 0.01 m horizontal

and vertical precisiorLater, the GCPs were identified in the images and used for georeferencing.
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Figure6-1: Test site: summer barley experiment at Campus Kialtendorf agricultural research station in 201!
(BENDIG ET AL20143); GCPs = ground control points uskd crop surface model (CSM) generation.

6.2.2 Biomass Sampling and BBCéhBurements

A destructive sample of 0.2x0n2 above ground biomass was taken in the sampling area for each
date Figure6-1). The sampling dates were within one day before or after the UAV campaigns and
the field spectroradiometemeasurements. For the fresh biomass, the samples were cleaned, the
roots were clipped and stem, leaves and ears were weighed. In a next step, the samples were
dried at 70°C for 128 and dry biomass is weighed again for each plant orgha.weights are
extrapolated to kg/m2 for analysi®lantgrowth stages were determined accordingtothe. A 2 f 2
gischeBundesanstaltBundessortenamtun€Hs YA 4 OK S BBUBistzl el ANBASHRE BY. AL

1991) along with PH measurementghree plant representatives for the crop stawere chosen

for each plot.

6.2.3 UAVbased Data @lection

The UAV used in this study israulti-rotor MK-Oktokopterby HiSystems GmB{BENDIG ET AL
2013. It is equipped with an RG&nsor, a 168Megapixel Panasonic Lumix GX¥1.{7 aspheric
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(ASPHIlixed 20 mmlens) digital camera thais attached to the UAV on a gimbal. The gimbal com-
pensates for the UAV movement (pitch and roll) during the flight and guarantees close to nadir
image collectio(BENDIG ET ALl2014a). To trigger the sensor, we used the UAV's remote control.
Images are captured at 2 frames per second (fps) with the camera set to a fixed aperture and
exposure time at 50 m above ground level (AGL). An autopilot was used for waypoint navigation
to achievethe desired coverage of the A@n 30April2013 anonvegetationground model was
recorded in a flight. Data fromixflights (15 May, 28 May, 14 June, Afe,08 Julyand 23 July

were used for the plant height derived from the CSMd&H

6.2.4 FieldectroradiometeMeasurements

Barley canopy reflectance was sensed witth&D FieldSpespectroradiometefAnalytical Spec-
tral Devices, Inc., Boulder, CO, USAE FieldSpec3 is a passive field dethagis dependent on
solar or artificial illuminationThespectroradiometermcquired the reflectance in thwavelength
domain of 3562500nm with three detectors, one for the visilnearinfrared (VNIR: 350
1000nm) and two for shomaveinfrared (SWIR1: 1001830nm, SWIR2: 1832500nm). Ech
detector isequippedwith 19 silica glass fibre$he FieldSpec3 has a hrh samping interval in
the VNIR and Bm sampling interval in the SWIRar continuous measurements of the same foot-
print, the spectroradiomete’s fibre probe was fixed on an orthogonal constion with alm
sensorcanopy distance (d)LAUDIEN ANIBARETH2006), and the same field of viewf 25° (a) was
used. Hace, the acquisition geometry is described by (d) and (a), resulting in amdZgdEnple
areawith a 44 cm diameter at the barley canopy surface. The hyperspectral dataawtnmati-

cally subdivided into hm narrow bandusing a seffiriven method of theASD.

Reflectance measurements were takieetween 11 a.m. and 2 p.m. local meamé under solar
iluminationat the study site Calibration measurements weoarried outwith a Spectralon (pl-
ytetrafluoroethylene(PTFE)jeference panel (white colour) areddark current at least every 10

15 minutes, depending on illumination changes. In the ASD RS3 software, twenty sample counts
were set for a calibration and ten samples counts for the reflectance measures at each scanning
position of the barley canopy. Win one experimental plot, six scanning posisomith repre-
sentative plant growth were selected randomly and the six reflectance measurements were aver-

aged to one value.
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6.2.5 Plant keight generation from CSM

In a first step, e collected images were mosagtin thestructure from motion $fM)-based soft-

ware Agisoft PhotoScan ProfessioffERHOEVENR011). For georeferencing the mosaity@ GCP
positions wereémported and projected to the images after once placed on one infHgEIEER ET

AL, 2014). Additionally, the positions are checked and adjusted manually. The software uses
matching features in the images to perform a bundle adjustmenttargoint cloudgeneration
(SONA ET AL2014). Finally, a digital surface model*TIFimageformat is exported, which con-
tains the crop surfacenodel (CSM) information at a 0.01 resolution.In addition, orthophotos

are generated using the software's 'mosaicing blending mddethis mode, the software uses

the pixel value of the most appropt@&photo, in the case of overlapping photos, to calculate the
orthophoto (AGISOFLLC2014). The orthophoto is theexportedin *TIFimage formatat 0.01m

resolutionfor the Vi scalculations.

For the derivation othe PHsy we used the workflow ifEsri ArcGIS® 10.2igscribed inBENDIG
ET AL(2013. An area of interest (AOI) is defined by the outline of the measuring area of the plots
which is buffered by a 0.3 msidebuffer to exclude the plot boundaries and the samplingaa
To get information of the PH, each CSM (for each date) was subtractedafram-vegetation
ground mode(BENDIG ET Al2014a). In a last step, the medPH:svfor each plot was averagddr

each date.

