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ABSTRACT

In order to meetthe global food demandn a sustainable wayagricultural crop production must
diminish its environmental footprint. Increasing cropping efficiency based oisgéeific management
practices can help to reduce the use of resources by utilizing the right management at the right place
and at the righttime. Foran2 LISN} G A2y f &a4dz00Saaz | OOdzaN»Y GS RI G
Today, a great variety of remote sensing systems ewikich enabls to capture spectral or 3D
information. Within the last few years, unmanned aerial vehicles (UAVs)deerewidely adapted as

flexible remote sensing platforms. In combination with appropriate sensors they become powerful
sensing systems. Recently lightweight hyperspectral $r@psmameras have been developed tltain

be carried by UAVs and allow specirdbrmation to be captured as two dimensional images.

This thesisdevelopsa new approach to capture inforation about agricultural crops bytilizing
advances in the field of robotics, sensor technology, computer vision and photogrammetry
Hyperspectral digital surface models (HS DSMs) generatgth UAV snapshot cameras are a
representation ofa surface in 3D space linked with hyperspectral information emitted and reflected
by the objects covexd bythat surface. The overall research aim of this thestoievaluate if HS DSMs
are suited for supporting a sigpecific crop managemenBased on ig research studiesthree

research objectives are discussed for #aluation.

The first three studies focus on methodological aspects in the context ofehergtion of HS DSMs.
First, the method to generate HS DSMs from UAV snapshot camera data is introduced, which is based
on the computer vision technigugtructure from MotionAdditionally, a method is introduced to trace

the properties of each individugixel within an HS DSM. Based on this metlioel angular properties

of the spectral data withitHS DSMs are investigated and differences to data field spedroscopy

are highlighted. Additionally, a method to investigate the anisotropy of canopiesdbasen UAV
goniometeris introduced. Using this techniqtiee anisotropy ofa wheat canopys characterizedThe

other three studies focus on potential applications of HS DSMs, but use data that is not captured by
hyperspectral snapshot cameras. HS DSdgain spectral and 3D spatial information. To investigate
the potential ofa combination of spectral datnd plant height for the estimation of biomass of barley,

an RGB camera flown on an UAV and a terrestrial laser scamneused to derive plant hght. This

data was combined with vegetation indices derived from hyperspectral data acquiredfieida
spectrometer. In both studies, plant height was found to be the best predictor for dry green biomass,
while a combination of spectral and plant heiglata could slightly increase the prediction of fresh
biomass. The last study introduces a new method to use large-teaifporal spectral libraries to
improve the prediction of biomass of rice within individual and across multiple growth stages. The

resultsshow that the optimal spectral bands for the prediction differ between the growth stages. Most



data within this thesis was acquired atpant experimentaplot experiment in KleifAltendorf,
Germany, with six different barley varieties and two differdeitilizer treatments in the growing
seasons of 2013 and 2014. In total, 22 measurement campaigns were carried out in the context of this
thesis. These campaigns also include four flights with the hyperspectral snapshot canferd UHD
185Firefly(UHD).

To address the overall research aim of this thesis |yitee influences of environmental effects, the
sensing system and data processing of the spectral data within HS DSMs are discussed. Secondly, the
comparability of HS DSMs to data from other remeensing methodis investigated and thirdly their
potential to support sitespecific crop management is evaluatdthe results show thatregular effects
resulting from the measurement geometry of the system in combination with the surface anisotropy
exett a major influence on the spectral data. Within the data acquired by the UHD, angular effects
were approximated to account for a variation of up to 25%. Furthermore, the current measurement
protocol was found to be prone to errors during the calibratisagedure and cannot compensate for
varying illumination conditions. Additionally, the comparison of the hyperspectral snapshot camera
and field-spe¢rometry data revealed discrepancies due to the different reflectance quantities
measured by the two systemsSimilarly, the 3D data was also found to be influenced by the
measurement conditions. Parameters such as image overlap and camera configuration influenced the
generation of 3D informatiorA cmparison with data from a terrestrial laser scanning systenealed

that the different measurement techniques also influenced the retrieved 3D information. In addition,

the different processing workflows had an impact on the estimation of the plant height.

Despite these challenges, great potential of HS DSMs rechwiith hyperspectral snapshot cameras

was found for practical applications. The combination of UAVs and the UHD allowed data to be
captured at a high spatial, spectral and temporal resolution. The spatial resolution allowed detection
of smallscale heteogeneities within the plant population. Additionally, with the spectral and 3D
information contained in HS DSMs, plant parameters such as chlorophyll, biomass and plant height
could be estimated within individual, and across different growing stages.ethaijues developed

in this thesis therefore offer a significant contribution towards increasing cropping efficiency through

the support ofsite-specific management.



ZUSAMMENFASSUNG

Fur eine dauerhafte und nachhaltige Deckung des Nahrungsmittelbedarfs \Wllelt muss der
Okologische FufRabdruck der Landwirtschaft verkleinert werden. In diesem Zusammenhang kann ein
teilschlagspezifihes Management der Ackerflacheelches Bewirtschaftungsmalinahmen an die
aktuelle Beschaffenheit des Feldes anpasst, hellen Einsatz von Ressourcen zu reduzieren. Dafr
werden Informationen (Gber den aktuellen Zustand der Pflanzen bendtigt. Verschiedene
Fernerkundungssensoren kdnnen Informationen tber die spektrale Reflexion oder die 3D Geometrie
von Objekten erfassen. AulRerdenemden seit einigen Jahren zunehmend unbemannte Luftfahrzeuge
(engl.: Unmanned aerial vehicles, UAVs) als Fernerkundungsplattformen eingesetzt. In Kombination
mit entsprechenden Sensoren stellen diese leistungsféahige Fernerkundungssysteme dar. Ein Beispiel
fur diese Sensoren sind neuartige leichtgewichtige hyperspektrale Snapshotkameras, welche von UAVs

transportiert werden kénnen und Spektralinformationen als zweidimensionales Bild erfassen.

Diese Dissertation stellt einen neuen Ansatz dar, aktuelle Etwicklungen ausien Bereichender
Robotik, Sensorteclulogie visuellen Bildverarbeitung und Photogrammmetke@mbiniert, um
Informationen Uber Agrarfriichte zu erfassemyperspektrale digitale Hohenmodelle (engl.:
Hyperspectral digital surface models, BSMs) sind eine dreidimensionale Reprasentation einer
Oberflache die mit Informationen Uber ihre spektralen Reflexionsnd Emissionseigenschaften
verknipft ist. Grundlage dieser HS DSMs ist die Datenerfassung mit Hilfe von UAVs und
hyperspektralen Snapstkameras. Das Ziel dieser Dissertation ist eine Bewertung, ob HS DSMs ein
teilschlagspezifisches Management unterstitzen kénn@rundlage fir diese Bewertung sidei

Diskussionspunkte, welche auf Basis seohs Forschungsstudiendrtert werden

Die ersten drei Studien beschéaftigen sich mit methodischen Aspekten im Zusammentiadgr
Generierungvon HS DSMs. B wird zuerst die Methodik zur Erfassuagn HS DSMs vorgestellt,
welche auf denstructure from MotiorVerfahren aus der visuellen Bildvdpaitung beruht. Weiterhin

wird eine Methodik eingefihrt, die es erlayliEigenschaften von einzelnen Pixels innerhalb des HS
DSMs nachzuvollziehen. Basierend auf dieser Methode werden die speziellen Eigenschaften der
spektralen Informationen innerhalb desHS DSMs untersucht und Unterschiede zu
Feldspektrometedaten herausgestellt. Zusdizh werden die Daten eines UAV Goniometers
hinsichtlich der angularen Reflexionseigenschaften eines Weizenbestandes analysiert. Die weiteren
drei Studien betrachten das Bmtial der in HS DSMs enthalten8pektral und 3DDaten, verwenden

jedoch Daten anderer Sensorsysteme. Der Fokus der Studien liegt auf einer Abschétzung des Potentials
fur die Erfassung von Biomasse. Dazid mit Hilfe von einem UAgetragenen RGB Kanasystem

und einem terrestrischen Laserscanner die Pflanzenhdhe eines Gerstenbestandes abgeleitet und

jeweils mit Spektraldaten eines Feldspektrometers kombiniert. Die Untersuchungen zeigen, dass die



besten Schatzungen des Trockengewichtes der Biomasse alle Hilfe der Pflanzenhdhe erzielt
werden konnen. Die Schétzungen des Feuchtgewichts der Biomasse konnen jedoch durch die
Kombination mit Vegetationsindizes, abgeleitet @es Spektraldaten, leicht verbessert werden. Die

letzte Studie fuhrt eine Methoel ein, wie mit Hilfe von muliemporalen Spektralbibliotheken und an

die Wachstumsperiode angepassten Vegetationsindizes die Schatzung von Biomasse in Reis verbessert
werden kann. Mit Ausnahme dieser letzten Studie wurden die verwendeten Daten in einem
Zichtungsexperiment auf dem Campus Kilgitendorf in der Nahe von Bonn wahrend den
Wachstumsperioden 2013 und 2014 erfasst. Insgesamt werden in dieser Dissertation Daten von 22
Messkampagnen verwendet. Darin eingeschlossen sind vier Flige mit der hypefgrekt
Snapshotkamer&ubert UHD 185irefly(UHD).

Bei der abschlieRenden Bewertung des Potentials von HS DSMs werden drei Aspekte betrachtet:
Erstens wird der Einfluss der natirlichen Bedingungen, des Sensorsystems und des Messprotokolls
sowie der Datenerarbeitung auf die Spektralinformation innerhalb von HS DSMs diskutiert. Zweites
wird die Vergleichbarkeit von HS DSMs mit Daten von anderen Fernerkundungssystemen untersucht.
Drittens wird das Potential der HS DSMs fir ein teilschlagspezifisches Mamdgdmeschatzt. Dabei

zeigt sich, dass winkelabhangige Effekte, hervorgerufen durch die Messgeometrie und die angularen
Reflexionseigenschaften des Pflanzenbestandas erfasste spektrale Signal in einer Gré3enordnung
von bis zu 25% beeinflussen. Dartbgraus ist das in den Studien verwendete Messprotokoll anfallig

fur Fehler wahrend der Kalibrierund\ul3erdem kdnnerBelauchtungsunterschiede wéahrend den
Messungen nicht korrigiert werden. Zuséatzlich zeigt der Vergleich von Daten danlt/ HEheneines
Feldspektrometers, dass die unterschiedlichen Sichtbereiche der Sensoren einen Einfluss auf die
Ergebnisse habeie 3D Daten werden durchufnahmefaktoren wie zum BespiBlldiberlappung

und die Bildauflésung beeinflus&urch einen Vergleich der dur&ructure from Motionerhaltenen

Daten mit denen eines terrestrischen Laserscanners werden zusatzlich systematische Unterschiede
aufgrund der unterschiedlichen Messprinzipien herausgestellt. Daneben haben auch die

unterschiedlichen Datenverarbeitungsverfehreinen Einfluss auf die Ableitung der Pflanzenhéhe.

Auch wenn, wie oben beschrieben, noch Forschungsbedarf besteahen HS DSMs, generiert mit
hyperspektralen Snapshotkameras, ein groRes Potential flr die praktische Anwendung. Die
Kombination aus UAWNhd UHD erlaubt e®aten in einer hohen raumlichen, spektralen und zeitlichen
Auflésung zu erfassen. Die raumliche Aufldsung erlaubt es kleinflachige Heterogenitéat innerhalb eines
Bestandes zu erkennen. Die in HS DSMs enthaltenen spektralen und 3D tigloem&bnnen genutzt
werden um Pflanzenparameter wie Chlorophyllgehalt, Biomasse und Pflanzenh6he fir einzelne
Termine und Uber die Wachstumsperiode hinweg abzuleiten und so Aussagen iiber den Zustand der
Pflanzen zu treffen. Daher sind die Erkenntnigsset Dissertation ein wichtiger Beitrag auf dem Weg

zu einem reduzierten Einsatz von Ressourcen innerhalb der Nahrungsmittelproduktion.
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introductory chapters and discussed based on the research studies. The discussion of subsequent
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Figure 2.1 Schematical drawing of the relationship of the NDVI with different plant parameters. Solid
arrows indicate a more direct functioheelationship while dotted lines indicate a more indirect
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Figure 2.2 Specular (A), Lambertian (B), asymmetrical scattering of a q@)ogpyapted from Jones
and Vaughan, 201@nd hotspot within an RGB image of a winter wheat figc Burkart et al.,
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Figure 2.3 lllustration of beam geometries within ttancept of directional reflectance measurements.
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radiance(Suomalainen et al., 2009)...........ccoiiuiiiiiiiiieee e 17
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pixel (right; adapted from Jones andlghan, 2010)...........cccoeiieiiiiiiiiieeie e 21

Figure 2.5 Proportions of the image cube collected during a single detector integration period for
scanning (a) and snapshot (b) devi@idagen et al., 2012X and y denot¢éhe spatial dimensions,
GKAtS < RSy2i(Sa (KS..aLIS.QG.NL.f....RAY.SY.AA.2).422

Figure 2.6 Different principles of data acquisition. ksnanning devices record individual imdges
along one spatial diension. Movement of the sensing system is needed to create a 2D scene (A).
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Figure 2.7 Growth of barley with BBGthle and typical periods of fertilization and plant protection
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number (large numbers) and cultivar (sihmr@mbers). The cultivavise colored squares indicate
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Figure 3.1 Carrier Platform (CP) MikroCopter Okto XL with Gimbal and image capturing system (ICS)
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Figure 3.9 Pixel distance in x (A) and y (B) direction from the image center of the original images. An
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Radiometric pecision (C) of the spectral information at 466 nm (band 5) and image overlap (D) of
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Figure 3.10 Map of the crop surface heigftie spectrally measured nénvasive plot parts are marked
in black with their plot number. Green points represent the ground control points while red ones
represent the extraction points for the interpolation of the bare surface (left). Scatterploteof th
averaged crop surface height for 26 plots compared to the manual ruler measurements of the
marked 26 experimental PlotS (FgNL). ... e e 53

Figure 3.11 3D visualization of the HS DSM with the B&dRlated from the hyperspectral data
clipped to the extent of the experimental plots. The spectral sample areas are marked with black
rectangles (left). The scatterplot shows the averaged BGI2 values per plot and the invasive
measured chlorophyll valuesrfthe 36 plots (Fght)...........ceiiiiiiiiii e, 54

Figure 4.1 RGB orthomosaic of the field experiment atd@&@s after seeding. The black squares
represent the nordestructive measurement parts while the white squares represent the
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Figure 4.2 Schematic drawing of the concept of the specific field of view (SFOV) of an area of interest
(AQI) within a hyperspectral digital surface model generated from snapshot cameras. Each pixel
within an image is recordkewith different angular properties. The same surface area may be
captured by several pixels with different angular properties (as denoted by the zenith reflectance
angles—iw ¢ '@-bfor one pixel. For clarity, the azimuth angles are omitted). The SFOV describes
the pixels and their angular properties which are used to characterize an AOI (excerpt top right).
Additionally, the field of views (FOVs) of two images amdinstantaneous field of view (IFOV) of
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Figure 4.3 Plant height extraction from the hyperspectral digital surface model (HS DSM). A digital
terrain model (DTM) is creatl and subtracted from the digital surface model. The result is a
canopy height Model (CHM)..... oo eeeaes 77

Figure 4.4 Ratio of the reflectance retrieved from the HS DSM and the FS3 averaged over all plots for
DAS 56, 70 and 84 (solid line) with standard deviation (ribbon). Additionally, the ratio of plot 52
(upper black dotted line) and plot 20 (lowklack dotted line) at DASS is shown................... 78

Figure 4.5 RGB image of plot 20 and 5PDAS 56. The black frame marks the area measured within
the HS DSM. The blue circles exemplary show six measurement positions of the FS3 within one
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Figure 4.6 Comparison of the 25° FOV of the FS3 (gray) and 20° of the UHD (orange) and their footprint
from the same height (left and center). For plot 4 at DA$he specific fieldfoview (SFOV) within
the hyperspectral digital surface is shown (right). The plot is characterizedi' by spectral information
from two images (image A and B). The colors indicate how many pixels are taken from a particular
position within the images. Additnally, the resulting along track SFOV is shown in light blue (left).
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670nm (left), and ptel position as distance from the image center in the original images inthe y
(center) and >direction (FIgNL)........cooiiiiii e e 82

Figure 4.8 Measurements of a Zenith Light reference panel under cleasrsiiiens (reference), with
a person behind the panel in the principle plane (person pp.), person perpendicular to the principle
plane (person), with a UAV above the panel held by a person within the principle plane (UAV pp.)
and a UAV held from a persorenpendicular to the principle plane (UAV). Additionally, a
measurement under cloudy conditions with a UAV held by a person within the principle plane
relative to a measurement under cloudy conditions without obstacles (cloudy. pp.).......... 84

Figure 4.9 Maps of the reeldge inflection point (REIP) derived from the hyperspectral digital surface
model of DAS 56, 70, 84 and 96. Please note that the data fo6®&Diased by the calibration
under cloudyconditions (C.f. SECHON 3.1.4).......coiiiiiiiiii e e e 86

Figure 4.10 Evolution of the canopy surface model for DAS 70: A) Map of image overlap, B) digital
surface model (DSM), C) digital terrain model (DTM) prtited from the DTM extraction points,
and D) canopy height model resulting from the substraction of DTM from the DSM. The DSM and
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Figure 4.11 Canopy height models of DAS 56, 70, 84 and 96. For DAS 70 to 96 some areas were excluded
due to missing data. Remotely measd parts of the plots are marked with the number of the
plot. Additionally, digital terrain model (DTM) extraction and ground control points are indicated.
...................................................................................................................................... 90

Figure 4.12 Scatterplot of theuler and HS DSM derived plant heights for the individual four
measurement dates (red, yellow, blue, azure), and DAS 70 without plqt546(green) and all
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Figure 5.1 Graphical user interface of the mAngle software with input fields for the desired waypoint
pattern. By settingradius, number of desired waypoints as well as starting angle and other
parameters, a distinct goniometric flight pattern can be generated. A draft of the waypoint pattern
is visualized in the right box of the program WINAOWL. ............cceuiiiiiiiieeriiii e 104

Figure 5.2 Wheat (Triticum aestivum) at the study site Merzenhausen, Germany, at the time of the
multiangularflights, 18 June 2013. Ears were fully developed but still green................... 105

Figure 5.3 Exapte RedGreenBlue (RGB) images with tilt angles of 20°, 66° and 90°. These images
were acquired at the Merzenhausen site at approximately 13:30 following a multiangular flight
path identical to the spectrometer flights. The Fi€@#View (FOV) of the RGRAmera is 73.7° x
53.1° (compared to the 12° FOV of the airborne spectrometer) and allows observing multiangular
effects within a single imagghe bright hotspot with the shadow of the unmanned aerial vehicle
in the center, located in the lower left cornef the 90° image is an example..................... 106

Figure 5.4 Reflectance of wheat at 480 nm meaduat all 25 waypoints shown as a circular graph, or
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reflectance magnitude is color coded from low values of light blue, to high values in brighteed. Th
angular position of the sun is depicted by the symbol. In this figure no interpolation between
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Figure 5.5 Camera orientation: Heading (azimuth) of the spectral measurements expressed in angular
degrees from north. To assume a view angle of 0°, the UAV will hover north of the centeroid and
aim the spectromeer at 180°. Tilt: 0° = horizontal and 90° = nadir VIieW................ccceee.. 109

Figure 5.6 The spectrorter of the unmanned aerial vehicle goniometer was triggered three times at
each waypoint. This figure shows the overall variation of the three spectra measured at each
waypoint as average for the MERZL dataset.............coovviiiiiie i 110

Figure 5.7 To present the angular influence at different waypoints on the full spectrum the normalized
nadir anisotropy factofANIF) of 66° tilt for all headings at MERZ1 from 400 to 823 nm is plotted
as example. By using the ANIF notation spectral deviation of single waypoints is referred to the
nadir waypoint and thus can be relatively compared. A waypoint with the same apeess hadir
would remain at an ANIF of 1 throughout all wavelengths. The legend on the right represents the
color of each ANIF curve and depicts their respective heading angle. The azimuth position of the
sun (155°) is visualized by the sun SymhOL. ... e 111

Figure 5.8 Top: Absolute values for the NDVI, TCARI and REIP compared to the nadiemaiuef
the polar plot) for all waypoints of MERZ1. The range of values is chosen with nadir as center value,
respectively, for each plot. Figure 5.5 details the angular arrangement depicted here. Bottom:
Relative differences for NDVI and TCARI contpréhe nadir value..............ccooevveieennennen.. 113

Figure 5.9 Reflection of MERZ1 and MERZ2 for 5 wavelasfdttisrest. The color legend of reflection
for each horizontal pair was scaled to the occurring reflectance wavelength range. Figure 5.5
details the angular arrangement depicted here. Waypoint (20°, 225°) is missing in MERZ2 and
coded iN thisS graphiC iMEY. .......uei i e e e e e 114

Figure 5.10 Comparison of modeled angular reflectanceCaribpyObservatimm of Photosynthesis
and the Energy balance (SCOPE) with the unmanned aerial vehicle (UAV) measured values for
MERZ1. Shown are two exemplary wavelengths, which are scaled to the present range of values.

Figure 6.1 Instrumental setp: (A) terrestrial laser scanner Riegl LEA&0i; (B) tractor with hydraulic
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1. INTRODUCTION

Dt 26Ff | 3ANAROdzZ GdzNE FIF O0OSa Sy2N)¥2dza OKIffSyaSao ¢k
are changing their diet to an increased consumption of fggitein and energydense food such as
meat(Pingali, 2007)At the same time, there are approximately 870 million people worldwide who are
undernourishedFAQ, 2012)Thus, global crop production will need to be doubled by 20%tnan et

al., 2011) While early agricultural revolutions involved the expansion of agricultural (Bretty and

Bharucha, 2014)continuing sich expansions is a threat to biodiversifgalnford et al., 2005)

Moreover, much of the remaining reserves of cultivable cropland is under valuable forests or in
protected areagRamankutty et al., 2002Besides, most of the increase in total yield of major crops

such as maizejae and wheat in the past 40 years has been driven by an intensification of agricultural
production within thegreen revolutior(Foley et al., 2011; Pingali, 2012Jong with the introduction

of high yield seeds, this development is largely based on an increasing use of chemical fertilizers and
pesticides, mechanization and irrigation. As an example, the global nitrogen fertilizer use increased by
about 600% sincedb0(Matson, 199)and n 2005, agricultural production accounted for §@2% of

the total anthropogenigreenhouse gas emissiofBurney et &, 2010) Besidesover the last 50 years

more than 40% of the increase in food production has come from irrigated areas, which have doubled

in size(FAO and OAA, 2014hd are the primary users of diverted water in some regions of the world

(Fereres and Soriano, 2008)verall, agricultural systems are concunttg degrading land, water,
OA2RAGSNEAGE YR OfAYF({iS®d Ly tA3IKG 2F GKS LI I ySi
turn is needed towards more sustainable growth in agricultural production while simultaneously

diminishing its environmentdootprint (Fdey et al., 2011)

1.1 Remotesensingn supportfor sitespecific cropnanagement

One approach towards more sustainable crop production is increasing the cropping effigterey

et al., 2011) This can be accomplished by dividing agricultural areas into managemesd Huat
receive customized management inputs based on crop requirements as they vary in the field, such that
resources are used in the right place at the right time. Such practices are saflegpecific crop
managemen{Pinter et al., 2003; Whelan and Taylor, 20413 are part oprecision agriculturé€Mulla,

2013) With currentagricultural machiary, such as the Leeb GHORSCH Maschinen GmbH, 2016)
crop treatments can be applied wita spatial precision of about 0.25 At the same time farmers can
control their machinery in near real time with farm information systems such as the Operation Center
(John Deere GmbH & Co. KG, 20H)wever, the operational success of variable appbecatiof
fertilizer or other management actions requires accurate data to produce maps of crop growth, weeds,
insect infestations, nutrient and water deficiencies and other crop and soil condifMosan et al.,

1997) But also the timeliness of thaformation is important. Phenomena such as plant diseases are

1



Diversificatiorin remote sensing

highly dynamic and require short revisit times (Voss et al., 2010). For otpécatmns such as the
monitoring of phenology, crop vigor or yield a revisit time of 5 to 10 days can be determined a

appropriate on docal to subnational scale (Justice and Beclkeshef, 2007).

Spectral(Yao et al., 2012nd other remote sensing techniquélsee et al., 2010an provie: timely

and accurate informatioifAtzberger, 2013aboutimportant parameters for agricultural applications
(Clevers and Jongschaap, 2003atellites cover wide areas and as the spatial and spectral resolution
of satellite imagery has improved, their suitability for precision agricultural applications has increased
(Mulla, 2013) However, for optical satellites, cloud cover compromises the necessary revisit times. A
study by Claverie et a]2012)on the estimation of biomass from Formosatdata reported that for

the study area in southwest France no clefugke images could be obtained from February 11 to June
19 in 2008, which is the major growing period of several crops in central E(Wapeert and Frahm,
2005) Radar systems could circumvent this problem én& not yet operational for systematic crop
monitoring purposegNelson et al., 2014 5atellite systems are also lagging behind in comparison with
the spatial precision of current agricultural machinery. Presently, systermis asSentinel2 provide

free spectral data in a spatial resolution of up tordQESA, 2016)Commercial systems such as
WorldView3 provide spectral information with a spatial resolution of aboutrh.@igitalGlobe, 2016)

but their usability is limited by theosts and availability of a scene. Additionally, the spectral resolution
of most satellite systems is too coarse compared to a suggested bandwidth of less thanf@éOan
adequate mapping of agricultural crofEhenkabail et al.,®@.2) Current operational airborne systems,
such as the Airborne Prisnxgeriment (APEX), provide data in a high spectral resolution and a spatial
resolution of 1¢ 2 m at their typical flying altitudéSchaepman et al., 2013jowever, long turnaround
times combined with the high volume of data processing and high operational dast$o the lack of
costeffective products from private companies, have limited the use of airborne setsoesearch

activities(Berni et al., 2009)

Overall, it can be awluded that the demand for timely information (revisit time of 50 days) in very

high spatial (~ 0.281) and spectral resolution (< 10n) in support of more sustainable crop production
through efficientsite-specific crop managememnnot be met by urrent remote sensing solutions.
However, due to recent technical innovations, remote sensing is in transition and this may be about to

change.

1.2 Diversificatiorin remote sensing

Remote sensing i@&he acquisition of physical data of an object without thuar contact. Since this
definition was posed by Lintz and Simon@®76) the field has undergone sevemtases of transition.

After an era where aerial photography was mostly used in military applications, Evelyn Pruitt coined
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the term Yemote sensin@in the 1960s in an appreciation of the many farmf imagery that was
collected(Campbell and Wynne, 2011; Jones and Vaughan, 2B$ahe 1990s, satellitefesigned to
acquire global coverage to monitor changedi K S ¢ 2 NI R Qnvere Budchedl @ atherSeyal.,

1992) But until the first decade of the 2kentury, emote sensing was the work of specialiatso
producel specialized data products for other specialists. With the introduction of toolsGdagle

Earth, geospatial dathecame available for a wideublic audiencéCampbell and Wynne, 201 8till,

this data was mostly generated using specialized instruments attached to platforms such as airplanes
or satellites, and provided by a few specialists or specialized organizations. ixeecambination of
developments in the fields of robotics, sensor technology, photogrammetry and computer vision, the

way how remote sensing data is created is in transition.

The first important development is coming from advancements in the field oftrcboUnmanned
P'SNALFE +SKAOESa 6!!'+a0z faz (y20§fRaASW, VYVENKVER(
have infiltrated the field of remote sensing as a new sensing platféigufel.1). While in 2004 the
Congress fothe International Society for Photogrammetry and Remote Sersaatpnly three UAV
related papers, the last congress in 2012 hallg@adynine sessions with a total of around 50 papers
on UAV and remote sensing related papéf®lomina and Molina, 2014Journals such a&Remote
SensindMDPI RS) d?hotogrammetric Engineering and Remotasieg(PE & RS) have published and
announced issues specifically for or with major contributions on remote sensing withd &Wdich

two were also specifically related to vegetation and agricultural crops. This might result from the
potential of MclassUAVs with a takeoff weight of less tharké (for a classification of UAVs please
refer to Eisenbeilf2009) In thecourseof this thesis the term UAV will implicitly refer to UAVs of the
M-class). These UAVs are rather{oest platforms and operationally flexib{Berni et al., 2009)which
makes them suitable for a number of applications including precision far(finga comprehensive
overview please refer to Colomina and Molina, 2014; Pajares, 2015; Salami et al. Azliddnally,

they can fly slowly at low altitudes and are able to acquire spatial information in high resolution

(Pajares, 2015)Together with spealizedsensors, they are becoming powerful sensing systems.
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Figurel.1 Number of publicationsn remote sensing in combinatioritaw UAV* or SfM and computer
visiortin the Web of Science

The second important development currently taking place is in the field of sensor technologies. Remote
sensing systems are becoming available for a broader range of use and to a wider audi@aee. Ac
systems such as laser scanners can be used to create dense point clouds with millions of points in a
very short timg(Vosselman and Maas, 201R)irborne laser scanning systems adeen applied since

the 19709Lillesand et al., 2008)\ithin the last 20 yearalso ground based systems were introddc
Thesehavebeenrapidly developedo achievehigher ranges and measurement ratesd more and

more systemsppear on the market. Additionally, recently these systems are accompanied by low cost
and light weight systems, which are potentially accessiblmore userqLarge and Heritage, 2009;

Tilly, 2015Rnd are suitable for new applicatiofs.g. on UAVSs, see Wallace et al., 2012)

Passive systems such as spectral radiometers measure the intensity of radiometric radiation within a
defined spectral rangéJones and Vaughan, 201@ince Goet{1975)described the first portale
radiometer to be applied in the field, spectral sensing systems have continued to shrink in size and
weight. With the development of sensors like the MMCA(TETRACAM Inc, 20E5)d the Headwall
Micro-Hyperspe¢Headwall Photonics Inc, 201these systems are now suitable for mounting on UAVs
(Berni et al., 2009; Kelcey dhucieer, 2012; Zare€bejada et al., 2012)Nithin the last three years, a
great variety of spectral sensing systems for UAVs have become available artskhavapplied to
remote sensingThese systems can be distinguished by the spatial dimensionélihe data they
record. While whiskand pushbroom systems record individual pixels or image lines, hyperspectral
snapshot cameras (HSQ®cord hyperspectral data in two spatial dimensions within a single
integration period(Hagen et al., 2012)Thisbrings a significant advantaggmilar to common RGB

cameras, their 2D iages contain information about the shape and position of the objects within their
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Complexityof spectral remote sensing of vegetation

field of view (FOV). Recently, these systems have been miniaturized and sgstemegthe UHD185
Firefly(UHD; Cubert GmbH, 201€&n now be flown onboard UAVs.

