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Editorial

Themenheft Fernerkundung fir Agrarmonitoring

Dieses Themenheft der PFG prisentiert aktu-
elle Fortschritte aus dem Bereich Agrarmo-
nitoring. Satellitenbild-Fernerkundung dient
heute als zuverldssige und wertvolle Infor-
mationsquelle fiir die Landwirtschaft und
zur Beobachtung der landwirtschaftlichen
Produktion auf lokaler bis globaler Ebene.
Die Fernerkundung kann zur genaueren, ob-
jektiven, schnellen und hiufigen Erfassung
von Agrardaten beitragen und Modelle fiir
landwirtschaftliche Prognosen wie beispiels-
weise Ernteschitzungen erginzen sowie den
Zustand der Agrarflichen auf verschiedenen
rdumlichen und zeitlichen Skalen erfassen.
Dennoch sieht sich die technologische Ent-
wicklung immer noch vielféltigen Herausfor-
derungen gegeniiber.

Neben der steigenden Verfiigbarkeit raum-
lich immer hoher aufgeloster Daten stellt die
Analyse multitemporaler und Multi-Sensor-
Ansitze heute und zukiinftig sehr interes-
sante Herausforderungen fiir Forschung und
Entwicklung dar. Zum einen kénnen dadurch
grofere Klassifizierungsgenauigkeiten erzielt
und kiinftig wohl auch das Monitoring land-
wirtschaftlicher Produktion (Ernte) mit hoher
Detailschédrfe durchgefiithrt werden. Jedoch
stellt die Verarbeitung solcher Datensitze
den Anwender oft vor grofle Herausforderun-
gen, da Methoden zur Bewiltigung solch gro-
Ber Datenmengen entwickelt werden miissen.
Durch den gestiegenen Bedarf nach operatio-
nalisierbaren Methoden fiir ein regelméBiges
Agrarmonitoring kommt zudem der rdumli-
chen und zeitlichen Ubertragbarkeit von Fern-
erkundungsmethoden immer mehr Bedeutung
zu. Durch die Auswertung von Satellitenbild-
Archiven ist die Moglichkeit gegeben, vergan-
gene Zustinde von Agrarsystemen zu erfas-
sen und deren raumzeitliche Verdnderungen
im Kontext sich verdndernder sozio6konomi-
scher oder Umweltbedingungen zu untersu-
chen. Fernerkundungsbasiertes Agrarmoni-
toring ist daher durch folgende Schwerpunkte
gekennzeichnet:
® Methoden zur multiskaligen und multitem-

poralen Landnutzungsklassifizierung

© 2015 E. Schweizerbart'sche Verlagsbuchhandlung, Stuttgart, Germany
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® Synergetischer Nutzen von Multi-Sensor-

Daten (optisch, Radar, hyperspektral)
® Einsatz von Lidar-Technologie
® Erkennung und Quantifizierung von Zu-

standsverdnderung  sowie  agrarischer

Landnutzungsdynamik
® Ableitung von feldfruchtspezifischen bio-

physikalischen Parametern als Grundlage

fiir das Monitoring von landwirtschaftli-
cher Produktion (Ernte)
e Nutzung von Unmanned Aerial Vehicles

(UAVs) und Precision Farming

In den letzten Jahren wurden erfolgreich
verschiedene Fernerkundungsmethoden ent-
wickelt, welche zur Unterstiitzung und Aktua-
lisierung bestehender Landnutzungsdaten und
Modelle entscheidend sind. In dieser Ausgabe
stellen wir Methoden und Forschungsergeb-
nisse aus verschiedenen Bereichen des Agrar-
monitorings vor. Die vorliegenden Beitrdge
dieses Themenhefts decken die oben aufge-
fuhrten Bereiche bereits teilweise ab und zei-
gen somit ein breites Spektrum des Agrarmo-
nitorings auf. Die Artikel sind thematisch wie
folgt gegliedert: Multitemporale Feldfrucht-
klassifizierung, = Landnutzungsveridnderung
und Ableitung biophysikalischer Parameter.

Im einfithrenden Artikel Impact of Cate-
gorical and Spatial Scale on Supervised Crop
Classification using Remote Sensing pré-
sentieren FABIAN Low, GREGORY DUVEILLER,
CHrisToPHER CONRAD und ULRICH MICHEL eine
Methode, um fiir verschiedene Agrarland-
schaften quantitativ geeignete Charakteristika
von Fernerkundungsdaten hinsichtlich Pixel-
grofe- und -reinheit in Bezug auf die Identi-
fizierung von Feldfriichten zu definieren. Die
vorgestellte Methode kann im Kontext von sa-
tellitengestiitztem Agrarmonitoring genutzt
werden, um Empfehlungen fur die Wahl von
geeigneten Pixelgrofen und Sensoren sowie
auch geeigneter Klassenschliissel zu formu-
lieren.

FLoriAN BEYER, THOMAS JARMER und Bas-
TIAN SIEGMANN untersuchen in ihrem Beitrag
Identification of Agricultural Crop Types in
Northern Israel using Multitemporal Rapid-

www.schweizerbart.de
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Eye Data den Einfluss der Anzahl und der
Aufnahmezeitpunkte von optischen Satelli-
tenbilddaten auf die Klassifizierungsgenauig-
keit. Sie verwendeten das Trennbarkeitsmal}
Jeffries-Matusita Separability, um den besten
multitemporalen Datensatz aus den verfiigba-
ren einzelnen Aufnahmezeitpunkten fiir die
Klassifizierung mittels Support Vector Ma-
chines zu ermitteln.

Eine mehrjdhrige Landnutzungsanalyse
zur Dokumentation des landwirtschaftlichen
Wandels auf Teneriffa wird in dem Beitrag
Multitemporale und kantenbasierte Analyse-
verfahren zur Detektion agrarischer Landnut-
zungsdynamiken auf Teneriffa von SEBASTIAN
GUNTHERT, SIMONE NAUMANN und ALEXANDER
SiegmunD vorgestellt. Die agrarischen Land-
nutzungsdynamiken werden durch eine quan-
titative Auswertung objektbasierter Landnut-
zungsklassifizierungen mittels Multi-Sensor-
Daten erfasst und durch einen modifizierten
multitemporalen  Post-Klassifizierungs-Ver-
gleich analysiert. Hauptaugenmerk dieses Ver-
fahrens liegt auf der texturbasierten Detektion
von Agrarflachen inklusive landwirtschaftlich
stillgelegter Areale bzw. Sukzessionsbrachen.

In dem Aufsatz Estimate Leaf Chlorophyll
of Rice Using Reflectance Indices and Parti-
al Least Squares von KANG YU, MARTIN LEON
GnNyp, LE1 Gao, YUXIN Miao, XINPING CHEN
und GeEorG BARETH wurde das Potential op-
timierter Spektralindizes und Partial Least
Squares zur Ableitung des Chlorophyllgehalts
im Blatt von Reis untersucht. Die Ergebnis-
se zeigen das Potential zur Optimierung von
spektralen Indizes sowie der Verwendung von
Partial Least Squares fur die Bestandskartie-
rung von biochemischen Variationen.

Der Beitrag Comparison of two Statistical
Methods for the Derivation of the Fraction of
Absorbed Photosynthetic Active Radiation for
Cotton von SyLvia LEX, SARAH AsaM, FABI-
AN Low und CurisTopHER CONRAD stellt einen
Vergleich von zwei statistischen Verfahren
zur Ableitung des biophysikalischen Parame-
ters ,,Anteil absorbierter Photosynthese-wirk-
samer Strahlung“ (FAPAR) fiir Baumwolle
vor und vergleicht direse in zwei Studienge-
bieten. Die direkte Ableitung von FAPAR mit-
tels Umskalierung des Normalized Difference
Vegetation Index im Perzentil-Ansatz ohne
Hinzunahme von Felddaten erzielte dhnliche

Genauigkeiten wie die empirische Regression
von FAPAR-Feldmessungen mit dem NDVI,
was auf eine gute Eignung des vergleichswei-
se einfachen Perzentil-Ansatzes als Alternati-
ve zu messdatenintensiven Methoden zur Be-
stimmung von FAPAR auf Baumwollfeldern
riickschlieen lésst.

Der abschlieBende Beitrag des Themen-
hefts, Low-Weight and UAV-Based Hyper-
spectral Full-Frame Cameras for Monitoring
Crops: Spectral Comparison with Portable
Spectroradiometer Measurements, von GEORG
BARETH, HELGE AASEN, JULIANE BENDIG, MAR-
TIN LEON GNYP, ANDREAS BOLTEN, ANDRAS JUNG,
RENE MicHELS und Jusst SOUKKAMAKI zeigt die
Anwendung von zwei durch leichte Unmanned
Aerial Vehicles (UAV) getragene hyperspek-
trale, bildgebende Kameras zur Beobachtung
von landwirtschaftlichen Pflanzenbestinden.
Die Ergebnisse zeigen, dass die Kombinati-
on von 3D-Bildverarbeitungsverfahren sowie
rdumlich und zeitlich hochaufgelosten hyper-
spektralen Bilddaten ein genaues Monitoring
des Pflanzenwachstums ermoglicht.

Im weiteren Beitrag Comparison of SVM
and Boosted Regression Trees for the Deli-
neation of Lacustrine Sediments using Mul-
tispectral ASTER Data and Topographic In-
dices in the Lake Manyara Basin prisentie-
ren FELIX BACHOFER, GERALDINE QUENEHERVE,
MicHAEL MARKER und VOLKER HOCHSCHILD
einen Vergleich des Stiitzvektorverfahrens
mit einem Klassifizierungsbaum-Ansatz zur
iiberwachten Klassifizierung von lakustrinen
Sedimenten basierend auf multispektralen
ASTER Daten und topographischen Parame-
tern von SRTM-X Hohendaten. Obwohl die
Klassifizierungsgenauigkeiten beider Verfah-
ren dhnlich hoch waren, lieferte das Stiitzvek-
torverfahren durchgéngig bessere Ergebnisse.

FaBian Low, Wiirzburg und
ULricH MicHEL, Heidelberg

Am Ende des Heftes finden wir den Artikel
von PauL Czioska, in dem er einen Algorith-
mus zur Herstellung eines topologisch sau-
beren Netzes von Bahnlinien aus OpenStreet-
Map-Daten vorstellt. Dieser Artikel ist aus
einem Vortrag bei der DGPF-Jahrestagung
2013 hervorgegangen.

WoLrGaNG KRESSE, Neubrandenburg
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Article

Impact of Categorical and Spatial Scale on Supervised
Crop Classification using Remote Sensing

FaBian Low, Wirzburg, Grecory DuvelLLER, Ispra, ltaly, CHRisTOPHER CONRAD,

WURzBURG & ULRicH MicHEL, Heidelberg

Keywords: agricultural monitoring, crop classification, categorical scale, spatial scale, pixel

purity

Summary: High temporal revisit frequency over
vast geographic areas is necessary to properly use
satellite earth observation for monitoring agricul-
tural production. However, this often limits the
spatial resolution that can be used. The challenge of
discriminating pixels that correspond to a particu-
lar crop type, a prerequisite for crop specific moni-
toring remains daunting when the signal encoded
in pixels stems from several land uses (mixed pix-
els). Naturally, the concept of spatial scale arises
but the issue of selecting a proper class legend (the
categorical scale) should not be neglected. A frame-
work is presented that addresses these issues and
that can be used to quantitatively define pixel size
requirements for crop identification and to assess
the effect of categorical scale. The framework was
applied over two agricultural landscapes. It was
demonstrated that there was no unique spatial reso-
lution that provided the best classification result for
all classes at once at a given categorical scale. The
suitability of pixel populations characterized by
pixel size and purity differed for identifying spe-
cific crops within tested landscapes, and for one
crop there were large differences among the land-
scapes. In the context of agricultural crop growth
monitoring the framework described above can be
used to draw guidelines for selecting appropriate
imagery, e.g. suitable pixel sizes, and for selecting
class legends suitable for accurate crop classifica-
tion when the interest is only on pixels covering ar-
able land as a prerequisite for crop specific moni-
toring. The framework could be used to plot the
suitability (or accuracy) of pixels as a function of
their purity to provide a spatial assessment of clas-
sification performance.