6.2.6 Vegetation Indices

6.2.6.1 Nearinfrared Vegetation Indices

In this study we examined the correlation of differemtarinfrared vegetation indiceqVhir
which are reported to be well correlated with biomassleaf area indexL(A) (THENKABAIL ET AL
2000. These ar¢he normalized difference vegetation indeXV), the soil adjusted vegetation
index SAV), modified SAVIMSAV) andoptimized SAVIQSAV) (Table6-1). The NDV|ROUSE ET
AL, 1974 is the most popular MPETTORELL2013) but its goplicability is limited by atmospheric
influences, soil reflectance in the spectra and saturation with the occurrence of high biomass val-
uesin later growth stage$CAR_ SON ANIRPLEY1997. HABOUDANE2004). The SAHUETE1988),
MSAV(QI ET AL 1994 and OSARONDEAUX ET AL1996) are based on the NDYut include cor-
rection factors for the soil reflection in the spectia addition,we calculatedhe GnyLi{(GNYP ET
AL, 20149 that is based on thenormalised ratio indexNR) equation (THENKABAIL EAL, 2000.

The GnyLexploits the difference ofwo reflection and absption features around 900 and
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1200nm. The reflection peakt 900nm is caused by the intercellular plant structykghile the
reflection minimum between 970 and 1200 nm is affected by plant moisture, cellulose, starch and
lignin (QURRAN 1989 PU ET AL 2003. In contrast to NDVI,/A8/I, MSAVI and OSAVI, the GnyLi is
calculated from narrow bands in the NIR domain only.

Table6-1: Nearinfrared vegetation indices (WIr used in this study where R = reflectance (%®=Red (636690

nm), Rur= nearinfrared (7061300 nm), R= reflectance in a narrow band e.g180= 1220 nm, L = constafitiuete,
1988)

VI Name Formula References
(ROUSE ET AL1974)
NormalizedDifference Vege Y Y
NDVI ) N Y
tation Index
(HUETE1988)
Soil Adjusted Vegetation In] b Y Y
O =
SAVI dex p N v 5
(Q ETAL1994)
MSAV| Modified SAVI nopy hA HY B WY W AR g
(RONDEAUX ET AL
OSAY Optimized Soildjusted Veg o B @i YooY 1996)
etation Index Y Y m™e
(GNYP ET AL2014)
— Named by the developers Y o WY Y &Y
nyLi ; = ; =
Y Gnyp and Li Yo oY Y oY

6.2.6.2 Visible Band Vegetation Indices

ThreeVhiswere calculated from the orthghotos (Table6-2) based on the ND\dquation (Mo-

TOHKA ET AL201Q TUCKERL979. Thegreen red vegetation indeXsRWI (TUCKERL979 is used as

a phenology indicatoand has potential for biomass estimati¢@HANG ET AL2005 HUNTXR ET

AL, 2005. Advantageous is the exploitation of the high reflection of pantthe green (around

540 nm) and the absorption in the red and blue part of the visible spectrum{@0Gm) through

plant chlorophyllGao, 2006 GITELSON ET AR00Z2 MOTOHKA ET AL2010). Squaring the reflec-

tance helps to amplify the differences between red, green and blue reflect&ased on these
assumptions, we developed two new VIs. The modified GRVI (MGRVI) is defined as the normalized

difference of the squared green reflectance and the squared red reflectance. To capture reflec-
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tance differences due to chlorophylabsorption (20, 490 and 660 nm) and chlorophyab-
sorption (435, 643 nmKUMAR ET AL 2001), we further introduced the neiRedGreenBlue Veg-
etation ihdex (RGBVI). The RGBVI is defined as the normalized difference of the squared green

reflectance and the produdaf bluexred reflectanceliable6-2).

Table6-2: Visible band vegetation indices (M9 used in thisstudy where R = reflectance (%) Rred, R = green,
Rs = blue. Red, Green and Blue are the DN in the respective channels extracted from the orthophotos.

Vi Name Formula References
YooY (TUCKERL979)
GRVI Green Red Vegetation Index VY
MGRVI | Modified Green Red Vegetation Inde i 0 i 2 introduced here
RGBVI Red Green Blue Vegetation Index :(( 0 i i i introduced here

To calculate the Vikwe processed the abouwmentioned orthophotosin Esri ArcGIS® 10.2.1 by
dZa Ay 3 (KS LINE I N¥te©@QactechtiBRiBatt digil huRiSerI(DN) for eabland
(red, green and blue) by convertitige *. TIFfilesto float files (*.FLY(Figure6-2). The equations

in Table6-2 served as input to the raster calculator that wased to calculate the M§ To obtain

da™y

the mean for eaclplot, we used thecommand¥onal statistics astalle® 2 S NB LIS § SR K

for eachVlisand each orthophoto by employing an iterator.