The third important development e¢oes from the coalescence of the fields of photogrammetry and
computer vision. With photogimmetric algorithms overlappingD images can be aligned and the 3D
geometry of an object can be reconstructed by using the mathematical model of central projection
imaging(Luhmann et al., 2014particularly important for U¥X remote sensing was the development

of the Structure from Motion (SfM) technique within the field of computer vision and its combination
with digital photogrammetry(Colomina and Molina, 2014; EltnendaSchneider, 2015Advances of

the latter in image matchingGruen, 2012)orientation (Remondino et al., 2012nd the process of
dense 3D point cloud generation allow the reconstruction of surfaceiy high resolutiorfHaala,
2013) Several implementations of these algorithms exist, some of them with the ability to exploit
todr @ Qa O2YLJziAy3 LJ2g6SNAR ( KN®rdzR#tral lplbchdsifigtaiifgraphibek OS & a .
processing unitfRemondino et al., 2014)These developments have fundamentally changed the
photogrammetric recording process. Together with software tools with simple interfaces, they allow
even nonexperts to apply these methodsuhmann et al., 2014 Consequently, these methods are

increasingly used by themote sensing communityF{gurel.l).

In summary, the combination of these developments have opened up the way for a new phase in
remote sensing, where more and more sensors become available and a wide range of users have the
ahility to collect and generate data based on their specific needs dilssification of sensing systems

and methodsalso opens up new opportunities for precision agricultypplecations. However, spectral

remote sensing of vegetation is not a triviabka as will be seen in the nesection

1.3 Complexity of spectral remote sensing of vegetation

Natural factors such as atmospheric and illumination conditi@esmm et al.2015; Ishihara et al.,
2015; Rasmussen et al., 2018)d topographic effect¢Richter and Schlapfer, 200Rifluence the
remote sensing signal. Additionally, natural properties of the surface such as its anisotropjfecay

the signal(Schlapfer et al., 2015; Weyermann et al., 201d)emote sensing, errors associated with
data acquisitionprocessing, analysis, conversion, and final product presentation can have a significant
impact on the confidence of the decisions made using the data, since they accumulate during the
processing stepfunetta et al., 1991)Therefore, assessing the quality of the data and accuracy of its

analysis is crucial to understanding the reliability of the information



Complexityof spectral renote sensing of vegetation

The literature on the assessment of the accuracy of data analysis techniques isehemgveé.
Although subject to discussioffroody, 2002; Pontius and Millones, 2Q1the assessmentfahe
quality of classifications of remotely sensed data has been well established for déeapd€3ongalton,
1991) Additionally, many articles have been published on assessing theaagcaf quantitative
retrieval methods to esiate specific plant parametesuch as pigment conterftJstin et al., 2009)
biomass|eaf area indeXLAl;Hansen and Schjoerring, 20G8)d other plant traitfHomolova et al.,
2013) Increasingly, statef-the-art machine learning methods such as Gaussian Processes are being
used in remote sensing plications and provide uncertainty measures inherer(errelst et al.,

2012)

In comparison, the literature on the assessm of the quality of the data acquisition and processing

of raw data from remote sensing sensors is rather linfitadd often sensoespecific, although
undertaken in great detail by the involved researchers. During the acquisition process the sensing
sysem, as well as the applied measurement protocol, influence the data. Thus, comprehensive
calibration and validation procedures are continuously carried out to characterize the performance of
established satellitée.g. EGL Hyperion: Datt et al., 200@nd airborng(e.g. AVIRIS: Green et al., 1998;
APEX: Schaepman et @015)sensing systemd3.hese procedures areomplex asseen in Schaepman

et al.(2015) where the results of 1@hdividual validatiorstudies are summarizetd fully describehe
specfications andcorresponding performances for just the APEX sensor. This effort is needed since
most users expect the data to be in standardized reflectance quantities. But standardization of spectral
remote sensing data is a very difficult task due to the existencdiftérent types of reflectance
guantities (c.f.Suksection2.1.2 and the interaction of the sensing system with the properties of the
surface and theenvironment. For vegetated surfaces, the latter is mostly driven by theotrofsy of

the canopy and its interaction with the incident irradiance field and the viewing direction of the sensing
systemdescribed bythe framework of the bidirectional reflection distribution function (BRDF) of a
surface (Nicodemus et al.,, 1977; Schaepr@mub et al., 2006)It highly nhfluences imaging
spectroscopy data and needs to be regarded for all measureniSotdapfer eal., 2015; Weyermann

et al., 2014)BRDF effects are a major source of uncerta{Righter and Schlapfer, 2002)d only a

small scientific community explicitly addresses the issue for space, airborne and drased
observations. This is particularlinteresting, since almost all remote sensing textbooks address the
issue(Campbell and Wynne, 2011; Jensen, 2007; Jones and Vaughan, #@liOhas not yet been

Wa 2t 3SRQS-d&veloped sefisniydysiedns duch as Langdsagol et al., 2015)
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Complexityof spectral remote sensing of vegetation

The minor interest in issues related to data collection, calibration and standardization may be due to

two reasons: first, according to information theory, dataldgher processing levels is more meaningful

and has a higher number of potential us€éRowley, 2007)Scond as outlined in Sectioh.2, until

recentlyonly a few air and spaeborne imaging spectroscopy systems collected the data for almost

the whole scientific community and the associated mission team was responsible for the data quality.
However, with thediversificationin remote sensing, individuals, research teams or camgsacan start

to collect their own imaging spectroscopy data. While this drastically improves the flexibility of the
process of data collection, the burden of data quality assurance is also on individual users of these
sensing systems. Thus, knowledgaeegded on how to calibrate hyperspectral sensors so that they
LIN2E A RS NBfAF0ofS RIGIEIET FYR K2g (GKA& O2dxZ R 0SS I O

access to aghncedcalibration facilities.

The diversificationin remote sensing emphasizes tlimportance of more than just data quality
concerns. The advent of new sensors with different sensing techniques, their application in a variety
of settings, and data processing done by different users with different processing workflowsthaise
issue of comparability. As an example within the domain fadld-spedroscopy, studies found
differences due to the technical desigMac Arthur et al., 20123ndthe specifications of instruments
(Julitta et al., 20163s well as due to different operation and sampling mo¢fesderson et al., 2011;

Mac Arthur and Robinson, 201%5esults from different scales, such as ground and UAV observations,
and different types of sensors, such as imagind noAmaging sensors, may also diff®areth et al.,
2015a; von Bueren et al., 201uch considerations are specifically important for sensor systems that
are also suitable for UAVs, since theigdest advantage is also a challenge: the miniaturization of
sensors is usually a compromise between size, weight, specifications and cost. Thus, such systems tend
to produce data with reduced radiometric, spectral and geometrical quality in comparissystems

on manned aircraft§ZarcoTejada et al., 2014)

But comparative studies on the retrieval of 3D damaforest environmentshave also disclosed
differences between different sensing techniques, such as airborne laser scanning a(idaBtidis

and Ellis, 2013; Lisein et al., 2013; White et al., 20459 between different processing tools and
illumination conditions for SfMDandois et al., 2015)For cereal canopies, a study by Grenzdorffer
(2014)confirmed the influence of the processing tools, but otBeurces of influences have not been
investigated yet. These results demonstrate that the findings of one campaign are hard to extend to
other campaigns if the comparability of the sensing system and sensing circumstances have not been
investigated and ths, systematic differences have not been identified. Therefore, besides an
assessment of the data quality of a data product, information about its comparability is also important.

Thus, both issues will be addressed in the course of this thesis.



Researclobjectives and outline
1.4 Researchlgiectives and outline

Enabled by the current diversification in remote sensing, this thesis explores new approaches to
addressthe demand for timely information in high spatial and spectral resolution to support site
specific crop managementhe focus iplaced on hyperspectral digital surface models (HS D&MKIS)
representation of the surface in 3D space linked with hyperspectral information emitted and reflected

by the objects covered by this surfa@®asen et al., 2015, Chapter @)which are developed within

this thesis. Their generation is based on data acquired by novel lightweight HSCs carried by UAVs and
data processing based on SfM. The overall aim is to evaluate whether HS DSMs of crops are suitable to
support a sitespecific crop management. This evaluation is based on the discussion of three research
objectives, which are motivated by the complexifittoe remote sensing of vegetatioBéctionl.3), a
diversification of sensing systems and processing workfl@&est{onl1.2) and the demands afite-

specific crop managemerfBectionl.1). The concept of this thesis is that each research objective
supports the discussion of the next research objective until the overall research aim is reliched (

1.2).

Diversificationin RS

Figure 1.2 The concept of this thesis. The three research objectives (RO) are motivated by the
introductorychapters andliscussedbased on the research studies. The discussion of subsdgOent
supported by the insights from the previouseah objectivéRS denotes remote sensing).

Comparability of HS DSMs C@

The discussionf the research objectives is based on the six research st@ieapters 3 to 6yithin

this thesis. The first three studies focus on rather methodological aspects in the context of
hyperspectra measurements with UAVs: Aasen et @015, Chapter 3introduces the method to
generate HS DSMgith HSCs andottrace the properties of individual pixels. Aasen and Boften
review, Chapter 4)ises this method and investigates the special propedfale spectral data within

HS DSl Burkart et al(2015, Chapter 5hnvestigates the influencefdifferent viewing geometries
within spectral data acquired from UAVs. The other thsa&liesfocus on potentiad of HS DSMs for
precision agriculture applications, but use data which is not captured by HSCs: Ti(2@1%| Chapter

6) and Bendig et al(2015, Chapter 7¢ombine spectrabnd plant height (PH) data acquired with
terrestrial laser scannin@fLS) and an RGB camera system to estimate the biomass of barley. Aasen et

al. (2014, Chapter 8ntroduce a new method to use large muiémporal sgectral libraries to improve

8
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the prediction of the biomass of rice. Chapzcomplements the content of the research studies to
provide the necessary background for the discussion of the three research obje@ivapter9),

which are described in the following.
1.4.1 Influences on the spectral information

The firstresearch objective is motivated by the complexity of spectral remote sensing of vegetation
(Sectionl.3). The pocess of gathering information about plant particles (plant compounds such as
pigmentsor cells) is complex. At each step of the remote sensing prqoels€ampbell and Wynne,
2011) from the creation of a signal by these particles to its representation within a data product, the
information is prone to many sources of influence. Alrealdg data acquisition is influenced by
environmental conditions and #ir interaction wth the sensing system. Buié transformation of the
signal todigital data within the sensing systerand its conversion into information during the data
processingalsoinfluences how the particle is represented within the pixelsheffinal data product.
Thistransformation of the signal to informatiod A f 6tBe p&h of ibfdrRatiow from particle to
pixekand is outlined irFigurel.3. In this context it should be noted that processes such as saadteri
within the plant also influence its absorption, reflectance and transmittafidgmar et al., 2003)

However, the influences of these processestagondthe scope of this thesis.

Particle to pixel

Signal > Data >  Information
. Sensing Data Data
Environment .
system processing product

B | = ==
asll | 9] | &0
a5 = 2

ouE | = =3

Figurel.3 The path of information from particle toxgl: The information about a particle within an
environment is modified at different stages. Its acquisitiomfisencedby environmental conditions

and their interaction with the sensing systems. The transformation within the sensing system of the
signd of a particle to data and its conversion into information during the data processing also
influences how the particle is represented within the pixels of the final data product.
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As Section 1.3 highlighted, information abouthe data quality as well as knowledge about the
appropriate methods to derive the data is important. Thus, the first research objective of this thesis
evaluates and discusses the spectral data quality derived from HSCs and the introduced method to
derive K5 DSMsIn order to be able t@ssess theuality of remotely sen®d data, it is necessary to
appreciate the errors that may enter at all stages of the pro¢@sees and Vaughan, 201Thus,n
Section9.1the path from particle to pixel is traced to investigate and discuss the following potential

sources of influence durg the generation of HS DSMs:

Subsectior®.1.1 Interactions with the environment
Subsectior®.1.2  Sensing system and measurement protocol

Subsectior®.1.3 Data processing

These aspects are investigated and discussed follows: in Burkart et a{2015, Chapter 5 novel
approach is used to investigate the interaction of the environmental illumination conditidtisawv
cereal crop canopy and the sensing system. The impact of angular dffecthe interaction of the
measurement geometry of a sensing system and the anisotropy of a sudadie hyperspectral
signal andvegetation parameter retrieval by means wégetation indicegVIs)are quantified for a
wheat canopy at two different times of the day with an UAV goniometer. In Aasen(204b, Chapter

3), a novel method is developed to trace these angular effects in imaging spectroscopy data captured
by HS& Based on these two chapters, the potential influence of angular effects on imaging
spectroscopy data from HS@Gsapproximated and discussed$mibsectiord.1.1 Additionally, other

environmental sources of influence are identified.

Right before the start of this thesis in April 2013, a prototype oflthe / & & & (1B5\C ANBITFE & ¢
arrived at our research group. In Aasen et(20115, Chapter 3his HSC system is characterized and
radiometric calibration procedure is developed Subsectiord.1.2 the results of this characterization

are used to estimatend discusshe influences resulting from the technical aspects of the sensing
system on the level of individual pixels. This discussion is complemented by results of Aasen and Bolten
(in review, Chapter 4yvhere the calibration protocol is investigatedasen and Boltelin review,

Chapter 4)also investigates # special data properties within the spectral data of HS DSMs.
Additionally, the influence of different processing schemes on the final data product are investigated.
The results of these investigations are set in context to potentially desired data psahetdiscussed

in Subsectio®.1.3

Overall, hisfirst researchobjectiveis focused on the spectral data derived by HSCs. For each source
of influence, the influenced data entity level (pixel, image, sceniglentified and, where possible, the
magnitude of the impact is approximated. Thus, the resulf this first research objective awe

characterization and evaluation of the spectral datahin the HS DSMs. Not onfjoes this provide

10
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the necessey information to assesthe quality of thedata, butit is alsothe basis foran appropriate
interpretation of the results o§ubsequentinalysis procedures. Additionally, it provides the necessary
background to compar¢he spectral data contained in HS DSMshwite datafrom other sensing

systems, which ipart of the discussion in the second research objective.
1.4.2 Comparability of hyperspectral digital surface models

The second research objective is motivated by the advent of new sensing systems and an mpcreasin
variability of data processing workflows (Secti@r?) and the challenges associated with this
development (Sectiod.3). It discusses the comparability of the HS DSMs to relyeensd data of

other instrumentsand destructive irfield measurements. Information about the comparability of a
new method is important to investigate systematic differences, which must be regarded if results from
different studies are compared. Additionally, this caadeo insights into the suitability of a new
method to substitute or complement an established method. With the ongdlivgrsificationin
remote sensing and the appearance of new sensing systems, the need for such information becomes
increasingly importanas can be seen also within this thesis. In total, five different sensors with
different processing workflows were uséuthe studiesto gather information about crop canopies.

The data and insightgained in these studigzrovide the basis to discussaitomparability of HS DSMs

in SectiorB.2with regard to:

Subsectior®.2.1  Spectral data from other sensing systems
Subsectior®.2.2 DSM derived from SfM, with different tools and different settings, and TLS
Subsectior®.2.3  Different canopy height estimations

Subsectior®.2.4  Destructive idfield measurements

The® aspects are discussed as folloimsSubsectior®.2.1the results of Aasen and Bolt€im review,
Chapter 4)pre generalized in a discussion on the compargtilfi the spectral data withillS DSMto

other types of spectral data. Additionally, the established data processing workflow introduced in
Aasen et al(2015, Chapter 3)s reviewed with regards to its ability to produce data comparable to
data products of established sensing platforms. Here aspects ofrthedsearch objective angicked

up and differences in the measurement geometry and data proogssf pushbroom and snapshot
systems will be examinedLastly, the comparability of uncalibrated RGB dasaused in Bendig et al.
(2015, Chapter 7j}o the spectral data used in Aasen et(@015, ChapteB) and Aasen and Boltgn

review, Chapter 4)s discussed.

In Subsectiord.2.2 and 9.2.3 investigate the comparability of D3MWithin this thesis, DS#/are
derived from 3D point clouds generated by SfM applied to images froid$GAasen et al., 2015,
Chapter 3; Aasen and Bolten, in review, Chapteart) an RGB came(Bendig et al., 2015, Chapter

11
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specifications. Additionally, TLS is used to derive DFMg et al., 2015, Chapter.6Jhis raises the
guestion of whether the DSMs derived by these different approaches are comparable. This da only
answered by understanding hadve DSMs are generated. Therefore this research objective starts with
investigating systematic differences within the point clouds of treggeroachesSimilar to in the first
research objective, the path of particle tacpi is followed but now for the 3D datAs a first step, the
influence of different image capturing conditions (such as the flight pattern, image specifications and
illumination conditions) and different implementations of the SfM method on the derivendtmtoud

is discussed based on observations made during this thesis and supplemented by important aspects
from the literature. As a second step, the differences between SfM and TLS and their implications on
the derived point clouds, and consequently thhe DSMs, are discussed. In a third step, the extent to
which the height of the canopy represented in the DSMs and manual ruler measurements can be

compared is examined.

As a last aspect Subsecti@i2.4 discusseghe comparaliity of HS DSMs to destructive-field
measurementsin the studies Aasen et §2015, Chapter 3)Aasen and Badh (in review, Chapter 4)

Tilly et al(2015 Chapter éand Bendig et a(2015, Chapter 7spatially resolved remote sensing data

is compared to destructive ifield measurements of plant parameter$o evaluate the issues of
comparability between these two types of measurements, the outcomes of the studies are evaluated
with regards tahe spatial heterogeneity within the experimental plots. Insights into the spectral data

retrieval of the previousltapters are also related to the issue.
1.4.3 Potentialof hyperspectral digital surfaces models

After the data quality and the comparability of the HS DSMs has been discussed, this last research
objective evaluates the potentials of the HS DSMs acquired wit HSCs to support decision making

in precision agriculture. The discussiarSectiorf.3is based on the requirementlat have to be met

by remote sensing approaches for s#gecific crop managemerféctionl.1). Additionally, the results

of Chapterd and6 to 8are picked up and related to the HS DSMs genenaididthe UHD. In particular,

the evaludion is based on a discussion:on

Subsectior®.3.1  Crop parameter estimation
Subsectior®.3.2  Site-specific crop management

Subsectior9.3.3 HSGystems

Within this thesis different studigavestigate the potential of HS DSkds the retrievalthe three plant
parametersPH, biomass and chlorophylased on data from other sensorBendig et al.(2015;

Chapter 7)and Tilly et al(2015, Chapter Gnvestigate the retrieval of PH arfmlomass across several

12
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growth stagesisingSfM and TLS, respectively. Aasen ef28114, Chapter 8nvestigatesif the same
spectral information can be used &stimatebiomass in different growth stages. Aasen and Bolien
review, Chapter 4investigate the retrieval of chlorophyll and cpare the results from spectral data
captured by the UHD with spectral data captured higkl-spe¢rometer. Based on the results of these
studies and the investigation of the comparability of the different systems in the second research
objective, the gearrality of the obtained results and the potential of the data within HS DSMs is
discussedn Subsectiorf.3.1 In some cases, the results are complemented by additional analysis
carried out with the tool HyperGgpintroduced in Aasen et gR014, Chapter 8HyperCor investigates

a dataset for the best combination of two variables to predict a plant parameter based on different
formulas. For example, it derives the best two bands from a hyperspectral dataset to be used with an
NDV#Hype VI to predict biomass.lthough developed for spectral data, PH can be included into the
analysis as an additional variable dcynsideringt as an additional band. To exemplify the potentials

of HS DSMs derived by HSis,discussiomises the data acquired with the UHD in 2014.

The insights of Subsecti@?3.1also help to discughe potentials of HS DSMs of cragsquiredwith

UAV shapshot cameras for sipecific crop managemenifter it is evaluated if the approach meets
the demands defined irSectionl.1, Subsectiord.3.2discussesiow the three plant parameters can
support fertilization and stress protection. In a last step, the potentials of HS B&Msed with UAV
shapshot cameraare set in context to existing approaches in precision agricultiifes chapter is
completed with Subsectio8.3.3 whichhighlights the potentials of H@stems to further support the
development of sensing systems for precision agricutiand otherapplications. Here the focus is
widened in an anticipation of current developments and an outlook towards new ways to explore the

data derived by HSCs is given.

13



2. BACKGROUND

For a sitespecific maagement it is important to know about the current status of the crop.
Conventionally, management decisions are made on the basis of crop walking or a limited number of
observations. By measuring the leaf nitrogen or water content, a farmer can adapt thegament

to the needs of the plant§lones and Vaughan, 2018)ant parameters such as PH and ahpbyll can
indicate biotic and abiotic stresséblahlein, 2016; Samarah et al., 2009; Zafegada et al., 2012)
Besides, biomass has a connection to y{@dukerrou and Rasmusson, 1990; Kren et al., 20fh4)
recent years, efforthave been undertaken to derivplant parametersby using remote sensing
technigues in supportof a sitespecific crop managemer{Pinter et al., 2003)These parameters
directly or indirectly relate to important variables for precision agricultural applications as exemplarily

shown for theNormalized Differenced Vegetation Ind@DVI)n Figure2.1.
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Figure2.1 Schematicatlrawing of the relationship of the NDVI with different plant parameters. Solid
arrows indicate a more direct functional relationshimil® dotted lines indicate a more indirect
relationship(adapted from Jones and Vaughan, 2010)

Thesituation is complicated by the phenology of the plants. The growing stage inflsiracehemical
compounds of the plants as well as their geometrical struciiNebel, 2005) This in turn is also
influencing the remote sensing signahereforegrowth stage specific models need to be developed
(Gnyp et al., 2014b; Kuster et al., 2014; Li et al., 20Mthin this thesis, spectral and 3D remote
sensing techniques are applied to estimate the plant parameters Pbrogiiyll and biomass. The
basic principles of these sensing techniques are well understood and can be found in almost every
remote sensing textbooke.g. Campbell and Wynne, 2011; Jones and Vaughan,.ZDi@3, irthis

sedion only the informationabout the sensing principles and theory is summarized that is necessary
for the understanding of this thesis. This also includes the introduction of snapshot imaging
spectroscopy which cannotyet be found in textbooks because @S novelty. Additionally, the

specifications of the sensing systems used in this thesis are outllinedmethodical introduction is
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followed by a summary on the growth sppringbarley, since most of the research studies were carried
out in this speciesThe last sectionef this chapter presenthe CROP.SENSe.net study site at Campus

KleinAltendorf.

2.1 Spectral remote sensing of vegetation

When incident sunlight hits a canopy it interacts with its components, such as leafs or stems, and may
be reflected, tansmitted or absorbed. The proportion by which the light is reflected or transmitted
depends on the biophysical and biochemical compounds within the plant and the wavelength of the
incident light, since different compounds absorb light in different wangtes. A comprehensive
overview of these absorption bands can be found in Kumar €2@03) A fraction of the absorbed

light energy is used to drive electron transport and photosynthetic carbon assimilation. Besides, a small
fraction (1¢ 2%) of the energy is emitted at a longer waveldngts chlorophyll fluorescenddones

and Vaughan, 2010Although fluorescence is of minor relexa for this thesis, it should be noted

that this signahlsois part of the spectral signature received by a sensing systdinoh motivated the

Ay Of dza A 2 yint@the d&fiition af KISSOSKIBesids of the compounds within the plant, also

the caropy structure influences the signatutieat is received by a sensor.
2.1.1 Angular effects

Vegetated surfaceappear different when viewed from different directions. This results from the
scattering behavior of vegetation and its interaction with the irradiafielel andthe view angleof the
sensorduring the measurementalso known as the measurement geome(dpnes and Vaughan,
2010) In the following, this interaction will be referred to #ngular effectQReflection from a surface
varies from specular reflectance, where surface irregularities are small in relation to the incident
radiation wavelengthto perfectly diffusdLambertian scatteringwhere the light is scattered uniformly
over the hemisphere. Typically, plant canopies showamisotropicasymmetric scattering behavior
with a maximum apparent reflectance in the opposite direction of the mmidight. Since this area
appears brightest in aerial images it is called hlméspot(Jones and &ughan, 2010)Figure2.2 A, B

and C schematically show the different scattering behaviors. Additionally an RGB image of a winter
wheat field with the hotspot feature to the bottom left is shown. In the center of the hotshe

shadow of the UA¥fom which the image was taken is visible.
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Figure2.2 Specular (A), Lambertian (B), asymmetrical scattering of a caj@pgdapted from Jones
and Vaughan, 201@nd hotspot within an RGB image of a winter wheat f{@dBurkat et al., 2015,
Chapter 5)

Theasymmetric scattering behaviaf vegetation is caused by structural propertisch aghe leaf

angle distribution. Alsehe illuminationplay an important role. The proportion of shadow seen at a
specific spot withinanYil 3S RSLISyRa 2y (KS adzyQa LIRaAdAz2y NBf
position. Such structural and optical properties of the surface, including multiple scattering, mutual
shadowing, transmission, reflectance and absorption, influence the appag#attance perceived by

a sensolGatebe, 2003; Jones and Vaughan, 20T@¢ anisotropy of a surface can be quantified by
multi-angular measurements. In this thesis, the angslketting under which a measuremeist carried

out is called themeasurement geometry and implicitly defines tlamgular properies of that
measurement (which is pixel specific in the case of imaging devices). It comprises the viewing geometry
ofasensingg @ aSY NBfFGIABS G2 GKS ada2NFIFOS FyR Ada NBftI

2.1.2 Reflectance quantities

The irradiance field describes the composition of the direct incident radiation from the sun and the
diffuse radiation scattered by themosphere onto a specific pu in space. The BRBRhe theoretical
framework to express the angular dependencies of the scattering of this radiation by a surface. It
describesthe reflectance of a target as fanction of illumination geomiy and viewng geometry
(measurement geometryandhence carries information about tremisotropy of the surfacGatele,

2003) A variety of measurable quantities and inconsistent use of homenclature in association with
BRDF are present throughout the remote sensing community. In an effort to improve the ambiguous
usage of reflectance terms, Schaeprgtnub et al.(2006)suggested a standardized terminology of
reflectance products based dhe work of Nicodemus et a(1977). In the following, the important
aspects for this thesis in the context of BRDF are summarized. The nomenclature used is illustrated in

Figure2.3.
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Figure2.3lllustration of lkam geometries within the concept of directional reflectance measurements
—and %odenotes the zenith and azimuth angles, respectively, for the inci@deand reflected (r)
radiance(Suomalainen et al., 2009)

The BRDF is described by the zenith and azimuth angleedhfinitesimally small solidngle of the
incident and reflectedadiance. Each beam of incident light from one direction of the hemisphere is
scattered into another direction othe hemisphere(Eq.2.1). This relation describes the intrinsic
reflectance properties of a surface and facilitates the derivation of mamgrotlevant quantities (e.g.
conical and hemispherical reflectance factors) by integrating over the corresponding finite solid angles.
It should be noted that the BRDF is generally wavelength deper{@ehtaepmasStrub et al., 2006)

However, for reasons of clarity the spectral dependence is omittemlighout this section.

p o QD —PooHbo (Eq 2.1)
0 Y O 'O Q—bol +—bo 0 T i

—A [ %o incident radiance zenithand azimuth angles

—Al A%o reflected radiance zenith and azimuth angles

QOAl @ incident and reflected directional spectral radiance for

infinitesimally small view and incident angelsin steradiant (sr).

When reflectance properties of a surface are measured, the reffie@adiance is usually compared to
a reference. The result is the bidirectional reflectance factor (BR#gh is the ratio of the radiance
reflected by a surface in a given directiora standard surfaceoften Lambertian (lossless and diffuse),
in the same beam geometryNicodemus et al.1977; Schaepma8trub et al., 2006)Since the
reflectance of a Lambertian surface is viangle independent its notation can be omittédq. 2.2;

Schaepma#Strub et al., 2006)

o T & o B —o —boh Eq. 22
8 YO'Y —Fboh  N—Foh 2 ,g3°°h n“_oo bolt (Ea. 22)
—AT % incident radiance zenith and azimuth angles
—AT % reflected radiance zenith and azimuth angles
B AT @ radiant flux [W] of the target andLambertian reference
1 h T incident and reflected radiance cone igfinitesimal small

The concept of BRF assumes one light sotiraeradiates from a specific direction. However, under

field conditions light is also received indirectly from the hemisphere in addition to the directed
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irradiance from the sun. To normalize for variances in the ratio of diffuse and direct irradidu#on
direct and diffuse incident radiation is integrated over the whole hemisphere. The regujtiantity is

the hemisphericatirectional reflectance factor (HDREQ.2.3).

"00'Y "0 —hol 6o (Eq.2.3)
—AT % incident radiance zenith and azimuth angles
—AT % reflected radiance zenith and azimuth angles
s AT '@  radiant flux [W] of the target and ideal Lambertian reference
1 c“ incident radiance cone of hemisphericalextent
1 T reflected radiance cone isinfinitesimal small

BRDF, BRF and HDRF all have in commonthiinatassume aimfinitesimally small solid view angle.
However thesedo not exist{SchaepmasBtrub et al., 2006)Thusn reality the measured quantitgan
most precisely be described &emisphericakonical reflectance factofHCRF) anthe reflection is

integrated over a solid angle around the reflected zenith and azimuth 4&gle.4).

006 'Y 'OY —hol* 6o (Eq.2.4)
—A [ %o incident radiance zenith and azimuth angles
—Al % reflected radiance zenith and azimuth angles
1 q" incident radiation cone of henispherical extent

1 k "0°00 w reflected radiancecone corresponding toan instantaneous field of
view (c.f. Section2.1.3 of a sensor

A different normalization concept is used by the anisotropy factor (ANIF). The Ablifbds the
anisotropyof a target in comparison to its nadir reflectan(@andmeier et al., 19998imilar to the
HDRF and HCRF it is a function of hemisphélticaination conditions, viewing angle and solid cone.
Also it is wavelength dependent. However, instead of the normalization by a Lambertian surface, the

nadir reflectance of the same target is used (£4).

e s w B B B ol ool (Eq.255)
0 U0 "0"0Q—solc n—l’%on 'EB —F%OFK“ rT[F%oﬁ

—AT % incident radiance zenith and azimuth angles

—AT % reflected radiance zenith and azimuth angles

%o Since the reference measurement is acquired from nadir, the zenitl
angle ofthe measurement is zero and the azimuth is arbitrary

c“ incident radiation cone of hemispherical exént

1 k "'O"00 w solid angle resulting from a noninfinitesimally small instantaneous
field of view (IFOV)

Within Burkart et al. 201%Chapter 5p simplified version of EQ.5 is presented which assumes that
the incident zenith and azimuth anglemyg the same during each measurement campaign. Also, the

solid angle is not regarded since it stays the same for all measurements. Basitiesfollowing the
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measured reflectance factors will be denoted as reflectaascéong as a differentiation is nquired

for the understanding.
2.1.3 Principles of spectroscopy

Generally, optical sensing systems can record the optical signature of a canopy in discrete bands. This
information is called spectral when the radiometric response of these bands is knowhaiarnds

have been spectrally characterized by a center wavelengthaabandwidth, described by the full
width at half maximum (FWHM). Technically the FWHM defines the spectral resolution of a sensor,
since it defines the narrowest spectral interval thaan be resolved. The spacing of the center
wavelength is called sampling intery@ampbell and Wynne, 2011$ometimes this information is
resampled to a regular spacing and theatetl as spectral resolution of a sensor or a data product.
Spectral sensors can be differentiated by the number and spacing of the bands they record. If many
continuous bands are recorded, a sensor is called hyperspéet&lGoetz, 2009; Goetz ét, 4985)

else they are called multispectral. Most consurgeade RGB cameras record information in three
uncharacterized bands within the red, green and blue range. All these sensors transform the incoming
light into an electrical signal recorded asitignumbers (DN). The precision of this transformation is
given by the radiometric resolution. It refers to the number of intensity levels (expressed itih@N)

can be resolved by the sensor and is usually denoted as the bit depth (e.g. 256itfodG6 for 12

bit). To derive the spectral signature of an object, these DNs are transformed to physically traceable
units by radiometric calibration. The result is a measure of the radiation reflected or emitted from an
objects as a function of the wavelegs spectral radiance (= the radiant flux density emanating from
the surface; W msrnm?) or reflectance. Depending on the technical design of a sensor, it may record
the signal in different spectral domaingdones and Vaughan, 2010n this thesisit will be
differentiated between the visible (MI850¢ 700nm), near infrared (NIR00¢ 1300 nm) and short

wave infrared (SWIRL300 ¢ 2500nm). Additionally, the VIS can be divided into the blue (400
500nm), green (50@ 600nm) and red (60@ 700nm). Nevertheless, these borders should only be

considered as reference points.