© 2015 E. Schweizerbart'sche Verlagsbuchhandlung, Stuttgart, Germany

DOI: 10.1127/pfg/2015/0252

Zusammenfassung: FEinfluss der thematischen
und rdumlichen Auflosung auf die iiberwachte,
fernerkundungsbasierte  Feldfrucht-Klassifizie-
rung. Haufige und regelmiBige Aufnahmen iiber
groflen Gebieten sind wichtige Voraussetzungen
fiir das Monitoring von Agrarproduktion basierend
auf Erdbeobachtungsdaten. Jedoch schranken die-
se Voraussetzungen oftmals die rdumliche Auflo-
sung (Pixelgrofe) ein, welche von bestehenden
Sensorsystemen genutzt werden kann. Die Unter-
scheidung unterschiedlicher Landnutzungstypen,
eine Voraussetzung fiir ein Feldfrucht spezifisches
Monitoring, mittels Klassifizierung wird er-
schwert, wenn das in einem Pixel kodierte Signal
von mehreren Landnutzungstypen stammt (Misch-
pixel-Problematik). Dies wirft Fragen beziiglich
der Wahl der optimalen Pixelgrof3e, aber auch der
thematischen Auflgsung, also eines geeigneten
Klassenschliissels auf. Um diese Fragen zu beant-
worten, wird eine Methode vorgestellt, um quanti-
tativ geeignete Charakteristika von Pixelpopulatio-
nen hinsichtlich deren Gréfie und Reinheit in Be-
zug auf die zu klassifizierende Klasse zu bestim-
men. Zudem wurde der Einfluss von verschiedenen
Klassenschliisseln auf das Klassifizierungsergeb-
nis untersucht. Die Methode wurde in zwei land-
wirtschaftlich genutzten Gebieten getestet. Es wur-
de gezeigt, dass es keine spezifische ,,optimale”
PixelgroBe gibt, welche fiir alle Klassen und bei
einem bestimmten Klassenschliissel gleicherma-
Ben das beste Klassifizierungsergebnis liefert. Die
Eignung von Pixelpopulationen charakterisiert
durch Pixelgrofe und -reinheit unterschied sich in-
nerhalb einer bestimmten Landschaft fur verschie-
dene Landnutzungsklassen bzw. fiir eine spezifi-
sche Klasse in verschiedenen Landschaften deut-
lich. Die vorgestellte Methode kann im Kontext
von satellitengestiitztem Agrar-Monitoring genutzt
werden, um Empfehlungen fiir die Wahl von geeig-
neten Pixelgrofen und Sensoren sowie auch geeig-
neter Klassenschliissel zu formulieren.

www.schweizerbart.de
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1 Introduction

Crop type identification and discrimination
are essential for subsequent crop-specific ag-
ricultural production monitoring using satel-
lite earth observation (EO), e.g. when crop
maps are used as input for agricultural mod-
elling. However, the high temporal revisit fre-
quency and the large geographic swath that
are required to do a proper monitoring often
limit the spatial resolution that can be used.
An instrument that satisfies the criteria of
swath and revisit frequency is MODIS, but its
spatial resolution of 250/500 m is often coars-
er than desired for many agricultural land-
scapes. When such data is used as input for
crop classification, its coarse observation sup-
ports can lead to non-detection of certain land
use fragments, e.g. when individual fields of a
certain crop type are smaller than individual
pixels and the signal encoded in coarser pixels
stems from several land uses (mixed pixels).
The question of determining the optimal pixel
size for an application such as crop identifica-
tion is therefore inclined towards finding the
coarsest acceptable pixel sizes.

When discussing spatial scale, the issue of
the choice of a categorical scale, e.g. the num-
ber and type of classes used in classification,
or class legend, naturally arises and should
not be neglected (Ju et al. 2005). In general it
would be desirable to have all land use types
in a landscape included in the class legend. In
reality, however, not all classes will be pres-
ent in all regions of an image at all scales and
there is indication in the literature that there
exist different ranges of “optimal” pixel siz-
es for different classes (ApLiN 2006). When
selecting coarser pixels the spatial scale in-
creases relative to the patch sizes, e.g. size
of agricultural fields, in the underlying land-
scape and forces to use labels of coarser cat-
egorical scale, e.g. “arable land” instead of
land use types like “rice” or “wheat” (Ju et al.
2005). In such a situation classification qual-
ity can deteriorate when selecting pixel sizes
that are too coarse since this can result in ex-
cessive mixed pixels when the heterogeneity
of the land cover class in one pixel increases
(Hsien et al. 2001, Smith et al. 2003). Selecting
too small pixels can result in increased with-
in class variability. Such variation can lead to

errors in the class identification (ATKINSON &
ApLIN 2004, Cusunie 1987, Hsien et al. 2001),
and better classification accuracies may some-
times be attained using coarser pixel sizes
(McCroy & BacHer 2007). The issue of pixel
size and its implications for image classifica-
tion have long been noted (Hsien et al. 2001,
MARCEAU et al. 1994a, McCrLoy & B@CHER
2007, Woobcock & STRAHLER 1987) and the
selection of one single optimal scale has been
questioned (ApLIN 2006, LEvIN 1992). Yet, the
effect of categorical scale in combination with
spatial scale has been analysed to a lesser ex-
tent. MARCEAU et al. (1994b) demonstrated for
different pixel sizes that the definition of the
categorical scale can considerably influence
classification accuracy. It was shown that the
range of pixel sizes for which maximum accu-
racy can be achieved is specific to certain land
cover categories (McCLoy & BacHer 2007).
Ju et al. (2005) suggested a method to jointly
adapt spatial, e.g. pixel size, and categorical
scale in an object-based context. But the domi-
nant standard in remote sensing classification
studies often remained being a classification
at a single spatial and a fixed categorical scale,
i.e. with category labels from only one level
of a potential categorical hierarchy (Ju et al.
2005).

But what type of remote sensing data with
respect to spatial resolution should be used as
classification input and what is the impact of
categorical scale on the definition of suitable
pixel sizes? To answer these questions, this
study builds upon a previous framework by
Low & DuvEeILLER (2014), which was used to
quantitatively define pixel size requirements
for crop identification via image classification.
In this study, this framework will be extended
to assess the impact of categorical scale and
to explore trade-offs between pixel size and
pixel purity when addressing the question of
crop classification via image classification.
The analysis is restricted to pixels covering
arable land using a dedicated masking proce-
dure, based on high-resolution data and simu-
lating how much crop specific signal is encod-
ed in coarser pixels. This procedure restricts
the analysis to a subset of the region’s pixels to
better explore the effect of pixel purity on crop
classification, thereby allowing to draw guide-
lines for selecting suitable class legends and
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pixel sizes, respectively. More specifically,
this study assesses the impact of the categori-
cal scale on crop classification accuracy in dif-
ferent agricultural landscapes, using satellite
images with different pixel sizes as classifica-
tion input. Second, the impact of the categori-
cal scale on the definition of suitable pixel siz-
es for crop classification, e.g. maximum and
minimum tolerable pixel sizes, is analysed.

2 Study Area

This study is based on two contrasting agro-
ecological landscapes in Central Asia. They
are located between the Amu-Darya and Syr-
Darya Rivers. They are characterized by vast
agricultural systems, which were extensively
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B cotton - Watermelon
I Faliow Wheat-sorghum/maize
- Fruitirees & crops [l Wheat-rice
- Rice Winter wheat

developed under the aegis of the former Soviet
Union during the second half of the 20th cen-
tury. Each test site is 30 km x 30 km.

The first site is located in the Khorezm re-
gion (KHO) in the north-western part of Uz-
bekistan. The agricultural landscape appears
heterogeneous due to a comparatively high
diversity of crops, e.g. cotton, rice, sorghum,
maize, winter wheat, and fruit trees. Cover
fraction (C, the fraction of the sites covered
by agricultural fields) is high (Tab. 1). Multiple
cropping is sometimes practiced, e.g. growing
sequentially two or more crops in the same
field within a single growing season, typically
starting with wheat and following with anoth-
er crop. In this study, such land use type will
be labelled: “wheat-other”.

Fig. 1: Subsets (6.5 km x 6.5 km) of the satellite imagery and crop masks illustrating the typical
cropping patterns within the two test sites Khorezm (KHO) in Uzbekistan and Kyzyl-Orda (KYZ) in
Kazakhstan. The imagery is displayed using a near-infrared-green-blue band combination of the

RapidEye sensor recorded in May.

Tab. 1: Characteristics of the four study sites. Total number of fields, field sizes and cover fractions
C; are based on own calculations based on segmented image objects.

Total number

Mean, median, and

Study site Scene centre [Lat/Lon] standard deviation of C
of fields . !
field size (ha)
KHO 60.69°E, 41.53°N 22,247 4.31, 3.21, 2.07 0.59
KYZ 64.55°E, 44.58°N 14,561 2.45,2.14,1.62 0.25
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The second site is located in Kyzl-Orda
(KYZ) in southern Kazakhstan, and was cho-
sen to have an example with more regularly
shaped field structures. Only few crops are
dominating the agricultural landscape: rice
and alfalfa. Large and regular shaped agricul-
tural fields of approx. 2 ha — 3 ha each char-
acterize this landscape, where the same crop
is often grown on adjacent fields, that are ag-
gregated to blocks which together exceed the
area of between 500 m x 500 m and 1,000 m
x 1,000 m (25 ha — 100 ha). Due to this pat-
tern, the agricultural landscape in KYZ with
smaller fields (2.45 ha) appears more homo-
geneous than in KHO with larger mean field
sizes (4.31 ha).

3 Data and Methods

Images from the RapidEye mission with a
ground sampling distance (GSD) of 6.5 m,
were available for each site in 2011 (KYZ) and
2010 (KHO) (Fig.2). These images have five
spectral bands: blue (440 nm — 510 nm), green
(520 nm — 590 nm), red (630 nm — 685 nm),
red edge (690 nm — 730 nm), and near infra-
red (NIR, 760 nm — 850 nm). Images were at-
mospherically corrected using the ATCOR-2
module (RicuTErR 2011), and geometrically
corrected and co-registered with ground con-
trol points, resulting in RMSEs of < 6.5 m.
Crop specific masks are necessary to iden-
tify the target objects, i.e. agricultural fields
cultivated with a certain crop, in the scene,

et al. (2012). These masks were created using
supervised object-based image classification
applied to a set of high-resolution time series
of RapidEye images acquired over the grow-
ing seasons. The overall accuracies of the crop
masks were more than reasonable (> 93%) and
assumed to have a negligible error for the pur-
pose of this study. Sorghum and maize in KHO
were merged into the class “sorghum/maize”
because they could not be distinguished from
each other (Fig. 1).

3.1 Simulating Coarser Images

The methodology employed here is based on
the same conceptual framework designed in a
previous study for determining pixel size re-
quirements for crop growth monitoring (Du-
VEILLER & DEFoUrRNY 2010) that was extended
by Low & DuVEILLER (2014) for an application
to crop classification. It relies on using high
spatial resolution images and corresponding
crop specific masks to generate various sets of
pixel populations over which a classification
step can be applied. The pixel populations are
characterized by increasingly coarser pixel
sizes and with a range of different crop spe-
cific purity thresholds. To simulate coarser
pixel sizes, a spatial response model is con-
volved over the original RapidEye images. It
consists of a point spread function (PSF) that
characterizes both optical (PSFopt) and detec-
tor (PSF,,) components of a generic sensor:

and later for calculating the purity of coars-  PSF,, = PSF,, * PSF,,,, 1)
er pixels with regard to specific crops. For the
study sites access to vector databases of the 242
agricultural fields including information on  PSF, (x,y)= exp(——yz) , @)
crops was either non-existent or restricted. 2#(w*o0)
Crop masks for the two sites were created ac-
cording to the methodology described in Low  PSF,, ., = rect(x—w)*rect(y —w). 3

X X X X X X X X

o o o o o o o o
] | | | L L
1-Apr 1-May 1-Jun 1-Jul 1-Aug 1-Sep 1-Oct
o KHO X KYZ

Fig.2: Acquisition dates of the datasets from the RapidEye instrument utilised in this study.
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where x and y are the cross-track and in-track
coordinates, respectively, in the image space
with their origin at the centroid of the ground
instantaneous field of view (GIFOV), w the
width of the optics, and o the standard devia-
tion of the Gaussian curve. Note that the width
of the detector in both in-track and cross-
track directions, respectively, is assumed to
be equal. rect is the rectangular function, a
uniform square pulse function with amplitude
one and width w. The simulation was done in
increments of 6.5 m, in order to simulate a
continuum of coarser images, with pixel sizes
ranging from 6.5 m — 747.5 m. More informa-
tion on the simulation of coarser data in this
framework can be found in DuVEILLER & DE-
FOURNY (2010).

As mentioned in the introduction this study
focuses on detecting and discriminating ag-
ricultural fields of specific crops within suc-
cessively coarser pixels. In order to select pix-
els covering arable land and to further assess
the effect of pixel purity on crop classification
accuracy, the convolution of the same spatial
response model over the high-resolution crop
masks was performed. This produced crop
specific “purity maps” at each scale, which
map the pixel purity with respect to the spatial
structures represented in the high resolution
crop masks (DUVEILLER & DEerourny 2010).
This allows controlling the degree at which
the footprints of coarser pixels coincide with
the target structures, e.g. fields belonging to
certain crops. At each spatial resolution, pix-
el populations can be selected based on thres-
holds on the pixel purity, here denoted 7. A
threshold can be chosen to separate the aggre-
gated binary crop masks into two sets: target
pixels and non-target pixels. The threshold can
vary from 0, where all pixels in the images are
selected as target, to 1, where only completely
pure pixels, e.g. pixels lying completely within
agricultural fields are selected. The results are
the sets of selected target pixels, or “pixel pop-
ulations”, defined by their pixel size (v) and by
the minimum acceptable purity threshold that
defines them (7).