! ArcGIS 10.2.1 |
| AOl.shp |
| |
| |
| Raster to Raster Zonal |
| Float Calculator Statistics |
| single channels VI calculation VI per plot |
[ for red, green |

and blue J

L—————————————————————

Figure6-2: Workflow for Visscalculation. (AOI = old and new cultivars Trable6-2).

6.2.7 Statistical Aalyses

The statistical analyses weexecutedin Microsoft® Excel® 2013 and IBM® SPSS® Statistics
22.0.0.0 Depending on thgrowth stagesye calculateda simple linearegressioror exponential

regression(HANSEN ANISCHJOERRIN@0OJ) for dry biomassand the Véand PHsu(Table6-3). To



Combining UAMased Crop Surface Models, Visible and Near Infrared Vegetation Indices for
Biomass Monitoringn Barley] 91

investigate theinfluence of combing ¥land PHsywwe computeda multiple linear regression
(MLR) was calculated in additidPrevious studies have shown that the relationships between the
biomass and élor PHare often nonlineaTHENKABAIL ET A2000). Therefore, a multiple non
linear regression (MNLR) model was emplogdditionallyto estimate the biomass. The nonlin-
ear model is a quadratic regression mo(BERTHOLD ANHAND, 2006) using two variables and it

takes the form of the following equatiofEquation6-1),
U r 19 1@ 1990 [ O r @ (6-1)

where y is the biomass, andwand x, are the PHsyand VI values, respectively. The model coef-
ficients{ Z X 3 were determined for the nonlinear regression model based on the calibration

dataset. All processes tife nonlinear model were implementdd the SPSS software package.
6.3 Results

6.3.1 Plant Height and Biomasarfiples

On eacHlight datebetween 200 and 80photosof the field were takepresulting in a point den-

sity between 2653 and 345pt./m2) and a mean of @images covering the same part of the AOI.
To cover the AOI, we undertook two consecutive flights with an average 5 min flight time per flight
on each date around 9 a.m. local mean time (2 p.m. on 14 Lidyjting conditions were homo-
geneous for all fijhts except 25th Junén 2%h June, the lighting conditions changed between
flight one and flight two. We excluded images from the second flight to maintain radiation homo-
geneity. From25 Juneonwards,lodging occurred in the plots with cultivai®, 11,12 and 14
(Figure6-1, details in(BENDIG ET AL20143), resulting in lower PH an@flection changes in the
affected plots Theaverage measureBHsuvariesbetween0.14 to 1.00 m with a standard error
(SE) of 0.25 nT.he biomass samples of plots 7 and 46 on 08 July were identified as erroneous and
therefore excluded from further anadjs. The averaged dry biomass ranges from 0.03 to 2.70
kg/m? with aSEof 0.68 kg/m?

6.3.2 Biomass Mdelling

6.3.2.1 Model velopment

Biomass modelling was carried out from W&y until 08Wdzf & H n Mo Ona283uly, the RI G QU
ripening crop substantially yellowedBBH Stages #80) and was thus unsuitable for biomass

estimation from VI®# ¢ KS NB adzZ 6a LINSBaASYGuSR 0St2¢ INBE RAQ
KSFRAY3AQ o0y I wmMny03Z ¢May Kntil 9aJiMs 20K SdueRtd sigaifRanty2 @ S N
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changing prformance of the \Wiswith the beginning of the heading stage. The general relation-
'y SELRYSYdGAlf GNBYyR

ship between dry biomass and the VIs or the &R | &
FYR I fAYSFENI NBYR Ay (GKS WLINBE KSIRAYy3IQ Oflaao

The coefficients ofletermination R2)for the exponential regression (ER) and linear regression

(LR) betweerthe PRsvand dry biomasandVisand dry biomass are presentaudTable6-3. We

classifiedR? inhigh (> 0.7), medium (0.5R& 0.7) and low (<0.5) correlatioh y (G KS 9w WI f €
class, [gh correlationsvere found betweenPHsw(R?= 0.85) and th&nyLi(R?= 0.83) All other
combinations yieldd medium correhtions (SAVI, MSAVI and OSA&R? 0.540.6)or low correla-

tions (NDVI, GRVI, MGRVI, RGB¥; 0.120.41).LY G(KS [w 2F WLINBE KSI RAY:
found a high correlation between dry biomass and&#R2= 0.85) and GnyLR¢= 0.71) All other

relationships were medium (SAVI, MSAVI, GRVI, MBRY0.520.62)or low (NDVI, RGB\R2=

0.390.47).

Table6-3: Coefficient of determination (R2) and root mean square error (RMSE) for regression betdrgdsiomass

and either CSM derived plant height (Rél) or nearinfrared (Vivig) or visible band (M9 vegetation indices where
n = number of samples; ER = exponential regression and LR = linear regression.