In principlethe process of spectradiometric (spectral) measurements can be divided in-imoaging

and imaging spectroscopy. Ndémaging spectroscopy can be described as a method to characterize
the spectral radiometric properties of a surface within the FOV of ectspmeter as a spectrally
resolved but spatially integrated signal. Consequently, every measurement creates one spectral

signature(Campbell and Wynne, 2011; Jones and Vaughan, 2GbMmonly, groundbased spectral

measurements are carried out wifield-spedi N2 YSGSN&E (G2 &aiddzRé aGKS AydSN

ALISOUNIt OKINIYOUSNRAGAOE 2F 2

028S0Ga FyR G4KSANI oA
I ONAR3IS 0SG6SSYy 102N G2NE wXB8
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refinement and testing of models relation biophysical attributes to remetel® y’ & S R(Mikoh,{ | £
1987) Although this description is more than two and a half decades old, it is still a very appropriate
description of the use ofield-spedrometers today.Fieldspedrometers have been mounted on
moveable platforms to cover tge areas and static structures, like flux towers, for continuous
measurementgMilton et al., 2009) At the same time, more customized nonaging spectrometers
have been developethat have a higher spectral resolutige.g. to measure fluorescence: Cogliati et
al., 2015)r are more lightweight so that they nabe carried by new platform®.g. UAVs: Burkart et

al., 2014) Additionally nonimaging spectrometers have been used in figlthiometers to
characterize the anisotropy of vegetatgandmeier et al., 1999nd nonvegetated surfaces
(Suomalainen et al., 20Q9)Vithin this thesis, nofimaging spectroscopy are mostged as ground
validation (Aasen et al., 2015, Chapter 3; Aasand Bolten, in review Chapter djpd for proximal
sensing of vegetation propertigdasen et al., 2014, Chapter 8; Bendig et al., 2015, Chapter 7; Tilly et
al., 2015, Chapter 6AAdditionally, angular reflectance properties of vegetatiame estimated with a

UAVgoniometer, based on a lightweight spectromet@urkart et al., 2015, Chapter.5)

Imaging spectroscopy generates a representation of the spectral propefteesurface in two spatial
dimensions. Most imaging systems scan the surface pgititiskbroom) or linewise (pushbroom). In

both cases, a 2D representation of the surface is built up while the sensor is moving across the surface
(or an object is movedy the sensor, e.g. on a conveyer belt). During that process the light reflected
or emitted towards the instantaneous field of view (IFOV) of a detector element is recorded. The
projected area on the ground of the IFOV is called the ground IFOV (GIF©¥)mMitkined IFOV of all
detector elements of a sensor is called its FOV and defines the footprint on the ground which is covered
by the sensor. For neimaging devices the IFOV equals the FiDNWas to be noted that the footprint

of different bands might differ slightly as shown by Mac Arthur et al., 2012. Howevsinplicity this

will be neglected during the course of this thesi®jithin the GIFOV different parts may contribute
differently to the value recorded by the detector, which is described by the point spread function. The
spacing between the centerd the GIFOVs is called ground sampling distd&&D) The width thais
covered by one scaline of an imaging linscanner, usually perpendicular to the longitudinal axis of

the plane or along track direction, is commonly called swé&igyre2.4, left). Every measurement
within this swath has its own IFOV and is looking into a slightly different direction. The direction of the
surface normal is called nadifones and Vaughan, 201Te solid angle (mentioned in the context of
reflectance quantities described Bub®ction2.1.2) is defined bythe IFO\bf a detector. Thusyém a

strict physical point of viewfield-spedrometers as well as most common satellite and airborne
systems measure HCRFs. While the former typically have a FOV of approx. 25°, when no fore optic is
used, the IFOV of spatmsed instruments (e.dNorldView3, Sentinel) correspondto a much

smallercone. Thus, data products of the latter are often referred to as HDRF and BRF under the
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assumption that the HDRF is constant over the full cone angle of the(B¢Dgepma+Btrub et al.,
2006) Besides, since every IFO\Anfimaging spectrometer is pointing in a slightly different direction,
each measurement by a detector element has slightly different angular properties. Additionally, also
the ground sampling distance towards the edges of the swath relatively increasagdeeof the view

angle effectFigure2.4, right).

point spread
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Figure2.4 Schematic drawing of the field of view (FOV), instantaneous field of view (IFOV), ground
instantaneous field of vie{GIFOV) and ground sampling distaf@&SDyvith point spread function of

an airborne line scanngleft). Towards the edges of the swatie ground sampling distance increases

as a function of the oblique viewing angle and increased path length thrdughtmosphere. At the
same time, the viewing geometry of every pixel changes slightly with evenfrigk&l adapted from
Jones and Vaughan, 2010)

Commonly information by imaging spectrometers is geometrically corrected and reprojected to a
regular grid during pogprocessing im waythat it can be represented as pixels within a raster dataset

(Jones and Vaughan, 2016)oweer, this process igrone toproblems since it has to be defined how

the irregular spaced spectral information fromdividual measurements ahe sensing system is

assigned to the pixels. The complexity of this problem has led z8@v)ii 2 Ol f f &G KS LIAE S
YR | RStdzaAz2zyéd 2KAES | O2YLINS tofio/cark & Sound AR A y (i ¢
Cracknell(1998) this topic will become important within Aasen and Bol{@m review, Chapter 4)

where t is discussed how to assign a spectral signature to a specific pixel seen in overlapping images.

' RRAGAZ2YIffes AG aK2dAZ R 0S y20SR GKFdG Fy | YoA3Idz
the literature. In this thesis, the spatial resolutioha sensor refers to the pixels of its image, while the

spatial resolution of a data product (e.g. a remote sensing scene) refers to the spacing of the pixels in

the units of its global reference system (also referred to as the ground sampling distance).
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Imaging systems have been developed by different agencies and research facilities around the world
and applied to manned aircrafts. Within Europe, the two most prominent ones are @iet al.,

2008; Schaepman et al., 2014&)d the novel HyPlant specified to measure -guhuced fluorescence
(Rascher et al., 2015But miniaturized hyperspectral pushbroom scanners haismbeen mounted

on UAVYqLucieer et al., 2014; Zardejada et al., 2012Regardless of the carrier platform or the size

of the sensor, scanning dees need a movement of the sensor relative to the surface and precise
orientation and positioning information for every measurement to compose an image cube of the 2D
scene. Recently, hyperspectisiapshot cameras wer@troduced for remote sensing appétions

which record data in a different way.
2.1.4 Snapshot imaging spectroscopy

Hyperspectral snapshot cameras (HSCs) record spectral information in two spatial dimensions within a
single exposure and therefore without any scanning pro¢esgen et al., 2012)n contrast to whisk

or pushbroom spectrometers, snapshot camg(also called central perspective imagers) capture the
whole of a scene at one instant of time from the viewpoint of the camera (@oes and Vaughan,
2010) Consequentlyn case of spectral snapshot cameras the full image cube is recorded within one

integration of the sensorHigure2.5).

snapshot imaging
spectrometer

whiskbroo
spectrometer

filtered |
camera~,

Figure2.5 Proportions of the image cube collected during a single detector integration period for
scanning (a) and snapshot (b) devifldagen et al., 2012X and y denote the spatial dimensions, while

< RSy20Sa (GKS aLISOiNIf RAYSY&arAzyo

Different advantages of snapshot systems have been stated in theamate sensing literature. Due

to the elimination of the scanning process, snapshot systems do not eequaving elements and are

therefore more rugged. At the same time, they can record dynamic events of two dimensional scenes
(Descour and Dereniak, 1998 dditimnally, snapshot systems have an advantage in light collection
compared to scanning devices. Hagen ef{(2012)A RSy 6 AFTA Sa (GKA& a (GKS aay

remote sensing, on one hand the spatial two dimensionality of the data at first brings additional
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complexity. While objectat the centerof the scene are viewed with adir geometry, those towards
the edgeareviewed obliquely. Itomparison to whiskand pushbroom systems this complicates the
interpretation of the data with regard to angular effects (&tibsectior2.1.1), since more dimerigns
have to be regarde@Jones and Vaughan, 201@n the other hand, the movement of the sensing

system can be used to create multiple overlapping image cufigarg2.6).

Figure2.6 Different principles of data acquisition. Liseanning devices record individual imdipes

along one spatial dimension. Movement of the sensing system is needed to create a 2D scene (A).
Snapshot cameras record image cubes with two spatial dimensions with every exposure. Thus,
movement generates overlapping image cubes (B).

Taxonomy wise, stpshot cameras are a special case of imfaigame cameras. Imaggame cameras

such ag-abryPérot interferometes (e.g. Honkavaaret al., 2013)also record spectral information in

two spatial dimensions. Howevesince only individual bands or band packages are recorded, the
generation of an image cube requires a scanning process through the spectral dimension. The
elimination ofany scanning process with snapshot cameras has the benefit to omit the spatial co
registration process of the spectral datahich simplifies the remote sensing process. Thus, the data
can also be considered as hyperspectral images. Nevertheless, taedatger areas the relative
orientation and position of these images need to be reconstructed and potential spatial distortions
need to be correctedFortunately recent developments in computer vision and photogrammetry
provide a solution for this and em more, can use the spatial information within these images to

reconstruct the 3D geometry of the scene.

2.2 3D remote sensing

Noncontact methods to derive 3D information about a surface include methods suchiaas AR,
photogrammetry and laser scanniffgemondino and Efiakim, 2006) These techniques generate a

setof points with 3D coordinatesUiJ to describe a surface. This informatitss commonly referred
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to as 3D surface points ar3D point cloud. From this information a digital surface model (DSM) can be
created with triangular mesh generation. The resulting D& have a reduced dimensionglivhere
only one zvalue is assigne@tevery @ -coordinate within a grid spacing (E46). Such surfaces are

known as 2.5D surfacésuhmann et al., 2014)

NOTN ) (Eq.2.6)

In remote sensing such 2.5D surfaces are commonly found describing a digital elevation model. It is
defined as a file or database containing elevation points over aigiomiis area. Digital elevation
models can further be divided into DSMvhich contain the elevation information of all features in the
landscape, and digital terrain models (DTMs), which contain the information about the bare soil surface
without features in the landscape such as vegetatigdensen, 2007)New applications and
technologies led tanodificationsof this terminology for specific purpose$erminologies such as
canopy height model@andois and Ellis, 2013; Lisein et2013) crop surface model@endig et al.,

2014; Geipel et al., 2014; Tilly et al., 20d4g¢anopy heigh(Friedli et al., 2016; Nakai et al., 20bdve

been used to specifyinthe height of vegetation. Additionally, the PH has been used to denote the
difference between a DTM and a DSM on vegetated surf@esdig et al., 2014; Tilly et al., 2014

this thesis, the latter is adapteft.f. Subsectior4.2.6.]). Additionally, a DSM will denote th&5D
height information assigned to a raster grid cell (pixel) based on the 3D information of the point cloud
in the corresponding area. In this thesassphotogrammetric approach and TLS are used to derive 3D

information about the barley canopy. Both tedljues will be introduced in the following.
2.2.1 Structure from Motion

The termBtructure from Motiof2 NA A Y | 6 Sa FNRBY @GAadzf Y2iAizy LISND
structure and motion of objects can be inferred from a 2D transformation of their pdjéct A Y 3S4& ¢
(Ullman, 1979) During the last decade, advances in computer vision and photogrammetry have
allowed a new way to exploit this procedugeand in combination with flying platforms such as UAVs

¢ to gather 3D infomation of a landscape. The combination of advances in image and dense matching
algorithms allow to reconstruct the 3D topography of a scene in-t@gl resolution from multiple
imagescaptured by a UAV. Although SfM technically only refers to the imawgtching technique,

the entire process of image and dense matching is commonly referred to as SfM. This nomenclature
will also be used in this thesis. Image matching calculates the relative position of a series of images by
identifying identical object feares (points, patterns, edges) in the overlap of the images and
reconstruction their 3D topologft unmann et al., 2014Yarious approaches have been developed to
identify corresponding features, among them the Scale Invariant Feature Transform opESHEar;

Lowe, 2004)After these feature have been identifieda bundle adjustment is carried out to merge
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the individual images to a global moddundle adjustment is therocessof refining a visual
reconstruction to produce jointly optimal 3D structure and viewing parameter (camera pogerand
calibration) estimategTriggs et al., 2000Puring that process the orientation and position of the
images and the 3D coordinates of the identified points are calculated. Ditfecétware tools can be

used to carry out the bundle adjustmerd.g.Bundler(Snavely, 20L165Snavely et al., 2008pptionally,

the connection to a global coordinate system can be established by providing a set of reference points
such as the georeferenced ground control points (GCPs) used in this thesis. The result of this process
is a represatation of the surface as a point clogduhmann et al., 2014¥%enerally, the density of the

point cloud after the bundle adjustment is quite spalstarwin and Lucieer, 2012Jo increase the

point density, dense matching techniques are uskedt use the output of a bundle adjustment to
densify the sparse point cloud. The process is very computaljgntnsive and algorithms have been
developed to exploit parallel computing and graphics pssing unit§Remondino et al., 2014Among

these dense matching algorithreemiglobal natching represents a computational efficient method.
However in comparison to multview techniques it only uses stereo pairs of images and the depth
maps are fuse@irschmuller, 2008; Luhmann et al., 20143 a result a dense 3D poirduatl is created

that corresponds to the ground sampling of the original ima@dteala, 2013)Within the SfM process,

the image matchig is the most problematic step since its success in matching directly depends on the
shape and form of the objects in the scefi@ihmann et al., 2014)Thus, a sufficient image overlap
(Szeliski, 2011and sufficient scene texture is requirédBemondino and Eflakim, 2006)In case of

aerial photography an overlap of 60% side and 80% forward overlap is suggisaft LLC, 2016)

In this thesisthe SfM software Photoscan was used. Only vague information about the algorithms

within the software are known. In a forum post by an Agisoft emplpjteeas disclosed that the

feature matching is based on a similar approach as SIFT ansbtiag of the image orientation

LI NI YSGSNB Kl a aYlye (K@shyenovi2gllgesidesyReyhondido@tial . dzy R f
(2014)state that the implenented imagematching algorithnseems to be anethod similar tostereo

semiglobal matching. Since SfM can be used with almost every camé&ancreasingly adapted by

the remote sensing communityigurel.l). Examples from the remote sensing of vegetation are the
estimation ofPH in fores{Dandois and Ellis, 2013, 2010; White et al., 2@k®) agricultural crops

(Bareth et al., 2015b; Bendig et al., 2014, 2013; Geipel et al.,.2014)

2.2.2 Terrestrialaser scanning

Ligh detection and ranging (LIDAR) is an active remote sensing technique. LIiDAR systems send out very
short pulses of a very narrow beam of coherent light and record the time delay until the signal returns
from a reflective object. Since the beam is travelvith the speed of light, the distance to the object

can be calculated. Depending on the beam width and the structure of the object, one pulse may be
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reflected multiple times on its path. LIDAR systems can be divided into discrete return and full
waveform LiDARsystems depending on how the return signal is recorded. Discrete LIDAR systems
record a certain number of returned pulses, while-fuiveform LiDARSs record the full shape of the
intensity of the returning pulse as a function of time after emissiiong with the received signal
reflected from an object the angle of each pulse is stored. Together with the position and orientation
of the LIDAR system this information canumed to derivea 3D point cloud for each return of the
beam (i.e. the discré&ed points of waveform). Thus advanced LIiDAR systems, which penetrate through
vegetation and record multiple returns, allow the mapping of multiple layers of the canopy and ground
at the same timgJones and Vaughan, 2010)DARystemshave been deployed on several platforms
and applied to a multitude applications. A comprehensive review of cropitoromy approaches can

be found in Tilly et af{2015, Chapter 6)

TLSare staticLiDAR systems equipped with a scaigninechanism siicas a rotation mirror and thus
sweep along a surface and creatdvertical) profile. Additionally, the system is rotated around the axis

of its mounting tripod to capture the second (horizontal) dimeng®etrie and Toth, 2009; ] 2015)

Within this thesisthe TLS system Riegl LIM&20i was used.he sensor operates with a neifrared

laser beam, has a beam divergence of 0.25 mrad, and a measurement rate of up to 11,000 points/sec.
In addition its field of view is up to 80f the vertical and 360° in the horizontal directi@RIEGL GmbH,
2010) The positbn of the scanner was tracked by the RO&PS system HiPer FT@®PCON, 2008y
establishing a reference station the relative position of the entire TLS setup used in thysvsisd

determinedto be approximately.01l m (Tilly et al., 2015, Chapter.6)

2.3 Sensing systemssed in this study

Different sensors have been used in this study to deriv8 Rpectral and 3D information. A detailed
description of these systems can be found in the follonsagtions Subsectior3.2.2introduces the
UAV snapshot camera systdJHD Sectiorb.2introduces the UANGoniometer (UAMBTS)Subsection
6.2.1.1introduces the TLS syste®uiibsectiory.2.3introduces the BB camera GX1 and the FigRl-
spedrometer is introduced irSubsectior8.2.2 A summarnyof the technical detailgelevant for this
thesiscan be found imable2.1. In theoveralldiscussionthese sensing systems are comparedte
airborne sensing syste®iPEXSchaepman et al., 2013jhus, alsdhe technical details of fls sensing
systems can be found fable2.1. Besides, a detailedkscription of the Mclass rotarywing UAWIK-
OktoXLlwhich was used as the carrier platfofor the UHD and GXdan be foundn Subsectior8.2.1
The UAV used for the UASTS can be found 8ection5.2
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Table2.1 Summary of the spectrand RGB sensing systems used in this studyr@@lanttechnical details such as the field of view (FOV) and instantaneous
field of view (IFOV), typical above gnoualtitude (AGA)ground sampling distance (GSidtypical above groundltitude, coverage (per time or scenahd

full width half maximum (FWHMAdditionally, the specifications of the Airborne Pristpdtiment (APEX) are shown.

sensor  AGA GSD spatial coverage number of bands (range FOV IFOV sensor type FWHM detailed
resolution information
UHD 30m HS:02m 50x50px 12mx12m 95 20°x 0.4° snapshot 5 (at466 nm} Subsectior8.2.2
gray: 001 1000x 990 p> (1500 mz (466 nm- 850 nm} 20° 25.6 (at850
m in 14 min} nm)
UAV 16m 9-30m?2 1 - 256 12° - norn- 3nm Sections.2
STS depending (338 nm- 823 nm) imaging
on tilt
FS3 Im 0.15m? 1 36 plots x 6 VNIR: 650 25° - non- 3 (at 700 nm) Subsectior8.2.2
samplesn 1- (350nm - 1000 nm) imaging
2ht SWIR1 and SWIR 2: 8 10 (at 1400
(10002500) nm)
GX1 50m 0.01m 4608 x 3464 41.5mx31.z 3 RGBronspectral) 55.8° 0.012° RGB - Subsectiory.2.3
pX m X snhapshot
(>1500mz 38.9°
in 5 min)2
APEX 60- 1-2m 1000 px - VNIR: 114 28.1° 0.028° Puslbroom 6 nm(at760 Schaepman etal.
7620 (372 nm-1015 nm) nm) (2015)
m SWIR: 198
(940 nm- 2540 nm)
1 Recommended bands by Aasen et al. (2015)
2 In 2014 configuration. Depends on the flight pattern and flight speed
3 For nonrimaging devicethe footprint size is given
4 Dependson the stability of thalluminationconditions



Plantgrowth of barley

2.4 Plant growth of barley

In most areasspring barley is cultitad to produce highguality malting barley. After being 8m in

late March or early April, the growing period is about 110 to 130 days. Several nomenclatusés exit
describe the currehgrowth stage of the plants. In this thesise BBCHscale(Meier, 2001)jsused. It
divides the growth into several growth stages denoted with two digit numbers from 0 to 99, of which
the first denotes the pringle growth stage and theecond thewithin stage developmen®igure2.7).

The most important growth stages for management practices, such as fertilization and plant
protection, are within the vegetative phase from leaf developm@BCH < 1Gp stem elongation

(BBCH < 39; Munzert and Frahm, 2005)
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Figure2.7 Growth of barley with BBGstale and typical periods of fertilization and plant protection
(modified from Munzert and Frahm, 2005)

During thedifferent development stagedifferent partsof the plantgrow. Dry matter in cereals is first
accumulated in leafs until they intercept almost 100% of the photosynthetic active radiation (PAR).
PAR excites the electrons in the chlorophyll molecules in the chloroplasts of the plantieaesl thie
process of photosynthes{§ischer et al., 2014; Jones and Vaughan, 20%@rthe tillering, biomass

is mostly accumulated in the stem and later in the spike and gr&igsire2.8). The exact pattern of

the plant growth depends on the climate and soil conditions of the growing aasawvell as the

management of thdield.
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Figure 2.8 Dry matter accumulation in spring wheat in connection with photosynthetically active
radiation (PAR) and green area ind@rodified from Fischer et al., 2014)

2.5 Studysie

Most studieswithin in this thesisvere carried otiat the research station Campus Kldihendorf(50°

OT pM b2 %of tleec WndpersityH of OBonn hftps://www.cka.unibonn.de/) within the
interdisciplinary research project CROP.SENSewstw(cropsense.urbonn.dg. Due to the crop
rotation, the expeiments were placed at different fields each year. Nevertheless, the overall soil and
climate were the same. The soil was a clayey silt luvisol. The camames] weather station repoed

a longterm average precipitation of 60&m and a daily average temgaure of 9.3°Cfor 2014(Figure

2.9; Campus KleiAltendorf, 2010)
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Figure2.9 Climate diagram (longerm average 19562014 for KleirAltendorf(Tilly, 2015)

In total, 22 campaigns were carriedt at the CROP.SENSe.net experiment in the context athibéés
in 2013 and 2014. In conjunction with these campaigns, manual plant height and destructive samplings
of fresh and dry biomass, divided by plant organs, and laboratory based chlorophyll, carbon and

nitrogen measurements were carried oukable2.2). Each year, 36 plots of different spring barley
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(N) fertilizer and the other half with 48y/ha N. In 2013, one repetition of 18ltuars (Barke, Wiebke,

Beatrix, Eunova, Djamila, Streif, Ursa, Victoriana, Sissy, Perun, Apex, Isaria, Trumpf, Pflugs Intensiv,

Heils Franken, Ackermanns Bavaria, Mauritia and Sebastian) per fertilizer treatment was sampled,

while in 2014 six cultivaf®arke, Beatrix, Eunova, Trumpf, Mauritia and Sebastiathjree repetitions

were sampledThe map of the experiment of 2014 is showrrigure2.10. Each plot was divided into

a nondestructive part for the remote sensing and pldmeight measurements, and a destructive

measurement part where the biomass and chlorophylasurementsvere carried out. The seeding

days were 9 April 2013 and 13 March 2014.

Table2.2 Summary of the campgins carried out with the terrestrial laser scamynsysten(TLS)field-
spedrometer (FS3), UAV RGB and UAV UHD in the context of this thesis in 2013 and 2014. The campaign
dates are sorted by the day after seeding (DAS). For the manual sampling dageplaht parameters

(PP), the average BB@Ehle is given.

DAS 2013 2014
date sensor PP (BBCH) date sensor PP (BBCH)
15 3/28/2014 TLS
20  4/29/2013 TLS, FS3
34  5/13/2013 TLS
35  5/14/2013 FS3, RGB 18
41 4/23/2014 TLS, FS3 29
49  5/28/2013 TLS, FS3, RC 30
54 5/6/2014 FS3, UHD
56 5/8/2014 TLS 31
63  6/11/2013 RGB
64  6/12/2013 TLS, FS3 41
68 5/20/2014 UHD
70 5/22/2014 TLS, FS3 49
78  6/26/2013 TLS, FS3 57
80  6/28/2013 RGB
82 6/3/2014 FS3
84 6/5/2014 TLS, UHD 56
91 7/9/2013 FS3, RGB 68 6/12/2014 UHD
92  7/10/2013 TLS
96 6/17/2014 UHD 74
97 6/18/2014 TLS, FS3
104 7/22/2013 TLS, FS3, RC 81
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Figure2.10 Map of the CROP.SENf#.experiment at Campus Klehitendorfin 2014 with plot

number (large numbers) and cultivar (small numbers). The cultiss colored squares indicate the
destructive measurement parfhe destructively sampled plots are framed with a solid rectangle.
Positions of the ground control points (GCPs)tan@strial laser scanning positions (lsBeshown

¢tKS (g2 LIX20 NRga G2 GKS tSTG ¢ SNGhahiNdgeniNR 6 A
fertilizer and the other half with 4kg/ha N.

Besidesfor Aasen et al(2014, Chapter 8)lata from fieldcampaigns in rice from study siteat
Jiansanjiang (47.2°N, 132.8fk}Yhe Heilongjiang Province of Northeast China was used. The details

about this experiment can be found 8ubsectior8.2.1
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Abstract: This paper describes a novel wayderive 3D hyperspectral information from lightweight
shapshot camersfor unmanned aerial vehictefor vegetation monitoringTheCubert UHD 18Firefly
collects a full hyperspectral image cube with 125 bafrden 450 to 950 nm with two spatial
dimensions during one exposure. First we describe and apply methaddiometrically characterize

and calibrate snapshatameras Then, we introduce our processing chain to deBiehyperspectral
information from thecalibrated image cubes based on structure from motion. The approach includes
a novel way for quality assurance of the data. Latter is used to assess the quality of the hyperspectral
data for every single pixel in the final data produihe result is a perspectral digital surface model

as arepresentationof the surface in 3D spadaked with hyperspectral information emitted and
reflectedby the objects covered by thmurface We apply the approach to data from a flight campaign

in a barley experimenwith different varieties to demonstrate the feasibility for vegetation monitoring

in the context of precision agriculture and derive chlorophyll, LAI, goe@massand plant height from

the hyperspectral 3D data.he radiometric calibration yield good rdts with less than one percent
offset in reflectance compared to an ASD FieldSpec 3 for most of the spectral range. The quality
assurance information show that the radiometric precision is better than 0.15 percent for the derived
data product. The plant grameters retrieved from the data product correspond to-field

measurements of a single date field campaign for plant height (R2 = 0.7), chlorophyll (R2 = 0.52), LAI (R?

32



Generating3D Hyperspectral Information with Lightweight UAV Snapshot Cameras for Vegetataiomng:
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= 0.31) and biomass (R2 = 0.20ur approach can also be applied @iher imageframe cameras as

long as the indidual bands of the image cube are spatiatiyregisteredbeforehand

Keywords hyperspectral digital surface model, imafyame camera, radiometric calibration, quality

assurance information, precision agriculture

3.1 Introduction

In the context of vegetation monitoring f@aygricultural applicationsip-to-date information is critical

for in-time decision makin@Atzberger, 2013)it can help optimize the inputs of fertilizers, herbicides,
seed and fuel by doing the right maregent practice at the right place and the right tinfiulla,
2013)and thus save resources within the needed intensification of agricultural produ(ficiey et

al., 2011)In the last yearsnmanned aerial vehicles (UAVS), also known as unmanned aggstédims

or remotely piloted aircraft systems, are increasinglp@éd as remote sensing platfornf€olomina
and Molina, 2014)These include rotarwing (Bendig et al., 2013; Berni et al., 2009; Honkavaara et al.,
2013; Lucieer et al., 2014; Suomalairetral., 2014a) and fixediing platforms(Buttner and Rdser,
2014; Hruska et al., 2012; Zaf€ejada et al., 2012Compared to proximal grourblased systems UAV
platforms can survey areas faster and without distracting the surface ¢Buekart et al., 205). They

can provide remote sensing data in higher temposgatial and spectral resolutioand are more
flexible thanplane and satellite basesensors. Additionally, they are considerably cheaper, can be
deployed where and when needed and fly below theuds which makes them a promising tool for
frequent observations(Berni et al., 2009)When combined withsensorsthey become sensing

platforms to gather the needed u-date information for vegetation monitoring.

Hyperspectral (HS) sensors have shaymat potential to derive information about the biophysical
(Aasen et al., 2014b; Erdle et al., 2011; Gnyp et al., 2013; Haboudane et al.,, 2004; Hansen and
Schjoerring, 2003; Thenkabail et al., 2000) and biochemical paranfeteb®udane et al., 2002; &f

al., 2010; Thenkabail et al., 2011; Yu et al., 20bBWegetation and agricultural crops as well as to
detect environmental stress or plant diseagBelalieux et al., 2007; Mahlein et al., 2013; Stagakis et
al., 2012; Yu et al., 2013dyaditionally HS data is acquired wifield-spedrometers, airborne sensors

or satellites(Itten et al., 2008; Milton et al., 2007; Pearlman et al., 20Bcently, HS sensors have
been shinking in size and weight arthve thus become feasible for use onboard ofMdABurkart et

al. (2014)introduced an ultradight weight spectrometer mounted onndJAV forfield spedroscopy
feasible of acquiring HS point measurements with adjustable an§tasral line scanners are available
for UAVs and have been flown on fixeahd rotarywing UAVs for vegetation studi€¢Buttner and

Roser, 2014; Lucieer et al., 2014; Suomalainen et al., 2014b-Tejana et al., 2012) ine scanners
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record one spatial dimension and are depended on the movement of the imaging system or tbie obje

to generate a HS image cube with two spatial dimensions.