3.2 Image Classification

The second step consists in applying super-
vised classification procedures to the pixel
populations selected in the previous step. The
implementation of BRrREMAN’S RF (BREIMAN
2001) within the randomForest package (Liaw
2013) in the R programming environment was
used for the classification in this study. The
number of trees in the ensemble was set to a
relatively high value of 500 so that the out-of-
bag error (OOB) converges. OOB is calcula-
ted based on roughly 1/3 of the reference data,
which are withheld from tree construction and
used to calculate an error matrix and unbiased
estimate of accuracy (Liaw & WIENER 2002).
The remainder 2/3 of the reference data is used
to build each tree. The number of features at
each split node was set to the square root of the
total number of input features \/7 where f is
the number of predictor variables within the
corresponding input dataset. The NDVI and
EVI plus RapidEye bands were the input to the
classification, calculated for eight acquisition
dates (f = 56). At each spatial scale and for
each pixel purity threshold (here from 0 to 1
in increments of 0.05), independent training
and testing datasets were generated follow-
ing an equalized random sampling design
to obtain approximately the same number of
pixels for each class. The target size of both
the training and testing sets was initially set
to 400 randomly selected pixels per class, the
minimum number per class required was set
to 20, e.g. when coarser pixels were selected.
RF was trained and applied to the entire time
series data at each spatial scale, and all classes
present in the corresponding study sites were
included in the legend. To enhance the reli-
ability of the experiments the random draws
of training and validation data were repeated
10 times, and the classification performance
estimates (see next section) were averaged
over the 10 independent model runs.

3.3 Characterizing Crop Identification
Performance

Pixel size and pixel purity can be considered
as two dimensions of a v — & space. For each
selected pixel population in this v — z space,
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information regarding the classification per-
formance, e.g. overall accuracy, can be calcu-
lated. Similar to the method proposed by Low
& DuvVEILLER (2014) variables describing crop
classification performance are calculated for
each pixel population:

3.3.1 Quantifying classification

performance

A set of confusion matrices (CoNGaLTON 1991)
was computed on the hard result of the test
sets defined along the # — v dimensions. The
overall accuracy parameter (ACC) is defined
as the total proportion of correctly classified
test pixels per total number of test pixels:

Acc="e @
n

where 7 is the number of test samples, and 7,
the number of correctly allocated test samples.
As class-wise accuracy metric the F j-measure
of vaN RUSBERGEN (1979) was employed. This
measure combines the precision pr, (which
gives the proportion of samples, which truly
have class i among all samples that were clas-
sified as class 7) and the recall 7p, (the TPR
which gives the proportion of samples classi-
fied into class i among all samples which truly
have class 7). The former determines the error
of omission (false exclusion), the latter the er-
ror of commission (false inclusion). The tra-
ditional F;-measure equally weights precision
and recall (= 1) and is sometimes referred to
as F, measure:

7. ¥ 1p.
prIp; )

CA =01+ 4
= ﬁ)ﬁz*pwtpi

Measures of classification uncertainty like
entropy assess the spatial variation of the clas-
sification quality on a per-case, e.g. per-pix-
el, basis, and can be used to supplement the
global summary provided by standard accu-
racy statements like overall accuracy (Foopy
2002). It can be characterized as a quantitative
measure of doubt when a final classification
decision is made. Beneath the final (“hard”)
class label, non-parametric algorithms such as
support vector machines or RF can generate
for each classified case x (agricultural field or

pixel) a “soft” output in form of a vector p(x) =
(P> - P;» - p,) that contains the probabilities
that a pixel is classified into a class i, n being
the total number of classes (Low et al. 2013).
Each of the elements in p(x) can be interpret-
ed as a degree of belief or posterior probabil-
ity that a pixel actually belongs to i. From this
vector, the a-quadratic entropy (PaL & BEzDEK
1994) for a given pixel (x) can be calculated as
a measure of uncertainty, which is defined as:

AQE(x) = YL (-p)  ©

L
ne(27)

Where p, is one element in p(x), n the num-
ber of classes, and a an exponent that deter-
mines the behaviour of AQE(x). The entropy
of the total classified pixel population can be
quantified with the median of all classified
pixels AQE(x), denoted AQE. This can also be
done at the per-class basis, by calculating the
median entropy of all pixels classified into a
class i, denoted AQE..

The number of available reference pixels N,
of a given class i represents the total available
size of pixel populations in the v — 7z dimen-
sions that can be used for training and testing
the classifier. In supervised crop classification
a minimum number of pixels per crop class
can be desirable to assure the generalizability
of the classifier model to the unseen dataset,
and to reduce the influence of (random) vari-
ability in the training data on the classifica-
tion result.

3.3.2 Determining suitable pixel
populations

The final step to determine the suitable pixel
populations for crop classification is to isolate
the (v, #) combinations for which the classi-
fication performance fulfils certain criteria.
This is accomplished by defining acceptable
thresholds for the variables defined above.
Such thresholds will be used to define a fron-
tier in this v — & space dividing pixel popu-
lations that are above or below the accept-
able threshold for a given surface. As an ex-
ample, if an application requires a minimum
class-wise accuracy of 80%, the surface CA,
is sliced by a plane passing by the value CA,
=0.80 (see Fig. 3, left images). When the inter-
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section of CA, and the plane is projected onto
the 2-D space v — 7, it separates this domain
into the region where selected pixel popula-
tions have classification accuracy higher than
75% and the region where the accuracy of the
remaining population will be lower than 75%
(Fig. 3, right image). By drawing limits on the
different parameters, the parameter surfac-
es were sliced and the intersection points of
these slices in v —  space were used to identi-
fy the position of the coarsest acceptable pixel
sizes (v, ) and the corresponding minimum
required pixel purities 7 respectively (Fig. 3,
right image). Accordingly, pixel population

Log of population size [pbcais]

5005
Pixel size (m)

Class-wise accuracy

Alpha quadratic entropy

suitability is defined by the number of fulfilled
criteria, e.g. highest suitability means that all
criteria were fulfilled. In this study, thresh-
olds were defined as follows: ACC/CA, > 0.75,
AQE/AQE, < 0.50, and N, > 100.

3.3.3 Selecting categorical scale

Three levels of aggregation were created by
grouping or discarding certain crop classes,
hereafter called level I, 11, and 111 (Fig. 4). The
rationale for defining the class legends in the
aggregation levels was (i) to group crop class-
es with similar spectral and temporal NDVI

= = == Pixel number constraint

............ Classification accuracy constraint

== Entropy constraint

n Minimum required pixel size
A Largest acceptable pinel size
<
—
2 \\ Insufficient reference
w| % -~ pixels
o[\ T
E * ", Suitable pixel
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g © \ Inaccurate /
[ .
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Excessice classification entropy
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Pixel size (v) (m)
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Fig. 3: Left column: Schematic examples of parameters chosen for crop identification for the pixel
populations along the pixel size — pixel purity dimensions. Red dashed line indicates were pre-
defined thresholds slice the parameter surfaces and separate v — z space into two domains: one
that fulfils a certain threshold and a second one that does not. Note that the pixel purity axis is
inverted for N, and AQE. Right column: Suitability map with theoretical boundaries in v -z space
used to define the requirements for pixel populations to be used for supervised classification.
Circle indicates the position of maximum tolerable pixel size v__, black filled square the minimum
required pixel size v__ .

max’
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signatures and (ii) to discard classes that cover
only a small fraction of the landscape (C, <
0.01) and that are spectrally too distinct from
other classes to be merged. Crop rotation class-
es in KHO (“Wheat-Sorghum / Maize” and
”Wheat-rice”) were merged in level II due to
the similarity of the temporal NDVI profiles.
Further, minor classes (C, < 0.01) were merged
to one class “mixed crops”, due to their spec-
tral similarity. Likewise, “Alfalfa 1y” and “Al-
falfa 3y” were merged in level Il in KYZ due
to their spectral similarity, reducing the num-
ber of classes from five to three. Winter wheat
was discarded in level II due to its marginal
cover fraction in both sites (C, < 0.01). Fallow
fields and mixed crops in KHO, which togeth-
er cover less than 2% of the landscape were
completely removed from the class legend in
level 111, reducing the number of classes from
eleven to six. In this level a binary class legend
was established in KYZ, i.e. active, e.g. rice,
vs. unused, e.g. fallow, alfalfa, fields. The pix-
el population suitability was then determined
separately at each aggregation level, accord-
ing to the methodology described in the pre-
vious section. The pixel population suitability
was then determined separately at each aggre-
gation level, according to the methodology de-
scribed in the previous section.

Level |
Rice (0.51)
Fallow (0.29) 1.
Alfalfa 1y (0.12) 2.
Alfalfa 3y (0.08) ER
Wheat (<0.01)

KYZ
nhwMne

Alfalfa (< 0.01)
Cotton (0.24)
Fallow (0.02)
Sorghum / Maize (< 0.01)
Rice (0.06)
Sunflower (<0.01)
Trees (0.07)
Watermelon (< 0.01)
Wheat (< 0.01)
. Wheat-Sorghum / Maize (0.04)
. Wheat-rice (0.15)

KHO

EQgoeNamnawNp
BEEuvaNonANp:
LR N

4 Results and Discussion

As expected, the suitability of pixel popula-
tions for classifying crops varied in the v — &
space and the suitability was enhanced when
selecting higher aggregation levels (Fig.5) as
was demonstrated in previous studies (e.g.
Marceau et al. 1994b). Suitable pixel popu-
lations were restricted to rather small pixel
sizes at level I, with v _ = 162.5m in KYZ,
similar to KHO (v, = 149.5 m). In KYZ ag-
gregating crop classes in level II resulted in
enhancing the suitability of pixel populations
in the v — 7 space, in particular coarser pixels
could be tolerated (v, , = 747.5 m at level III)
and the minimum purity requirements could
be relaxed for v (the corresponding 7 at lev-
el I was 0.60, and decreased to 0.45 for v__
at level III). Likewise, in KHO aggregating
classes enhanced the suitability of pixel pop-
ulations for crop identification, but compared
with KYZ the use of coarser pixels was limit-
ed, most obvious because of the spatial pattern
of fields in the KHO landscape, e.g. more crop
classes in a more heterogeneous landscape
where the use of coarser pixels resulted in a
higher degree of pixel mixing, which result-
ed in having generally higher purity require-
ments than in KYZ. This could be explained
by the limited availability of purer reference
pixels in this landscape. Further, tolerating
some signal contamination may be beneficial

Level Il Level llI
Rice (0.51) )
Fallow (0.29) ; :‘:Ef:%lz}m
Alfalfa (0.20) ' :
Rice (0.06)
Cotton (0.24) 1.  Rice (0.06)
Mixed crops (<0.01) 2. Cotton (0.24)
Trees (0.07) 3. Trees(0.07)
Fallow (0.02) 4.  Wheat-other (0.19)

Wheat-other (0.19)

Fig. 4: Class legends according to three levels of aggregation in the two study sites. Cover frac-
tions (C,), i.e. the fraction of the sites covered by agricultural fields of a certain crop class, are

given in'brackets.
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in the case of crop identification in KHO, e.g.
a larger sample size for classification train-
ing including mixed pixels may better repre-
sent the diversity of the spectral response of
the target class within this landscape (Foopy
1996).

For specific classes the required conditions
to achieve highest CA, varied among the three
aggregation levels (Fig.6). The correspond-
ing pixel sizes tended to become coarser when
increasing the aggregation level. An explana-
tion why coarser pixel sizes generally achieve
higher accuracy could be the interplay of in-
creasing error-rates of smaller but purer pix-
els, which become more abundant when pixels
become smaller, caused by increasing within-
class variability (Hsien et al. 2001) and de-
creasing error of mixed pixels, which become
less abundant when pixels become smaller.
The within-class variability might in partic-
ular become an important issue when such
heterogeneous crop classes like alfalfa and
other fallow fields are merged, e.g. in KYZ.
In such a situation it might be better to have
coarser pixels (McCroy & Becher 2007),
thereby reducing this variance and counter-
balancing the effect of pure-pixel heterogene-
ity within smaller pixels. After merging quite

Level 1

377 7475 65

Pixel purity

85 377 7475 65
Number of parameters fulfilled
<1 2 . 3
S |

low « Pixel population suitability » high

b

diverse crop classes in KYZ in level III (two
types of alfalfa fields and other fallow land to
one class “fallow”) the condition for best CA,
was pushed to 604.5 m, compared to 195.0 m
at level I. In this context, image segmentation
should be considered (BrascHkE 2010, Yan &
Roy 2014). Image segmentation of high spa-
tial resolution images or time series results
in image-objects that minimize the variance
but that are not constrained by the rectangu-
lar nature of the pixels. Analysing the optimal
size of multi-date image objects for crop iden-
tification could be an interesting extension of
the proposed conceptual framework. Anoth-
er advantage of object-based image analysis
(OBIA) is that different segment sizes for spe-
cific land use types can be used and analyzed.
Image-objects could also be analysed with re-
spect to their homogeneity at different spatial
scales using a concept analogous to pixel pu-
rity. However, such questions are beyond the
scope of this current paper.