VI/PHcsmver- | exponentialregression (ER) linear regression (LR)
sus all data pre heading all data pre heading
dry biomass | n=178 n =108 n=178 n =108
R? RMSE R? RMSE R? RMSE R? RMSE
(kg/m2) (kg/m2) (kg/m2) (kg/m2)
PHsm 0.85 0.324 0.81 0.112 0.65 0.311 | 0.85| 0.083
GnyLi 0.83 0.350 0.76 0.119 0.62 0.326 | 0.71| 0.113
» LNDVI 0.40 0.515 0.61 0.162 0.16 0.484 | 0.39| 0.164
—>§ SAVI 0.59 0.468 0.70 0.144 0.30 0.441 | 0.51| 0.147
MSAVI 0.60 0.466 0.70 0.144 0.32 0.437 | 0.52| 0.146
OSAVI 0.54 0.481 0.68 0.148 0.25 0.457 | 0.47| 0.153
» | GRVI 0.13 0.596 0.79 0.117 0.00 0.528 | 0.62| 0.130
f_ MGRVI 0.13 0.596 0.79 0.117 0.00 0.528 | 0.61| 0.131
RGBVI 0.41 0.439 0.67 0.156 0.33 0.434 | 0.47| 0.153

6.3.2.2 Model Aplication

Based on the results frorable 6-3, PHsy GnyLi, MSAVI, GRVI and RGBVI were selected for

model applicationThe dataset was divided into a calibration and validation dataset. The valida-

tion dataset consisted of theandomly selected cultivar, 6, 13 and 18 (two old and two new

cultivars) while the remainingeultivarsserved for the calibrationWe developed exponential re-

gression and multiple neh A y S NJ NE3INB&daaAz2zy o6ab[ w0 Y2RStAa F2N
ANBaaAz2y YR YdzZ GALX S fAYySINI NBINBaarzy odal[ wo
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models Table6-4) were then applied to the validimin datasets and evaluated by the relation

between observed and predicted biomagsgure6-3, Figure6-4).

Table6-4: Crossvalidation relationships between observed and predicted biomass (kg/m?) for selected vegeta
indices, Pidsurespectively and combinations of both; ER = exponential regression; MLR = multiple linear regre:
LR = linear regression; MNLR = multiple Hmear regression; n = number of samples; SE = standard error; |
coefficient of determination; RMSE = rontean square error; RE = relative error.

observedversuspre- regression model n |SE R2 |RMSE |[RE
dicted biomass (kg/m?) (kg/m?)|(%)
PHesm BIOM = 0.070xexPftsw4.155) 40| 0.56 |0.80 0.24 |44.61
GnyLi BIOM = 0.025xexp(GnyLix11.757) |40| 0.52 |0.65 0.30 |56.45
ER MSAVI BIOM = 0.001xexp(MSAVIx6.436) 40| 0.40 |0.22 0.46 |86.84
GRVI BIOM = 0.187xexp(GRVIx5.594) 40| 0.39 |0.00 0.53 |99.87
RGBVI BIOM = 0.062xexp(RGBVIx3.553) |40| 0.47 |0.59 0.32 |61.18
BIOM = 0.073+(1.200%ts)+(2.678>GnyLi)
GnyLi+Pkkwm +(11.109xPH:swGnyLi)) 40| 0.59 |0.74 0.26 |48.86
g +(2.743PHs\)+(21.811xGnyLi2)
o BIOM = 1.321+(4.24B%tsy)+(
< MSAVI+PEkr  3.910xMSAYH(4.403xPHsw MSAV)) | 40| 0.60 |0.77] 0.25 |47.87
MNL +(2.050PH:sm)+(2.865MSAVA)
BIOM =0.052+(3.146RH s\ +(2.229xGRY/
GRVI+Ptim +(-3.172xPHswGRV)) 40| 0.58 |0.74 0.26 |49.10Q
+(1.200xPHsi?)+(1.439:6GRA)
BIOM = 0.404+(1.66@¥tsy+(2.332xRGBY
RGBVI+Pd +(0.275XPHswRGBV) 40| 0.61 |0.84 0.21 |40.69
+(-0.285xPH:sif)+(2.508 RGB\A)
PHesm BIOM=1.009xPH+0.018 24| 0.22 |0.81f 0.09 |45.01
GnyLi BIOM=2.651xGny0i.196 24| 0.24 10.74 0.10 |51.3(¢
LR MSAVI BIOM=1.074xMSAN)L.651 24| 0.23 |0.72 0.11 |55.34
-g GRVI BIOM=2.240xGR\L032 24| 0.24 |0.76 0.10 |54.22
:é RGBVI BIOM=0.878xRGBVI140 24| 0.23 |0.64 0.10 |53.21
g GnyLi+Pkkw BIOM 6.909%xPldsm+0.324xGnyt).014 24| 0.22 |0.820 0.09 |44.43
MSAVI+PtsM BIOM A.139%PHsm0.220xMSAVI+0.174 | 24| 0.22 |0.78 0.09 |44.24
MLR GRVI+Ptim BIOM 4.077xPHsmv0.206xGRVI+0.029 | 24| 0.22 (0.79 0.09 |45.01
RGBVI+RHM BIOM 4.111xPHsw0.158xRGBVI+0.067| 24| 0.22 |0.78 0.09 |45.79
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Figure6-3: W! f £ R I { [n@lidaidn scatter plotsl@radtiserved dry biomass versus predicted biomass der|
from validation datasets listed imable6-4; p < 0.0001 for all R2.
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Figure6-4: Wt NB K S RA waidatio®$cattér dlotiddBbaedved dry biomass versus predicted biomass
rived from validation datasets listed iTable6-4; p < 0.0001 for all R2.