Lately, a new type of HS cameras has been introduced to UAV remote sensing: H&amaggF)
cameras like the Cubert UHD 1Bbefly (http://cubertgmbh.de/), the Rikola FPI
(http://www.rikol a.fi) or the IMECSM5X5(http:// www2.imec.bg record HS information with two
spatial dimension. Several nomenclatures are used for these caifiaesth et al., 2015a; Honkavaara

et al., 2013) In an effort to structure these we identified two parametesswhich IF cameras can be
categorized. The first category refers to the type of spectral data the camera records. Here we divide
into multispectral (MS) and hyperspectral (HS) cameras. Following the core definition of imaging
spectroscopy by Goetz et gR009; 1985)HS cameras have to record many continues, registered
(characterized) spectral bands. Other devices are categorized multispectral (MS) as long as their
channels arespectrally and radiometricallgharacterized. In particular the spectral resgercurve of

the individual channels should be quantified to make results intercomparable. Thus, MS would include
MS IF cameras as thini-MCA (http://www.tetracam.com/) or the MicaSense RedEdge
(http://www.micasense.com) but also characterized standard modified RGECIR: modified RGB
camera with NIR filter removedameras capturing RAW images without automatic color balance (e.g.
Hunt et al(2010). A third category are IF cameras, which have not been spectrally characterized. These
include (modified)RGB cameras. The second parameter for the categorization refers to the way the
images are acquired. Here, we separft@nd snapshatamera systems. If all bands are synchronously
captured, e.g. within the same exposure and thus, theifiadlge cubds recorded without a scanning
process, the cameras are referred tosmmapshotcameragHagen, 2012)0On the other hand, if bands

or bandpackagesre recorded sequentially or unsynchronized as two dimensional IF and thus, the
image cubeneeds to be createdybband ceregistration, these cameras are referred to as IF cameras.
This categorization is summarized Table 3.1. Both categories are hierarchical structured: as HS
cameras are MS cameras, so amapshotcameras IF cameras. didonally, the cameras can be
characterized by other typical parameters like spatial and spectral resolution, FWHM and spectral

domain.

Because IF cameras record 2D spatial information, they provide the opportunity to derive additional
vegetation paramedrslike plant height from 3D dateomplementary to HS data. So far, mostipAR

is used to derive 3D information to monitor growtti individual tees(Jaakkola et al., 2010), forests
(Koch, 2010) and agricultural crops (Tilly et al., 2014). For thez Httffmeister et al(2010)introduced

the concept of crop surface models monitor cropcanopygrowth in 3D over time. More recently,
structure from motion (SfM) algorithms are used to reconstruct the 3D geometry from 2D images

When images are colleadewith a sufficient overlap, SfM can calculate the relative position and
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orientation information by matching features within the individual imag®geliski, 20113s long as

the scene showsufficient texture(Remondino and Hflakim, 2006) Some studiesa@monstrate the

feasibility of images acquired from UAV platforms with SfM to derive plant growth: Bendig29E3)

generated multitemporal crop surface modsl to monitor plant growth of barley with very high

resolution < 0.05 m from a rotamywing UAMlying at 30 m. Zarcdejada et al(2014)quantified tree

height in orchards from a fixeaing UAV flying at 200 m with the same resolution

Table3.1 Categorization of imag&ame spectral cameras by the gypf spectral information captured

and the capturing procedure with some examples. Both categories are hierarchtoadliured: as
hyperspectral cameras are multispectral cameras, so are snapshot camerasfiaragecameras.

RGB/CIR spectral
several many
unchaacterized characterized characterized,
bands bands continues bands
(multispectral) (hyperspectral)
Image bands or band packaged Mini-MCA, Rikola
frame  (sequentially) captured as MicaSense hyperspectal
(IF) two dimensional image RedEdge camera
frames
Snapsho all bandssimultaneously (modified) RGB  characterized UHD, SM5X5
(S) captured adwo dimensional cameras (modified) RGB
image frames covering the cameras
samearea

For the combined analysis HS andiBidormationare co-register from gveral sources in most studies.
These demonstrate the advantages of combining the two types of information: With the combined
data accuracy of vegetation mapping can be increa@ddnzo et al., 2014; Hladik et al., 2013)
estimation of biomass is imprové@lark et al., 20119nd stresss detected(Swatantran et al., 2011)

All these studies useldDARo derive the structural information. Recently, also Sfvsed: Bendig et

al. (2015 combinedthe plant height derivedrom crop surface modebnd Visfom field-spedrometer

data to improve the accuracy bfomassestimation in barley. Suomalainen et g2014b)developed a
bundle of am HS push broom scanner and a RGB camera to map HS data simultaneously to digital
surface models (DSM) with Sfivom a rdary-wing UAV platform. However, fusion of data from
different sensors, eventually mounted on different platforms and collected at different times, may
become challenginfAvbelj et al., 2014)Veryfew studies so far have used color intensity and 3D data
created from a single cameras system: Geipel gR8ll4)and Bareth et al(2015b)usedplant height
anduncalibratedRGB information from UARorne camerato increase grain yield predicti@ccuracy
andderive spatial information of grassland ecosystemespectivelyDiazVarela et al(2014)used a

CIR to identify agricultural terraces. To collect HS and structural information with the same system

Honkavaara et a(2013 used a Fabry Perot interferometbased HS IF camera on a small helicopter
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UAV fying at 140m to derive a DSM together with spectral information with a resolution of about 0.2

m to estimateplant heightand biomassof cereals. A different approach to collect HS and structural

data with the same instrument was developed by Suomalagteal. (2011)who created an activelS

LiDAR To the authors knowledge the latter two studies are the only ones which used a single

instrument to monitor HS an@Dinformation at the same time for vegetation monitoring.

In the context of remote sensingf wegetation the importance of spectral sensor calibration and
characterization has to be underlined. In order to make quantitative remote sensing studies, accurate
radiometric and spectral calibrations HiSimaging data are necessgi@ao et al., 2004nd improves
consistency between dasets by reducing temporallyspatially variable environmental effedtselcey

and Lucieer, 20125uch metadata information support the interpretation of scientific data, in general,
help to ensure londerm usability ad provide a basis for the assessment of data quality and possibility
of data sharing between scientigidueni et al., 2009)or imaging systems dagaality might be pixel
dependent Thussatellite systemssuchas MODI$Roy et al., 2002nd airbornespectral systems as
APEX provide pgixel quality information directly linked to the imagéten et al., 2008) For
lightweightHSimaging systems such information has not yet become a standard. Additionally; multi
sensor studies become more frequgitizberger, 2013)To compare results from different campaigns
or transfer between different systems sensors sldole carefully characterize@nd properly
calibrated to the current environmenfvon Bueren et al., 2015)While comprehensive calibration
studies exist for individual lightweight UAV IF seng#islcey and Lucieer, 201tRgre is still a need to

adapt calibration procedures to new systems with different sensing techni@@e®th et al., 2015a)

The scope of this contribution is tetroduce anmnovative wg to create a data product containimS

3D information from images captured by a novel $t@pshotcamera based on available software
without co-registration of 3D and HS information. Thus, we describe the full process including i) camera
chamacterization and calibration, ii) 3BSdata product generation, iii) pixel wise quality assurance
information. The result is a hyperspectral digital surface modelrapiesentationof the surface in 3D
spacelinked with hyperspectral information emittecind reflectedby the objects covered by the
surface accompanied by quality assurance information for every pixel. In a last step we demonstrate

how to derive plant parameterf®r vegetation monitoring of agricultural crofiom this data product.
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3.2 Materials

3.2.1 Carrier platform

Our carrier platform MKOktoXL Ifttp://www.mikrokopter.de) is a rotarywing UAV with a maximum
payload of 2.5 kgHigure3.1). The total weight is less than 5 kg. Depending on the payload and the
batteries,the flight time varies from 15 to 30 min. The altitude, speed and position is controlled during
the flight and logged to an ehoard memory card. The flight path is controlled by ¢gwopilot Flight

Ctrl. 2.1 following predefined waypoints configured lire tMikroKopterTool. The payload is mounted

on a gimbal. We use the MK HiSight SLR2 gimbal which compensates for pitch and roll movement
RdzZNAy 3 GKS ¥Ff A 3 Khbardgyrosdepes. ik camigesatioh atlaWa to Bajhtain a nadir

orientation of thesensor. The weight of the gimbal is about 280

Figure3.1 Carrier Platform (CP) MikroCopter Okto XL with Gimbal and image capturing system (ICS)
with UHD 18&irefly and the single board computer (SB&Rini Z.

3.2.2 Image capturing system

Our image capturing system consisf the Cubert UHD 18Birefly (UHD) HShapshottamera and the

small single board computer (SBC) Pokini Z (http://www.pokini.de/). The UHD simultaneously captures

138 spectral bands with  al YL Ay3d AYyOdSNBIt 2F n yY® CNBY (KS
recommends the use of 125 bands between 450 and 950 nmFWidMof the bands are shown in

Figure3.2 andincreases from about 4 nm at 450 nm to about 26 rr8%0 nm.
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Figure 3.2 Full width at half maximum (FWHM at each sampling wavelength as given by the
manufacturer

For each band a 50 by 50 pixel image with 12 bit (409&lMN)mic rangés created. Insidéhe camera,

this is done by projecting the different bands to different parts of a charged coupled device (CCD).
Technically, the pixels on the CCD correspond to different bands and spatial pixel$noddieecube
Nevertheless, in this contribution we @she homenclature on the data level such that the term pixel

will refer to the pixels within one image band and bands will refer to the spectral bands. At the same
time as the HS image is reded a grayscale image with a resolution of 990 by 1000 @ixalptured.

We use a lens with a focal length of 16 mm resulting in an across track field of view (FOV) of
F LIWNRBEAYI GSt& Hncod {AyOS G(GKS OFYSNI Q4 K2dzZAAYy3d Az
fixed at the front to capture nadir imageBi¢ure3.1). The ground resolution at 30 m flying height is
about 21 cm for the HS pixels and 1 cm for the grayscale image. With the software of the camera the
HS resolution may be pasharpened to the grayscale images resolutiontdras not used in our study.

The total weight of the Camera is about 470 g. and its housing is about 28 by 6.5 by 7 cm.

The camera is controlled by a SBC. It is connected to the camera with two gigabit ethernet cables and

runs a server applicationwhiéh2 Yy i N2 f & (GKS OF YSN}Y | yR NBOSAGSa |y
drive. The configuratioris doneremotely via WiFi from a control application run on a different
computer. Within the WiFi range a live view may be transmitted to the control apmicand
measurements may be triggered manually. Additionally, a sequence of images with defined frequency

and duration can be recorded. The performance of the SBC allows to captumeabls cubesvith a

frame rate of about 0.6 hertz. The typical integrattone under cloudless conditionsisms increasing

to about 6 ms under cloud covered conditions. The whoteage capturing systertogether with a

three cell lithium polymebattery weigls about 1 kg.
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3.2.3 Field study

The field experiment was carried out et research station Campus Kidittendorfo p nc o1 QX pwm |
p dQZ ofahe Urversity of Bonn within the CROP.SENSe.net project (http://www.cropsense.uni
bonn.de/). In total nine varieties of barley were planted and treated with two nitrogen treatsétd

kg/ha, 80 kg/ha) in three repetitions in an experimental plot layout. Each plot had an extent of three

by seven meters and was divided into an invasive andineasive sampling part. This way the plants

in the noninvasive area could grow undisturthe=or this study samples from a single date’'{08ne

2014) were evaluated: Wcollected plant samplgsom all repetitions ofsix varieties in the invasive

sampling partAdditionally, we captured the an of approximately 0.15 haith in total 320 UHD

images with the UHD carried tlye UAVin two flightswithin approximately 20 min

3.2.4 Invasivesampling

To estimate the average height within each plot we manually measured the plan height with a ruler at
ten random positions within the neimvasive samplingart of the plot. The measurements were
averaged to represent thelant heightper plot. To measure the chlorophy@ii) content we collected

four times three stamps with a radius of 3 mm from leafs at the top layer of the canopy within the
invasive samiing part of the plot. These were instantly frozen with liquid nitrogen inside a dryshipper
to preserve the samples. Later tizhlcontent of three stamps a time were measured with the DMSO
Method (Blanke, 19923t the Institute of Crop Science and ReseuBonservation (INRES), University

of Bonn. he four samples for each plot were averaged. Brmmasswas measured by extracting all
plants within a 20 by 20 cm square in the invasive sampling area of the plot. The roots were cut off and
the plants were gired in a cooler and transported to the laboratory. There, the samples were cleaned
from mud, divided by the plant organs and ghked. The LAl was measured with a leaf area meter (LI

3100C http://www.licor.com/).
3.2.5 Flight planning and conditions

To definethe flight path we measured eight GPS positions on the south and nine on the north side with
a distance of two meters from the experimental plots. For the measurement the internal navigation
grade GPS of the UAV was used. Due to an unexpected shutdowa 8BIC two flights had to be
carried out immediately consecutively. The flights was conducted during an opening in cloud cover on
a partly cloudy day under sunny conditions. A close by weather station recorded no change in global
radiation during the fligts. The takeoff time of the first flight was 12:50 PM and each flight lasted

about 10 minutes. Before the flight ground control points (GCPs) were mounted on positions previously
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measured with a differential GPS with a relative sub centimeter accuraeyhédding of the UAV was

set such that the camera orientation stayed constant during the flight.

3.3 Methods

In the following we give a brief introduction to the effects influencing the signal inside an IF camera,
how to quantify them and approaches to cortehem. The process is applied to our camera ahd

results are quantified in sectiah4. Additionally, we describe the generation of the didital surface

model (HS DSMInd a method for quality assurance of the derivedadatoduct. The entire process is
implemented in MATLAB (Version R2011b, www.mathworks.de). The last part of this section describes
the extraction of the plant parameters from the H3SM. In our calibration procedure spectral
calibration was not includedirgce itthe center wavelengtland FWHMvas delivered with the camera.

For a detailed description of a spectral calibration procedure of HS UAV sensors one can refer to e.g.

Lucieer et al(2014)
3.3.1 Radiometric calibration

The raw HSmage cube recorded bythe UHD consist of a three dimensional matrix where two
dimensons represent the spatial extewnff the FOV and the third dimension represent ti8bands.

The pixels within each band contain a DN value which is created by the CCD correspmmniéng
eledronic charge present within the pixel array at time of the readout. However, these do not
necessarily represent the real radiation reflected or emitted by the objects within the sensors FOV.
Artifacts introduced by the cameras optical system and its edeat components influence the signal

and have to be corrected. Then, the signal has to be transformed to registered units (e.g. reflectance

or radiance) to make them comparable and useful for analysis purposes.

3.3.1.1Noisecorrection

In theory, a CCD sensoroportionally transforns the incoming luminous energy of each point of a
scene into an electrical sign@ansouri et al., 2005)During the process of translating radiation into
digital numbers (DN) noise is added to the signal. The noise becomes ob\ieunstive camera is
triggered under perfect dark conditions. Theoretically, the image DN values should be zero. Mostly,
this is not the case due to the dark current (DC). D@econsists of a readout noiaedthermal noise

Latter isdepending on the detectrs temperature and théntegration time

Typically, the read out noiszn be measured with very short integration tin{&ansouri et al., 2005)

The thermal noisénfluencing a measuremerman beestimated by blocking the lensder the same
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conditions (temperature and integration time) as the subsequent measuremmé¢ktansouri et al.,

2005) For changing conditions the DC should be frequently measured during the acquisition process,
as it is common ifield-spedroscopy(Aasen et al., 2014b; Gnyp et &014) or empirically modelled

after careful assessment of its dependency on the integration time and sensor tempe(Biuniaart

et al., 2014; Kuusk, 2011¥lost lightweight UAV sensors do not provide the possibility to physically
block incoming light ahthus, do not allow DC measurements during the flight. Additionally, some do

not track thed Sy at@mpddaiure during the image acquisition.

Since latter is the case for the UHD, we implement a DC correction assuming virtually stable conditions
after suficient sensor heat up time. To estimate the DC we covered the lens and place the UHD into a
closed case in a dark room laboratory. Then we measure 30 images every 10 minutes starting three
minutes after the sensor is switched on. For each time step thhen8asurements are averaged per

pixel for each band. Additionally, we measure theiD®e field by carefully covering the lens.

3.3.1.2Radiometric response

Beside of the noise the incoming radiance is altered during its path through the optical system of a
sensor and during transformation into an electronic signal by the CCD. The most prominent influence
of the optical system is the vignetting effect. Vignetting is defined as a spatially dependent light
intensity falloff that results in a radial reduction brightness towards the image edges. It can account
for 30 to 40 percent of the intensity even for higlality fixed focal length lenses (Goldman, 2010a).

It results from different reasons which can be found in Goldman (2010b) and Kim and Pollefeys (2008).

Vignetting may be corrected by modelling the optical pathway or by infeged techniques. We used
the latter approach since it is both simpler and more accu(#tg 2004)It is based on the generation
of per pixel per band coefficients to correct thiimination falloff. This can be done by pointing the

sensor at a perfect homogeneous, lambertian surface-{iddl).

After the radiation has passed the optical system, it liberates electrons inside the photosensitive cells
of the CCD which then creatiee electric signafMansouri et al., 2005)The precision of this signal is
defined by the theoretical dynamic range based on the bit depth of the sensor. However, the response
of photosensitive cells is not necessarily linear. Thus, the same amouighbfrtay resulting in
different readings in different wavelenggtand different cells. Specifically, the quantum efficiency of

a CCD is effected by saturation effects under high light intensities. Thus, the radiometric response
function is not linear forhie entire theoretical dynamic range of a CCD and the integration time should

be adjusted such that the maximum intensity of the signal stays within the linear range.
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To quantify these effects we use an integration sphere (Labsphere -OSEIR200GSL,
http://www.labsphere.com) placed in the spectral laboratory at the 1B@t the research center
Forschungszentrum Jalich GmbH, Germany.ifi$ide of thesphere is coated with Spectraflect® to
provide a homogenous illumination. The light intensity is measugd silicone and an InGaAS
detector inside the sphere. After the sensamd the integration spherés preheated we capture 30
images at onans integration time, which igypical for a measurement campaign under clear sky
conditions around noon. We then aerage the measurements per pixel. For each band the median
value of all pixels is evaluated and used as a reference to generate coefficients for each pixel to equalize
irradiance differences. Similarly, we carry out the same measurement outside under séigar

conditions with a Zenith Lit¥ panel. Here, the sensor is mounted on a gimbal to ensure a nadir view.

Additionally, we adjust the light intensity inside the sphere until the sensor was clearly saturating. We
then compare the DN values of the imagethe readings from the silicone light sensor inside the
sphere and quantify the ratio of the two values. As long as the ratio stays constant the response of the

sensor is within the linear range.

3.3.1.3Radiometric registration

In general two different types dfansformation can be used to calibrate DN values to physical units.
During the flaffield acquisition in the sphere the light intensities are measured. Since the radiometric
response curve of the sphere is known this curve can be used to transformattieliled images to
radiance. In a second step, the solar illumination at the target area at the time of the measurements
has to be estimated to correct the signal for illumination changes. This can be done by modelling the
atmospherg(ZarceTejada et al.2012)or by (continuously) measuring the incoming radia(i®erkart

et al., 2014) A more direct approach fhe empirical line methodHere one or more well characterized
reference targets on the ground are used. Then the spectra of these are extfemtethe image data

and correction coefficients for each band are estimat8dith and Milton, 1999)n our case we use

a simple one point calibratioampirical line methodwhere only one reference target is measured
(James Burger, 2003 efore the flitit, the sensor is pointed towards a well characterized homogenous
(near) lambertian reference target (REF) on the ground and a reference image is taken. Latter is then
used to transform the images to reflectance. Careful assessment of the sens&®EF gemetry is

critical (SchaepmaiBtrub et al., 2006)During the calibration the sensors vi@nentation should be

the same as during the flight, the plane of the REF should be parallel to the surface and shadows on
the REF should be avoided and stray lightimized. Additionally, the calibration should be carried out
with the same heading as in the flight. Latter minimizes the influence of bidirectional reflectance

effects.
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In our case we use a 50 cm by 50 cm ZenitH ganel as REF with a reflectandeapproximately 96

percent and perform the reference image acquisition as described above. To ensure asstaues

view orientationthe camera is mounted on the CP and the gimbal is calibrated to nadir. The whole

system is kept about 1.5 meters aboveetREF during the reference acquisition.

3.3.1.4Quality Assurance

Careful characterization of a sensor and robust calibration procedures are critical to generate reliable
data. At the same time, information about the data quality needs to be embedded to theaatlp

users to evaluate their results based on the data. As mentione13ri.1and 3.3.1.2the signal is
influenced in different ways by the sensor system depending on the position of thewitkél the
image. Thus, the image quality (e.g. radiometric resolution) differ withinrtiagye cube Additionally,

all pixels recorded by imaging sensors have differentahjactsensor geometries which is e#éd to
bidirectional reflectanceeffects. Thus, we encode the pixel position of the original image into an
additional pixel position band and append it to tilmage cube With the help of this information pixel
depending properties of the final data product can be looked up from the camera chdratiten and
considered during the analysis. In our case we demonstrate the potential of the pixel position band to
disclose the actual radiometric resolution of each individual pixel, which corresponds to the minimal
change (or distinct levels) of intengitepicted by the dynamic range of a certain pixel under actual

conditions (e.g. illumination conditions).

3.3.2 Hyperspectral 3D information generation

3.3.2.1Hyperspectral band preparation

To process the HS images we import theage cubs in their native resolutiomf 50 by 50 pixels
together with the corresponding grayscale images into adeleloped program written in MATLAB.

The program automates the entire image processing. After the selection of the reference image the
program calibrates themage cube to refectance and appends the pixel position band. For the
spectral bands, the DC is removed by subtracting it pixel and band wise from the DN values. To
transform these values to reflectance, each pixel value is divided by the value of the reference target
sultracted by the corresponding DC. Then the values are multiplied by a correction factgrf&®EF
band which is the inverse of the reflectance of the REF, to correct for the not 100 percent reflectance

of the REFHq. 31).

' 06
O Yoo o3 YOO (Eq. 31)
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The calibrated HS bands are than appended to the grayscale imatpe.Has the dimensions of 1000
by 990 pixels due to an unidirectional optical distortion (personal correspoce] Cubert GmbH). To
match the HS data to the gray image we resampleith@ge cubdo the gray images resolution with
the nearest neighbor algorithm to preserve the original HS values. The resulting HS bands have blocks
of 20 by 20 and 20 by 19 pixelstivthe same value. In the resultingpage cubehe first band then
corresponds to the grayscale image, followed by the HS bands and the pixel positioifrigame3(3).
Thus, it has a resolution of 1000 by 990 by (number of bantivo). Too preserve the theoretical 12
bit precision of the sensor but limit the file size we resample and savartage cubeas 16 bit TIFF.
Optionally, to reduce processing time and file size the processing can be limited to specificHoands.

this study 320image cubevere generatedvith 19 spectral bands
- grayscale image
spectral band

1
n

spectral band

- pixel position band

Figure3.3 Scheme of the image cube after gmecessing of the spectral bands and merging with the
grayscale image and pixel position band

3.3.2.2Pointcloud generation

With the SfM approach the 3D structure of a scene can be reconstructed from 2D images. Different
photogrammetric algorithms can be used to match feature points in overlapping images to compute
the relative camera orientation and positiomé derive the 3D structure of the image pixéBzeliski,

2011) Different software packages exist that incorporate SfM algorithms for 3D structure
reconstruction (Harwin and Lucieer, 2012)We use Agisoft Photoscan (Version 1.0.4.
http://www.agisoft.com/) since it showed good results in a previous st(dyrner et al., 2014)The
320image cubs are imported and the first channel containing the grayscale image is set as master
channel. The first step for the data processing in Photoscan is initial lovtygphbto alignment. It
estimates both internal and external camera orientation parameters, including nonlinear radial

distortions. In total nine GCPs are placed in the point cloud to georeference it. After optimizing the
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model a dense point cloud in ultfsigh resolution is processed and a mesh for the surface type height

field is built based on the dense clou@Figure3.3). Surface type height field is chosen since it is

recommended for rather planar type surfad@dgyisoft LLC (4) At this stage aHS dense point cloud

is created. Although the entire 3D reconstruction process for multi tiffs is based on the master channel

each of the points derived from grayscale image implicitly defines the position of the HS information

contained in the other bandsThe enire processing timén Photoscaron a an Intel Core i3740QM

with four (eight virtual) cores at 2.7 GHz, 16 GB ram and NVIDIA NVS 5200M is about four hours.

3.3.2.3Hyperspectral digital surface model preparation

Unfortunately, PR i 2 8Ol y R2S8a 2yté [ft2¢ (KS SELERNI 2F LR2A
three bands.Thus, we export the spatial and spectral information separately. The created spatial
information is exported as DSM (export DEM in the softwaie) the suggsted pixel size of 0.98n

in a geographic projection (WSG 84, UTM zone 3PN easiest way to export the spectral information

would be to export it as an orthophoto. However, we discovered that despite the manual states that
theY2 &l A O Y 2 R Sixihdge details gf @vérlapping photos luges most appropriate photo

iS® GKS 2yS 6KSNB G(KS LIAESt Ay l[dzSadArzy A& t20F G
(Agisoft LLC, 2014)t does. Latter was confirmed by Agisoft (personal cqroeslence, Agisoft LLC,
06.11.2014). Thus, to preserve the original spectral information, we export@#ubrectifiedimage

cube separatelvith the same projection anghixel sizeas the DSM.

As described in sectidh3.1.2the signal quality generally decreases towards the image edges. Thus, it
is beneficial to use the spectral information from the center pixels of the original images for the final
data product. Therefore, we import the orthorectified image cubes into a ntodataset in ArcGIS
(Version 10.2.2yww.arcgis.com We fit the footprint to the pixels containing real data to exclude no
data pixels, calculate the center points of these footprints and create Thiessen polygons based on
these. Then, the images are maskdd based on the Thiessen polygons. The resulting scene contains
the spectral information closest to the center of the original image cubes. At the same time, the pixels
still spatially correspond to the pixels of the DSWIith this spectral informationand the spatial
information we have creatd a representationof the surface in 3D spadimked withHS information
emitted and reflectedby the objects covered by th&urface in 3D spacd&hus, we name the resulting
data producthyperspectral digital surfacmodel (HS DSMJFigure3.4 summarizes the data pre
processing andHS3D information generationThe resulting data product has an extent of 7455 by

8409pixels.
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Figure3.4 Generdion of the hyperspectral 3D information with image nm@cessinddark current (DC)
removal and radiometric calibration with reference image cube (IC (REF))) and merge to the grayscale
image (PAN)) and the pixel position band (PPB) WHATLAB Roint claud generation and
georeferencingvith ground control points (GCPs) wRtHOTOSCAIRor the individual orthorectified

image cubes the optimal cover area is calculated with Thiessen polygons, a mosaic is created and an
orthomosaic is exported with ArcGISicgithe spectral information is linked to the spatial information
while the point cloud is generated the result is a hyperspectral digital surface model (HS DSM).

3.3.3 Plant parameter extraction

As described above the applied goal biststudy is to derive plat parameters for each plot of the
experimental fields. To extract the plant parameters from thea$®we use ArcGIS. From the corners

of the plots measured with a DGPS during the field campaign we subtract a 40 cm buffer from the
edges to exclude bordexffects and create plot shapes. For each plot zonal statistics are computed to
extract the parameters described in the following. Additionally, maps can be produced(Ar@BIS)

and 2.5D (ArcScene).

3.3.3.1Plant height

Plant heightis a proxy for biomass estiation (Bendig et al., 2014; Tilly et al., 20id an important
factor to distinguish plantultivars, phonological stagestop treatmentsand stresgBendig et al.,
2013) Additionallyjt isan important input for growth models to assess canopy stre{B@ronk et al.,

2003) yield losses and potents®|Evans, 1993; Sterling et al., 2003)
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To extract the absolutplant heightthe difference between th&®SMand the bare soil surface has to

be calculated. Bendig et #2014, 2013¢reated thedigital terrain model (D) from a flight campaign

before the growing period. In our case we use a similar approa¢eipel et al., 2014)Since the

paths between the experimental plots are not covered with vegetation, we extract the surface heights

from pointsfrom an almost regular grid within the paths. From these 28 point3M 3 interpolated.

Unfortunately, neither the path nor the GCPs on the east side of the experimental area isccovere

Thus,for the last row no DM can be createdndPlot 1 to 13 are xcluded from the height analysis.

To extract theplant heightwe use the raster calculator in ArcGIS and subtract {id Dom the DSM.

Based on the plot shapege perform zonal statistics for each plot. We then compare these values to

the manual ruler mesurements.

3.3.3.2Hyperspectral vegetation indices

In this study we use previously published VIs for the detectiddhdEontent, greerbiomassand LAL.

To detect theChlcontent we apply the Transformed Chlorophyll Absorption Reflectance Index (TCARI),
the Optimised SoiAdjusted Vegetation Index (OSAVI) and the ratio of both, as well as the Blue Green
Pigment Index 2 (BGI2) which have shown good results in previous sthidiesudane et al., 2004;
Quemada et al., 2014; Rondeaux et al., 1996; Zagjada et al. 2005).Additionally, we use the
modified Photochemical Reflectance Index (PRI) sensitive to plant pigifitarisandezClemente et

al., 2011) As estimators for vegetation greenness and LAl we applyNiwenalized Difference
Vegetation IndexNDV] (1974) and the Reformed Difference Vegetation Index (RDVI) as estimators
for the absorbed photosynthetically active radiati@loujean and Breon, 1993 dditionally, we apply

the Modified Chlorophyll Absorption Ratio Index 2 (MCARI2) which showed good pemnfmrita
Haboudane et al(2004) For some VIs the original wavelength were slightly adjusted to fit the UHD
bands Table3.2). To derive the VI values per plot we calculate the VI pixel wise for the entire area and
extract the aveage value with the zwal statistics on basis of the plot shapa@$ese values are then
compared with the invasive samples to assess the VIs for their predictabili@hfocAl, and green

biomass
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Table3.2 VIs used in this study and th&rmula. Some wavelength are slightly adjusted to align with
the band configuration of the UHD

BGI2 Yt vjtYou T (ZarceTejada et al., 2005)
NDVI Y OPYp X T oY X T (Rouse Jr. et al., 1974)
RDVI Y wPYpxt] YK oY x Tt (Roujean and Breon, 1995)
TCARI owowtTnH b wcTtnov b 0 ®H (Haboudane etal., 2002)
OSAVI omMm b ndmcuv P owtdgy b (Rondeaux etal. 1996)
TCARI/OSAV TCARI/OSAVI (Haboudane et al., 2002)
MCARI2 PBCA® YX wPYpx T p& YX wyPYou m (Haboudane et al., 2004)

CYX wYp oYW T TmUNYe X T T
PRI(514, 530 owpmn b wponovUKkKOwp (HernandezClemente et al.,
2011)

3.4 Results

3.4.1 Radiometric calibration

3.4.1.1Dark current

When the sengr heats up the average DC of all bands increase from 0.52 DN at 13 min to 2.66 DN at
63 min. Since the sensor does not provide a temperateaglingthe response to temperature changes
cannot be exactly quantified. Thus, we additionally evaluated the B&umements from four field
campaignsFigure3.5 (left) shows the histogram of the DC for all pixel of all bands after 33 min heat
up time, which corresponds to the ifield measurementsThe average DC is about 1 DN. The minimum
DC is 0.03 and the maximum DC is 2.9 Blre3.5 (right) showsthe pattern of the DGt 466 nm

(band 3. The pattern is similgor all bands.
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Figure3.5 Histogram of the darkwrrent values for the entire image cube betwedt dpand 5) and
926 nm (band 120) (left) and dark current of band 5 (right)
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3.4.1.2Flat fielding and radiometric response

To determine the linearity of the radiometric response of the sensor we compare the resaalirtige
siliconelight sensors inside the sphere with the DN values measured by the sensor. Latter increase
similar with the light intensity as long as the DN values stay below 3600 DN. For higher values the
sensors readings do not increase linearly it illumination change. Thus, 3600 DN is determined

as a maximum intensity for the linear response.