For fallow fields in KYZ the pixel sizes for
which maximum CA, was archived were in
the same order at level I and II (195.0 m and
208.0 m), but coarser pixel sizes were required
at level III (604.5 m), which could be attrib-
uted to the spatial aggregation pattern of fields

Level 3

Level 2

3T 7475 6.5 377 7475

Pixel size

Fig. 5: Suitability maps for three different class aggregation levels for all classes. Circles indicate
position of maximum achievable ACC in v — = space.
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in this landscape, i.e. large blocks of fields
with the same crop class “fallow” in level III.
In KHO pixel populations suitable for classi-
fying rice and fallow fields were character-
ized by higher pixel purity requirements than
in KYZ. This can be explained by the spatial
pattern or field fields which are more spatial-
ly dispersed than in KYZ (Fig. 1), resulting in
mixed signal once the purity of the (coarser)
pixels becomes too low, e.g. 7 < 0.7. Likewise,
the maximum possible CA, for rice fields in
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KHO was achieved with smaller pixels than
inKYZ.

The high ACC in KYZ when selecting level
IT or III (Fig.7) offers positive prospects for
using images from existing satellite missions
(Landsat 30 m, MODIS 250 m / 500 m, NPP-
VIIRS 747.5 m) used for crop mapping. Yet,
results also highlight the need to consider that
the class legend must be selected properly and
separately adapted in different agricultural
landscapes. The lowest ACC and CA, of rice

Fallow
Level Il

6.5 37T TaTS

37 7475

Level Il

3T | X 7475

Pixel size

low 4 Pixel population suitability » high

Fig. 6: Suitability maps for three different class aggregation levels and for class fallow (top rows)
and fallow (bottom rows). Ovals indicate position of maximum achievable CA, in v — 7 space.
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and fallow fields were achieved when select-
ing coarser pixels (745.5 m) at level 1. The
smaller the pixel sizes the higher was ACC
at this level. Further, the higher the aggrega-
tion level the smaller was the absolute differ-
ences between ACC, e.g. at 0.043 at level 111
but 0.791 and 0.103 in level I and II, respec-
tively. CA. of fallow fields in KYZ increased
when shifting from level II to III, whilst the
difference in CA, for rice was within 0.01, i.e.
for 32.5 m and 247.5 m. In KHO using coarser
pixels (247.5 m and 747.5 m) resulted in a clear
drop in CA, for rice fields, for which smaller
pixels gave better results due to the spatial pat-
tern of fields (see above).

Overall, the results indicate that there was
no unique spatial resolution for identifying
and discriminating all classes at once at a
given aggregation level, confirming previous
studies (MARCEAU et al. 1994b, Low & Du-
VEILLER 2014). Within a particular aggregation
level, some classes are better classified at fine
spatial resolutions, while others require coars-
er spatial resolutions. Further, the suitability
of pixel populations for identifying specific
crops differed within the landscapes, and for a

08 | I os |

o 06 | _ _06 |

=} o =

=< (%
0.4 0.4
0.2 | 02 |
1] 4]

given crop there were large differences among
the landscapes. Of course, the results are only
valid within the parameterization chosen for
this study, and the user might select other met-
rics more appropriate to the targeted applica-
tion which is not limited to crop discrimina-
tion. The parameters in this study were pur-
posefully selected because different metrics
evaluate different components of accuracy as
they are based on different statistical assump-
tions on the input data. Consequently, seeking
to optimize classifier algorithm performance
or defining suitable pixel sizes with only one
metric may have led to a non-optimal result
when viewed from another point of view or
quantified with a different metric that is sensi-
tive to different features concerning accuracy
(Foopy 2002, ProvosT & FAwWCETT 1997).
Landscape heterogeneity, e.g. the size of
agricultural fields and the properties of their
neighbourhood, were shown to be important
factors determining classification accuracy.
When the crops were grown on larger fields,
or when the cover fraction was high, coarser
pixel sizes could be tolerated for crop identi-
fication. Crops grown on fields dispersed over
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Fig.7: Maximum achievable overall and class-wise accuracies (ACC and CA)) for selected pixel
sizes at different aggregation levels. Note that in KHO the class “fallow” was omitted in aggrega-
tion level lll. At aggregation level | the number of reference pixels in KHO and KYZ dropped below
20 for at least one class at 747.5 m (N, < 20), which forced the experiments to stop.
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the landscape like rice in KHO could only be
detected using smaller pixel sizes, and only
using relatively pure pixels. However, the crop
classes displayed differences in the specific
nature of these relationships, and the land-
scape heterogeneity with respect to the spatial
pattern also influenced the choice of pixel siz-
es. For instance, while the median field sizes
in KYZ and KHO are comparable, the farm-
er’s fields are more regular in shape, less vari-
able in size, and the same crops are found on
blocks of fields that together can aggregate to
more than 100 ha in size. Due to this spatial
aggregation pattern, it is easier to have coarser
pixels fall within target fields and thus con-
ferring higher acceptable pixel sizes for crop
identification, resulting in notably higher val-
ues for v in KYZ than in KHO.

The results confirm previous studies that
found large differences in accuracy depend-
ing on the degree of pixel mixing, e.g. Foopy
(1996). Therefore, this study suggests for a
more spatially explicit assessment of accu-
racy. The framework could be used to plot the
suitability (or accuracy) of each pixel cover-
ing arable land as a function of its purity. This
is similar to spatial assessments of classifica-
tion uncertainty (Low et al. 2013) and could
be of interest when coarser satellite sensors
like MODIS or Sentinel-3 are to be used for
crop mapping. For instance, one practical util-
ity of this framework could be “masking out”
unsuitable pixel populations, according to the
user’s specific needs, before applying them in
agricultural crop-specific growth modelling.
Further, knowledge on the spatial distribution
of map quality, e.g. defined as pixel suitability,
allows for a better interpretation of the results
of agricultural model outputs.

5 Conclusions

The overall methodology presented in this
study was used to assess the impact of cate-
gorical and spatial scale (pixel size) on crop
classification accuracy. Coarser satellite im-
ages were simulated, based on RapidEye data,
and classified using the RF algorithm. Dif-
ferent class legends (aggregation levels) were
tested, which were created based on merg-
ing spectrally similar classes or by discard-

ing classes that only covered small fractions
of the landscapes. The results show that there
was no unique spatial resolution that provided
the best classification result for all classes at
once at a given aggregation level. Classifica-
tion accuracy could be improved by aggregat-
ing certain crop classes. Further, the suitabili-
ty of pixel populations for crop discrimination
differed within the landscapes, and for a given
crop there were differences among the land-
scapes. The results imply that classifications
based on purer pixels were generally the most
suitable (and most accurate) for crop type dis-
crimination, but the number of such pure pix-
els might be limited in heterogeneous land-
scapes, where only a few pixels fall into larg-
er fields. Although crops within mixed pixels
could be more accurately distinguished when
aggregating crop classes, a meaningful evalu-
ation of classification accuracy still could only
be achieved when accommodating the effect
of pixel purity.

The results of this study suggest that it is
important to consider the field size distribu-
tion and pattern when shifting between re-
gions, and not every sensor might be equally
suitable for a given application like crop map-
ping in a large region with different spatial
pattern like in Central Asia or other regions
worldwide. Neglecting the effect of pixel pu-
rity and aggregation level might produce hap-
hazard results, which could negatively impact
spatial modelling when crop maps are taken
as input. In the context of agricultural crop
growth monitoring the framework described
above can be used to draw guidelines for se-
lecting appropriate imagery, e.g. suitable pixel
sizes, and for selecting appropriate class leg-
ends for accurate crop identification and crop
type discrimination over a given agricultural
landscape when the interest is only on a sub-
set of the landscape, e.g. pixels covering ar-
able land. In the context of the CAWa-project
this framework is recently being implemented
to define pixel size requirements and appro-
priate class legends for crop identification in
the irrigated landscapes in Fergana Valley and
Karakalpakstan (Uzbekistan). This is of rele-
vance because agricultural production moni-
toring (yield, evapotranspiration) in this pro-
ject is based on MODIS data, which delivers
the required swath and high revisit frequen-
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cy. Due to the need for crop specific masks at
the MODIS scale, knowledge about the con-
straints of such coarse image data for crop
identification is essential. The results of this
study provide an opportunity to discuss the ef-
fects of pixel size and purity and the classifi-
cation algorithm independent factors such as
parcel size, spatial distribution of crop types
and crop patterns on agricultural monitoring
related applications. In a world with increas-
ingly diverse geospatial data sources in terms
of combinations of spatial and temporal reso-
lutions, the tool can also help users to choose
the different data sources that meet the re-
quirements imposed by their applications.
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Summary: Accurate land use / land cover classifi-
cation (LU/LC) of agricultural crops still repre-
sents a major challenge for multispectral remote
sensing. In order to obtain reliable classification
accuracies on the basis of multispectral satellite
data, merging crop classes in rather broad classes is
often necessary. With regard to the rising availabil-
ity and the improving spatial resolution of satellite
data, multitemporal analyses become increasingly
important for remote sensing investigations. For
the separation of spectrally similar crops, multi-
date satellite images include different growth char-
acteristics during the phenological period. The pre-
sent study aims at investigating a way to perform
highly accurate classifications with numerous agri-
cultural classes using multitemporal RapidEye
data. The Jeffries-Matusita separability (JM) was
used for applying a pre-procedure in order to find
the best multitemporal setting of all available im-
ages within one crop cycle, consisting of two culti-
vation periods P1 with 16 agricultural classes and
P2 with 27 agricultural classes. Only one critical
class pairing occurred for both P1 and P2 taking
into account the best multitemporal dataset. The
maximum likelihood (ML) classifier and the sup-
port vector machine (SVM) were compared using
the most suitable multitemporal images. Both algo-
rithms achieved very high overall accuracies
(OAA) of over 90%. SVM was slightly better with
a classification accuracy of PI-OAA = 96.13% and
P2-OAA =94.01%. ML provided a result of OAA =
94.83% correctly classified pixels for P1 and OAA
=93.28% for P2. The processing time of ML, how-
ever, was significantly shorter compared to SVM,
in fact by a factor of five.

Zusammenfassung: Identifikation landwirtschaft-
licher Kulturen in Nordisrael mittels multitempora-
ler RapidEye-Daten. Eine hochgenaue Landnut-
zungsklassifizierung (LU/LC) landwirtschaftlicher
Kulturen auf Basis von multispektralen Fernerkun-
dungsdaten stellt noch immer eine grofle Heraus-
forderung dar. Oftmals miissen unterschiedliche
landwirtschaftliche Kulturen zu Oberklassen zu-
sammengefasst werden, damit die Klassifizierung
auf Grundlage multispektraler Satellitendaten ak-
zeptable Genauigkeiten erreichen. Mit der steigen-
den Verfiigbarkeit und gleichzeitig verbesserten
rdumlichen Auflésung von Satellitendaten kommt
der multitemporalen Analyse von Fernerkundungs-
daten immer mehr Bedeutung zu. Dabei wird der
Sachverhalt genutzt, dass verschiedene Pflanzen
einen unterschiedlichen phénologischen Verlauf
besitzen. Ziel der vorliegenden Studie ist eine hoch-
genaue Klassifizierung landwirtschaftlicher Fla-
chen mit hoher Klassenanzahl durch die multitem-
porale Analyse multispektraler RapidEye-Daten.
Das Trennbarkeitsmal} Jeffries-Matusita Separabi-
lity (JM) wurde als Vorverarbeitungsschritt ver-
wendet, um den besten multitemporalen Datensatz
aus den verfligbaren einzelnen Aufnahmeterminen
eines kompletten Fruchtwechsels, bestehend aus
zwei Anbauperioden P1 mit 16 und P2 mit 27 land-
wirtschaftlichen Klassen, zu finden. Die spektrale
Trennbarkeit der vorhandenen Klassen ergab fiir
den ermittelten multitemporalen Datensatz fiir P1
und P2 nur eine kritische Klassenpaarung. Fiir die
Klassifizierung wurden die Klassifizierungsalgo-
rithmen Maximum Likelihood (ML) und Support
Vector Machine (SVM) vergleichend gegeniiberge-
stellt. Beide Algorithmen lieferten Gesamtklassifi-
zierungsgenauigkeiten von tber 90%. Die SVM
erwies sich dabei mit Klassifizierungsgenauigkei-
ten OAA =96,13% fur P1 und OAA = 94,01% fiir
P2 zwar als geringfiigig genauer, jedoch war die
ML-Klassifizierung (P1-OAA = 94,83%; P2-OAA
= 93,28%) deutlich, d.h. um den Faktor 5, schneller.
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1 Introduction