Inthe WI £ £ R IFigure®3), hé PHEv@nodél had a high fit with R2 = 0.80 and a low relative

error (RE) of 44.61%. Comparably high fits were found for the MNLR model combinations of
GnyLi+Pksm(R2 = 0.74, RE = 48.8686d MSAVI+Rism(R2 = 0.77, RE = 47.86%) and RGBW4#PH

Owuy I noynI w9 I nnandcd:0d / Rk wenig allbgva 0.64y G KS
with RE under 55.34%. The highest fit occurred for the GnytimRHLR model (R2 = 0.82, RE =
44.43%).
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6.4 Discussion

The primary aim of this study is to evaluate U#ased RGB imaging and two of its products: the
plant height (PH) and W4 Bothare available at caesolution. We compared the performance in
biomass estimation of PH, )\ high spectral resolution Mkfrom point measurements, and the
combination of the VIs with PH.appears from the results ihable6-3 and Table6-4 that CSM
derived plant heightRHsy and GiyLi are the most robust parameters for biomass estimation in
summer barley, while Pidvperforms slightly better than GnyLi. In addition, combinations of
PHsmwith Viisor Viirperformed beter than the Vs alone. In early growth stages, onlydbme-
bination of GnyLiPH:su(R2 = 0.82) yielded a slightly higithan the PHsu(R2=0.81).Although,

the RGBVI+Pduproduces a higheR?2than the PHsuwacross all growth stages, this result should

be regarded with cautionThe performances of the Wivary significantly between model devel-
opment and model application. Thus, strong relationships in model applications might be pro-
duced randomly. Generally, the statistically more complex MLR and MNLR produce robust results,
but a more significant effeavas expected. Positive examples for combining remotely sensed in-
formation from different sources are found in the literatufi€oPPE EAL, 2013 LIU ET AL 2006).

Most studies comparable to this one either investigate the relationship between PH and biomass
(EHLERT ET A2008 LUMME ET AL 2008 or the relationship between VIs and biomgBEINTR ET

AL, 2005 MOTOHKA ET A201Q TUCKER1979. GEIPEL ET A(2014) investigated yield prediction

from UAVbased CSMs andwéfor early growth stages in maize. They found a slightly higher cor-

relation between yield an&Hswvin combination with one of three tested W4

Of the Vilirinvestigated here, the GnyLi clearly outperformed the NBA&ed indices. This result
is consigent with a multiscale study for winter wheat, where the GnyLi outperformed 14 other
indices(GNYP ET AL20149. The NDVbased indices perform lower, due to the wkfiown satu-
ration effect.Similar results are reported BARET ANIBUYOT 1991, GNYP ET AL2014g HABOU-
DANE 2004 MUTANGA ANCSKIDMORE 2004). According to the statisticthe GRVI and MGRVI
showedno correlation and the RGBVI produced a low correlatiahe biomassafter the booting
stage 14 June 2013)Neverthelesshigh positive correlations were found until booting stage,
whichis importantfor fertilizer management to improve crop yieltlanagement recommenda-
tions show that summer barley is commonly fertilized after seeding and at the tillering(8age

ZERT ANBRAHM 2006). Additionally GHANG ET AI2005 state that booting stage is best suited for
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yield prediction using canopy reflectance. Similarly, studies in different crops and grasdes by
TOHKA ET A(2010), HUNT ET AL(2005 and TUCKEK1979 demonstrate that the applicability ofks

is limited to certain growth stages.

Generally there are noteworthy constraints in the Wdgeneration methodWe collected images

with fixed aperture and exposure setting but we calculated thgidm an image mosaic gener-
FGSR o6& !'3Aa2F0 tK2:G2{ OFy t NRTS4&ahapkessl2.6.Asza A y 3
a result, there is no radiometric correction for changes in lighting conditions between single pho-
tos. Changing light incidendatroduces bidirectional reflectance distribution function (BRDF) ef-
fects, even in close to nadir imagi(@RENZDORFFER ANEMEYER2011). Capturing the whole AOI

in one image can partly elimate the problem. Furthermore, no calibration between the images
was possible because no object of known reflectance was preseng.{ikealibration panels or
colored tarpaulins. Moreover, no investigation was made of the exact wavelengths coveresl by t
red, green and blue bands of the digital camera. A calibration of digital numbers (DN) in the images
with a monochromatic light source is highly recommendBldNT R ET AL 2005. Ultimately,
multi-year studies are required to evaluate and improve the method for obtainingftdim UAV

based RGB imagery.