When we look at the results of the fléield images a spherical decrease of the DN values towards the
edges of the image is visible. Additionally, thecidase is superimposed by an undulated pattern
(Figure3.6, right). This pattern is visible for all bands with varying intensity. For 466 nm (band 5) these
effects decrease the signal up to 86 percent. However, for most of thedspilte signal is decreased
less than 50 percent. Similar results are acquired in the laboratory and the outdoor measurements,
although the intensities vary. To compare the performance of afiééd calibration based on the
laboratory measurementgAaseret al., 2014aand the simple iffield one pointempirical line method
calibration described in sectidh3.1.3we applied both approachesormalized for the light intensity,

to different infield measurements of a calibratigpanel from several campaigns. While the vignetting
effect is corrected comparably, the-field calibrations performs better for the undulated pattern.

Based on that result we include thefirld calibration procedure into our processing chain.

Figure3.6 (left) shows the minimum, median and maximum DN values from 450 to 926 nm acquired
outside under sunny conditions around noon in June from a Zenitigganel with one ms integration

time. The maximum DN is 3563 (678 nm, #&8). From here it decreases towards lower and higher
wavelength. Since the maximum DN of fineage cubes exploiting nearly all of the possible linear
dynamic range of the sensor, the DN showtrigure3.6 (left) represent themaximum values hich

can be achieved under field conditions. Theoretically, the sensor has a 12 bit radiometric resolution
which results in 4096 digital counts to represent the reflectance. But as stated ahwvis practically
decreased to about 360DN where the sensor behaves lineBecause of the sensors sensitivity and

the suns spectrum this is further decreased band and pixel dependently as sh&igura3.6 (left).

This leaves 111 DN to express 100 percent reflectéorcé66 nm (band 5) in the worst case (for the
pixel with lowest DN value). Thus, the radiometric resolution has a minimum precision of 0.9 percent
reflectance at 466 nm (band 5). Below 466 nm (band 5) the precision drops below one percent
reflectance. Orthe other side of the spectrum 866 nm (band 105) is the last lamete theprecision
isabove one percent reflectander all pixelsFor the best pixel in band 678 (band 58) the precision is

above 0.03 percent.
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Figure3.6 Minimum (min), median and maximum (max) DN from 450 (band 1) to 926 nm (band 120)
(left) and the intensity of 466 nm (band 5) relative to the maximum DN of the band @fghBenith

Lite™ panel on a sunny day. These values defieattual radiometric resolution faach band and
individual pixel.

3.4.1.3Radiometricorrectionand registration

To evaluate the results of the radiometric registration we flew at 30 m above ground level over four
80 cm by 80 cm reference panels placed on adesv. Each target was homogenously painted with a
different grey hue corresponding to approximately 58, 43, 18 and 5 percent reflecteitpee3.7
showsthe scene at 726 nm (band 70) before and after the radiometric correctidiregistration with

the infield procedure described in secti@i3.1.3 In the uncalibrated image the vignetting effect and

the overlying undulated pattern are visible. In the calibrated image these are not visible anymore.
Additionally, the reference panel with 18 percent reflectangghich was hardly visible in the

uncalibrated imaggs now visible.

raw DN

grayscale

Figure3.7 Image with reference targets as grayscale image (left), atrif@@efore (middle) and after
(right) the radiometric correction and registration

reflectance (%/100)
e ,

To evaluate the spectral quality of the calibration we measured the targets with ahFAS@5pec 3
(http://www.asdi.com/) and resampled the spectra to the UHDs band coméition with EXELIS Envi
(version 5.0, http://www.exelisvis.com). From the scene captured by the UHD we extracted the

spectrum of the center pixel of each panel. The spectra and their difference are shéugune3.8.
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For 466 nm(band 5) to 806 nm (band 90) the ASD and UHD spectra differ by less than one percent.

Only the spectra measured at the 43 percent reference panel differs up to two percent below 482 nm

(band 9) and above 782 nm (band 85). Below 466 nm (band 5) and abowen8®and 100) the offset

increases rapidly. For the panels, where the reflectance is below the reflectance of the adjacent

meadow, the UHD tent to have lower reflectance than the ASD and vice versa.
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Figure3.8 Comparison of spectra derived from the UHD (solid), an ASD (dashed) and their difference
(dotted) for four reference panels with 5, 18, 43 and 58 percent reflectance. Additionally, a spectrum of
the adjacent meadow grass is shown in light green.

3.4.1.4Quality assurance information

As shown above the quality of tlpectralinformation dependsn both the band and pixel position.
Thus, we integrate the x and y pixel position of the original image into an additional band. In the final
HSDSM we can extradhis information to look up the properties for each pixel from each band from
the camera characterizatiorkigure3.9 (A, B)shows the pixelpositionin the original images of the
pixel.-1 and 1 represent the pixel closest to tméddle,-25 and 25 the pixels at the edgef the original
image in the x4) and y B) direction. Thus, yellow colors in the map symbolize pixels taken from the

imagecenter while green and red symbolize pixels towards the edges of the original image.
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Figure3.9 Pixel distance in x (And y(B)directionfrom the image center of the original imagesn
absolute value of 25 correspond to pixels at the image edge, 1 to pixels closest to the image center.
Radiometricprecision(C)of the spectral information at 466 nm (band 5) and image overlap (D) of the

scene. The dots represent the image capturing positions

The pixel towards the edges of the entire scene are derived from peripheral pixels of the lorigina
images. Additionally, pixel valuestiveen the flight lines, respectively the image positicers taken
towards the edges of the original imagésgqure3.9, A, B. The lower the overlap of the images, the

more pixels are takefrom the image edges since the area which is covered by each image is increasing
(Figure3.9, A, B).

To demonstrate one possible applicatiohthe pixel position informationve generateda map of the
maximal precision of the H8formation for 466 nm (band 5F{gure3.9, Q. The radiometric resolution

is a function of the sensor, band and spatial position of the pixel. Thus, the x position inthe

original imagalefines the radiometric resolutioof each pixel in the output scen€owards the edges

of the scene the radiometric precision decreases. For most of the scene the pixels are taken from the
inner area of the original images and have a high pixel precision. Additiohallgattern describd in
section3.4.1.2is visible Figure3.9, C magnification)The maximum precision within the entire scene

is 0.13 percent reflectance. The minimum precision i& pedcent. Thus, results of the alyais carried

out in regions of the latter precisions cannot be more precise thah fe®cent reflectance. However,

95 percent of the scene ka a precision of more than 0.2 percent. For the pixels within the
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experimental plots the minimum average preoisiis 0.15 and the average plot precision is 0.14

percent(std. < 0.002 percent).

3.4.2 Hyperspectral 3D information
3.4.2.1Plant height

Figure3.10shows a map of the crop surface height (left) and a scatterplot of the average height of 26
plotscompared to the manual ruler measuremerftght). The alignment of both measurements is R2
=0.7. The UHD measurements constantly underestimate pifent heightby about 0.19 m (std.03

m). Only the height of plot 52 shows a significant highesedffvith 0.3 m. Plot 19 and 23 show the

smallest difference with less than 0.15 m.
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Figure3.10Map of thecrop surfacdeight. The spectrally measured nimwasive plot parts are marked

in black with their ft number. Green points represent the ground control points while red ones
represent the extraction points for thetémpolation of the bare surface (I@ftScatterplot of the
averaged crop surfadeeightfor 26 plotscompared to the ranual ruler measuremnts of the marked

26 experimental plotgight).

3.4.2.2Hyperspectral vegetation indices

Table3.3 shows the relationship of the VIs with tl@&hl LAI and greebiomassderived from the K
DSM. ForChithe BGI2and PRshowthe best resilts withan R? = 0.51 and 0.44, respectivefpr LAI
the RDVI performs best witR? = 0.32. Only the RDVI suppbamnificant results. For gredmnomass

53



Generating3D Hyperspectral Information with Lightweight UAV Snapshot Cameras for Vegetation Monitoring:
From Camera Calibration to QuglAssurance

the RDVI shows the best results, too. Etitall VIs have a relativeMSEf about 10to 13 percentof

the averageChlvalue. For LAl and greésiomassthe relative RMSHEs up to 24 and 2 percent,

respectively.

Table3.3 Coefficients of determination (R?) aatisolute and relative root mean square erroME&E)
of vegetation indices with chlorophyll, Leaf Area Index (LAI) and green bigressEM).

Chlorophyli LAI Green BM
R2 RMSE (%) R2 RMSE (%) R2 RMSE (%)
BGI2 0.51 535 (10) 0.09 293.17 (23) 0.10 22.28 (21)
MCARI2 0.34 583 (11) 0.02 304.01 (24) 0.01 23.38 (22
TCARI/OSAVI 0.26 6.16 (12) 0.02 303.42 (24) 0.04 23.08 (22
RDVI 0.20 6.39 (12) 0.32 254.11 (20) 0.29 19.76  (19)

PRI(514, 530) 0.44 535 (10) 0.17 280.46 (22) 0.18 21.23  (20)
NDVI(798, 670) 0.12 6.73 (13) 0.11 289.59 (23) 0.18 21.33 (20)
param. mean 53.24 1266.38 106.73

Figure 3.11 shows a visualization of HS DSM with the B&Huesshown for the area of the
experimental plots and a scatterplot of the averaged BGI2 values per plot and the invasiveedeasur
chl valuesThe paths between the plots and the bare soil in the north can be identified. Different plots
can be distinguished by theBGl2value. Besideof the differences between the cultivars very low

BGl2values to the very eastdge of the scenean be seen.
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Figure3.113D vsualization of theHdS [3IMwith the BGlZalculated from the hyperspectral data clipped
to the extent of the experimental plot3he spectral sample areas are marked with bleckangles
(left). The scatterplot shows tteveragedBGl2values per ploand the invasive measured chlorophyll
values for the 36 plots (right).
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3.5 Discussion

In this paper we describe a way to derive HS 3D information from images captured by a novel HS
shgpshotcamera based on available softwaltecanalsobe used for data from IF cameras if the bands
have been previously spatially -cegistered toimage cubewith bands of the same spatial extend.
Snapsho{and IF) cameras provide two key advantages éanate sensing applications compared to
traditional line scanners: With current photogrammetric algorithms the relative position and
orientation of images can be determined without any other information. To georeference the resulting
scenes only a few GCB® needed. This saves payload onboard the Oétpared to line scanning
devices, which need very precise orientation and positioning informatianttmrectify the individual

image lines,and thus, increases flight time. Moreover, the complex procesdaih stream
synchronization from GPS, IMU and image lines can be omitted. The second advantage is that IF
cameras capture 2D spatial information. Thus, individual image bands can be used for the
reconstruction of 3D information with SfM algorithms. Thergbgnsidering the limitations of SfM
mentioned in Remondino and-Hiakim(2006) multispectral or HS image frame and snapstaoheras

allow to capture spectral and structural information at the same time. This significantly reduces the
complexity and costsompared to approaches were multiple sensor systems are Udedprocedure
introduced in this study allows to capture both 3D and HS information at the same time, with the same
sensor, through the same lens and thus, withoutregistration. Although notlemonstrated here, this

data can now be used for combined data analysis approaakdsas been shown in other studies

(Alonzo et al., 2014; Bendig et 2015 Clark et al., 2011; Hladik et al., 2013; Swatantran et al., 2011).
3.5.1 Radiometric calibration amgliality assurance information

Before a new camera system can be used, it should be carefully characterized to ensure the validity of
resulting data products. We describe the importaatiometriccalibration steps for IF cameras and

apply them to assessié¢ UHD for HS remote sensing applications: The camera has a very low average
DC of less than one DN per band. The highest DC for a single pixel is below three DN under operational
conditions. Ideally, the DC of a sensor should be modeled as a functiemsdrstemperature and
integration time. Unfortunately, this is not possible with the current version of the UHD, since
temperature information is not available. Thus, we had to estimate it with an empirical approach of
unknown precision. Future sensor systs should provide temperature readings for a better
estimation. Nevertheless, since the overall maximum DC is very low (for most of the bands below one

percent of the minimal intensity) it has minor influences on the final data product.

On the contrary lhe flatfield analysis revealed a strong influence of the optical system on the images.

Especially the undulated pattern caused significant challenges. With the help of the manufacturer a
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coating on a beam splitter could be identified as the reason forghtern. Additionally, the lab

calibration failed because the mechanically stability of the camera was not strong enduggithe

optical path was slightly altered when the camera was mounted differentyuttme versions of the

camerathis effect wil be significantly reduced (personal correspondence, Cubert GmbH). The now

chosen approach of #ield calibrationcompensated the undulated pattern well asdowed very good

results with less than one percent offset compared to ASD measurements of re¢etargets.

However, compared to kb calibrationapproach, it complicates thedfield measurement procedure

and is more exposed to errors. Besides, the method cannot adapt for illumination changes during the

flight. Especially for remote sensing applicas in areas where constant illumination conditions

cannot be guaranteed ground or UAV based measurements of the suns irrafiBamkart et al., 2014;

Hakala et al., 2013 based on radiometric block adjustmgitonkavaara et al., 2018hould become

a standard to increase the flexibility of spectral measurements. For very precise measurements

spectrally resolved irradiance measurement techniques for onboard use of UAVs should be developed.

Even with very well calibrated sensors (Hypspectral remte sensing of plants is challenging: plants
have relatively low reflection in the VIS compared to the NIR. At the same time already small changes
in reflectance may point out important changes in the plants status. Additionally, the suns irradiance
is nothomogenous throughout the spectrum. Combined with the efficiencyofflbf detector towards

its sensitivity borders and, for imaging sensors the decreased intensity towards the edges of the image
(-lines), the precision of the spectral information foicartain pixel within a certain band might be
strongly limited. We think that regardless of the size of the sensor or the carrier platform quality
information should be included in every data product. Thus, we developed a method to trace the pixel
positionfrom the original image which was used to derive the spectral information of the final data.
This information together with the characterization of the sensor provides good quality assurance
information for every pixel in the final data product. With thiformation we showed that the
radiometric precision was very good for most of the area mapped in this study. As expected the
precision decreasebetween image positions and towards the edges of the entire scEniscan be
explained by the decrease ofysial intensity towards the edges of the original imad&tl, with the

guality information we can assure that the precision in most of the area of interest is sufficient for
guantitative analysis. Only to the very east of the scene the precision desr@¢agare3.9). Here the

pixels are taken from the edges of the original imagjase center pixels are not availabdelditionally,
Figure3.11 shows that theBRI2valuesdecrease strongly in the sameear This couldesult from the
different surrobjectsensor geometries of pixels from different positions of the original images, leading
to BRDF effectarhich have been shown to have significant influences on HS data collected by UAVs

(Burkart et al., 201p As for every analysis we recommend that the data quality informatf@adata
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product should be carefully assessed if it is sufficient for the desired purpblkes, it should

accompany the datdror the current version of the camera we recommend tatlthe use from 466

to 850 nm (band 5 to 100) because of the radiometric resolwiuoth spectral qualityAdditionally, the

integration time should be set to limit the maximum DN valuéets thar3600.

During the development of the described methodojoge discovered that Photoscan is interpolating

the color information although it is stated otherwise in the manual (sec8ié2.3. This introduces a
non-traceable modification of the spectral data and makes the pixel positiformation unusable.

Thus, we had to develop the described rather laborious workaround of mosaicking the individual image
cubes in ArcGIS. Studies, which use interpolated color or spectral information need to investigate the
influence on the data qudli since the impact on the results might depend on several factors as image

overlap, spatial resolution and the purpose of the study.
3.5.2 Hyperspectral 3D information

With the SfM approach 3D information can be derived from 2D images. The main advance of this
method compared to laser scanning approaches is the considerable lower cost for the equipment
(Remondino and Hflakim, 2006) However, since the technique is not able to penetrate through
vegetation it is not suited to generate structural information belthe canopy but well suited for

canopy monitoringdDandois and Ellis, 2010; Harwin and Lucieer, 201®)swe use a similar approach

as Bendig et a{2013)used tocreatecrop surface models from the derived 3D informatiblowever,

since we additiondy have HS information linked to every pixel of the DSM and the methodology is not

limited to crops we name the data product HS DSM referring to a digital surface model as a
NELINBASY (Gl GA2y 2F GKS St SOF A2y rkédwihkyperspecthli KQa &
information. Since all data is captured through the same lens, at the same time, during the same
exposure and of the same area noragistration is needed. Nevertheless, since spatialresolution

of the HSandsis lowerthantts 3INF & AYlF3ISQa ¢S alOltS Al Daeh G K |
to the unidirectional optical distortionand the resulting slightly nequadratic shape of the gray

image, the merging introduces a spatial uncertainty of one percent in one diretterthink that for

UAV studies with a spatial resolution as the present, this is acceptable. However, for studies which

require more precise spatial allocation it should be further evaluated.

From the created data product we derive several important plparameters for vegetation
monitoring applications. The correlation of the height derived from the SfM approach with manually
measuredlant heightsshow good results and is comparable to other studiendig et al., 2013Yhe
almost constant offset of @9 m might be explained by different factors: Before this study several

other sampling campaigns were carried out within the same experimental plots. Thus, the soil on the
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paths between the plots was significantly compressed and lower than the soil bleéoactual plots.
Unfortunately, at time of the data analysis the absolute lowering was not ascertainable any more.
Additionally, the manual ruler measurements might not be the best ground truth since it is prone to
many errors in itself. As also mentiongdother studieqGeipel et al., 2014yleally the results should

be validated with perfectly coegistered high resolution laser scanning data. However, such data is
currently not available for this measurement campaign. Besides, it has to be notedh¢halgorithms

used in Photoscan are not publically known. Thus, it is not entirely clear how very complex surfaces

like plants (e.g. with single high rising stems and ears) are handled.

With the additional spectral information we derive biochemical araphiysical plant parameters. The
BGI2 and PRirchive the best results faZhlwith correlations comparable to other studi€Quemada
etal., 2014; Yu et al., 2013&)pr the biophysical parameters LAl and grbemmasshe RDVI, which is
related to the aberbed photosynthetically active radiation, performs best. In many previous studies
the NDVI has shown good results for LAl braass However, most studies were carried out over
more than one sampling date. In this study only a single measurement dateewaduated. Thus,
temporal effects which usually expand the feature spaead often improve the correlation@asen

et al., 2014b; Gnyp et al., 2014lid not influence the results. Farecision agricultur@pplications,
where irtime information is dtical, this effect should be further investigated. Reliable HS UAV data
provides a great opportunity to support that. Additionally, it has to be noted that although Vis are still
very common in vegetation studies, they may disregard the full potentid®fdata as shown in

comparative studies with other statistical approacti@észberger et al., 2010; Yu et al., 2013b)

Besides, the invasive sampled plant parameters have been measured from the plants leafs.
Unfortunately, the spatial resolution of the WIHs too coarse to sample HS signatures on the leaf level
when flown on @ UAV. By sampling signatures on the canopy level all organs of the plants, possibly
background signals from the soil, the canopy structure, radétter and shadow effects influentee
spectra. Latter could be addressed by including canopy structural elements into the analysis but goes
beyond this study. Additionally, it could be addressed by higher resolution data which allows sampling
on the leaf level. However, lven working withmultispectralor HS sensor systems onboard of UAVs
we face the challenge alpectralresolution versuspatialresolution versus coverage: Because of the
size and weight limitations a trae&f between spectral and spatial resolution of a sensor has to be
made. When applying the sensor the latter can be compensated by adapting the flight plan to the
desired ground resolutioq but this comes with a decrease in coverage because of the limited flight
time. Thus, future studies should investigate the resoluti@eded for specific applications. Besides,
the sensor technology is evolving fast. We aonfided that thespatial resolution of the HS information

of current HSmage frameand snapshotcameras willfurther increase.Thus, besidg of technical
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developments forsense systems and carrier platforms, advangegata management anautomated

processing will be needed to make use of the increasing volume of data.

3.6 Conclusion

In thisstudywe introduced anovelway to derive 3Myperspectrainformation froma lightweight UAV
shapshot camera for vegetation monitorin§ince the camera captures all information through the
same lens at the same timaith the same spatial extendo spatial co-registration is neededThe
derived data product combindgke 3D surface with hyperspectral informatioremitted and reflected
by the objects covered by theurfaceandis thus named hyperspectral digital surface modethal$ a
spatial resolution of approximately 1 cm for tepatialand 21 cm for the hyperspectral informatti.
Theradiometriccharacterizatiorof the cameralemonstrates the feasibilitior vegetation monitoring
The hyperspectral information has a suffici@curacy(> one percent reflectance) from 466 &850
nm compared to an ASD fielkpec 3The radiometc precision of the spectral data in the area of
interest is evaluated based on quality assurance information included ioréseddata product and

is better than 0.1percent reflectance. The derived plant parametisn a single date (3June 2014)
field campaign in barleshow significant correlations with invasive measurements ofplla@t height

(R2=0.7), chlorophylBGI2, PRR2 = 0.8, 0.44), LAl (RDVI: R2 = (,3fomassRDVIR2 = 0.29).
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Abstract:In order to reduce the unsustainable use of res@gsrin agricultural areas while keeping up

with global demand for food, timely and highsolution remote sensing data is needed. In this context,
unmanned aerial vehicles (UAVS) with specialized sensors become powerful sensing systems. This
study evaluatesiovel highresolution hyperspectral digital surface models (HS DSMs) derived from
UAV snapshot cameras for the mdkimporal acquisition of crops growth on canopy scale. HS DSMs
are a representation of the surface in 3D space linked with hyperspecfaahviation emitted and

reflected by the objects covered by the surface.

To investigate their potential for multemporal monitoring of agricultural crops, four field campaigns
were carried out under different illumination conditions at a barley experinvgtit different cultivars

and nitrogen fertilizer treatments during the 2014 growing season. Chlorophyll was estimated from
the spectral HS DSM data by means of vegetation indices. In the heading and development of fruit
stage and across several growth g#a, good agreements were found with destructive laboratory
measurements (R2 = 0.51.64). At the same time, significantly different correlations were found with

estimations fromfield-spedrometer measurements.

Thus, the special properties of the hyppectral information within HS DSMs are investigated with an
emphasis on the theoretical description and quantitative approximation of systematic differences
resulting from the different measurement extents, directional reflectance effects and data pingess
schemes of imaging and nemaging data. In this context, the concept of a specific field of view is
introduced as a composition of pixels used to characterize a specific area of interest within a scene.
Additionally, the impact of the illumination cditions during the radiometric Hfield calibration is

estimated.
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The different measurement extent and angular properties accounted for up to 33% of the difference

between the spectral imaging and namaging measurements. The results of the differentqassing

schemes for the spectral imaging data differed by up to 29%. The radiometric calibration of the spectral

data showed a significant impact of up to 14%, depending on the calibration procedure and

illumination conditions.

Besides challenges in theufti-temporal retrieval of the 3D information in conjunction with image
overlap, ground control point placement and spatial coverage are highlighted. The comparison of the
3D information with manually measured plant heights showed good correspondenceokirahthe

individual dates and across several growth stages (R2 = 0.45; 0.98).

Keywords:specific field of view, unmanned aerial vehicle (UAV), precision agriculture, BRDF, angular
properties, field-spedroscopy, imaging spectroscopy, leititude remote sensing, radiometric

calibration, mosaicking, plant height, chlorophyll, canopy scale

4.1 Introduction

In recent decades, the vegetated environment has changed its appearance. Today, croplands and
pastures cover about 40% of the land surfé€eley, 208). Since the human population and its food
consumption is increasing, agricultural production needs to be roughly doubled by(R@§Cet al.,

2013) However, extending agricultural areas hasriaching effects on the ecosystefoley, 2005)

and much ofthe remaining land is unsuitable for agricultural productigilis et al., 2010)Thus,
agricultural production needs to intensify while reducing the unsustainable use of resqialey et

al., 2011)

One approach is to use-time knowledge to optindie management decisions abouthere, when and

how much actionio take(Mulla, 2013) In this contextremote sensingan providdimely and accurate
information about vegetation status and stregé&tzberger, 2013)An additional approach is to breed
cultivars which show strong resilience against biotic and abiotic stresses and maximize yield per unit
of resource usdAraus and Cairns, 2014; Rascher et al., 2Ba&dh approaches benefit from high
spatial resolutiordata to identifyplant traits in the field The timeliness and precision requiredhese
agricultural applicationsnakethem an ideal field to evaluate remos®ensing techniques for frequent

high-resolution environmental monitoring approaches.

In recent years, unmanned aerial vehicles (UAVseHzecome an increasingly used platform for
photogrammetry and remote sensifi@olomina and Molina, 2014; Pajares, 20Fgrticularly when
combined with specialized sensors, they become powerful sensing systems for gathetogaip

information about egetation. Their low flying altitude allows them to capture data in very high spatial
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resolution. The advent of small and lightweight sensors has boosted this development as
demonstrated by several studies: metrics from dense point clouds have beenwsstimate tree
height andbiomass(Dandois and Ellis, 2010; Jaakkola et al., 2010; Puliti et al., 2015; T4ada et
al., 2014)r pruning(Wallace et al., 2014 forest environmentdut also to monitor microtopography
of Antarctic moss bedd ucieeret al., 2014b) For precision agriculture applications, crop growth has
been monitored with higlresolution canopy height models to estimate crop biom@sndig et al.,
2014)and yield(Geipel et al., 2014)Highresolution spectral data has been useddstect biotic
(Calderdn et al., 2013; Nasi et al., 204B) abiotic streséMalenovsky et al., 2015; Zardejada et al.,
2012) chlorophyll conten{(Berni et al., 2009; Elarab et al., 2015jpmasgHonkavaara et al., 2013)
and nitrogen uptakgQuemadaet al., 2014) However, until recently spectral and 3D spatial data

needed to be acquired separately.

Lightweight hyperspectral (HS) snapshot cameras hawercome this limitation. They distinguish
themselves from other spectral sensors by recordintyvo-dimensional hyperspectral image cube
within a single exposure and thugithout any scanning processVith recent photogrammetric
algorithms based on structure from motion (SfM) the 3D geometry of a scene can be reconstructed
from 2D images as long as tkeene shows sufficient texture and the images are recorded with a
sufficient overlap(Remondino and Eflakim, 2006; Szeliski, 201Basen et al(2015)adapted this
technigue for hyperspectral snapshot cameras and introduced a method to derive hypeed pigital

surface models (HS DSMs), a representation of the surface in 3D space linked with HS information
emitted and reflected by the objects covered by this surface. With this method, HS and 3D information
can now be derived at the same time with ondpe camera system. Thalows new analysis

approaches which combine spatial and spectral di&tarshall and Thenkabail, 2015; Tilly et al., 2015)

Although HS imaging data is becoming more and more commonimaging devices such &isld-
spedrometersare still widely used at ground lev@ilton et al., 2009) They have a long history in
crop characterizatiofiMulla, 2013; Thenkabalil et al., 201Zp name just a few examples, HS data can
help estimate biophysical plant parameters such as bionfAasa et al., 2014; Gnyp et al., 2013;
Hansen and Schjoerring, 2003; Marshall and Thenkabail, 20A5)Haboudane et al., 2004and
biochemical parameters such as chloropli@itelson and Merzlyak, 1994; Haboudane et al., 2002; Yu

etal., 2014)

However vegetated areas are anisotropic surfaces. Thus, differences in the field of view (FOV), sensor
to canopy distance and viewing geometry have an influence on the apparent reflectance derived by a
sensor (Zhao et al., 2015)Additionally, the interaction beté¢ Sy (G KS adzyQad LI2AAGA?2

orientation introduces directional effects which influence the reflectance perceived by a sensor
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(Burkart et al., 2015; Schaepmé&trub et al., 2006; Verrelst et al., 2008hereforethe question arises

of how nonimagingground observationsompare toimaging data. Only a few studies have included
such a comparison for vegetated arg@&areth et al., 2015; von Bueren et al., 2019pwever, the
appearance of crop canopies become increasingly complex with smaller pee(B&@nm et al.,
2015)This becomes even more important with the recent advent oflging sensing systems capable
of collecting very higinesolution data. Moreover, low flying altitudes require wider FOVs to cover the

same area. Therefore, the varietf\aewing geometries within a scene also increases.

So far, no study has evaluated HS DSM containing 3D and HS information derived from a single sensor
for frequent crop monitoring. Moreover, multemporal studies that investigate and explain
differencesof these novel data products with groudzhsed measurement approaches do not exist
However, with the tremendous potential and increasing use of novel snapshot cameras onboard UAVS,
both topics are highly relevant for the field of remote sensing. Thakignstudy higkresolution HS

DSMs derived from UAV snapshot cameras are evaluated as an innovative approach to monitor
agricultural crops in comparison with establishedfigid observations. Within the multemporal

setting of this study, significant ffiirences become apparent. For the spectral data, the common
theory for imaging spectroscopy is advanced by the specific field of view (SFOV) to describe important
data properties of HS DSMs. In comparisofiglm-spedrometer measurements, the influenagf the
different measurement extents and angular properties within the data are discussed. Additionally, the
influence of two different processing schemes and the radiometric calibration are investigated. The
influence of the differences on biochemical pareter retrieval is demonstrated by estimating
chlorophyll by means of vegetation indices (VIs). For the 3D data, challenges in conjunction with image
overlap, ground control point placement and spatial coverage and their implications fortamaltioral

parameter retrieval are investigated. As an example, plant height data is estimated from the 3D data.