Information on land use / land cover (LU/LC)
forms a crucial data basis in numerous appli-
cations for planning, resources management,
and identification of environmental changes
or ecological forecasting (KHAN et al. 2012).
Crop identification and monitoring belong to
this category (VICENTE-GuUUALBA et al. 2014,
GUERSCHMAN et al. 2003, Brisco & BrowN
1995). Thematic maps of crop types at agricul-
tural field level can provide important infor-
mation, e.g. to support agricultural policies, to
verify the farmers’ applications for public sub-
sidies, or assist in the practice of precision ag-
riculture (ALGANcI et al. 2013). Accurate and
up-to-date maps also may form the basis for
yield estimates or environmental and land use
planning at local, regional, and national lev-
els. Large area mapping of LU/LC from ter-
restrial survey is, however, very expensive as
well as time-intensive. Hence, LU/LC derived
from remote sensing data is of utmost impor-
tance. Cropland classification is still a major
challenge, considering issues like data availa-
bility, classification accuracy, operational pro-
cessing or acquisition costs (Murra 2013, Lu
& WENG 2007). Advantages of satellite images
include large area coverage, mainly operation-
al processing and availability of low cost data
(ArAUJO et al. 2011). As a consequence, a mul-
titude of studies on crop type identification
using multispectral data have been performed
in the past decades (e.g. MarioTTO et al. 2013,
Cruz-Ramirez et al. 2012, MatHUR & Foopy
2008, Brisco & BrowN 1995, BUECHEL et al.
1989, Bauer & Cipra 1973). The main prob-
lem for detecting crop types using one single
multispectral dataset has been the discrimina-
tion uncertainty which is caused by variations
of many factors, e.g. different phenological
stages or varying fractional vegetation cover,
shapes and textures (ALcanci et al. 2013, Liu
et al. 2002). Different vegetation types fre-
quently show very similar spectral behaviour
and inner-field spectral variations are often
higher than observed between different crop
types (THENKABAIL et al. 2011, GUERSCHMAN
et al. 2003). Therefore, most studies used
only a few classes or merged crops classes
in broader categories (e.g. GUERSCHMAN et al.
2003, Brisco & BrowN 1995). In order to han-

dle the above-mentioned challenging tasks in
LU/LC classifications, phenological informa-
tion has been investigated by the remote sens-
ing community as an additional dimension in
crop identification. As a consequence, numer-
ous studies combined several multispectral
Landsat (WonDRADE et al. 2014, DeEmIR et al.
2013, OETTER et al. 2001, LUNETTA & BALOGH
1999) or SPOT datasets (CHust et al. 2004,
MurakaMmi et al. 2001) from one growing pe-
riod and treated them as one single multitem-
poral scene. Furthermore, the synergism of
SAR and multispectral optical satellite data
has been evaluated (VicENTE-GUUALBA et al.
2014, AskNE et al. 2013, WASKE & VAN DER LIN-
DEN 2008, HuanG et al. 2007, Brisco & BrowN
1995). OETTER et al. (2001), for instance, ob-
tained classification accuracies close to 90%,
using five Landsat-5 TM images within one
year. The considered classes included agricul-
tural crops, orchards, forest and natural cover
types as well as urban areas. The subclasses of
agriculture finally classified in this study were
aggregated to five broader classes instead of
the 15 original mapped agricultural catego-
ries.

An additional objective in LU/LC classifi-
cation from remote sensing data is the selec-
tion of appropriate classification algorithms.
Waske & vaN DER LINDEN (2008) emphasized
the shift from statistical approaches to more
powerful and flexible machine learning algo-
rithms for data classification as a recent de-
velopment in remote sensing. In the past
few years many authors compared newly de-
veloped and widely established classifiers
(Arcanct et al. 2013, MounTraAKkis et al. 2011,
MatHUR & Foopy 2008, HuanG et al. 2002 &
2007). However, recent developments of clas-
sification algorithms are also associated with
an increasing need of computational perfor-
mance. Considering this assumption, the non-
parametric classifier support vector machine
(SVM) and the well-known parametric maxi-
mum likelihood (ML) classifier were selected
and compared regarding the obtained LU/LC
classification with respect to overall classifica-
tion accuracy (OAA) and performance.

Most multitemporal studies classified all
possible dataset combinations in order to find
the best multitemporal setting/stack. Con-
sidering the enormous computational costs
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of classifying large-area datasets with many

classes and complex algorithms such as SVM,

there is a need to perform a pre-classification
approach/procedure to accelerate this selec-
tion process.

Given the above described background, the
major goals of this study were:

1) to investigate the potential of multitemporal
RapidEye data for large-scale identifica-
tion of crops with particular emphasis on
accurate spectral separability of numer-
ous different crop types and agricultural
classes and

2) to perform a pre-classification procedure
in order to find the best multitemporal data
setting avoiding long processing times.

2 Study Site and Data

2.1 Study Site

The study site (32.5° N, 35.0° E / 32.9° N,
35.3° E) is located in northern Israel and ex-
tends from the bay of Haifa to the plain of Jes-
reel covering an area of 2,500 km?. The region
between Haifa, Nazareth and the Sea of Gali-
lee is one of the main agricultural production
areas in Israel. The region is characterized by
Mediterranean climate with hot and dry sum-
mers as well as rainy cool winters (SINGER
2007). Rainfall is limited from September
to May with a mean annual precipitation of
539 mm (IMS 2014). Natural conditions in the
investigated area allow crop cultivation dur-
ing two cultivation periods within one year.
The first cultivation period (P1) considered for
this research lasted from October 2012 to late
March 2013. After the crops were harvested,
the second cultivation period (P2) started in
April and ended in August 2013. During the
dry and hot months in summer (May to Au-
gust) irrigation is quite common.

2.2 Mapping Land Use / Land Cover

For each cultivation period a field campaign
was conducted. During the first field campaign
in March 2013 crops of P1 for 425 agricultural
fields were mapped. P1 was characterized by

the pluvial period and moderate temperatures
during the winter season. Dominant class-
es were grains (rye and oat) and chickpeas.
Smaller fields were mainly cultivated with
peas, tomato, different types of cabbage and
salads. In total 16 different classes were iden-
tified. During the second field survey, crops
of P2 were mapped in June 2013 (in total 826
fields). The beginning of P2 coincided with
the end of the rainy season. Arid conditions
increased during this period from April to Au-
gust (IMS 2014). As a consequence, farmers
have to store and provide water for irrigation.
During this cultivation period cotton, water-
melon, maize and sorghum were the dominant
crops. Compared to Pl much more diverse
crop plants were cultivated in P2, such as
beetroot, leek, zucchini, pumpkin, muskmel-
on or different sorts of cabbages and salads.
Additionally, non-cultivated fields like fallow,
green fallow and grain residues were also con-
sidered. Altogether 27 different classes were
mapped. After the end of August the weath-
er conditions were not suitable for cultivation
any longer except for fruit trees, e.g. avocados,
oranges, peaches, or olives.

2.3 Satellite Data

The acquisition of RapidEye data was enabled
within the RESA project (RESA 597). The
data was provided in preprocessing level 3A.
Level 3A data include orthorectification with
radiometric, geometric and terrain correction
(WEICHELT et al. 2013). Subsequently, atmos-
pheric correction was conducted with the ge-
neric processing chain CATENA developed
at DLR (Krauss et al. 2013). Two individu-
al image datasets were available for each cul-
tivation phase (P1: Jan13, Marl3, P2: Junl3,
Augl3, Tab.1). Furthermore, two additional
datasets were acquired in October 2012 and
April 2013. The October dataset represented
the end of the prior arid non-agricultural pe-
riod and at the same time the beginning of the
ongoing first cultivation phase P1. April is the
transition period between P1 and P2. Each
dataset was a mosaic from two RapidEye tiles
(in total 1,000 km? per mosaic).
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Tab. 1: Datasets used for separability testing.

Cultivation Stack Acquisition Number of
period names months datasets (bands)

Octl2 Oct 2012 1(5)

Jan13 Jan 2013 1(5)

P1 Marl3 Mar 2013 1(5)
Pl-stack-1 Jan + Mar 2013 2 (10)

Pl-stack-2 Oct 2012 + Jan + Mar 2013 3 (15)

Junl3 Jun 2013 1(5)

Augl3 Aug 2013 1(5)

P2 P2-stack-1 Jun + Aug 2013 2 (10)
P2-stack-2 Oct 2012 + Jun + Aug 2013 3 (15)

P2-stack-3 Oct 2012 + Apr + Jun + Aug 2013 4 (20)

3 Methods ing two classes, JM shows a saturating behav-

Four agricultural areas representing different
natural settings (coastal plain, hilly terrain)
in rural and sub-urban environment were se-
lected for mapping. These areas included large
scale agriculture as well as small fields with
very heterogeneous crop types. A GIS vector
layer was created to extract mapped agricul-
tural fields from satellite images. All individu-
al fields were buffered to mask boundary pix-
els which might represent mixed land use and
hence, should be excluded from further pro-
cessing. The fields mapped during both cam-
paigns (P1 and P2) were divided into a train-
ing and a validation dataset. Fields represent-
ing in the mean about 25% of the sampled area
were used for independent validation. How-
ever, depending on availability, the size of the
area considered for validation varied by class
(about 16% of the area in the minimum (PI:
chickpea; P2: leek) and 41% in the maximum
(P1: cabbage; P2: zucchini)).

A pre-classification procedure was applied
to the mono- and multitemporal RapidEye
data to prove which dataset provided the best
class separability. In this context, Jeffries-
Matusita separability (JM) was calculated for
each class pair of P1 and P2. JM is based on
a distance calculation between a pair of prob-
ability distributions (THomas et al. 1987). The
considered classes had to be normal distribut-
ed and hence, small classes such as napa cab-
bage should be interpreted carefully. Regard-

iour asymptotically to 2.0, with 0 implying
complete similarity and 2 indicating complete
separability.

In order to compare each class with each
other, the number of possible parings N can
be calculated as

n n!
N (2) 2(n—2)! M
where # is the number of classes.

A well-established operationally-used al-
gorithm ML and a modern machine-learning
algorithm SVM were compared regarding
their accuracy and performance classifying
the crop types. ML and SVM were applied to
the datasets which provided best separabil-
ity results in separability analysis. ML is the
most commonly classifier in practice, because
of its robustness (KHAN et al. 2012, HALL et
al. 1995), but often produces ‘noisy’ results
for complex landscapes (Lu & WENG 2007).
SVMs are based on statistical learning theory
that optimizes separating boundaries between
two classes (SEsNIE et al. 2010, Vapnik 1999)
without requirements such as normal distri-
bution. In the presented study, a radial basis
function (with y = 0.067 and C = 100.00) was
selected for SVM parameterization.

In order to assess the performance of both
classifiers OAA was calculated. Furthermore,
the kappa coefficient k was determined. «
ranges between 0 and 1, whereas 1 indicates
100% pixels correctly classified.
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4 Results and Discussion
4.1 Spectral Separability

First, spectral separability was investigated
on the basis of the mono- and multitemporal
datasets for all classes from P1 and P2. Ac-
cording to (1) there are 120 pairings in P1 and
351 pairings in P2. Pairings are considered to
be critical if the JM value was less than 1.9
(RicuarDps 2005). Tab.2 illustrates the im-
provement of class separability with increas-
ing temporal and hence, spectral dimension.
The dataset from October 2012 (Oct12) pro-
vided the worst separability for P1 with 90
critical pairings of 120 pairings in total. Ag-
ricultural fields were fallow at this time, crops
mainly not germinated and discrimination be-
tween the different land use types, except for
different orchard species, was impossible. The
second dataset Jan13 represented the mid-po-
sition of the phenological development of P1.
Many crops were well developed while oth-
ers were still in early growth stages. Due to
the very similar spectral behaviour, the dif-
ferentiation of several crops was not possible.
Hence, 61 of 120 class pairings received JM
values below 1.9 indicating limited separa-
bility. The third single date was from March
2013 (Marl3) when the mapping campaign
was conducted. At this time root crops were
already mature and grain crops were at the
phenological stage of ears emergence. It was

expected that this stage is most appropriate
for crop differentiation. Results of the sepa-
rability analysis confirmed this assumption
but the results still show 41 critical pairings
(Tab. 2). Tab. 3 (upper part) illustrates the ten
worst parings for P1. Considering the spatial
resolution of RapidEye with one pixel cover-
ing an area of 25 m?, most of these not clear-
ly separable classes showed a mixed signal of
soil and vegetation, which is especially true
for green fallow, onions, orchards, fennel and
leek. These crops reach their maximum cov-
erage at various times. Therefore, separability
of these classes was not satisfying. Obviously
separating the different crops just by use of
monotemporal multispectral RapidEye image
is hardly possible.

As a next step, multitemporal datasets were
tested for P1 regarding their feasibility to sep-
arate LU/LC classes. Multi-temporal datasets
allow considering different growth stages of
crops and additional spectral information for
class separation. Stacking of two datasets (P1-
stack-1: Jan13 and Marl3) including 10 spec-
tral bands already had a tremendous effect
on the improvement of spectral separability
(Tab. 2) reducing the number of critical pair-
ings to ten. Only the worst pairing (onions and
green fallow) showed a JM value of less than
1.7 (1.57, see Tab. 3). The increasing spectral
information representing additional temporal
information was the essential factor for the
improvement.