Practically speaking, the datallection for hyperspectral reflectance data with a field spectrora-
diometer is more complex and tireonsuming than the data collection with a UAystem. A

field spectroradiometer produces point data, while UBased imaging has the advantage of cap-
turing more productively infield variability. Moreover, a field spectroradiometer is a sensitive and
SELISYyardS AyaildNHzySyld 6KAOK NBIdANBa &LISOAL €
vantage is the high spectral resolution of calibrated spectra. ®@mther hand an oubf-the-box

UAVsystem can be operated by a larger user group at a low cost. Besides, two parameters are

I Ol dZANBR gAUGK Yy ynne &aSyaz2zNIwwKAOK FfyY2ad LISNF

6.5 Conclusions and Outlook

The foregoing discussion has atteteg to examine the suitability of plant height and vegetation
indices in the visible andearinfraredregion in their suitability for biomass prediction in a sum-
mer barley experiment. We conclude that the GnyLi is a suitable indicator for biomass as well
UAVderived plant height from crop surface models. The GRVI and newly developed MGRVI and
RGBVI visible band vegetation indices are promising, also in combination with plant height. But

the indices need to be further explored due to varying performamspecially in later growth
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stages. Contrary to expectation, the combination of vegetation indices and plant height did not
significantly improve the model performance. A validation with data from multiple years and dif-
ferent crops is needed. Keeping inmaithat results are most valuable when obtained in a simple,
timely manner, the simple linear regression or exponential regression may be favoured over more
complex models like the multiple linear/ndmear regression. With regard to the tradeoff be-
tween cost for the sensor and complexity of the reflectance measurement, it is more productive
to use a combination of a UAV with a roalibrated optical camera. This observation does not
supersede hyperspectral measurements with high spectral resolution betpendsible domain.
Hyperspectral full frame cameras for UAVs are a promising development and combine advantages

of high spectral and spatial resolution, opening up new possibilities in crop monitoring.
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Summary Thenon-destructive monitoring of crop growth status with fietchsed or tractobased
multi- or hyperspectral sensors is a common practice in preceyoiculture The demand is given

for flexible, easy to use, and field scale systevith superhigh resolution(<20cm) or on single
plant scale to provide knowledge onield variability of cropstatus for management purposes.
Satellite and airborne systems are usually not able to provide the spatial and temporal resolution
for such purposes within a leaostapproach. The developments in the area of Unmanned Aerial
Vehicles (UABquipped with hyperspectral sensor systems may be suitdill that niche. In this
contribution, we introduce two hyperspectrélili-frame cameras weighing less than 1 kg which

canbe mounted to lowweight UAVs (8 kg). The first results of a campaign in JUng/2013 are
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presented and the derived spectra from the hyperspectral images are compared to related spectra

collected with a portable spectroradiometeFhe first results a promising.

ZusammenfassungLeichte und UAMetragene hyperspektrale, bildgebende Kameras zur Be-
obachtung von landwirtschaftlichen Pflanzenbestanden: spektraler Vergleich mit einem tragbaren
FeldspektrometerDie nichtdestruktive Beobachtungvon Pflanzeawachstum mitfeldbasierten
oder traktorbasiertenmulti- oder hyperspektralerSensorerist eine gangige Praxisder Prazisi-
onslandwirtschaft Um Wisseniber die Variabilitat desPflanzenzustandsn Feld furManage-
mentavecke bereitzustellen werden flexible, multitemporal einsetzbareind einfach zu bedie-
nendeSystemezur Erfassung ganzer Felaeit extremhoher Auflosung<20 cm) oderfir Einzel-
pflanzenbendtigt. Satelliterr und flugzeuggetragene Systersand in der Regalicht in der Lage
diese rAumlicheund zeitliche Auflosunfjir solcheAnwendungerbereitzustellen bzw. dies wére
mit einem nicht vertretbaren finanziellen Aufwand verbundBie Entwicklungeim Bereich der
UnmannedAerial Vehicle§UAV) sowie der hyperspektralen Sensortecheghénen genaudiese
Nischezu fullen.In diesem Beitragtellen wirzweihyperspektrale Kameramit einem Gewicht
vonweniger als kg vor, diemit leichten UAVH< 3 kg)geflogenwerden kénnenWir prasentieren

die ersten Ergebnisseiner Kampagnanm JuniJuli2013und vergleichendie aus derhyperspekt-
ralen Bilden abgeleitetenSpektren mitentsprechenderSpektreneinestragbarenFeldspektro-

meters.Die ersten Ergebnissind vielversprechend

Keywords UAV, sensors, hyperspectral, change detection, dtpiiey) CSM, plant height, 3D, ve-

getation index, crops

7.1 Introduction

In PrecisionAgriculture (PreAg), sensbased monitoring of crops to derive plant growth param-
eters and yield are in the focus of research to support proper crop managefient A 2013).
Therefore, he applications of remote and proximal sensing methods are key tectiesln
PreAg(OERKE EAL, 2010. Besides monitoring crops, sensing teclugiés are also widely used
for measuring soil and environmental parametéV8HELAN ANGAYLOR2013). Hyperspectral re-
mote and proximakensing is itensively investigated for the detection of crop nitrogen (N) con-
tent, biomass, yield andropstress(KOPPE ET Al2012 LI ET AL, 20108 OERKE ET A1201Q0 THENKA-
BAIL ET AL200Q YU ET AL 2013. In generalthe remote sensing approachekescribed in the lit-
erature are satellite or airborne (manned airplanesfrorproximal sensing approachgortable

field spectrometerare usedor canopy or leafevel sensingGNYP ERL, 20140 YU ET AL 2013.
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In the last years, efforts have been undertaken to make hyperspectral data more frequently avail-
able andsensing methods for a specific crop growth stage were investigaeskEN ET AL2014;

GNYP ET AL2013. The latter is a preondition for monitoring plant growth behavior by multi
temporal campaigns duringhenology which enables the detection of abiotic and biotic stresses
(LAUDIEN ET AL2006 LAUDIEN ANIBARETH2006).