4.2 Materialsand methods

4.2.1 Field experiment

¢tKS FASEtR OFYLIAIya o6SNB OFNNASR 2dzi 2y F 0 NI
station, Campus Kie! f i SYR2NF OdpncoT1ZpmQ bT ccphpXoHQ 903X
(www.cropsense.unbonn.de/) in 2014. In total, nine varieties of barley were cultivated with two
nitrogen treatments (40 kg/ha, 80 kg/ha) three times. In this study, six differametes in 32 plots

were considered. The size of each experimental plot wasi® xEach plot was divided into two parts:

in one part, destructive measurements of biomass and chlorophyll were carried out. In the remaining
part, nondestructive remote sesing measurements were taken. To exclude border effects and tractor

tracks a 0.8n distance to the plot border was kept. The plots were separated by paths of bare soil for
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management purposes. Within these paths ground control points (GCPs) were plaaddraaces

and measured with a differential GPS (TOPCON Ripemwww.topcon.ey with a precision of

approximately lcm. Figure4.1 shows the layout of the field experiment.

Campus Klein-Altendorf field experiment

A ground control points
W destructive sampling
D non-destructive sampling

Figure4.1 RGB orthmosaicof the field experiment at 70 days after seeding. Dhack square:
represent the noslestructivemeasuremenparts while thewhite squares represent theestructive
sampling parts. Unmarked plots were not measusgdhe grounebased measurements.

4.2.2 Fieldspedrometer data collection and processing

The FieldSpec3 (FS3; ASD Iwevw.asdi.con) is afield-spedrometer with a spectral range of 350 to
2500nm with a FWHM of 8m (VNIR) to 16m (SWIR). The spectra are resampled tonlresolution

by the software of the manufacturer. Each measurement sfigtiategrates one spectrum for the

entire FOV. The FS3 was used without a fore optic resulting in a FOV of 25°. Measurements with the
FS3 were taken with a common measurement procedure including regular optimization and calibration
with a white referenceo adapt for illumination changes. For details, please refer to Tilly €2@15)

Within each plofat six random positions, 10 measurements were taken. After the detector offset was
corrected(Aasen et al., 2014he measurements were averaged so thach plot was represented by

one spectrum.
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4.2.3 Hyperspectral digital surface generation

4.2.3.1UAV sensing system

The UHD 18%irefly (UHD; Cubert Gmbityww.cubertgmbh.dg is a hyperspectral snapshot camera
that records 138 spectral bands from 450 to 960 with a gatial resolution of 50 x 50 pixels within

one integration. In total, 2500 spectra per band are recorded at the same time. The FWHM ranges from
approximately 5 to 25m. Additionally, a grayscale image with 1000 x 990 pixels is recorded
simultaneously tole hyperspectral image. The FOV of the camera is 20° across and along track. At
30m above ground flying altitudehis results in a spatial ground resolution of the hyperspectral
information of approximately 28m and 1cm for the grayscale image. Thetarg#aneous field of view
(IFOV) for every pixel is approximately 0.4°. The camera is mounted on a gimbal (MK HiSight SLR2,
www.mikrokopter.dg, which compensates for pitch and roll movement and therefore ensures a nadir
orientation of the camera. A singl®ard computer controls the camera and records the data. The
camera and single board computer are carried on a multirotor UAV (MK OktoXL 2,
www.mikrokopter.dg. For details on the image capturing system and the UAV please refer to Aasen
et al.(2015)

4.2.3.2Hyperspectral snapshot camera data processing

Before each flight, a reference image was taken by placing the camera and UAV above a white
calibration panelZenith Litg. After dark current correction, this image was used to convert the raw
digital numbers ofach image taken during the flight to reflectance. This spectral information was
merged with the higkresolution grayscale image into an image cube and information about the pixel
position within the image was appended as introduced by Aasen €2@l5) The individual image
cubes were loaded into Photoscan (Professional Edition, version ivgy.agisoft.com and
processed with the typical workflow: after initial photo alignment, the scene was georeferenced by all
GCPs visible in the scene and a dgp@iat cloud (ultrahigh) was createdAt this stagean HS dense
point cloud was createdThus, in contrast with traditional approaches, the HS and 3D information is
linked inherently throughout the processing and no further ppsicessing is needed. The
hyperspectral and 3D spatial was exported with a spatial resolutioncaf.Fhe resulting HS DSM
contained a representation of the 3D surface linked with hyperspectral information emitted and
reflected by the objects covered by the surfgéeasen et al.2015) Different blending modes exist in
Photoscan, two of which are compared later (section 2)5Rr most of this study the blending mode
WRA A 0f S Motab204: 1981858 ahe335 images were processetthéocampaigns &6, 70,
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84 and 96days after seedingDAS, respectively The measurement parameters and conditions are

summarized imable4.1.

Table 4.1 Summary of the dates with corresponding days after seedifgS)Dparameters and

environmental conditions during the UHD campaigns. Additionally, the date @iettiespedrometer
(FS3) measurements and plant parameter (PP) extraction are shown.

UHD FS3 PP DAS growth UHD take off image sun sun

stage weather time count elevation azimuth
6- 6- 8- 56 stem cloudy 10:30 294 40.62 117.1
May May May elongation

200 22 22 70 booting sunny 13:30 198 59.35 180.42
May May May

5 2- 5 84 heading sunny 12:50 353 60.56 160.57
Jun  Jun Jun

12 18 17- 96 development sunny 12:30 335 59.97 150.41
Jun  Jun Jun of fruit

4.2.4 Spectral data properties of hyperspectral digital surface models

The spectral data within HS DSMs have special properties. Compared -tmaging sensors, the
spatial extent and the angular properties of the measurementd@racterize an area of interest (AOI)
differ. Additionally, the data is influenced by the data processing workflow and the conditions during
the radiometric calibration. To highlight the characteristics of hyperspectral data within HS DSMs, the
overlying pattern of the difference with the grountiasedfield-spedrometer observations were
evaluated per date and across the dates. For all plots of 3BAS 84, the measurements were
averaged per date, and then compared by calculating the ratio ofi¢h@spedrometer and HS DSM
measurements. Additionally, the standard deviation of the differences between the HS DSidldnd
spedrometer derived measurements was calculated for each dEX&a06 was excludedsince the
measurenents were taken five days apaihn the following sections, the theoretical background for
the discussion of the HS data properties is described and the comparison with grasedfield-

spedrometer measurements is outlined.

4.2.4.1Measuremenextent

Imaging systems offer the opportunity tapture several hundreds to thousands of spectra of an AOI.
Traditional measurement protocols designed fietd-spedrometers use only a few measurements to

characterize an AOI. Thus, the data processing schemes for both types of measurementsiddfer.
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spedrometer measurements are usually taken at distinct places within an AOI. In this study,

measurements were taken at six positiomithin each plotand then averagetb one spectrumSince

it was intended to estimate vegetation parameters, the measoents were taken at vegetated areas

within the nondestructive measurememart of the plot.For the imaging datahe spectum of each

pixelwithin thispart of the plotwas extractedrom the HS DSM and averaged to a spectrum.

4.2.4.2Specific field of view

Vegetated areas are anisotropic surfaces. Depending on vegetation properties like leaf angle, leaf area
and canopy structure and their interaction with the incident irradiance and illumination regime, light

is heterogeneously reflected to the hemisphere. $floegetated surfaces show a distinct backscatter

Ay GKS RANBOGAZ2Y 2F (GUKS AyOARSyd fA3IKG OFffSR
distance to the incident angle. Thus, the apparent reflectance perceived by a sensing system is
dependant on its position and orientatiofQi et al., 1995; Schaepm&irub et al., 2006; Zhao et al.,
2015) For imaging spectroscopy data this becomes even more complex, since the geometric sun

surfacesensor properties are unique for every pixel and depenthenFOV of that specific pixel.

The conceptual framework used to describe these effects is the bidirectional reflectance distribution
function. It describes the scattering of a parallel beam of incident light from one direction of the
hemisphere to anothr and is expressed as the ratio of infinitesimal small quanijhésodemus et al.,

1977) In remote sensing, the reflectance of a surface is commonly expressed as the ratio of the flux
received within the conical (I)FOV of a sensor from the sampledaudnd a lossless and Lambertian
reference surface in the same beam geometry under natural illumination conditions. Thus, these
measurements are precisely referred to as hemispherical conical reflectance fati@RF;
SchaepmasStrub et al., 2006)Thiss particularly true fofield-spedrometers with a rather wide FOV.

The pixels of imaging spectrometers have rather small IFOV, which also results in a rather small
measurement cone for each pixel. Therefore their measurements can be considered as an
approximation of directional measuremen{Schlapfer et al., 2015nd the resulting quantities as
hemispherical directional reflectance factors (HDRF). Equdtiogives the formula for the reflectance
factor with—as the zenith anéas the azimuth angle of the inciderf2(adiation over the hemisphere

(¢*) and reflectedi() radiation and the solid angle of the IFQV ), which for the HDRF case is set

(close) tart For simplicity, the reflectance faa®measured in this study are referred to as reflectance.

I 'QQd 'QOOmd d) Y —hohc” A—hoh (Eq. 41)
"00"Yd( 1 i
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HS DSM are derived from multiple images. Within each of these images, eathgpitains a HDRF
measurement with unique angular propertieBigure4.2). Within an individual image, the angular
properties can be calculated as long as the IFOV, the image orientation and position and the surfa
geometry are known. Within the HS DSM, the images are composed depending on the orientation and
position of the individual images defined by the flight trajectory and the capturing position. Depending
on the position of an AOI, its area within the H3VDS8ight be covered by several pixels eventually
captured by differentimages. Thus, a spectrum to characterize this AOI is also composed from multiple
pixels and their composition of angular properties. In the following, the composition of pixels and their
angular propertiesvithin a scene used to characterize a specific AOI is called the specific FOV (SFOV).
Figured.2illustrates this concepfThe areawithin the HS DSM is covered by two images. Within these
images, each pixel has its own angular properties. Moreover, the same area might be covered by pixels
from different images with different angular properties. Depending on the composition of the spectral
information within the HS DSM, an AOI is characterizeth&ysFOV composed of pixels from several

images.

With the pixeltracing technique introduced by Aasen et@015) the pixel position within an image

can be traced to the composed HS DSM. This technique can be exploited to comprehend the SFOV of
an AOIlby extracting the position information of the pixels. Within this study, this information is
exemplified by being plotted as a two dimensional histogram showing the distribution of pixel position
within the SFOV of plot 4 at DAS. The difference betweeHS DSM derived data and nionaging

data is highlighted by comparing the SFOV with the FOV difetidespedrometer.
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Figure4.2 Schematic drawing dhe concept of the specific field of view (SFCAgnoarea of interest

(AOI) within a hyperspectral digital surface model generated from snapshot cameras. Each pixel within
an image is recorded with diffent angular properties. le same surface aremay becapturedby
severapixekwith different angulamproperties &s denoted by the zenith reflectance arsgle- 0 € Q-

for one pixel. For clarity, the azimuth anglere omitted). The SFOV describes the pixels and their
angular properties which are used to characterize an AOI (excerpt top Aglaifionally, thefield of

views (FOVs) of two imag and arnnstantaneous field of view (IFOV) of one pixel is shown.

4.2.4.3Processing mode

The HS DSM is generated from multiple overlapping ima#ggsoft Photoscan has differeptocessing

modes for the spectral informatiormhese includ&hosaickin@\veragingand since version 1.1,3

0t Sy RA y Hisabre®@§isoftlLLC, 2015, 2014fhe first twomodes influence the spectral

information by applying a (weighted) averagetoK S O f Odzf A2y 2F (GKS LIAEST
the composed scendno f Sy R A ydisabM®R&Sspeadtral information is taken from the image
whosecenter is closdsto the pixel in thecomposed sceneThus, the spectrare not modified and

each pixehasthe original spectral informationTo investigate the influence tfie processing mode

the HS DSM is process@uo f Sy RA yaerag@aRi™®isabS R Q the yesulting hypergectral

information is compared pixelise by calculating the ratio of both data products.
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4.2 .4 4Radiometric calibration

Due to a mechanical instabilitof our camera prototype and several maintenances during the year
2014, the camera could not be radiometrically calibrated in a general manner. Additionally, the camera
has no irradiance sensor. Thus, a calibration procedure similéeltbspedrometer measurements

was applied: before each flight the UHD was pointed towards a reference panel to measure the
incoming irradiance. Then this measurement was used to transform the DN values to reflectance.
However, this type of calibration is prone to errors. D56 a significant offset in reflectance was
noticed compared to the other dates, which could not be explained by the plant growth. Since the sky
was clouded on this date, the influence of the illumination conditions during the calibration was

investicated.

To investigate the influence, the FS3 was mounted on a tripachb@bove a Zenith Lite calibration
panel and the reflected radiation was measured. The UAV was then placed right above the downwards
facing fiber of the FS3 in a similar position asauld be during the itfield calibration and another
measurement was taken. The difference represents the influence of the UAV on the radiation reflected
from the panel. Accordingly, a sensing system mounted below the UAV will also perceive the influenced
radiation instead of the real radiation. Consequently, a reference image taken under these conditions

would influence all measurements.

To estimate the influence of the illumination conditions, the measurements were carried out under
clear sky and cloudgonditions. In both cases, no direct shadow was cast on the reference panel.
Additionally, under the clear sky conditions measurements were taken with the person holding the

UAV in and perpendicular to the principle planeof the sun.
4.2.5 Multi-temporal chlorghyll retrieval

To evaluate the predictiorof important plant parameterfrom HS DSMs, canopy chlorophyll was
estimated with thewidely usedVIs TCARI/OSAHaboudane et al., 2002PR(Gamon et al., 1992)
REIRGuyot and Baret, 1988nd ND70%Gitelsa and Merzlyak, 1994)-or each date maps of the Vls
were created. To compare the results to the destructively measured chlorophyll values, all pixels from
the nondestructive part of the plot were averaged and a linear regression model was established for
each individual date. Additionally, mutlate models were established for DA®¢ 96 and 84¢ 96.

The results were compared to the FS3 measurements with the original FS3 data, since a convolution
to the UHDs band configuration only showed very minolugrice. Only plots which werentirely

covered by theHS DSMvere considered in the analysis.
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4.2.6 Multi-temporal canopy height monitoring

4.2.6.1Canopy heighthodel generation

The height in the HS DSM represents the absolute height above the ellipsoid. The diffleedmeen
the DSM and the digital terrain model (DTM}ich isthe height of the bare soil surface, represents
the crop heightTo calculate this heiglst DTMwas generated from the nemegetated paths between
the experimental plots for each dat®TM extaction pointswere placed every B and the height of

a circle with a radius of 012 around the pointswasaveraged to minimize small scale differences of
the bare soil. Based on these values a DTM was interpolated. theo®SM the generated DTM was
suliracted. The result represents theeverageheight of the plantswvithin a pixel This height will be
referred to ascanopy or crofheightmodel (GM). For each plot the average height of thelld was
extracted fromthe nondestructive measurement part of thglot with a margin of 0.8n to the plot

border to exclude influences of tractor tracks and border eff@€igure4.3).
_7/ DSM / ArcGIS

-
extract
CHM
W I [ i | ey et

'. ﬁ/ DTM /

Figure4.3 Plant height extraction from th hyperspectral digifasurface model (HS DSM) diyital
terrain model (DTM) is created and subtracted from the digital surface model. The result is a canopy
heightmodel (EIM).

average
plant height

Besideghe image overlap, the number and placement of GCPs influencesuhlityqof a surface
derived from SfMHarwin and Lucieer, 2012; Mes@arrascosa et al., 201%2)SMrom SfMare prone

to the Wowl effecQ ¢ KA OK 2 BelaiedInappel Sxygeeds the area surrounded by GCPs
(Ouédraogo et al., 2014)n our datasetonlythe HS DSMs of the first datevered the entire extent

of the experimental aredor DAS 70 and DAS, 84 GCPs were missing on the east sidbetovered

area. To counteradl KS W0 2 ¢he DTMIvEr&gonei@tad individually for each date. Algiots

that were not entirely covered by the generated DTire excluded. For DAS /e most western

row wasexcluded from the analysis as an additional case (DAS 70b), since this area had low image

overlap in the HS DSM.
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4.2.6.2Plant height evaluation

The plant height derived from the HS DSiés comparedo ruler measured plant heights. Within each
plot, the height of ten individual plants as measured and the mediawas calculatedFrom the HS
DSM the average height per plot was calculated. These estimatesewbmpareddr each date and

aaoss all dates.

4.3 Results and Discussion

4.3.1 Spectral data properties of HS DSMs

Figure4.4 shows the réio of the reflectance extracted from the HS D8N the FSas an averagef

all plots for DAS 56, 70 and 84d itsstandard deviation. Overall, the apparent reflectance of the UHD
measurementss higher than for the FS3. For DABand 84 the ratio is within the same magnitude,
while DAS6 shows a overallhigher ratio.All dates slow a similamvavelength dependenpattern: in

the blue 466nm) the ratio is at 1.8, 1.37 and 1.55 for DA, 70 and 84, respectively. Wards the
green (55(hm) the rato decreases to 1.39, 0And 1.05. Towards the rd870nm)the ratio increases

to 1.89, 1.29 and 1.33n the NIR (79&m) the ratio decreases again to 1.28, 1.03 and 0.92. The

standard deviation decreases from D3&Gto DASB4.
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Figure4.4 Ratio of the reflectance retrieved from the HS DSM and the FS3 averaged over all
DAS 5670 and 84 (solid line) with standard deviation (ribbon). Additionally, the ratio of plot 52
black dotted line) and plot 20 (lower black dotted line) at BAS shown.

Three reasons could be identifiddr these differences: thalifferent measurement extenof the
imaging andhon-imaging devicethe angularproperties of the pixelsvithin the measured area and
the illumination conditions during the calibratioAdditionally, the different spectral data processing

schemes for the HS DSM data have an impact on the final datugrorheseaspects and their
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implications for the difference between the HS DSM dieth-spedrometer are discussed in the

following.

4.3.1.1Measurement extent

Figure4.4 shows the ratio of thénighest difference (plo52) and the lowest difference (plot 20) of the
imaging and noaimaging dataof DASH6. These two plots are shown figure4.5. The measurement
extent of the UHD is framed in black. Additionally, six exemplargsorement positions of the FS3

and their extent are shown for plot 52.

Figure4.5 RGB image of plot®and 52 at DAS 56. The black frame marks the area measured
the HS DSM. The blue circles exemplary show six measurement positions of the FS3 within o

Within plot 52 several patas of bare soil are visibl®©n the other hand, Ipt 20 shows an almost
homogenous growth and almost closed canofince the spectral information is exttad from the

entire measurement area within the HS DSM, it contains rnsoikareas than the FS3 spectoa plot

52.In plot 20, this is not the case due to the homogeneous growth within the plot. The comparison of
the ratio functiors for plot 20 and 52eveal thatthe HS DSM spectruwf plot 52is significantly more
increased in comparison to the FS3 spectrum. In particular, in the VIS, a very high difference can be
seen Figure4.4). This is explained by thegher reflecanceof soil compared to vegetatioim the VIS

and lower reflectanceni the NIRwhich influences the HS DSM derived data more than the FS3
measurements. For the averaged spectra, the standard deviation of the difference between the HS
DSM and FS8bservations at DASS is higher compared to the other dates. tAe later datesthe
canopy was closedndthe heterogeneity within the plotsvas reduced. Thus, the standard deviation

decreased for DAB) and 84.
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4.3.1.2Specific field of view

The ratios betwer the FS3 and HS DSM derived measurements show a wavelength dependent pattern
(Figure4.4). Both deviceshave a similar FOV. The FS3 hagaularFOV of approximately 2%vhile

the UHD hasectangular FOV of abb@0°. Thus, applied from the same height both instruments cover

a similar areaAdditionally, if all pixels of the UHD would be averaged, the integration of solid angles
of the IFOVs would compose a SFOV similar to the FS3 and therefore the angulatiqe agehe
resulting spectra would be similar too. When the UHD is appliedi\athe footprint increases with
increasinglying altitude.Additionally, the spectrum for a specific area is extracted from the HS DSM,
which is composed of multiple imagésf. section4.2.4.9. Thus, the angular properties of the SFOV

characterize an AOI change too.

Figured.6 shows the theoretical across traekOV of the UHD (orangaid FS3 (gray). The FS3 averages
the spectral signature of all objects within its circular 25° FOV almaostlgdy its desigiMac Arthur

et al., 2012) The FOVof the UHDis composed by the individual IFOdsevery pixel.During the
processing of théiS DSM only pixels from a few location are used to compose the ddeneover,

the placement of the AOI within the scene defines the SFOV and consequently, also the pixels which
are used to spectrally characterize the ar&ure4.6 (right) showshe number ofpixels from each

pixel positionwithin the SFOV, which wassed to generate the spectruof plot 4 at DAS0 from the

HS DSMThe purple sections iRigure4.6 (left) show the resulting section of the along track FOV of

the UHD which was used for the area of ploE#idently, just very smallpart of the entire FOV is

used. As a resuthe angular properties of the spectruderived fromthe FS3 and thélS DSMiiffer

along track spatial footprint of SFOV within the
FOV UHD and FS3 from HS DSM for plot
the same height 4 at DAS 70

# pixels

_25 30

e 2

E70 ity imagen | | 0
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Figured4.6 Comparison of the 25° FOV b&tFS3 (gray) and 20° of the UHD (orange) and their foc
from the same height (left and center). For plot 4 at DB $e specific field of view (SFOV) withir
hyperspectral digital surface model is shown (right). The plot is characterized bsakpdotmatior
from two images (image A and B). The colors indicate how many pixels are taken from a p
position within the images. Additionally, the resulting aldrack SFOV is shown in light blue (left)
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strongly. In Figure4.4 it is apparent that the ratio of the HS DSM and FS3 derived spectra is wavelength
dependent The different viewing geometries and their interaction with the sun position, plant
structure and the resulting visible features (e.g. soil and green vegetation) have a strong wavelength
dependent influence on the apparent spectryiBurkart et al., 2015; Schaepm&trub et al., 2006;
Verrelst et al., 2008; Zhao et al., 2018 ditionally, they cabe very pronounced for certain geometric
settings(Kuster et al., 2014nd are stronger in the VIS than in the \iBRrkart et al., 2015; Kister et
al., 2014) Due to the integrated FOV of the FS3 some of these effects are averaged. On the contrary,
the very narrow SFOV used to derive the spectra fitbmmn HS DSMSFOVYoes not average over a
wide variety ofgeometricsettings. Mostly, the geometry of the spectral information in the HS DSM is
closer to nadir than the integrated information of the F&E8jure4.6, left). Depending on the suha
position and the structural properties of the canqphis can result in higher or lower apparent
reflectance. In this studynost plots have higher apparent reflectance in tHH& DSMneasurenent
than in the FS3 measuremerithis can be explained since the spectral information within the HS DSM
Ad YSIFAaAdzZNBR Of 2aSNJ 2 (GKS LINAYOALX S LXIFYyS IyR
information integrated over the wide FOV of the F@&8ditionally, the different angular settings
become apparent in thehape of the ratio between the measurements of the tiwstruments, which

are similar to anisotropy factors measured in another studies over wheat (Burkart et al., 2015).

These difference mustbe kept in mind whe data from different sensors ammpared.This needs to

be considered especially for leflying imaging systems, since the variety of angular properties within
an AOl is considerably increased compared toflighg platformsit hasalsobeen shown that angular
effects influence the retrieval of vegetation propertiéurkart et al., 2015; Verrelst et al., 2008)
generaljt can be assumed thaih integration over avider FOV o080V is more robust against angular
effects(zhao et al., 2015)On the other handyell-defined angular properties offer the opportunity to
derive additional information about the surfad&chaepman, 2007)n particular, when snapshot
cameras capture overlapping images to derive HS D8ldssame aga ismeasuredfrom multiple
positions. Thussnapshot cameragrovide an optimal tool for the derivation of mukingular
properties(Aasen, in review; Hakala et al., 2010; Honkavaara et al., 2014; Koukal et al. F2@14)
studies should exploit teopportunity. At the same time, the gained understanding should be used to
further develop and adapgxisting methods for the correction of angular effe(dsy. Schlapfer et al.,
2015) This is especially important, since higisolution data increase thepparent heterogeneity of

a surfacgDamm et al., 2015)n the future, the higlresolution 3D information contained in HS DSMs

could support the correction.
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4.3.1.3Processing mode

The spectral data of an HS DSM is composed depending on the processing mdués alosen within

GKS LIK2G23INI YYSUNRO a2Fd6IFNBd Ly GKS o0f SyRAy3a Y
overlapping images is averaged to one spectral signature per pixel. Consequently, pixels with different
angular properties are averaged togguce the pixels in the HS DSM. On the contrary, in the blending

Y2RS WRA&ALIO0fSRQ 2yft& GKS AYyT2NNI UA2FQuBNRight) 2y S A Y
shows the relative difference of the reflance at670nm at a part of the scene @DAS70 between

the processing with t SY RA Yy 3 Y 2 R S isableddraitod abS/@1 repyeBent WaRied)are

the averaged reflectance is lower than the one in disabled mode. Additionally, xkegasition asg

distance in xand ydirecting from the imageanter in the original images is showkigure4.7 center

and right)

relative difference pixel position
m 1.15 wm+25 (x-direction)

i 0.85 L1

Figure4.7 Relative difference betweed f Sy R A y &erae@aRdS¥isabledof spectral data at
670nm (left), and pixel position as distance from the image ceimehe original images in the-y
(center) and xdirection(right).

In the entire scene the ratios fandividualpixels range from 0.74 to 1.29, wilor the shown part the
ratios range from 0.85 to 1.18Vithin the shown part different patterns cabe identified. Within area
B an edge ofhe ratios can be seen in the wesast direction. To the north of thisdgethe averaged
scene shows higher reffeance than the unmodified spectra. Below thdgeit is vice versa. These
edgesalign with the transition from one image to another in theliyection. To the right in area Ba
difference in reflectance can be seen at therth-south alignedransition d the images. Here, the
pixels on both sides of the transition originate from different pixel positions in tieection. Also,
area A containan image transition in the nortBouth direction butthe apparentreflectanceis hardly
influenced The pixepositions show that the position in the-girection is similar for the images on

both sides of the transition.
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Although differences are clearly visible between the processing mduesiriterpretation is not trivial

sinceangular effectsthestructureof the canopy, and the imagmmposition interactDuring the flight

at DAS/0, the sun had an elevation of approximately°&hd an azimuth angle of 180Therefore

pixels with a lower pixel position value in thaliyection were captured with a more asun angle,

closer to the reflection hotspotesulting in higher reflectance than pixels with a higher pixel position

value.On the other handthe images were approximately aligned with the solar principle piartee

along track direction. Thughe x-pixel posiion did not strongly influencéhe apparent reflectance.

These observations align with the thed§ychaepmatStrub et al., 2006)models(Klster et al., 2014)

and other measurements of angular effects of vegetatiBuarkart et al., 2015)

Both methods have their advantages and drawbacks. While averaging spectral information derived
from multiple images and thus with multiple angular properties might approximate an HCRF
measurement similar téeld-spedcrometer measurements, it introduces aduihal uncertainty as long

as it is not possible to trace which parts of which images were overlapping, respectively averaged.
Althoughan approximately uniform flying speed and an @drack image overlap of about foimages

can be assumed fcFigure4.10 A), it is not guaranteed that similar parts overlapped for all areas of
the scene.Additionally the across track overlaparied significantly However, without blending
stronger angular effects are apparent the composed scene and might influence the results of

retrieval methods. At the same time, they can be traced and included into the analysis.

Theseresults demonstrate the significant impact of the processing mode and viewing geometries on
the final dataproduct. Currently, illumination differences resulting from different viewing geometries
within an image mosaic are oftagnored(Koukal et al., 2014However, in an applied scenatite

UAV trajectory might differ from flight to flight due to wind other navigationa uncertainties.
Environmental effectsuchas the position of the sun migladsovary between observationghus, in
future pixel wise information about the angular properties, the signal quality and the environmental
conditions during theacquisition should be incorporated as a standard in the metadata for scientific

grade remote sensing data independent from the sensing system.

4.3.1.4Radiometric alibration conditions

The reflectance at DASS within the HS DSM showed an overall increasefleatance compared to

the field-spedrometer measurements. This difference could not solely be explained by the
combination of the different measurement extents and the angular propertiggure4.8 shows the
reflection of the reference panel under clouded and clear sky conditions when the UAV is held above

the panel from a person standing within and perpendicular to the principle plane of the sun.
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Figure4.8 Measuements of a Zenith Light reference panel under clear sky conditions (reference), with
a person behind the panel in the principle @gmerson pp.), person perpendicular to the principle @lan
(person), with a UAV above the panel held by a penstnn the principle plaa (UAV pp.) and a UAV
held from a person perpendicular to the principle plddAV). Additionally, a measurement under
cloudy conditions with a UAV held by a persathin the principle plaarelative to a measurement
under cloudy conditizs without obstacles (cloudy pp.)

The largest difference was introduced by the cloud cover. Under cloudy conditiengflectance of

the panelwasreduced byabout 144 reflectance. Depending on the cloud cover and the distance of
the panel to the UAMhis value chang# (not shown here)Clouds change the illumination regime
from a mostly directed illumination under sunny taffdse illumination conditionswhere light is
irradiated approximately homogeneolys from the whole hemisphereWhen a UAV and person
holding the UA\Woverlarge pars of the hemisphere the illumination of the panel is significantly

reduced.

The second largest influence was introduced by the position of the person who is holding the UAV.
When the person holding the UAV was stang within the principle plane the reflection in the VIS was
decreased by up to 4% (at 466 nm). In the NIR, the reflectance was increased by 8.5%. When the person
was standing perpendicular to the principle plane, the influence was significantly redudeel NIR

to an increase of only 1.9% compared to the case without obstacles. In the VIS it was slightly reduced
to 3.4%. The presence of the UAV only changed the influence slightly. When the person was standing
in the principle plane, the UAV even redudbé difference to the pure reflectance of the reference
panel. Similar to the clouded case, the decrease in the VIS can be attributed to the covering of the
hemisphere. Since the hemisphere mostly scatters blue light under clear sky conditions, thesdecrea
was most pronounced in this region. As the UAV increased the covered area, the influence was
increased. In the NIR, the person and the UAV were scattering light back on the panel. Thus at about
670nm the reflectance increased. The slight differencaladut 1% in the NIR between the case with

and without the UAV is most likely explained due to slight differences in the distance to the panel.
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Similar results were found by Kimes et @983) who reported errors from 2 to 18% ifield-

spedrometer measuements depending on the distance and position of a person close to a reference

and the color of the clothing worn by the operator.