Tab. 2: Spectral separability of training data for both cultivation period P1 (above), 16 classes, 120

pairings and P2 (below), 27 classes, 351 pairings.

Cultiv'ation Stacks Number Number .Nvumber_ . Worst

period datasets classes critical Pairs pairing (JM)

Octl2 1 16 90 0.3

Janl3 1 16 61 0.55

Pl Marl3 1 16 41 0.61

Pl1-stack-1 2 16 10 1.57

Pl-stack-2 3 16 1 1.89

Junl3 1 27 126 0.71

Augl3 1 27 176 0.69

P2 P2-stack-1 2 27 26 0.51

P2-stack-2 3 27 9 1.77

P2-stack-3 4 27 1 1.89
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Further on, the Octl2 RapidEye image was
included which provided additional spectral
information of soils and fallows. Due to strip
farming or coarse seeding of many crops,
the spectral reflectance was characterized
by mixed pixels containing information of
soil and plant spectral reflectance, even dur-
ing the flowering. Pl-stack-2 had 15 spectral
bands and combined the spectral informa-
tion of soils from Oct12 with the spectral in-
formation of developed plants from Jan13 and
Marl3. The additional information on soil re-
flectance — not included in Pl-stack-1 — im-
proved the separability substantially. Only
one critical pairing (onions and green fallow,
JM = 1.884) remained with a JM value close
to 1.9. The typical spectral reflectance of both

classes was made up by mixed pixels contain-
ing a high portion of soil reflectance due to the
onions planted in lines leaving uncovered soil
in between on one hand and the successional
character of green fallow resulting in a very
heterogeneous soil-influenced spectral behav-
iour on the other hand. Tab. 3 illustrates the
improvement of separability with stacking ad-
ditional datasets but it is clearly visible, that
only the soil information yielded JM-values
over 1.9, except for onions and green fallow.
Monotemporal datasets separability analy-
sis for P2 (Tab. 2) provided more critical pair-
ings compared to P1. The main reason was the
much higher number of classes during this
cultivation period. The monotemporal data-
set Jun13 represented the month in which the

Tab. 3: The ten worst parings with JM values (bad separability < 1.8 (red); 1.8 — 1.9 moderate
separability (yellow); good separability > 1.9 (green), 2 complete separability) for all mono- and

multitemporal datasets in P1 and P2.

Critical pairings Octl2  Janl3  Marl3 S t::k_l . t:clk-Z
1 Green fallow Onion 0.304 0.551 0.614 1.575 1.887
2 Green fallow Chickpeas 0.546 0.634 0.775 1.789 1.935
3 Green fallow Orchard 0.547 0.661 1.107 1.813 1.943
4 Chickpeas Orchard 0.604 0.831 1.125 1.848 1.948
5 Peas Pastureland 0.636 0.833 1.187 1.859 1.960
ol 6 Chickpeas Onion 0.684 0.867 1.198 1.860 1.969
7 Peas Green fallow 0.699 1.049 1.281 1.880 1.972
8 Grain Millet 0.715 1.074 1.338 1.890 1.974
9 Leek Onion 0.734 1.177 1.375 1.890 1.977
10 Fennel Orchard 0.738 1.229 1.474 1.894 1.982
Junl3  Augl3 stzfi)czl;-l stzczl;2 st:czl;-li
1 Green fallow Grain residues = 0.705 0.690 1.514 1.773 1.890
2 Green fallow Orchard 0.792 0.708 1.552 1.812 1.928
3 Pumpkin Watermelon 0.801 0.708 1.664 1.838 1.949
4 Fallow Grain residues = 0.883 0.748 1.700 1.844 1.951
5 Muskmelon Watermelon 0.925 0.791 1.709 1.847 1.975
P2 6 Muskmelon Pumpkin 1.007 0.858 1.715 1.868 1.978
7 Maize Sorghum 1.020 0.862 1.724 1.873 1.979
8 Muskmelon Onion 1.115 0.868 1.725 1.875 1.982
9 Onion Pumpkin 1.139 0.914 1.729 1.888 1.988
10 Tomato Watermelon 1.142 0.968 1.732 1.919 1.989
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mapping campaign was conducted. The be-
ginning of June was very appropriate for map-
ping because root crops were almost mature
and easy to distinguish. The number of criti-
cal pairings in Jun13 (126) was lower than for
Augl3 (176). In Augl3 the crops were mostly
harvested, except late crops like maize, sor-
ghum, and cotton.

Tab. 2 indicates a substantial improvement
for P2-stack-1 (June and August 2013) in com-
parison to monotemporal analysis. From more
than 100 critical pairings for the monotempo-
ral datasets, critical pairings dropped to 26.
However, the worst pairing green fallow and
grain residues had still a very low JM val-
ue (0.51). Analogous to P1, the October 2012
dataset was used in P2-stack-2 as additional
spectral soil/fallow information. Separability
test for P2-stack-2 provided crucial improve-
ments. Of 351 parings only nine were critical
(Tab. 3) and even the worst pairing showed a
high JM value (1.77).

Tab. 3 (lower part) illustrates the ten worst
pairings of all 351 in P2. It is remarkable that
watermelons, muskmelons and pumpkins ap-
peared most frequently. All those classes be-
long to the same botanic family (Cucurbita-
ceae). At the beginning of plant development
the physiognomy of these crops is very simi-
lar. As a consequence, these crop types show
almost identical spectral reflectance and sep-
aration was not feasible. This is well in line
with Tigees et al. (2013) who confirmed for
multispectral data, that only multitemporal
analyses allow distinguishing plants in deep-
er levels of the botanical taxonomy. A simi-

Tab. 4: Accuracy assessment of ML and SVM
for both cultivation periods (t(h) = processing
time in hours (OAA = overall accuracy in %)).

Cultivation period P1 P2
Stacks Pl-stack-2 P2-stack-3

Class No. 16 27

OAA 94.83 93.28

ML K 0.93 0.92
t(h) 5 14

OAA 96.13 94.01

SVM K 0.95 0.93
t(h) 27 82

lar observation applies for maize and sorghum
which physiognomies are relatively homoge-
nous except for the blossoms and the corncob.
These crop types were only separable through
the temporal information. Green fallow and
grain residues as well as green fallow and
orchards appeared as the two worst parings
which can be explained by mixed pixels of soil
and plant signal. These classes are character-
ized by very heterogeneous inner-field varia-
tions and Tab. 3 indicates that the problem was
only solved by adding the soil information
from October 2012 (Oct 12).

In order to separate the nine remained pair-
ings, Aprl3 was included as an additional
dataset for P2. The dataset was acquired on
24th April 2013. At this time harvesting dur-
ing Pl was completed and plant growth of
P2 started for allowing the detection of ini-
tial spectral signals of vegetation in the satel-
lite data. P2-stack-3 (Octl12, Aprl3, Junl3 and
Augl3) including 20 spectral bands provided
the best separability for P2. Only green fallow
and grain residual remained as a critical pair-
ing. Nevertheless, the JM value of 1.89 still
suggested a very high quality of separability.

4.2 Classification

The stacks P1-stack-2 and P2-stack-3 showed
the best spectral separability for the cultiva-
tion periods. Therefore, these multitemporal
datasets were selected for both classifiers ML
and SVM. The training dataset was used to
calibrate ML and SVM and the classifications
were applied to the entire mosaics consisting
of two RapidEye tiles (1,000 km?). In order to
validate the results, the validation dataset was
used to determine OAA and x. Tab.4 illus-
trates the validation results for the performed
classifications. OA A and k indicated very high
classification accuracies for both algorithms.
94.83% were classified correctly with ML in
P1 and a «x of 0.93 indicated a very robust and
highly accurate classification.

With an OAA of 96.13% and k = 0.95 the
SVM provided a slightly higher accuracy, sug-
gesting that SVM was better suited to handle
higher dimensional data than ML. The same
tendency was observed for P2. Even with 27
classes, the SVM classification accuracy was
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far above 90% (94.01%) with x of 0.93 point-
ing at very robust classification results (ML:
OAA =93.28%; « = 0.92). However, besides
the classification accuracy, the performance
of both classifiers was considered. In compar-
ison to ML the processing time (t in hours) in-
creased about a factor of 5 or 6 for SVM. As
a consequence, SVM classification of P2 took
3.5 days for the 27 classes. At least regarding
the presented study a slight increase in classi-
fication accuracy has to be weighed against a
substantial increase in processing time.

According to the separability tests, the
Junl3 dataset would allow the best classifi-
cation result of all monotemporal datasets in
P2. Consequently, ML and SVM classification
were applied additionally to this dataset to al-
low a comparison of mono- and multitemporal
datasets in the spatial domain.

Classification results: Comparision Maximu
X T T T "

10 500 1.000 metres
I5°620'E  35°6M0'E 35TO'E

32°3WON | 32°3G15'N  32°3830°N

Fig. 1 compares the mapping of P2 with ML
and SVM classifications from Junl3 and P2-
stack-3 (best multitemporal separability) for a
part of the study site. The Junl3 ML classifi-
cation provided an OAA of 66.94% (k = 0.63)
while the monotemporal SVM classification at
least could classify the Junl3 dataset with an
OAA of 77.18% (x = 0.74). Obviously, for both
classifiers a tremendous increase in classifica-
tion accuracy was achieved using multi- in-
stead of monotemporal datasets. GUERSCHMAN
et al. 2003 obtained similar results, but only
after merging nine agricultural classes to four
broader classes.

Lu & WEeNG (2007) emphasized the ‘noisy’
results for ML classifications. This is clearly
visible for the monotemporal ML classifica-
tion in Fig. 1. Furthermore, a lot of additional
misidentified classes appear in both monotem-

m Likelihood (ML) and Support Vector Machine (SVM)

Mapped Classes Additional Classes
(appeared in Classifications)

[ lcrain  [I7] Onion [ Fennel

[ chickpea [ Orchard B sorghum

[ cotton [ Grain Resid. | [ Muskmelon

[ Fallow [ Tomato [ Napa Cabbage
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Fig.1: Comparison of ML and SVM Classification for a monotemporal dataset of June 2013
(Jun13) and a multitemporal dataset (P2-stack-3) for a part of the study site.
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poral classifications ML and SVM. These
classes occurred in the classification of the en-
tire study site but not in the presented subset
in Fig. 1. Regarding the large chickpeas field
(Fig. 1 rose) in the south, ML was not able to
distinguish between chickpeas, grain residues
or grains based on the monotemporal image.
The SVM in the monotemporal image mostly
identified this field as grain residues. In gener-
al, chickpeas fields have spectrally a very high
inner-field variation and in June the plants
were already dried out. Hence, the classifiers
could not differentiate between dried grains
and dried chickpeas in the single June dataset.
The multitemporal classifications, in contrast,
showed highly accurate classification results.
This refers to additional phenological infor-
mation, e.g. the signal of young plants in April
and the longer lasting growing period at the
end of P2, which was helpful to correctly iden-
tify chickpeas.

The same applies to the cotton fields in
Fig. 1 (pink), especially in the neighbourhood
of the already mentioned chickpea field. ML
on monotemporal data identified fennel, wa-
terlily, sunflower and other classes instead of
cotton. Due to the dry and hot climate condi-
tions in June (SINGER 2007) cotton fields need
to be irrigated. Furthermore, cotton was culti-
vated in stripes. Consequently a RapidEye pix-
el of 25 m? contains a mixed signal of soil (dry
and irrigated) and plant (cotton). The result of
the SVM in this case was slightly better, but
only for the multitemporal dataset almost all
pixels of the cotton fields were classified cor-
rectly. Again, the multitemporal information
was the determining factor for crop differenti-
ation. The harvested fields with crop residues
(Fig. 1 brown) were classified very precisely
except for one field in the north. This field was
still covered by a lot of straw during field sur-
vey and hence, ML classified most pixels as
grains. In general, the P2 mapping contains
only a few fields with mature and dry grains.
Only the temporal information allowed the
separation between unharvested grains and
the field with a high amount of grain residues.

Considering only the two multitempo-
ral classifications in Fig. 1, results were very
similar, except one fallow in the south of the
water reservoirs. The ML of P2-stack-3 was
identifying a lot of pixels of this field as grain

residues. The classification of the watermelon
fields (Fig. 1 créme) was slightly better using
the SVM, because the ML identified some
pixels as pumpkin. Pumpkins and watermel-
ons are from the same botanic family (Cucur-
bitaceae) and have a similar appearance at the
beginning of the growing season. Especially
the ML classification for the monotemporal
image showed a strong mixture between these
root crops. The multitemporal classifications
contain almost no misidentified classes.