For theconsideratiorof specific phenological stages in Rdestructive sensing approaches, a very
flexible platform is needed. Usuallytsllite- or airborne sensors cannot provide such mitgtin-

poral datawithin a fixed time slot of a few dayZHANG& KovAac2012). Beside the demand for

high temporal resolution in crop monitoring approaches, a high spatial resolution is in the focus
of PreAg resulting in increased knowledge on wifiehd variability of crop growthUnmanned
Aerial Vehicles (UAVS) also known as Unmaethl Systems (UAS) or Remotelioted Aerial
Systems (RPA&E remote sensing platforms combining very high flexibility in temporal scale and
very high restution in spatial scal&ZHANG ANIKOVACS2012). The potential of UAWased imaging

in agricultural applications already well described lSHANGANDKOVACK2012), CALDERON ET AL
(2013, ZARCGTEJADA ET A(2012 and others.

Thefasttechnological progress and developments are ooty found forUAV platforms, but also
for sensor developmenBARETH ET 412011, BENDIG ANIBARETH2014). Electronic devicesontin-
uouslyminimised in the last years resulting in leweight UAVs and loweight sensors being very
capable, integrated remote sensing platfori@LOMINA ANIMOLINA 2014). Hence,in 2013 two
new hypergectral, full-frameimaging spectrometers were introduced, the Cubert UHD&8Ee-
flyé (www.cubertgmbh.de) and the Rikola Hyperspectral @earfwww.rikola.fi), and in 2014 the
BaySpec Oa@l000 (www.bayspec.compll threelow-weight (<1 kg) camerascover the spctral
VIS/NIR domain but edifferent technologiesThe Rikola and the Cubert sensors were flown in
a first campaign in June/July 20Ihe objective of this contributionare (i) to introduce the two
hyperspectral frame cameras, which document a new milesiartgyperspectraimagingspec-
troscopy, and (ii) to compare spectra from the images acquivgdUAVcampaignsn barley field
experiments with spectra measured with thefieldspectroradiometer FieldSpec3 by ASD

(Www.asdi.con.

7.2 StudyArea, UAV, and Sensors

The field experiment is located on the research farm of Bonn University, called Campus Klein

Altendorf, which is outside of the city of Bonn in Kigitendorf. The field campaigns were carried
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out within the Crop.Sense.net projéetctivity, coordinated ly the Institute of Crop Science and
Resource Conservation of Bonn University (www.cropsense.de). Crop.Sense.net is one of the
BMBF Networks of Excellence in Agricultural and Nutrition Reseafsbh are funded by the
German Ministry for Education and Raseh (BMBF) and by the European Union Funds for re-
gional development. In Kleifdltendorf, the central field experients of Crop.Sense.net for ey

and sugar beehave beerconducted For this study, mukiemporal UAV campaigns were flown

over barleyin 2013 The experiment covers 36 plots (eachy3d m) with 18 barley varieties and

two nitrogen treatments (4@nd80 kg/ha). For this first spectral comparison and evaluation, only

selected plotgplot numbers 41, 42, and 43) aresestigated.

For theUAV campaigns, a HiSystems MK Oktokopter was flavichis a lowcost (<2000e 0 | Y R
low-weight UAV (4.5kg). The latter is an important fact due to the aviation regulations in Ger-
many which allow commercial and n@ommercial imaging campaigns with WAWeighing less

than 5 kg.The MK Oktokopter has a payload of up to 1 kg and a flight endurance of approx. 15
min. It can be autepiloted by using waypoints. The UAV platform is described in det&itbpiG

ET AL(2013) Two hyperspectral fulllame cameras were mounted to the UAV and were flown
separately after each other over the same experimental field$zigure7-1 (top), the MK Ok-
tokopter is shown before takeff with the mounted Rikola Hyperspectral Camera (RHC), which is
based on Piezéctuated FabryPerot Interferometer (FPIMAKELAINEN ET.AR013. FPI eables
tunable wavelength settings resulting in a time lag for each wavelgihjiikELAINEN ET.AR013).

The wavelength is produced by a tunable air gap (vacuum) between two optical layers
(HONKAVAARA ET A2013. Therefore, the spectral wavelength is a function of the size of the air
gap. The tuning of the air gap results in an idlial image acquisition for each spectral bavith

a CMOSIS CMOS image serrsgording Imegapixe(MAKELAINEN ET.AR013. The RH@overs

the spectral region beveen 400 nm to 98 nm. Before takeff, the RHC can be calibrated against

a white reference panellhe images are saved onboard on3D card.