These reslts have a great implication fdhe data quality. Since the measurement of the reference
panel is used to transfm all image cubes to reflectance, errors will propagate into every
measurementWorse, this error cannot be quantified afterwards. Therefdata calibrated with this
approach cannote directly compared to data captured under different illumination catimis.
Although thisis particularlytrue for UAVs or other bulky sensisgstems, this might also affect other
sensing systems likeeld-spedrometers, which are calibrated in the same wahlhus, this calibration
method should be avoided in the futurBor UAVsrobust methods based on laboratory calibrations
characterized ground targetiucieer et al., 2014aand the abilityto adaptto changingllumination
conditions are necessary to deriveore robustscientific grade dataThis is particularly ingstant
when multitemporal surveys under different illumination conditions are carried blawever, sensing

systems are needed which can record the incident radiation.
4.3.2 Multi-temporal tlorophyliretrieval

Figure4.9 shows maps of the REIP for DAS 56 to 96 calculated from the HS DSM. At DAS 56, very low
REIP values are visible. This can be attributed to the dldlwenced calibration at that date c

section 2.5.4). The wavelength independent relative overestiiom of the reflectance due to the
calibration absolutely increases the reflectance in higher wavelengths more than in lower wavelengths.
Thus, the slope between the red and NIR increases and the REIP decreases. Still, as for all dates,
differences betwea different cultivars and fertilizer levels and within plots can be seen. Fo7DAS

96, the differences between the cultivars become more pronounced. Additionally, in some plots the
positions of the destructive measurements from the previous datesbeaitlentified (e.gplot 9). As

was already seen iRigure4.5, the sparse growth around plot 52 can be identified which indicates
heterogeneity not introduced by the cultivar but by the management orcsmibitions. In DAS6, the

lodging of some plots is visible, similar to within canopy surface models. 18QA®: influence of the
transition of the images of two flight lines can be seen in the second row from the west, while most
other transitions are not asbvious. Here, the images are shifted for about half an image inthe y
direction. Thusthe different angular properties become visiblef(section4.3.1.2and4.3.1.3 and

influence the VI.
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B

Figure4.9 Maps of the reekdge inflection point (REIBgrived from the hyperspectral digital surface
modelof DAS 56, 70, 84 and.38ease note that the data for DAS is biged by the calibration under

cloudy conditions (t section 31.4).

86



Multi-temporalmonitoring of agricultural crops with higlresolution 3D hyperspectral digital surface models in
comparison with ground observations

In Table4.2 the coefficient of determination for the estimation of chlorophyll with different VIs from

the data of the HS DSM and the FS3 @ansh For DAS6 and 70, low R2 were found for both the UHD

and the FS3 data. Besides the biased calibration of the UHD, this could be caused by the different

illumination conditions at DASS, which also féects the retrieval of biophysical propertiéBatlett et

al., 1998; Damm et al., 201%jor DA84, R2 of about 0.50 were achieved with MCARI/ OSAVI for both

the HS DSM and FS3 data. In PA&nd the combined data of DAB8¢ 96 and 84 96, the ND705

and REIP from the HS DSM data yielded R? betwé&énaid 0.64. The R? values were comparable to

other studies for single and muliémporal studies using V(Quemada et al., 2014; Yu et al., 2014)

The results from the FS3 and UHD data differed significantly in most cases. Apart fr&@, BdsScan
beattributed to the different properties resulting from the different measurement extents and angular
properties of the spectral data produced by the two approachdsdqection4.3.1). The results show

that retrieval techniques as VIs are also influenced by these differences. While the angular sensitivity
of VIs have been shown in other stud{@urkart et al., 2015; Verrelst et al., 2008)e influence of a
composition of the angular properties has not beepl&itly investigated. Interestingly, in most cases

the VIs calculated with the HS DSM data performed better than the Vs calculated from the FS3 data.
Originally, the REIP and MCARI/OSAVI were developed from modeled data. Although not clearly stated
in the original paperdGuyot and Baret, 1988; Haboudane et al., 20@2¢ VIs might have been
developed for a more directional nadir looking narrow FOV case. Thus, the angular properties present
in HS DSMs might be better suited for parameter retrieval withse VIs. On the other hand, PRI550

was developed from the data of spectrometer with a FOV of 1%Gamon et al., 1992) and in most
cases showed better performance for FS3 data. These results suggest that results obtained in one study
cannot be transferrd to other sensing systems per se. Consequently, more research is needed on the
sensitivity of vegetation parameter retrieval techniques from data with different angular properties.
Table 4.2 Coefficients ofdetermination (R?) of different vegetation indices for the prediction of

chlorophyll for the individal dates and across the DAS{96 and 84¢ 96 from the HS DSM and FS3
data.

DAS 56 70 84 96 70-96 84-96
MCARI/ HS DSM 0.07 0.08 0.50 0.37 0.48 0.57
OSAVI FS3 0.03 0.28 0.49 0.22 0.35 0.42
ND705 HS DSM 0.04 0.01 0.39 0.60 0.50 0.60
FS3 0.06 0.12 0.16 0.36 0.39 0.42
PRISS50 HS DSM 0.30 0.12 0.11 0.14 0.05 0.23
FS3 0.10 0.34 0.30 0.31 0.24 0.38
REIP HS DSM 0.18 0.13 0.44 0.60 0.55 0.64
FS3 0.13 0.27 0.25 0.49 0.49 0.51

87



Multi-temporalmonitoring of agricultural crops with higtesolution 3D hyperspectral digital surface models in
comparison with ground observations

4.3.3 Multi-temporal canopy height monitoring
4.3.3.1Canopy height model generation

Figure4.10 shows the evolution of the CSM for DAS Figure4.10 A) ndicates the image overlap of

the image cubes captured by the UHD. The dots represent the image centers. Most of the area between
the north-south orientated flight lines is well covered by multiple images. The parts at the north and
the east side, where thflying speed of the UAV was lower, are very well covered. To the west and the
east side the coverage decreases to only a few images. The images of the two most western flight lines
only slightly overlapFigure4.10 B) shows the DSM creatdrom the images. To the norast corner

of the scene, where the DSM is outside of the GCPs, the elevation decreases towards the edge of the
scene. The same effecan also be seen at the centetiest side of the scene. Thigtitilg in a model
derivedfromSIMKF & 6 SSy NB TS NNBRSdRalkabe seéh $ DN eXtiadted from

the bare soil irfFigure4.10 C). Since the bare soil to the east side of the scene was notexbbgthe

images, the DTM only exteado the second row from the eastigure4.10D) shows the BM created

from the subtraction of the DTM from the DSNMhe decrease towards the noghst corner of the

scene is ot visible in the @M. Although not shown here, some small areas between the DTM
extraction points showed negative values in theMCmainly where the tractor tracks crossed the

paths.

- “chhm A ground control points

0 510 20 . (- o i i |
. £ 227 m DTM extraction points Om

Figure4.10 Evolutionof the canopy surface model for DAS 70: A) Map of image overlap, B) digital
surface model (DSM), C) digital terrain model (DTM) interpolated from the DTM extraction points, and
D)canopyheightmodel resulting from the substraction of DTM from the DSMDSM and DTM show

0 KS -$§& Fa@Side@he covered ground control points
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In other studies the DTM was created by surveying the area before the emergence of the péants

etal., 2014; Tilly etal., 201) 5 dzS @2 G KSS ¥ ERIOrieMBNs#hisigrdaatt was not

FSIFaAoft S A gowketiebifd@irsto Bgult flof Be I8 image overlap in some of the scenes

and the miseg out of some GCPs, since other studies with a similar setting and mageioverlap

did not report thiseffect (Bendig et al., 2015, 2014; Geipel et al., 20T4)s is alssupported by the

recommendations othe software manufacturer of 60% across and@®8long track overlaAgisoft

LLC, 2016 Currently HS snapshot systems onbo&fdVs stilface the challenge of spectral resolution

versus spatial resolution versus coverg@geasen et al., 2015)The image acquisition of thienage

capturing systenis rather slow (0.6 FPS), the field of view is sr2él) (and the hyperspectral spatial

resolution is low (50 x 50 px). Additionally, the weight of the image capturing system limits the flight

time to under 30 minutes. Thus, to ensutlee desired ground resolution of less than @ for the

hyperspectral informationan aboveground flying altitude ®30m was chosen andhe optimal

overlap recommendationg/ere violatedto cover the wholeAOIl within the flight timeAlthough the

Yo 2FEFSOGQ O2dzdZ R 6S O02YLISyaldiSR FT2NJ Ay Yz2aild LI NI

overlap should be incread and the GCPs should be properly covered to stabilize the 3D information

within the HS DSM. This would allow a direct comparison of HS DSMs from different dates.

Figured4.11shows the €M derived from theHS DSMor four dates. Similar to DAS 71,DAS 84 and
DAS 96 the bare soil to the eastdwest of the plotgespectively wasalso not covered by the images.
The color scheme of the maps indicathe plantheight for every pixel of the plot. These maps reveal
different plant heighs for the different cultivars. ifierences within the plots aralsovisible (e.g. DAS
84, plot 52).At DAS 96four plots have experienced lodw and carbe clearlydistinguished fronthe
other plots. As well,ractor tracks betwer and right next to the plot borders are visible. The overall
growing pattern indicatestronggrowth until DAS 84 and only minor differendedween DAS 84 and
96, apart fromthe logged plots.These results demonstrate the feasibility of HS DSMs for- high
resolution mapping for agricultural purposésdditionally, the high spatial resolution of the datifows

observations oplot heterogeneity and crop daages from tractor tracks or lodyy.
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DAS 56

4 ground control points W 1.25 canopy height 0 5 10 20
o DTM extraction points i 0 — — T

Figure4.11 Canopy height models BAS 56, 70, 84 and 96. For DAS 70 to 96 some areas were €
due to missing dataRemotelymeasured parts of the plots are marked wikie numberof the plot
Additionally digital terrain model (DTM) extction and ground control pointre indicated.
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4.3.3.2Plant height evaluation

The plant height derived from thdS DBl wascompared to ruler measured plant heighEgure4.12
showsthe scatterplot for the individuadatesand all dates together. Similar Eigure4.11an increase
in plant height is visible until DAS 84. The relationships between the ruler measurements aH& the

DSMderived plant heights are @untified inTable4.3.

Table4.3 Quantitative compason of the ruler measured and the HS DSM derived plant heights.

DAS 56 70 70b 84 96 56-84 all

R2 0.83 0.35 0.70 0.81 0.45 0.98 0.96
RMSE (m) 0.06 0.12 0.08 0.09 0.17 0.12 0.20
RMSE (%) 16 20 13 11 22 20 32

slope 0.66 0.48 0.89 0.89 0.97 0.71 0.75
mean 0.11 0.15 0.25 0.26 0.19 0.16 0.17
difference

DASH6, 84 and the multdlate sets achieve R2 > 0.8. DAOsand 96 achieve lower relations. When plots
41¢ 54 are excludeffom the DAS0 dataset (DA®B0b) the R2 increases to Cand therelative RMSE
decreassto 12%.Overall, the RMSE is between 11 andar the single dates and at 32% for all
dates together. The slope of the regression line is between 0.66 fobBABd 0.97 for DASS. For all
datesthe HS DSMierived plant height is lower thathe ruler measured plant height. The mean
difference varies from 0.1 for DAS6 to 0.26m for DAS4. The quality of the spatial information

in the HS DSM also influences the retrieval of the plant height. This can be seen in the significantly
increasedR? and the slope of the regression when the most western row atMAS excludedAs
mentioned abovethe image coverage and especially the actossk image overlam this partof the
scenewas very limitedso that he GHM bended downwards at the barsoil path to the west side of

the model and upwards in the area of the plot. Thus, these plots showed a higher plant height in the

CHM relative to the other plots fothe date(Figure4.12, brown dots)

With the ruler, the heights of individual plants within the plare measuredOn the contrary, the very

high resolution point cloud from which the HS DSM is derived doeasnly represent the highest parts

of plants but also reflects heterogeneity in conjunctigith the canopy structure.fusit approximates

an average canopy height lower than the ruler derived plant heiditis is also supported laystudy

by Tilly et al(2015) wherea maximum point filter was used to derive the plant heightla similar

offset could notbe observed.The slope, close to 1 in most cases, demonstrates the feasibility to
estimate the plant height both for individual dates and across several growth stages. However, the
best data processing scheme to derive a specific parameteds further investigation. The latter

might also depend on the application, since for some applications the maximum plant height might be
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interesting (e.g. stem growth rate), while for others an average canopy height might be beneficial (e.g.

biomass esmation).
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Figure 4.12 Scatterplot of the ruler andHS DSMderived plant heights for the individual four
measurement dates (red, yellow, blue, azure), and DAS 70 without ptob4iggreen) and all dates
together (pink) The one to one lines shown in gray.

4.4 Conclusion

Lowflyingsensing systemsan carryout surveys efficiently withoudisruptingthe surface Unmanned
aerial vehicle (UAWased hyperspectral snapshot cameras allow the captfispectraland spatial
information at the same timeWithin this study, this information was processedhigh-resolution
hyperspectral digital surface modgldlS DSMs) and evaluated for the mtdtnporal monitoring of
agricultural crops. HS DSMs are a representatibthe surface in 3D space linked with hyperspectral
information emitted and reflected by the object covered by the surface. The high resolution of the data
allows the detection of sma#icale variability andnpacts on the canopy such as ¢pdg or trator
tracks. Additionally, biophysical and biochemigkint propertiescould be extractedCanopy height

was well estimated for most individual and across multiple dates (R2 = 0.4%, 0.98). Image overlap,
coverage and ground control point distributiavere identified as critical factors for the quality of the
canopy height. The hyperspectral data used to estimate canopy chlorophyll by means of vegetation
indices. Chlorophyll could be well estimated for the individual growth stages heading and fruit
development and across the growth stages booting to fruit development (R? =x@5). However,
groundbased noAmaging spectral measurements differed from the measurements derived from the
HS DSMs. To fully comprehend these differences, the specialpdageerties of HS DSMs were

determined.
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HS DSMs are generated from many individual images. Each pixel within the HS DSM has its own angular
LINPLISNIASa ¢gAGK NBIFNRaE (G2 GKS aSyaz2zNJ 2NARASydalr Az
individualimage, and the geometry of the sensed surface. This influences the data retrieved from HS
DSMs. To comprehenttis potential issugthe commortheory of imaging spectroscopy was extended
by the concept of a specific field of view, which describes the caitipo of pixels and their angular
properties within a scene used to characterize a specific area of interest. Depending on this
composition, the measured apparent reflectance might differ. In comparison teimaging ground
based observations, this resedl in significant differences due to different measurement extents and
angular settings of the measurements. Overall, the visible part of the spectrum was more influenced
than the near infrared. The different spatial measurement extent and the angulpepiies accounted
for up to 33% increase in reflectance in the red region. In the NIR, only small differences were present.
These differences were also reflected in the results for the retrieval of chlorophyll which differed
considerably between the imaginand norimaging data. This questions if models for vegetation
parameter retrieval can per se be transferredbietween different sensors. Additionally, different
processing schemes for the spectral data within the HS DSM were evaluated and revealedsigni
differences. Ummoadified spectral information differed by up to 29% in comparison with a processing

scheme where all available information was averaged for each pixel.

These results highlight the need and opportunity for further research on therstateding of angular
effects and its influence on retrieval techniques. In patrticular, it is likely that similar observations can
be made for other imaging devices. L-figing sensing systems are especially prone to angular effects,
since, in comparison i highflying platforms, wider field of views are needed to cover the same area

and thus the variety of viewing geometries increases.

Additionally, cloud cover was found to influence the applied radiometric calibration procedure. One
flight was carried ot under cloudy conditions and showed considerable difference to the ground based
observations, which could not be explained by the different measurement extents and angular
properties of the measurements. An approach to quantify the difference showed\elargth
independent underestimation of the irradiance of approximately 15%. Additionally, the UAV and the
position during the calibration introduced additional errors. Thus, the appliedfljgiet radiometric
calibration should not be used under cloudyndd@ions and should in general be substituted by more

robust methods.

Overall this study demonstrates the feasibility of monitoring agricultural crops with HS DSMs derived
from UAV snapshot cameras. They allow the frequent observation of complementagyspgptral

and 3D information at the same time in high resolution. While the angular properties within the
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spectral data still need to be better understood, their tracing also offer a great potential for new

methods of analysis.
Acknowledgements

We thankMartin Gynp, Jonas Brands, Simon Bennertz, Janis Broscheit, Markus Drahs, Silas Eichfuss,
Sven Ortloff and Maximilian Willkomm very much for their outstanding engagement in the field, and

the people of Campus Kleftendorf (University of Bonn) for magning the field experiment.
Additionally, we thank Georg Bareth and Nora Tilly for their support during the preparation of the
manuscript.Moreover, we thank Ira Kurth and Mauritio Hunsqh®RES, University of Bonn) for the

access to and the support irhé laboratory. The field measurements were carried out within
CROP.SENSe.net project in the context of the Zietogramms NRW 20@d n Mo WYWwS3IA 2y |
2 SiG0SHSNDPAFTNKATI|ISAG dzyR . SAOKNFOGAIdzy3dé o0& GKS
(MIWF) of thestate North Rhine Westphalia (NRW) and European Union Funds for regional
development (EFRE) (00%03-0018). We acknowledge Agim Ballvora for the management of the
barley cluster within this project. Helge Aasen greatly acknowledges the funding thraufgiltdwship

grant of the Graduate School of Geosciences (&RGESBF01), University of Cologne. We

acknowledged Sam Work for proofreading of the manuscript.

94



Multi-temporalmonitoring of agricultural crops with higlresolution 3D hyperspectral digital surface models in
comparison with ground observations

4.5 References

Aasen, H., in review. Influence of the viewing geometry on hyperspectral datavedrirom UAV
snapshot cameras, in: ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial
Information Sciences. Presented at the XXIIlI congress of the International Society for
Photogrammetry and Remote Sensing, Prague, Czech Republic.

Aasen, H.Burkart, A., Bolten, A., Bareth, G., 2015. Generating 3D hyperspectral information with
lightweight UAV snapshot cameras for vegetation monitoring: From camera calibration to
quality assurance. ISPRS J. Photogramm. Remote Sens. 108¢25245
doi:10.1016/jisprsjprs.2015.08.002

Aasen, H., Gnyp, M.L., Miao, Y., Bareth, G., 2014. Automated Hyperspectral Vegetation Index Retrieval
from Multiple Correlation Matrices with HyperCor. Photogramm. Eng. Remote Sens. 80, 785
795. doi:10.14358/PERS.80.8.785

Agisoft LLC, 2015. Photoscan changelog [Www Document]. URL
http://www.agisoft.com/pdf/photoscan_changelog.pdf (accessed 6.10.15).

Agisoft LLC, 2014. Agisoft PhotoScan User Manual Professional Edition, Version 1.1. St. Petersburg,
Russia.

Araus, J.L., Cairns, J.E., £0Eield higithroughput phenotyping: the new crop breeding frontier.
Trends Plant Sci. 19, &21. doi:10.1016/j.tplants.2013.09.008

Atzberger, C., 2013. Advances in Remote Sensing of Agriculture: Context Description, EXxisting
Operational Monitoring Systesnand Major Information Need$kemote Sens. 5, 94981.
doi:10.3390/rs5020949

Bareth, G., Aasen, H., Bendig, J., Gnyp, M.L., Bolten, A., Jung, A., Michels, R., Soukkaméakipuk, 2015.
weight and UAbased Hyperspectral Fdtlame Cameras for Monitoringr@ps: Spectral
Comparison with Portable Spectroradiometer Measurements. Photograntrarnerkund -
Geoinformation 2015, 6&79. doi:10.1127/pfg/2015/0256

Bartlett, J.S., Ciotti, A.M., Davis, R.F., Cullen, J.J., 1998. The spectral effects of cloudsradisoiee.
J. Geophys. Res. 103, 31017. doi:10.1029/1998JC900002

Bendig, J., Bolten, A., Bennertz, S., Broscheit, J., Eichfuss, S., Bareth, GstRAddng Biomass of
Barley Using Crop Surface Models (CSMs) Derived fronBd#ad RGB ImagirRemoteSens.
6, 1039%10412. doi:10.3390/rs61110395

Bendig, J., Yu, K., Aasen, H., Bolten, A., Bennertz, S., Broscheit, J., Gnyp, M.L., Bareth, G., 2015.
Combining UAMased plant height from crop surface models, visible, and near infrared
vegetation indices fdbiomass monitoring in barley. Int. J. Appl. Earth Obs. Geoinformation 39,
79¢87. doi:10.1016/j.jag.2015.02.012

Berni, J., Zarebejada, P.J., Suarez, L., Fereres, E., 2009. Thermal and Narrowband Multispectral
Remote Sensing for Vegetation Monitoring Fram Unmanned Aerial Vehicle. IEEE Trans.
Geosci. Remote Sens. 47, @238. doi:10.1109/TGRS.2008.2010457

Burkart, A., Aasen, H., Alonso, L., Menz, G., Bareth, G., Rascher, UAmfil&r Dependency of
Hyperspectral Measurements over Wheat Characterizgé Novel UAV Based Goniometer.
Remote Sens. 7, 72846. doi:10.3390/rs70100725

Calder6n, R., Nav&Bortés, J.A., Lucena, C., Zafejada, P.J., 2013. Higbsolution airborne
hyperspectral and thermal imagery for early detection of Verticillium wilbldfe using

95



Multi-temporalmonitoring of agricultural crops with higlresolution 3D hyperspectral digital surface models in
comparison with groundbservations

fluorescence, temperature and narrelband spectral indices. Remote Sens. Environ. 139, 231
245. do0i:10.1016/j.rse.2013.07.031

Colomina, 1., Molina, P., 2014. Unmanned aerial systems for photogrammetry and remote sensing: A
review. ISPRS J. Pbgtamm. Remote Sens. 92,¢BF. doi:10.1016/j.isprsjprs.2014.02.013

Damm, A., Guanter, L., Verhoef, W., Schlapfer, D., Garbari, S., Schaepman, M.E., 2015. Impact of
varying irradiance on vegetation indices and chlorophyll fluorescence derived from
spectrogopy data. Remote Sens. Environ. 156,¢20%. doi:10.1016/j.rse.2014.09.031

Dandois, J.P., Ellis, E.C., 2010. Remote Sensing of Vegetation Structure Using Computer Vision. Remote
Sens. 2, 1157176. doi:10.3390/rs2041157

Elarab, M., Ticlavilca, A.M., TesiRua, A.F., Maslova, I., McKee, M., 2015. Estimating chlorophyll with
thermal and broadband multispectral high resolution imagery from an unmanned aerial
system using relevance vector machines for precision agriculture. Int. J. Appl. Earth Obs.
Geoinfornation 43, 3242. doi:10.1016/j.jag.2015.03.017

Ellis, E.C., Klein Goldewijk, K., Siebert, S., Lightman, D., Ramankutty, N., 2010. Anthropogenic
transformation of the biomes, 1700 to 2000: Anthropogenic transformation of the biomes.
Glob. Ecol. Biogeogr. qoo. doi:10.1111/j.1466238.2010.00540.x

Foley, J.A., 2005. Global Consequences of Land Use. Science 308574570
doi:10.1126/science.1111772

Foley, J.A., Ramankutty, N., Brauman, K.A., Cassidy, E.S., Gerber, J.S., Johnston, M., Mueller, N.D.,
h Q/ 2 yoy, Rdy,fDX., West, P.C., Balzer, C., Bennett, E.M., Carpenter, S.R., Hill, J., Monfreda,
C., Polasky, S., Rockstrom, J., Sheehan, J., Siebert, S., Tilman, D., Zaks, D.P.M., 2011. Solutions
for a cultivated planet. Nature 478, 38342. doi:10.1038/natur£0452

Gamon, J.A., Pefiuelas, J., Field, C.B., 1992. A namo@band spectral index that tracks diurnal
changes in photosynthetic efficiency. Remote Sens. Environ. £#43%0i:10.1016/0034
4257(92)9005%

Geipel, J., Link, J., Claupein, W., 2014. QuediBpectral and Spatial Modeling of Corn Yield Based on
Aerial Images and Crop Surface Models Acquired with an Unmanned Aircraft System. Remote
Sens. 6, 10333.0355. d0i:10.3390/rs61110335

Gitelson, A., Merzlyak, M.N., 1994. Quantitative estimation afroiphylla using reflectance spectra:
Experiments with autumn chestnut and maple leaves. J. Photochem. Photobiol. B 225247
doi:10.1016/10111344(93)06963!

Gnyp, M.L., Yu, K., Aasen, H., Yao, Y., Huang, S., Miao, Y., Bareth, G., 2013. AnghRisflefcznace
for Estimating Biomass in Rice Canopies at Different Phenological Stages. Photogramm.
Fernerkund- Geoinformation 2013, 3%B65. doi:10.1127/143:8364/2013/0182

Guyot, N., Baret, F., 1988. Utilisation de la haute resolution spectraledpoah ONE f QS il G RSa
vegetaux, in: Proceedings of the 4th International Colloquium on Spectral Signatures of Objects
in Remote Sensing. Presented at the 4th International Colloquium on Spectral Signatures of
Objects in Remote Sensing, NASA AstropbyBata System, Aussois, France, ppc236.

Haboudane, D., Miller, J.R., Pattey, E., Zdgjada, P.J., Strachan, I.B., 2004. Hyperspectral vegetation
indices and novel algorithms for predicting green LAI of crop canopies: Modeling and validation
in the context of precision agriculture. Remote Sens. Environ. 90, (3
doi:10.1016/j.rse.2003.12.013

96



Multi-temporalmonitoring of agricultural crops with higlesolution 3D hyperspectral digitsurface models in
comparison with ground observations

Haboudane, D., Miller, J.R., Tremblay, N., Zagjada, P.J., Dextraze, L., 2002. Integrated narrow
band vegetation indices for prediction of crop chlorgfiftontent for application to precision
agriculture. Remote Sens. Environ. 81, 24%%.

Hakala, T., Suomalainen, J., Peltoniemi, J.I., 28&Quisition of Bidirectional Reflectance Factor
Dataset Using a Micro Unmanned Aerial Vehicle and a Consumer &dr&mote Sens. 2,
819832. doi:10.3390/rs2030819

Hansen, P.M., Schjoerring, J.K., 2003. Reflectance measurement of canopy biomass and nitrogen status
in wheat crops using normalized difference vegetation indices and partial least squares
regression. RemetSens. Environ. 86, 5853. doi:10.1016/S0034257(03)001317

Harwin, S., Lucieer, A., 2012. Assessing the Accuracy of Georeferenced Point Clouds Produced via Multi
View Stereopsis from Unmanned Aerial Vehicle (UAV) Imagery. Remote Sens.c459973
doi:10.3390/rs4061573

Honkavaara, E., Markelin, L., Hakala, T., Peltoniemi, J.I., 2014. The Metrology of Directional, Spectral
Reflectance Factor Measurements Based on Area Format Imaging by UAVs. Photogramm.
Fernerkund- Geoinformation 2014, 1%5188. da:10.1127/14328364/2014/0218

Honkavaara, E., Saari, H., Kaivosoja, J., P6lonen, I., Hakala, T., Litkey, P., Makynen, J., Pesonen, L., 2013.
Processing and Assessment of Spectrometric, Stereoscopic Imagery Collected Using a
Lightweight UAV Spectral Camefia Precision Agriculture. Remote Sens. 5, 5B0&9.
doi:10.3390/rs5105006

Jaakkola, A., Hyyppa, J., Kukko, A., Yu, X., Kaartinen, H., Lehtomaki, M., Lin, Y., 2@t Alaity
sensoral mobile mapping system and its feasibility for tree measuremdB&BRS J.
Photogramm. Remote Sens. 65, §222. doi:10.1016/].isprsjprs.2010.08.002

Kimes, D.S., Kirchner, J.A., Newcomb, W.W., 1983. Spectral radiance errors in remote sensing ground
studies due to nearby objectdppl. Opt. 22, 8. doi:10.1364/A0.22.00@00

Koukal, T., Atzberger, C., Schneider, W., 2&84&luation of seraémpirical BRDF models inverted
against multiangle data from a digital airborne frame camera for enhancing forest type
classification. Remote Sens. Environ. 155437d0i:10.1016/j.rs013.12.014

Kister, T., Spengler, D., BarcziF.J.Segl, K., Hostert, P., Kaufmann, H., 2014. Simulation of
Multitemporal and Hyperspectral Vegetation Canopy Bidirectional Reflectance Using Detailed
Virtual 3D Canopy Models. IEEE Trans. Geosci. Remetgs. S52, 20962108.
doi:10.1109/TGRS.2013.2258162

Lucieer, A., Malenovsky, Z., Veness, T., Wallace, L., 2014a. Hypmiddlki§) Spectroscopy from a
Multirotor Unmanned Aircraft System: HyperURSaging Spectroscopy from a Multirotor
Unmanned. J. Field Rab&1, 571590. doi:10.1002/rob.21508

Lucieer, A., Turner, D., King, D.H., Robinson, S.A., 2014b. Using an Unmanned Aerial Vehicle (UAV) to
capture micretopography of Antarctic moss beds. Int. J. Appl. Earth Obs. Geoinformation 27,
53¢62. doi:10.1016/j.jg.2013.05.011

Mac Arthur, A., MacLellan, C.J., Malthus, T., 2012. The Fields of View and Directional Response
Functions of Twéieldspedroradiometers. IEEE Trans. Geosci. Remote Sens. 5Q; 3882
doi:10.1109/TGRS.2012.2185055

Malenovsky, Z., Turnbull,D., Lucieer, A., Robinson, S.A., 2015. Antarctic moss stress assessment based
on chlorophyll content and leaf density retrieved from imaging spectroscopy data. New Phytol.
208, 608624. doi:10.1111/nph.13524

97



Multi-temporalmonitoring of agricultural crops i highresolution 3D hyperspectral digital surface models in
comparison with ground observations

Marshall, M., Thenkabail, P., 2015. Develgpin situ NorDestructive Estimates of Crop Biomass to
Address Issues of Scale in Remote Sensing. Remote Sen833B@i:10.3390/rs70100808

MesasCarrascosa, H., TorresSanchez, J., ClaveRumbao, |., Garcigerrer, A., Pefa,-J., Borra
Serrang |., LopezGranados, F., 2015. Assessing Optimal Flight Parameters for Generating
Accurate Multispectral Orthomosaicks by UAV to Support-Siecific Crop Management.
Remote Sens. 7, 127682814. doi:10.3390/rs71012793

Milton, E.J., Schaepman, M.E., Arsim, K., Kneubthler, M., Fox, N., 2009. ProgresBelid-
spedroscopy. Remote Sens. Environ. 113,¢D9. doi:10.1016/j.rse.2007.08.001

Mulla, D.J., 2013. Twenty five years of remote sensing in precision agriculture: Key advances and
remaining knowledg gaps. Biosyst. Eng. 114, 3531.
doi:10.1016/j.biosystemseng.2012.08.009

Nasi, R., Honkavaara, E., Lyytikéd#saarenmaa, P., Blomqvist, M., Litkey, P., Hakala, T., Viljanen, N.,
Kantola, T., Tanhuanpada, T., Holopainen, M., 2015. UsingBd#ad Photogimmetry and
Hyperspectral Imaging for Mapping Bark Beetle Damage atldaeel. Remote Sens. 7, 15467
15493. doi:10.3390/rs71115467

Nicodemus, F.E., Richmond, J.C., Hsia, J.J., Ginsberg, |L.W., Limperis, T., 1977. Geometrical
considerations and nomenclatufer reflectance. National Bureau of Standards, Washington
DC, p. 67.