5 Conclusions and Outlook

The present study confirmed the assumption
that multispectral satellite data have great po-
tential for multitemporal LU/LC mapping of
numerous different agricultural classes with
high accuracies. RapidEye data are not only
convenient from the spatial point of view (5 m
GSD, 79 km swath width), but also from ra-
diometry the increased spectral information
of multi-date stacks play an important role for
crop differentiation. The JM separability was
proven as a very useful pre-testing method to
find the best stack combination for the spec-
tral separation of different LU/LC classes. For
the first cultivation period (P1) with 16 classes
and thus 120 class pairings a multi-date stack
of three datasets was used to separate almost
all classes. Only one pairing remained closely
under the threshold. However, the classifica-
tions provided accuracies over 90% for both
selected classifiers (ML 94.83% and SVM
96.13%). The same applies to the second peri-
od (P2). The class separability was incremen-
tally improved by stacking RapidEye tiles of
different dates during the growing season. 27
classes were separated with a multi-date data-
set of four stacked RapidEye images. Both
classification results supported the assump-
tion that multitemporal datasets provide high-
er potential in LU/LC classification with over-
all accuracies over 90% (ML 93.28%, SVM
94.01%). SVM showed its suitability for spec-
tral data with higher dimension while ML pro-
vided slightly lower classification accuracies
for both periods. However, considering the
performance, ML classified the entire dataset
with about 1,000 km? much faster than SVM
(by a factor of 5).
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The study has demonstrated that stepwise
integration of datasets improved the spectral
separability between different classes and
hence, the classification accuracies. It is ex-
pected that additional datasets from the re-
maining, non-acquired months lead to even
better results. The weather conditions for the
region of northern Israel are very suitable
for optical remote sensing considering cloud
coverage. The RapidEye satellites, in addi-
tion, have convenient orbit track geometry
to acquire the entire study site in one or two
overpasses. Therefore, a monthly or a 14 days
acquisition cycle should have additional pos-
itive effects. The missing months were No-
vember, December and February for P1. Es-
pecially a February dataset from 2013 would
be helpful to consider the development of root
crops. Analogous to the April dataset of P2,
additional November and December images
of 2012 are assumed as helpful to account for
different initial phases of crop growth during
P1. Covering the entire first cultivation period
may allow separating extremely similar crops
as well as even different grain types (oat, rye
and barley).

The same applies to the missing months
May, July and September of P2. A May 2013
image containing spectral information about
vegetation at early growing stages would have
been preferred over an April 2013 image en-
suring that no reflectance of very late crops by
chance is included in the classification. More-
over, July as a mid-position of the phenologi-
cal period may improve the critical separation
of some class pairings, such as green fallow
and onions. In order to consider late mature
crops, a September dataset would have been
helpful.

In summary, multitemporal analyses of the
complete crop cycle may be improved with a
monthly availability of RapidEye or similar
optical remote sensing data. In this case, the
issue of the most important datasets for crop
identification could be investigated allowing
the development of a temporally optimized
and even more operational procedure.
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Multitemporale und kantenbasierte Analyseverfahren
zur Detektion agrarischer Landnutzungsdynamiken auf

Teneriffa

SeBAsTIAN GUNTHERT, SIMONE NAUMANN & ALEXANDER SIEGMUND, Heidelberg

Keywords: Veranderungsanalyse, Objektbasierte Bildanalysen, Canny-Algorithmus,

Brachflichen, Kanarische Inseln

Zusammenfassung: Wihrend bis Mitte des 20.
Jahrhunderts fast ausschlieBlich agrarische Inwert-
setzungsprozesse das Landschaftsbild Teneriffas
pragten, spielen in jiingster Zeit vor allem der Tou-
rismus und damit verbundene Wirtschaftssektoren
eine mafigebliche Rolle bei der anthropogenen Um-
gestaltung des Raums. Der mit dieser Entwicklung
einhergehende sozio6konomische Wandel von ei-
ner Agrar- zu einer Dienstleistungsgesellschaft
fihrt letztlich zu einer verstirkten Aufgabe von
landwirtschaftlichen Nutzflichen im ldndlichen
Raum. Die quantitative Untersuchung dieser agra-
rischen Landnutzungsdynamiken stellt das Haupt-
ziel der folgenden Studie dar. Die Grundlage hier-
fir bildet die quantitative Auswertung objektba-
sierter Landnutzungsklassifizierungen von SPOT
1-Daten (1986/88), SPOT 4-Daten (1998) sowie
RapidEye-Daten (2010) anhand eines modifizier-
ten, multitemporalen Post-Klassifikations-Ver-
gleichs. Dartiber hinaus wird ein weiterer objektba-
sierter Klassifizierungsprozess zur Erfassung der
landwirtschaftlich beeinflussten Gesamtfliche Te-
neriffas anhand hochauflésender RGB-Orthopho-
tos vorgestellt. Hauptaugenmerk dieses Verfahrens
liegt auf der kantenbasierten Detektion von Agrar-
flichen inklusive landwirtschaftlich stillgelegter
Areale bzw. Sukzessionsbrachen. Die Ergebnisse
zeigen auf, dass zahlreiche Ackerbauregionen ins-
besondere im humiden Norden der Insel durch kon-
tinuierliche Fldchenstilllegungen gekennzeichnet
sind. Dariiber hinaus wird deutlich, dass etwa ein
Drittel der Gesamtfliche Teneriffas durch agrari-
sche Nutzung geprégt ist. Etwa 72% dieser Fldche
bestehen derzeit jedoch aus Sukzessionsbrachen.

Summary: Multitemporal and edge-based analy-
sis techniques for detecting agricultural land use
dynamics on Tenerife. Whereas, until the mid-20th
century, mainly agricultural processes characte-
rised the landscape structure of Tenerife, tourism
and related economic sectors have had the greatest
effect on the anthropogenic landscape transforma-
tion in recent times. The associated socioeconomic
change from an agricultural to a service economy
has led to an increased abandonment of agricul-
tural land in rural areas. The quantitative analysis
of these agricultural land use dynamics is the main
objective of the following study. For this purpose a
quantitative analysis of object-based land use clas-
sifications of SPOT 1-data (1986/88), SPOT
4-data (1998) as well as RapidEye-data (2010)
has been done, based on a modified, multitempo-
ral post classification comparison. Moreover, an
additional object-based classification process for
identifying the total agriculturally affected area of
Tenerife on the basis of high-resolution RGB or-
thophotos is presented. This method focuses on
the edge-based detection of agricultural land,
including agricultural set-aside respectively suc-
cessional fallow areas. The results obtained indi-
cate, that many agricultural regions especially in
the north of the island are characterised by con-
tinuous agricultural abandonment. In addition,
the analysis shows that about one third of the to-
tal area of Tenerife is shaped by agricultural use.
However, at present approximately 72% of this
area consists of agricultural set-aside.
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1 Einleitung

Das heutige Landschaftsbild Teneriffas, der
mit 2.057 km? gréften Insel des Kanarischen
Archipels, kann als das Ergebnis einer bestin-
digen kulturlandschaftlichen Entwicklung an-
gesehen werden, die hauptsidchlich mit dem
Beginn der europdischen Kolonialisierung
im 15. Jahrhundert ihren Anfang nahm und
bis heute andauert. Bis Mitte des 20. Jahrhun-
derts pragten dabei fast ausschlieBlich land-
wirtschaftliche Inwertsetzungsprozesse das
Landschaftsbild der Insel. Das gesamte Unter-
suchungsgebiet unterliegt somit einer flichen-
intensiven landwirtschaftlichen Nutzung, die
grundsétzlich in zwei Arten unterteilt werden
kann: Eine exportorientierte, hochentwickelte
Intensivlandwirtschaft in Form von Plantagen
und Gewéchshauskulturen sowie eine traditi-
onelle Landwirtschaft fiir die Produktion von
Waren fiir den lokalen Markt. Letztgenannte
wird vornehmlich in Form von Terrassenfeld-
bau betrieben. Durch die Anlage von meist
aus Basaltgestein bestehenden Mauern kon-
nen steile Hange urbar gemacht werden. Auf
ebeneren Fldachen dienen die Basaltmauern
zum Schutz vor Bodenerosion bei Starkregen-
ereignissen (Otto 2003, S. 59). Hauptanbau-
produkte fiir den lokalen Markt sind vor allem
Kartoffeln, Weintrauben und subtropische
Friichte. Die exportorientierte Landwirtschaft
umfasst hingegen den Anbau von Bananen,
Tomaten und Schnittblumen (GUNTHERT et al.
2011, ViLLa et al. 2003).

In jlingerer Zeit — insbesondere seit den
1990er Jahren — spielen jedoch vor allem
der Tourismus und damit verbundene Wirt-
schaftssektoren eine mafgebliche Rolle bei
der anthropogenen Umgestaltung des Raums.
Der mit dem Tourismusboom einhergehende
sozio6konomische Wandel von einer Agrar-
zu einer Dienstleistungsgesellschaft fithrt zu
einer zunehmenden Versiegelung der Kiisten-
zonen infolge verstirkter Siedlungsexpansio-
nen und dem Ausbau weiterer, {iberwiegend
touristisch bedingter Infrastruktur (NAUMANN
2008). Andererseits fithrt die Abwanderung
der Bevolkerung und die Umorientierung der
Erwerbstédtigen von der Landwirtschaft hin
zum lukrativen Tourismus zu einer verstark-
ten Aufgabe von landwirtschaftlichen Nutz-
flachen im Hinterland (PotT et al. 2003). Diese

Brachflichen bieten potenziellen Raum, auf
dem sich angrenzende Okosysteme durch se-
kundire Sukzessionsprozesse wieder auf na-
turliche Weise ausbreiten konnen (FERNANDEZ-
Paracios & WHITTAKER 2008).

Die vorliegende Studie zielt darauf ab, die
rdumlichen Verdnderungsprozesse und -mus-
ter der landwirtschaftlichen Entwicklung der
gesamten Insel im Rahmen des soziodkono-
mischen Wandels quantitativ zu identifizie-
ren und insbesondere regionale Hot Spots
landwirtschaftlicher Flichenverdnderung zu
erfassen, die durch eine kontinuierliche Ag-
rarflichenabnahme oder -zunahme sowie
eine besonders hohe Verdnderungsintensi-
tit geprédgt sind. Dariiber hinaus soll eruiert
werden, welche Areale bislang fiir landwirt-
schaftliche Zwecke inwertgesetzt wurden und
wie hoch der Anteil rezent bewirtschafteter
Agrarflichen bzw. landwirtschaftlich still-
gelegter Areale an der landwirtschaftlich be-
einflussten Gesamtfliche Teneriffas ist. Die
hierdurch gewonnenen Ergebnisse stellen die
Grundlage zur Analyse und Bewertung des
Regenerationspotenzials, das sich durch die
Entstehung von Brachflédchen fiir die teilweise
stark anthropogen {iberprigten Pflanzenfor-
mationen der Insel, beispielsweise des kana-
rischen Lorbeerwaldes, ergibt (vgl. GUNTHERT
2014).

2 Datengrundlage und
-aufbereitung

Die Grundlage zur quantitativen Erfassung
der agrarischen Landnutzungsverdnderungen
auf Teneriffa bilden objektbasierte Landnut-
zungsklassifizierungen (LU-Klassifizierun-
gen) von 1986/88 (Overall Accuracy 90,9%),
1998 (OA 89,8%) und 2010 (OA 91,8%) (vgl.
GUNTHERT 2014). Diese basieren auf folgen-
den Satellitenbilddaten, die im Vorfeld ein
umfangreiches Pre-Processing, bestehend aus
einer Orthorektifizierung (SPOT), Koregis-
trierung (RapidEye), Atmosphérenkorrektion
(ATCOR, Atmospheric Correction), spektra-
len Bildschiarfung mittels des High-Pass-Fil-
ter Resolution Merge (SPOT) sowie arithmeti-
schen Pixeloperationen zur Gewinnung weite-
rer Trennungskriterien wahrend der LU-Klas-
sifizierung (Kalkulation verschiedener Vege-
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tationsindizes, PCA und IHS-Transformation)

durchlaufen haben:

e SPOT 1 (dlteste zur Verfiigung stehende,
hochauflosende Daten fiir das Untersu-
chungsgebiet; Aufnahmejahre 1986, 1987
und 1988): 3 Multispektralszenen (Le-
vel la, rdumliche Auflésung 20 m x 20 m;
3 PAN Szenen (Level la, rdaumliche Auflo-
sung 10 m x 10 m).

e SPOT 4 (Aufnahmejahr 1998): 3 Multi-
spektralszenen (Level la, rdumliche Auflo-
sung 20 m x 20 m; 3 M-Mode Szenen (Le-
vel la, rdumliche Auflosung 10 m x 10 m).

e RapidEye (Aufnahmejahr 2010): 11 Multi-
spektralszenen (Level 3a, rdumliche Aufls-
sung 5 m x 5 m).