The CubertUHD185Fireflyis designed and developed by the Institute of Laser ielcigies in
Medicine and Metrology at the University of Ulm and the Cubert GmbH, Gerrithieycamera
recordshyperspectrafull-frames with 137 bandsin a spectral range of 450050 nm A silicium
CCD chigapturesan image with 1000 by 970 grayscale pgxas well as 50 by 50 hyperspectral
pixels At a flying altitude of 30 m the grayscale image hgsoandresolution of about Tm and
a pure hyperspectral ground resolution of about 20 cm. However, the latter may bshzap-

ened by the software of the manufacturer to the resolution of the grayscale image. The footprint
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of each scene at 30 m sensor to candstance is about 10.3 m. Figure7-1 (bottom), the UAV
mounted UHD185 is showAs the RHGhe UHD183naybe calibrated against a white reference
panel (Figure7-1, middle). Thetypicalintegration timeto capture a fulhyperspectral data cube

is 1 ms (clear sky)The UHD185 has to be flown with a meoemputer (MC) which records the
data. Additionally, the MC runs the server application by which the Camera can be remotely con-
trolled via WiFi.

The two cameraare differently remote controlled during flight with a#AV While the measure-
ment of the RHOs controlled by a initialization file which has to be creatée@forethe flight, the

UHD185 is cdrolled by the minipc with aserver application, which may be configured and-con

Figure7-1: top: MK Oktokopter is prepared for a flight campaign with the Rikola Hyperspectral Camera, mid
Cubert UHD185 Firefly is calibrated against a white panel before takebottom: UHD185 in the air mounted on «
MK Oktokter.
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GNRftfSR GKNRAAK 2ACAP 5SLISYRA gnlghtbe/beneficidl. Adza S NI &
ditionally, both interfaces are currently still under development and thus, will ndutiber pre-

sentedhere.

Forgroundtruth data collection, destructie samplingof biomass, plant Nand chlorophyll con-
tent, and nondestructive samplingof plant height, hyperspectral, and fluorescence dagrev
performed. Those samplings werentinuouslycarried out during phenology. Canopy esflance

was measuredni the batey experiment in 2013 with an ASBeldSpec3 Pro (Analytical Spectral
Devices, Inc., Boulder, CO, USA). The Fieldgp88pneasures the reflectance between 350 and
2500 nm with a sampling interval of 1.4 nm in the visi@rinfrared (VNIR) domain and with
2nm in the shortwave infrared (SWIR) spectral region. The reflectanseneasured at a height

of 1 m above canopy withut a fore optic resulting i 25° field of view to minimize the back-
ground signals of soiF{gure7-2). FieldSpec3 campaigns were conducted between 11 am and 2
pm local mean time around solar noof.condition for the measurements is a mostly cloudless
sky. Awhite spectralon panel was used for continuous calibrations. The same reference panel was
alsoused for the RHC and UHD185 calibration (compagare7-1, middle). For each plot, a total

of six to eight FieldSpec3 spectra were randomly taken to represent a mean plot reflectance.

Figure7-2: Sampling hyperspectral ground truth with an ASD FieldSpec3.

7.3 Spectrallomparisons

The first UAV campaigns with the UHD185 and the RHC were carried out on June 1Big20&3

7-3). Both hyperspectral frame imageoperatedsuccessfully in air after mounting theto the

MK Oktokopter To compare the spectral results for both camera systems with the FS3 spectra,
imageswere taken a0 m above ground level covering a maximum of tiples per image. The

spatial resolutioris as stated above.
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Directly after the UAWased image acquisition the hyperspectral field measurements were taken.
For each plotten measurements of the FS3 were averagedix to eightpositions Figure7-4).

The measurements were taken from the core of the plotexoludeborder effects The spectra
were than averaged toepresentthe plotQ@eanreflectance InFigure7-4, a false color image of

the UHD185 data is displayed showing the potential locations of the six FS3 measurements.

Forretrieving the mean plot spectra of the hyperspectral images, polygons with an inner btiffer
0.3mwere digitzed to reduce border effects. Spatial statistics were computed for all pixels within
a plot polygonto derive mean spectra. IRigure7-5, the polygons are visualized ftire three

plots, eachcovering approx130000 pixels of the UHD185 hyperspectral image.
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June2013.

While the polygons ifrigure7-5 represent the true area for calculating the spatial statistics, the
circlesof the single hyperspectraield measurements shown fhigure7-4 do notrepresent the
true location. The latter were captured as showrFigure7-2 but the locations were randomly

selected excluding aread destructive lomass sampling

Figure7-6: FieldSpec3 spectraersusUHD185 spectra for plots 41, 42, and 43 bhJune2013.

The mean spectra from the UHD185 image showkignre7-5 and the correspondingiean spec-
tra from FS are plotted inFigure7-6. The lines with the denser dotted points represent th&3

data with higher spectral resolution compared to the UHD185 dath a lower spectral resolu-
















































































































