Ouédraogo, M.M., Degré, A., Debouche, C., Lisein, J., 2014. The evaluation of unmanned aerial system
based photogrammetry and terrestrial laser scanning to generate DEMs of agricultural
watersheds. Geomorphology 214, 3355. doi:10.1016/j.geomorph.2014.02.016

Pajares, G., 2015. Overview and Current Status of Remote Sensing Applications Based on Unmanned
Aerial  Vehicles (UAVs). Photogramm. Eng. Remote Sens. 81, @&R0.
doi:10.14358/PER&L.4.281

Puliti, S., Olerka, H., Gobakken, T., Naesset, E., 20dé&ntory of Small Forest Areas Using an
Unmanned Aerial System. Remote Sens. 7, &8@24. doi:10.3390/rs70809632

Qi, J., Moran, M.S., Cabot, F., Dedieu, G., 1995. Normalization of sunhgéaveffects using spectral
albedobased vegetation indices. Remote Sens. Environ. 52¢2AG7 doi:10.1016/0034
4257(95)00034&

Quemada, M., Gabriel, J., Zaftejada, P., 2014. Airborne Hyperspectral Images and Groewvel
Optical Sensors As Assessméabls for Maize Nitrogen Fertilization. Remote Sens. 6,2940
2962. doi:10.3390/rs6042940

Rascher, U., Blossfeld, S., Fiorani, F., Jahnke, S., Jansen, M., Kuhn, A.J., Matsubara, S., Martin, L.L.A.,
Merchant, A., Metzner, R., Milkdinow, M., Nagel, K.ARjeruschka, R., Pinto, F., Schreiber,
C.M., Temperton, V.M., Thorpe, M.R., Dusschoten, D.V., Van Volkenburgh, E., Windt, C.W.,
Schurr, U., 2011. Neinvasive approaches for phenotyping of enhanced performance traits in
bean. Funct. Plant Biol. 38, 968.:d0i.1071/FP11164

Ray, D.K., Mueller, N.D., West, P.C., Foley, J.A., 2013. Yield Trends Are Insufficient to Double Global
Crop Production by 2050. PLoS ONE 8, e66428. doi:10.1371/journal.pone.0066428

Remondino, F., Hakim, S., 2006. Imagmsed 3D Modellig: A Review: Imageased 3D modelling:
a review. Photogramm. Rec. 21, 2891. doi:10.1111/j.147-B730.2006.00383.x

Schaepman, M.E., 2007. Spectrodirectional remote sensing: From pixels to processes. Int. J. Appl. Earth
Obs. Geoinformation 9, 2@223. doi10.1016/j.jag.2006.09.003

98



Multi-temporalmonitoring of agricultural crops with higlresolution 3D hyperspectral digital surface models in
comparison with ground observations

SchaepmaStrub, G., Schaepman, M.E., Painter, T.H., Dangel, S., Martonchik, J.V., 2006. Reflectance
guantities in optical remote sensimgdefinitions and case studieRemote Sens. Environ. 103,
27¢42. doi:10.1016/j.rse.2006.030Q

Schlapfer, D., Richter, R., Feingersh, T., 20p&rational BRDF Effects Correction for Ak d-of-
View Optical Scanners (BREFCOR). IEEE Trans. Geosci. Remote Sens.c1&E%54.1855
doi:10.1109/TGRS.2014.2349946

Szeliski, R., 2011. Computer Visiorxt3én Computer Science. Springer London, London.

Thenkabail, P.S., Lyon, J.G., Huete, A., 2012. Advances in Hyperspectral Remote Sensing of Vegetation
and Agricultural Croplands, in: Hyperspectral Remote Sensing of Vegetation. CRC Press, Boca
Raton, FL,p 3¢ 38.

Tilly, N., Aasen, H., Bareth, G., 2(A&sion of Plant Height and Vegetation Indices for the Estimation
of Barley Biomass. Remote Sens. 7, 1£44980. doi:10.3390/rs70911449

Tilly, N., Hoffmeister, D., Cao, Q., Huang, S.,-Wéedemann, V., Mo, Y., Bareth, G., 2014.
Multitemporal crop surface models: accurate plant height measurement and biomass
estimation with terrestrial laser scanning in paddy rice. J. Appl. Remote Sens. 8, 083671.
doi:10.1117/1.JRS.8.083671

Verrelst, J., Schaepman, M.Koetz, B., Kneublhler, M., 2008nngular sensitivity analysis of
vegetation indices derived from CHRIS/PROBA data. Remote Sens. Environ. 14235341
doi:10.1016/j.rse.2007.11.001

von Bueren, S.K., Burkart, A., Hueni, A., Rascher, U., Tuohy, M.R.JY@@15Deploying four optical
UAVbased sensors over grassland: challenges and limitations. BiogeosciencesliZ,5163
doi:10.5194/bgl2-163-2015

Wallace, L., Watson, C., Lucieer, A., 2014. Detecting pruning of individual stems using Airborne Laser
Scanning data captured from an Unmanned Aerial Vehicle. Int. J. Appl. Earth Obs.
Geoinformation 30, 7€85. doi:10.1016/j.jag.2014.01.010

Yu, K., Leaw/iedemann, V., Chen, X., Bareth, G., 2&Bfimating leaf chlorophyll of barley at different
growth stags using spectral indices to reduce soil background and canopy structure effects.
ISPRS J. Photogramm. Remote Sens. 7,/580i:10.1016/j.isprsjprs.2014.08.005

ZarcoTejada, P.J., Didgarela, R., Angileri, V., Loudjani, P., 2014. Tree height quatitifiessing very
high resolution imagery acquired from an unmanned aerial vehicle (UAV) and automatic 3D
photo-reconstruction methods. Eur. J. Agron. 55¢89. doi:10.1016/j.eja.2014.01.004

ZarcoTejada, P.J., Gonz&lBugo, V., Berni, J.A.J., 2012. Flsoemce, temperature and narrehand
indices acquired from a UAV platform for water stress detection using a #mjgrerspectral
imager and a thermal camera. Remote Sens. Environ. 117, ¢3322
doi:10.1016/j.rse.2011.10.007

Zhao, F., Li, Y., Dai, X., Vefh®¥., Guo, Y., Shang, H., Gu, X., Huang, Y., Yu, T., Huang, J., 2015.
Simulated impact of sensor field of view and distance on field measurements of bidirectional
reflectance factors for row crops. Remote Sens. Environ. 156, ¢1#29
doi:10.1016/j.rse.204.09.01

99



5. ANGULAR DEPENDENEMYPERSPECTRAL MEARRIENTS OVER
WHEAT CHARACTEREXERB NOVEL UAV BASBENIOMETER

ANDREABURKART' = *FIEL GRAASEN' % lUISALONSGS, GUNTERVIENZ,
GEORMARETH, UWERASCHER

Published in: RemoteeBsing2015,7 (1), 725746
DOI: 10.3390/rs70100725
Formatting and orthography of the manuscript is adapted to the dissertation style.

Hnstitute of Geography (GIS & Remote Sensing Group), University of Cologne, 50923 Cologne,
Germany

! Research Center Jilich, Instéwf Bio and Geosciences, 1B Plant Sciences,
52428 Julich, Germany:Niail: u.rascher@#fjuelich.de

2 Department of Geoscience, Working Group GIS and Remote Sensing, University of Cologne,
50923 Cologne, GermanyMails: helge.aasen@ukoeln.de (HA.); g.bareth@urkoeln.de
(G.B.)

3 Laboratory of image processing, University of Valencia, 46980 Paterna, Spain;
EMail: luis.alonso@uv.es

4 Department of Geography, Remote Sensing Research Group, University of Bonn,
53001 Bonn, Germany:Mail: g.menz@ni-bonn.de,

5 Center for Remote Sensing for Land Surfaces, University of Bonn, 53113 Bonn, Germany

"These authors contributed equally to this work.
* Correspondinaguthor: Tel.: +42461-:61-8084;Email:an.burkart@fzuelich.de

Abstract: In this studywe present a hyperspectral flying goniometer system, based on a roteny

unmanned aerial vehicle (UAV) equipped with a spectrometer mounted on an active gimbal. We show

that this approach may be used to collect multiangular hyperspectral data over ateget
environments. The pointing and positioning accuracy are assessed using structure frion erud

gFrNE FTNRY ° T wmc G2 yc Ay LRAYGAY3I YR ° T norv
investigate the influence of angular effects on the NDVI, TCARI and REIP vegetation indices. Angular
effects caused significant variations on the gadi: NDVI = 0.88.95; TCARI = 0.64.116; REIP = 729

735 nm. Our analysis highlights the necessity to consider angular effects in optical sensors when
observing vegetation. We compare the measurements of the UAV goniometer to the angular modules

of the SOPE radiative transfer model. Model and measurements are in high accordance (r2 = 0.88) in

the infrared region at angles close to nadir; in contrast the comparison show discrepancies at low tilt
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angles (r2 = 0.25). This study demonstrates that the UA\Ogwter is a promising approach for the

fast and flexible assessment of angular effects.

Keywords:hyperspectral; UAV; vegetation; BRDF; goniometer; vegetation indices

5.1 Introduction

Spectral radiometers (spectrometers) reach beyond the capabilities of hwisdon and enable
scientists to retrieve diverse information from reflected lighieldspedroscopic measurements have

a long historyMilton, 1987)and are nowadays a common investigative tool in various research areas.
Moreover, spectral vegetation ahesis from airor spaceborne platforms is a mature technology, and

is commonly used for the accurate derivation of land cover clagsies, 2004) Hyperspectral
measurements, which consist of continuous narrow spectral bands, help to retrieve inforraatiomn

the biophysical and biochemical components of vegetafidasen et al., 2014; Gnyp et al., 2013; Yu et
al., 2013)and may be used toiscriminate healthy or stressguants(Mabhlein et al., 2013; Penuelas
etal., 1997)

With their synoptic view, alorne and spaceborne imaging sensors typically capture a large swath.
Discrete image elements (pixels) located in the geometric center of an image are commonly acquired
from a nadir view angle, whereas pixels at image edges are recorded from oblique. dDiesdir

view geometry depends on the field of view (FOV) specifications and measurement methodology and

varies among sensor systems; MODIS, for example is imaging £55° ofBaades et al., 1998)

The bidirectional reflectance distribution functigBRDF) is the conceptual framework that explains
changes in reflectance that result from view angle changes dependent on surface property and
illumination (Nicodemus, 1965; Schaepmé&irub et al., 2006)BRDF influence is not desirable in a
nadir image, a it impacts reflectance values recorded by the sensor and complicates the compositing
of multiple images or flight lines. However, angular orradtlir imaging can complement nadir image
data by integrating additional spectral information. In forest eonments, for example, an oblique
view willHlepending on the stand densitfletect less reflectance from tree crowns and more from
tree trunks (Fassnacht and Koch, 2012; Schlerf and Atzberger, 2042k of knowledge in effects
created from different sursensor geometries throughout the vegetation season have for instance led
to incorrect greening estimates from satellite data in the Amazon rainforest, as recently shown by

Morton et al.,(2014)

The need for BRDF correction, along with an interest in angtilaracteristics, has led to the

development of various goniometric measurement approaches. These are able to exploit a center
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point from multiple view angles. The most common approach utilizes a-satomated goniometer
equipped with a point spectrometewith a radius of one meter or largéBourgeois et al., 2006;
Buchhorn et al., 2013; Peltoniemi et al., 2005h larger scales the POLDER and MISR instruments and
the orbiting sensor Chris/Proba are capable of retrieving spectral data of the same @redifferent
angles during one or multiple overpasg¢8airnsley et al., 2004; Deschamps et al., 1994)a smaller
scaleComar et al2012)used a conoscope to assess the BRDF of wheat at leaf surface level. This
technique allows characterizing the reftance of small leaf structuressuch as veins. Such
multiangular measurements are necessary to accumulate knowledge regarding vegetation cover BRDF
characteristics. The fundamental goal of these research efforts is to develop a model capable of
predictingthe BRDF of a known vegetation cover type as well as the other way round, to derive
knowledge about unidentified vegetation cover from multiangular measurements. Various models
have been introduced in the past to estimate BRDF on a mathematical or erhpags/Andrieu et
al., 1997; Qin and Goel, 1999y to compute the aggregate energy balance of a vegetation canopy
including radiative transfer, as done in the SCOPEC&aibpyObservation of Photosynthesis and the
Energy balance) modé€Tol et al., 09)

Using these methods, an effective theoretical understanding of the BDRF was developed for flat and
accessible land cover like snow or gbiblin and Liang, 2000y he small size of common goniometers
along with their small FOV made the BRDF charaetiion of other important land cover types
(including forest or agriculture) difficulDeering et al., 199%r impossible. Forest and agriculture land
covers are of particular significant scientific and economic interest, and alternative analyti@aappso

are necessary to allow BRDF measurements on larger scales and within inaccessible areas.

Some recentstudies have investigated UAVs as a novel platform for goniometric measurements.
Burkhart et al(2010) performed a survey over ice fields usingadiwing UAV equipped with an en
board spectrometer. Principally due to maneuvergmgd incident wind, the flight patterns of this
platform introduced banking levelsf up to £30°, causing the spectrometer to collect multiangular
hyperspectral measurementsf numerous points that were overflown. A more defined method was
presented byHakala et al(2010) and Honkavaara et al(2014) who deployed a rotarywing UAV
equipped with a stabilized gimbal mounting RGB and multispectral camera, respectivelyngJtilizi

specific flight patterns, multiangular information could be derived in the bands of the given camera.

To fully understand the BRDF effects of vegetation, we suggest that an optimized dataset providing a
comprehensive understanding of multiple agriculilisites would consist of frequent multiangular
hyperspectral measurements acquired at a number of different locations throughout a complete

vegetation phenological cycle. Only airborne platforms can [fuffiése requirements without
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disturbing crop growt by physically stepping through the field or casting shadows within the sensor
FOV. With their recent development and improving utility and stability, UAVs can be employed as

platforms for multiangular remote data collection.

The main focus of this study to introduce a way of collecting multiangular hyperspectral aatar

almost every kind of terrain and scale with a flying spectrometer. The approach combines the benefits

of goniometers equipped with a higiesolution spectrometer and the flexibiligf UAV platforms. We

then demonstrate the acquisition and analysis of a datasets to explore BRDF effects over wheat. The
angular dependency of reflectance as measured with the UAV goniometer was also compared to the

reflectance modeled by SCOPE.

5.2 Material and Methods

The Falco8 octocopter UAV (Ascending Technology, Krailing, Germany) was used in this study. This
platform was chosen due to its accurate flight controls and inherent stability. A hyperspectral
measurement system was integrated on the Udrlart et al., 2014) This instrument was recently
developed at the interdisciplinary Research Center Jilich (Forschungszentrum Julich GmbH) and is
based on the ST@IS spectrometer (Ocean Optics Inc. Dunedin, USA). The FOV of this spectrometer is
approximatdy 12°; spectral resolution was at a full width at half maximum (FWHM) of 3 nm, with 256

spectral bands (4 pixel spectrally binned) within the range of 338 to 823 nm.

The Falcot8 was originally designed as a camera platform for photographers and viddogbian. It

is equipped with a camera mount whose angle can be set during flight within 1° increments. The
vertical angle (tilt) is defined by the camera mount, while the horizontal angle (heading) is determined
by UAV orientation. The position and navigatis done by combining the GPS information from a
navigation grade GR8blox LEA 6 Bnd the information of the orientation information of the sensors
onboard the UAV. Wind gusts during the flight are counteracted by an active systéaoh stabilizes

the camera by pitch and roll. The spectrometer is also equipped with a RGB catmetafeeds a live

video stream to the operator to facilitate operation and allow proper aiming of the system.

Airborne hyperspectral target reflectance measurements werdqgrared with the UAV spectrometer
wirelessly synchronized with a second spectrometer on the ground. Latter measured a white reference
(Spectralofi) to adapt to changing illumination. A thorough calibration of the hyperspectral system
was performed followinghe procedure described gurkart et al(2014) This process included dark
current correction(Kuusk, 2011)spectral shift, dual spectrometer cresalibration and additional
quality checks using the SpecCal f#lisetto et al., 2011 0ur approach &ws to compute the ratio

of light reflected by the target surface to the hemispherical illumination (diffussabient, and direct
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sunlight) as reflected by the white reference and is termed a hemispherical/conical reflectance factor.
The actual BRDFttsus only approximated by this approacd®chaepmasstrub et al(2006)provide a

comprehensive BRDF description and nomenclature.
5.2.1 Flight Pattern

Grenzdorffer and Niemeye(2011) demonstrated that a distinct hemispherical flight pattern is
necessary to endb goniometric measurements using BlA\tbased airborne RGB camera. The flight
pattern accurately defines the position of the UAV as well as the aiming of the camera. The flight path
of the UAV is selected to follow waypoints (WP) in a hemisphere andnijke and heading of the
spectrometer is set to continuously point towards the center of the hemisphere. In this manner the

center of the hemisphere is measured from different viewing angles.

To quickly compute such flight patterns for UAVs, we developedobftware mAngle. It was written

Ay GKS LXFOGF2NY AYRSLISYRSyd 2Ly &d2dz2NOS € Fy3adz 38
and compiled versiongnAngle, 2015)mAngle calculates the desired WP around a given center GPS
coordinate. Placementfahe WP are optimized for speed, as the UAV can quickly change horizontal
position but requires more time to climb vertically to a different altitude. Flight pattern parameters
including number of WP, initial angle, and hemisphere diameter can be setsaed Figure5.1). A

designated flight pattern can be exported as a *.kml file to Google Earth (Google Inc., Mountain View,

CA, USA) for visualization. The flight pattern can also be exported as a *.csv file, the formatthged by

Falcon8 flight planning software (AscTec Autopilot Control V1.68). Such a hemispheric flight pattern is

also useful to acquire pictures around a center object of interest for 3D reconstruction.

"B mangle 07 = = |
Let |50.904593 |

LaniE |6.3977?? |

r[m]
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Figure5.1 Graphical user interface of the mAngle software with input fields for the desired wa
pattern. By setting radius, number of desired waypoistsvall as starting angle and other paramet
a distinct goniometric flight pattern can be generated. A draft of the waypoint pattern is visual
the right box of the program window.
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5.2.2 Accuracy of theinmanned aerial vehicldoniometer

To assess the positioning and pointing accuracy of the UAV goniometer the spectrometer was replaced
by a high resolution RGB camera (NEX 5n, Sony, 16 mm lens) mounted on a similar active stabilized
gimbal. In this configuration the UAV was flown following thensavaypoint pattern as was used for

a multikangular spectrometer flight. In operation, the airborne spectrometer is triggered three times

at each WP. The RGB camera also acquired three digital images at each WP (84 in total). Eleven ground
control points GCPs) were distributed within the covered area and registered ugidifteeential GPS

(Topcon HiPer Prdopcon) 3D reconstruction software (Agisoft Photoscegrsion 1.0.3was used to
structure the spatial arrangement of the scene and georeferenalit the GCPs. This rendering was
calculated with a resolution of 3.53 mm/pixel and an average error of 1.46 pixels. The camera position
and view angles for each individual image were exported and served as an estimator for the spatial

accuracy of the UAWNder operational conditions.
5.2.3 Field Campaign

Two multiangular flights (referred to as MERZ1, MERZ?2) were conducted over farmland (Lat 50.93039,
Lon 6.2968965) on 18 June 2013 during the-B§Aex campaign in Merzenhausen, Germany. The two
flights were grformed under cloudree moderate wind (1.66.5 m/s) conditions with an interval of

two hourstbne hour before and one hour after solar nocrable5.1). At the time of the studythe

field contained mature wheat, with fully devaged but still greern(Figure5.2). The centroid of the
hemispherical waypoint pattern was located within the field in an area of uniform cover, avoiding farm
equipment tracks and trails. The center point was defined using aemggery, in order to avoid
disturbing measurements by walking into the area of interest. The two datasets produced in this

campaign are freely available via SPEC(HHiéni et al., 2009t the Server of the University of Zuerich

Figure5.2 Wheat (Triticum aestivum) at the study site Merzenhausen, Germany, at the time
multiangular flights, 18 June 2013. Ears were fully developed but still.green
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dzy RSNJ G KS OF YNNI BBoy tihege figi8s achanfisphere with a radius of 16 m was
specified. The spectrometer has a FOV of 12°. The areal coverage of each measurement is a function
of sensor tilt angle, encompassing here ¢ an nadir up to 30 riwith 20° tilt. WPs aroundhie
hemisphere were set to cover vertical tilt angles of 90° (nadir), 66°, 43° and 20°, at 8 equally distributed
heading angles, potentially producing a total of 28 WPs. However, nadir measurements were only
acquired at four different headings, which weteeh merged into a single WP, leading to a total of 25
WPs included in the analysis.

Table 5.1 Local time and duration with the corresponding sun angle parameters for the two
hyperspectral flights performed ovevheat field in Merzenhausen, Germany.

Flight Start Time Duration Sun Azimuth Sun Elevation
MERZ1 12:43 09 min 155° 61°
MERZ2 14:47 11 min 213° 59°

In the following individual WPs will be identified as WP (tilt degree, heading degree). The spectromete
was activated three times at each WP to allow averaging and assessment of response variance. MERZ1
required a flight time of nine minutes, and MERZ2 required eleven minutes to consecutively measure
the WP pattern. An additional UAV flight was conductedrdhe target using an RGB camera (NEX 5n,
Sony Corporation, Minato, Japatg mm lens) to image each WHsgures.3).

Figure5.3 ExampleRedGreenBlue RGB images wih tilt angles of 20°, 66° and 90°. These imi
were acquired at the Merzenhausen site at approximately 13:30 following a multiangular fligl
identical to the spectrometer flights. THeeldOf-View FOV of the RGB camera is 73.7° x 5
(comparedto the 12° FOV of thairborne spectrometer) and allows observing multiangular eff
within a single imagethe bright hotspot with the shadow of thenmanned aerial vehicia the centel
located in the lower left corner of the 90° image is an example.

5.2.4 Data Preprocessing

Each spectrum captured from the UAV was transformed to reflectance using the refererateaspe
simultaneously measured by the ground spectrometer. Then, for each WP, the mean, standard
deviation and coefficient of variation were calculated from the three measured spectra. All further
analyses were based on the mean spectra. To analyze thewdtitaregard to the tilt and heading

angle, averaged values were calculated depending on the parameter of interest. Additionally, to
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analyze relative changes in reflectance, spectra from all measurement positions were normalized using
the nadir spectra reggnse valuegSandmeier et al., 19997 he resulting normalized nadir anisotropy
factor (ANIkng produces a coefficient for each banahich individually adjusts (increases or
decreases) reflectance factor values for each spectral band in relation te ttea®rded at nadir
(Eq.5.1). Thus, an ANIF factor of one describes an identical reflectance as recorded for a given band at

nadir, while values above or below one describe higher or lower reflectance than the nadir value.

s 5o Y208 Q06 GIE® 0t 0 €051
ov YO Qa Q0b HO 0N g->

5.2.5 Vegetation Indices

Broadband vegetation indices (VIs) have an extensive history in remote sensing. Together with their
hyperspectral counterparts they are still widely used in vegetation stufliesieer et al., 2014;
Quemada et al., 2014YIs commonly ratio neanfrared (NIR) and red band reflectance values in order

to compensate for influences of different illuminatiotonditions or background materials. To
investigate the effect of th(BRDF we examined three commors {lable5.2) and calculated their
values for all WPs. The Normalized Difference Vegetation Index (NDVI) uses two waveletigths in
red and NIR domain and has been widely used in a diverse range of applications. In our study we used
the NDVI as proposed Blackburn(1998) As a second index we used the Transformed Chlorophyll
Absorption in Reflectance Index (TCARI) developddabgpudane et al(2002) TCARI was developed

to predict chlorophyll absorption and uses wavelengths in the green, red and NIR spectral regions. The
last index used in this study is the Red Edge Inflection Point (REIP). Originally introdGesetgnd

Baret (1988)it characterizes the inflection in the spectral red edge by calculatingthe wavelength with

maximum slope. It has been used to quantify leaf chlorophyll cor{taéohtenthaler et al., 1996)

Table5.2 Vegetation indices used in this study and their underlying formulas.

Index Formula Reference
NDVI owynn b wcynoUKkKO6wy nrs Blackburn(1998)
TCARI 3 ((R70QR760%0.2(R70QR550)% (R700/R670)) Haboudane et a(2002)
REIP 700 + 40 (((R667 + R782)/8R702)/(R738R702)) Guyot and Baret1988)

5.2.6 Data Visualization

Several different visualizations graphics were used in this study to focus on specific features under

investigation. An effective method for assessing multiangular measurements includes the use of a
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the UAV headings and sensor tilt angles within a circular matrix and illustrates the intensity of the
measurement values by applying a color to each segment. To provide a useful overview of the dataset
of this study ad to include as well a comparison of the reflectance in the spectral domain, multiple

plots are necessary.

e --

Figureb.4 Reflectance of wheat at 480 nm measured at all 25 waypoints shown as a circular g
LI2fFN LI 20 91 OK aaftAO0Sé¢ NBLINBaSydaa + KSI
reflectance magnitude is color coded from low values of light blue, to high values in bright r
angular position of the sun is depicted by the -symbol. In this figure no interpolation betwse
waypoints is performed.

5.2.7 Radiative transfer model comparison

To compare the multiangular UAV measurements to modeled data, the SCOPE radiative transfer model
was tested. Ta model generates the spectrum of outgoing radiation in the viewing direction as a
function of vegetation structur€Tol et al., 2009)SCOPE input parameters were derived through
comparison of the MERZ1 nadir spectrum with a lookup table of SCOPE gpmwtrated using a
permutation of inputparameters that were expected from wheat at the present phenological state.
The resulting bestit parameters are shown ifiable5.3.

Table 5.3 SoitCanopyObservation of Photosynthesis and the Energy balanadel (SCOPEnNnput
parameters Leaf Area Index (LAI), Leaf Inclination (LIDFa), Chorophyll A/B (Cab) contentinyegtm
Thickness Parameter (N), Leaf water equivalent layer (Cw) iDrgnmatter content (Cdm) in g/cn

Senescent material fraction (Cs), Variation in leaf inclination (LIDFb). Default values were used for all
other SCOPE input parameters.

Fitted Parameters Constant Parameters
LAI LIDFa Cab N Cw Cdm Cs LIDFb
35 £0.35 95 15 0.004 0.005 0.15 £0.15

108



AngularDependency of Hyperspectral Measurements over Wheat Charszctdy a Novel UAV Based
Goniometer
Using the input parameters above, the angular module of SCOPE was run to estimate the reflectance
spectra at identical angles as those measured with the UAV goniometer. Sun azimuth and zenith angles

were set to match the vaks present at the time of the MERZ1 measurements.

5.3 Results

In this section we first present the results of the accuracy assessment of the UAV goniometer. We then
summarize the results of the analysis of the MERZ1 dataset and the influence of the BRDRuthn the
hyperspectral data as well as on the vegetation indices. Then the BRDF effects of MERZ1 are compared
to the MERZ2 dataset. Finally, we compare the data derived from the UAV goniometer with results of

the SCOPE radiative transfer model.
5.3.1 AccuracyAssesment of the UAV Goniometer

Table5.4 shows the deviation of the UAVs actual position from the planned position. Definitions of
altitude and position in X and Y dimensions are commonly accepted. However, to describe the
functions of vehicle and sensor heading and tilt angle, several different definitions Ekigtre5.5

shows how heading and tilt angles were used in this study with the UAV and its spectrometer system.
The average deviation in headingdatiit may differ slightly from the actual UAV spectrometer pointing
error, as a small error may have been introduced during the process of replacing the spectrometer with

the RGB camera in the gimbal mount using a tripod screw.

Heading

90°

nadir
Figure5.5 Camera orientation Heading (azimuth) of the spectral measurements expressed in a
degrees from north. To assume a view angle of 0°, the UAV will hover north of the centeroid
the spectrometer at 180°. Tilt: 0° = hontal and 90° = nadir view.
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Table5.4 Accuracy of the unmanned aerial vehicle (UAV) heading and spatial positioning calculated by
structure from motion using 75 highesolution images. Nine images were unusable due to motion
AYRdzOSR G0t dzNE | ysRg. Bdading azg St RolufimsRepreskintBe@&tation of the
cameras actual pointing direction to the programmed angle. Altitudend ¥position describe the
deviation of the UAVSs position as calculated fromdifterentiatGPyroundreferenced struitire from

motion approach compared to the programmed waypoints.

Deviation of:  Heading (°) Camera Tilt (°) Altitude (m) Position X (m) Position Y (m)

Average 0.11 6.07 0.03 b1.15 b2.22
SD 8.67 1.22 0.70 0.68 0.82
Max 26.20 9.74 1.44 0.67 £0.39
Min b17.99 3.68 51.09 b2.79 b4.60

Movements of the airborne platform cause slight variations in the footprint of the spectrometer and
introduce minor differences in the individualeasurements at each waypoirEigure5.6 shows the
average coefficient of variation (CV) of the spectral measurements acquired at all WP during the MERZ1
flight. CV values within the blue and red regions of the spectrum are lezt\w& and 6%; in the green
portion the value is approximately 4%. The CV in the NIR is less than 1.5%.
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Figure5.6 The spectrometer of thenmanned aerial vehiclgoniometer was triggered three times
each waypoint. This figure shows the overall variation of the three spectra negleastieach waypoil
as average for thtMERZ Hataset.

5.3.2 Full Spectrum Analysis

In Figure5.7 the ANIF for the MERZ1 dataset is shown for a tilt of 66°. All spectral measurements
acqured at headings between 90° and 225° exceed nadir values, with the largest increases seen in
measurements taken within the blue spectral region. When heading parameters are examined, the
180° heading shows an increase of approximately 95% (the highest®0fimeasurement shows the

lowest increase at approximately 25%. Deviation for these headings show a gradual decrease until the
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Table5.5 Normalizednadir anisotropyfactor (ANIF)values for five charactesiic wavelengths in the

blue (480 nm), green (550 nm), red (680 nm) spectral bandsdgelinflection-point (REIP}733 nm)

and nearinfrared NIR (780 nm) for 20°, 43° and 66° tilt, as well as all headiogsther with their
average valuesvalues grater than 1 (blue bar) represent spectral reflectance measurements greater
than nadir; values below 1 (red bar) represent measurements less than nadir. The suns azimuth was
155° and elevation 66°.

Figureb.7 To present the angular influence at different waypoints on the full spectrumaimealize:
nadir anisotropy factor (ANIF) of 66° tilt fof hkadings at MERZ1 from 400 to 823 nm is plotte
example. By using the ANIF notation spectral deviation of single waypoints is referred to t
waypoint and thus can be relatively compared. A waypoint with the same spectrum as nadi
remain & an ANIF of 1 throughout all wavelengths. The legend on the right represents the colot
ANIF curve and depicts their respective heading angle. The azimuth position of the sun
visualized by the sun symbol.

red edgeposition where values for 135°, 180° and 228adiings drop to range between 25% and 30%.

For all these WP, the deviation decreases in the green spectral region. At headings of 0°, 45°, 270° and
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