Der zur Analyse der multispektralen Fern-
erkundungsdaten verwendete Segmentie-
rungs- und Klassifizierungsalgorithmus be-
riicksichtigt insgesamt vier Agrarklassen
(Ackerflichen, Schwarzbrache, Plantagen,
Gewdchshduser) sowie die Klasse Wolken
(SPOT 4 und RapidEye) und Siedlungsgebiete
(RapidEye). Letztgenannter Landnutzungstyp
findet Eingang in die Analyse zur Erfassung
der landwirtschaftlich beeinflussten Gesamt-
flache (vgl. Kap. 5). Die Agrarklasse Schwarz-
brache umfasst im Gegensatz zur Klasse
Ackerfliche alle Areale, die infolge verschie-
dener ackerbaulicher Mallnahmen, z.B. Pflii-
gen, Einsatz von Herbiziden, planmifig ve-
getationslos sind, aber dennoch einer gere-
gelten agrarischen Nutzung unterliegen (vgl.
BruNOTTE et al. 2002). Plantagen hingegen
beinhalten grofBflichige Monokulturen. Der
Landnutzungstyp Gewdchshduser bezieht
sich schlieBlich auf jene Agrarflichen, die von
Plastikfolien tiberspannt sind.

Ein Orthophoto-Mosaik von Cartografica
de Canarias S.A. (GRAFCAN) (Aufnahme-
jahr 2009, 389 vorprozessierte Einzelbilder,
rdumliche Auflosung 40 cm x 40 cm) dien-
te als Referenzdatensatz fiir die Orthorekti-
fizierung und Koregistrierung der genannten
Fernerkundungsdaten. Es bildet zudem die
Grundlage zur kantenbasierten Detektion der
landwirtschaftlich beeinflussten Gesamtfla-
che. Weitere in der Studie verwendete Daten
umfassen ein digitales Gelindemodell mit ei-
ner rdumlichen Auflésung von 10 m x 10 m
sowie eine digitale Stralenkarte des Untersu-
chungsgebiets von GRAFCAN.

3 Veranderungsanalyse zur
Erfassung der rezenten
Agrardynamik

Der klassische Post Classification Comparison
(PCC) Algorithmus basiert im Allgemeinen
auf dem pixel- oder objektbasierten Vergleich
bi-temporaler Datensétze. Die daraus resultie-
rende Verdnderungsmatrix in Form eines the-
matischen Layers zeigt auf, wo klassenspezifi-
sche, rdumliche Verdnderungen zwischen Un-
tersuchungszeitpunkt #, und ¢, zu beobachten
sind (CampBELL 2006). Die alleinige Berech-
nung solcher ,,from-to*“-Informationen bietet
jedoch nicht die Moglichkeit, rdumlich unter-
schiedliche Verdnderungsintensitdten im Un-
tersuchungsgebiet quantitativ zu detektieren.
Diese sind jedoch zur Erfassung von mogli-
chen Hot Spots landwirtschaftlicher Flachen-
verdnderung unabdingbar. Im Rahmen der
vorliegenden Studie wird daher ein PCC-Al-
gorithmus angewandt, der eine quantitative
Erfassung rdaumlicher Agrardynamiken be-
riicksichtigt und sowohl eine bi- als auch tri-
temporale Auswertung der Daten in z.T. hie-
rarchisch abhingigen Analyseebenen ermdg-
licht.

Grundlage zur Berechnung von Verinde-
rungsintensitdten bildet die Erzeugung eines
Raster-Grids mit einer den Input-Daten iiber-
geordneten Zellgroe von 500 m x 500 m.
Innerhalb jeder erzeugten Rasterzelle kann
nun zunichst die Verdnderung der einzelnen
Klassen wihrend eines spezifischen Untersu-
chungszeitraums berechnet werden, indem die
klassenspezifische Fliche Area,, des zeitlich
ilteren thematischen Datensatzes ¢, von der
Fliche des aktuelleren Datensatzes ¢, subtra-
hiert wird: Area, (t,)-Area, (t,) (vgl. GONTHERT
2014). Durch eine Addition der erzeugten
klassenspezifischen Flachenverdnderungen in
einer zweiten Hierarchieebene innerhalb des
PCC-Algorithmus kénnen dariiber hinaus wei-
tere thematische Verdnderungskarten erzeugt
werden: die so genannte Netto-Verdnderung
der Landwirtschaft fiir 1986/88 bis 1998 so-
wie fiir 1998 bis 2010. Werden diese Informa-
tionen erneut addiert, kann die Gesamt-Netto-
verdnderung der Landwirtschaft von 1986/88
bis 2010 berechnet werden (vgl. Abb. 2).
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Der Zwischenschritt, der zur Berechnung
dieses finalen Ergebnisses fithrt, ermdglicht
die zusitzliche Untersuchung der Verinde-
rungshistorie. Ist eine Rasterzelle durch eine
stetige Abnahme, also einen Riickgang der
Agrarflaiche sowohl zwischen 1986/88 und
1998 als auch zwischen 1998 und 2010, ge-
pragt, wird sie der Klasse Kontinuierliche
Abnahme zugeordnet. Umgekehrt verhilt es
sich mit der Klasse Kontinuierliche Zunah-
me. Bei allen weiteren Verdnderungskombi-
nationen, beispielsweise einer Zunahme zwi-
schen 1986/88 und 1998 sowie einer Abnahme
zwischen 1998 und 2010, wird die Rasterzelle
stattdessen als Dynamische Verdnderung cha-
rakterisiert.

Die in der vorliegenden Studie speziell fiir
Verdnderungen landwirtschaftlicher Nutzfla-
chen auf Teneriffa entwickelte Veranderungs-
analyse (Change-Detection-Analyse) verlduft
nach einer Festlegung der zu untersuchenden
Landnutzungsklassen automatisiert. Das Ver-
fahren ist daher leicht auf andere klassifizierte
Datensitze tibertragbar. Die Rasterzellengro-
Be kann dabei in Abhéngigkeit von der rdum-
lichen Auflésung der Daten sowie von der
GroBle des Untersuchungsgebietes spezifisch
angepasst werden.

4 Kantenbasierte Detektion der
landwirtschaftlich beeinfluss-
ten Gesamtflache anhand
hochauflésender Orthophotos

Die Untersuchungen im Rahmen der Verin-
derungsanalyse (Change-Detection-Analyse)
beschrianken sich ausschlieBlich auf die Erfas-
sung rezent genutzter Agrarflachen im Unter-
suchungsgebiet seit 1986/88. Feldforschungen
und Auswertungen alter Luftbildaufnahmen
zeigen jedoch, dass neben den detektierten
Gebieten zahlreiche weitere Flidchen fiir land-
wirtschaftliche Zwecke genutzt worden sind,
deren aktive Nutzung jedoch zum Teil schon
mehrere Dekaden vor 1986/88 zuriickreicht.
Die fiir eine gesamtlandwirtschaftliche Un-
tersuchung notwendige Detektion dieser ehe-
mals genutzten Agrarflichen ist in den ver-
wendeten Satellitenbilddaten nur schwerlich
moglich, da nattirliche Sukzessionsvorgénge
je nach Dauer der Brachephase zu einer teil-

weisen oder vollstindigen Wiederbesiedlung
der Fliachen durch benachbarte Pflanzenfor-
mationen gefithrt haben. Unter alleiniger Ver-
wendung spektraler Informationen konnen sie
somit nicht mehr von der natiirlichen, anthro-
pogen unbeeinflussten Vegetationsbedeckung
unterschieden werden (GUNTHERT et al. 2012).

Diese Sukzessionsbrachen (vgl. BRUNOTTE
et al. 2002) bzw. landwirtschaftlich stillge-
legten Areale konnen oftmals nur noch durch
Landschaftsrelikte, die auf ihre ehemalige ag-
rarische Nutzung hinweisen, identifiziert wer-
den. Hierzu zéhlen insbesondere die zur Ter-
rassierung von Fliachen errichteten Trocken-
mauern, die sich aufgrund der vorherrschen-
den orographischen Bedingungen iiber weite
Teile des Untersuchungsgebiets erstrecken.
Bewirtschaftete Agrarflichen weisen darii-
ber hinaus neben Trockenmauern zahlreiche
weitere lineare Elemente auf. Hierzu zdhlen
beispielsweise Ackerfurchen, Flur- und Feld-
grenzen sowie lineare Pflanzmuster. Die Er-
fassung der landwirtschaftlich beeinflussten
Gesamtfliche, die sowohl alle rezenten land-
wirtschaftlich genutzten wie auch stillgeleg-
ten Areale im Untersuchungsgebiet reprasen-
tiert, steht demnach in direkter Beziehung zur
Detektion linearer landwirtschaftlicher Struk-
turen, sofern diese in den zur Analyse ver-
wendeten Bilddaten erfasst werden konnen.
Es bedarf daher eines Detektionsverfahrens,
das anstatt spektraler Attribute einzig linea-
re Merkmale zur Erfassung von Agrarflichen
beriicksichtigt.

Die Grundlage zur Detektion und Extrak-
tion von linearen Agrarstrukturen aus Fern-
erkundungsdaten bilden im Allgemeinen ver-
schiedene Bildbearbeitungsverfahren wie
Textur-Filter (Kantendetektoren) oder Wave-
let-Transformationen (vgl. Turker & Kok
2013, Isuma et al. 2004, RYDBERG & BORGE-
Fors 2001, J1 1996). Die Beriicksichtigung der
daraus resultierenden Informationen dient da-
bei vor allem cinem Ziel, ndmlich der Erho-
hung der Detailgenauigkeit infolge eines ver-
besserten raumlichen Differenzierungsgrades
zwischen den jeweiligen agrarischen Land-
nutzungseinheiten. Die zu ermittelnden line-
aren Einheiten sind in der vorliegenden Studie
jedoch vielmehr als so genannte Agrarproxys
aufzufassen, durch deren Auftreten eine Un-
terscheidung zwischen landwirtschaftlich be-
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einflussten und unbeeinflussten Arealen im
Untersuchungsgebiet ermoglicht wird. Vor-
aussetzung zur Erfassung vorhandener Land-
wirtschaftstrukturen ist eine ausreichend
hohe rdaumliche Auflésung der zu analysieren-
den Fernerkundungsdaten. RGB-Orthophotos
des Untersuchungsgebiets (rdumliche Auflo-
sung 40 cm % 40 cm) bieten hierfiir eine sehr
gute Grundlage, da sich Terrassen und Tro-
ckenmauern selbst bei einer dichten Vegeta-
tionsdecke noch sehr gut identifizieren lassen
(GUNTHERT 2014). Der speziell zur Erfassung
der landwirtschaftlich beeinflussten Gesamt-
fliche Teneriffas entwickelte, kantenbasierte
Klassifizierungsprozess dient daher der Aus-
wertung von Orthophotos und besteht aus der
Kombination von insgesamt sechs verschiede-
nen Teilanalysen (vgl. Abb. 1).

4.1 Kantendetektion mittels Canny
Edge Detector

Zur Detektion von linearen landwirtschaftli-
chen Strukturen und deren Verwendung als
Agrarproxys ist zunichst ein Pre-Processing
der Orthophotos in Form einer Kantenfilte-
rung erforderlich. Ein hdufig zur Detektion
von Agrarstrukturen aber auch zur Erfassung
von urbanen und topographischen Mustern
eingesetzter Operator ist der Canny-Algorith-
mus (Canny Edge Detector) (vgl. TURKER &
Kok 2013, Liu et al. 2010, CaNNY 1986). Auf-
grund seiner hohen Performanz gegeniiber
anderen Techniken wie beispielsweise dem
Prewitt’s Operator, Robert’s Cross Operator
oder dem Laplacian of Gaussian (JuNelA &
SanpHU 2009) wird dieser in der vorliegenden
Untersuchung zur Erfassung linearer Agrar-
strukturen verwendet (vgl. Abb. 1, Bild 2).
Die Kantenfilterung durch den Canny-Al-
gorithmus wird durch drei Faktoren determi-
niert: Breite des GaulB-Filters innerhalb der
Glattungsphase, Festlegung eines unteren so-
wie oberen Schwellenwertes im Rahmen ei-
nes Hysterese-Verfahrens. Die Schwellenwer-
te dienen zur weiteren Reduktion der Gradi-
entenspannweite, nachdem das geglattete Bild
durch einen Sobel-Operator in x- und y-Rich-
tung gefaltet, die Stdrke sowie Orientierung
der Gradientvektoren bestimmt und eine Non-
Maximum Suppression durchgefiithrt wurde

(TurkEer & Kok 2013, Liu et al. 2010, Juneia &
SanpHU 2009, Canny 1986).

Die Canny-Kantendetektion erfolgt in den
einzelnen Teilszenen mit einer Halbwertsbrei-
te (Full Width at Half Maximum, FWHM)
von 2 fir die GauB3-Filterung. Dieser relativ
niedrige Wert gewdhrleistet eine ausreichend
hohe Detailgenauigkeit auch nach der Bild-
glattung. Fur die beiden Schwellenwerte wird
ebenfalls ein niedriger Wertebereich von 0,01
(Low) und 0,08 (High) definiert. Das daraus
resultierende Kantenbild beinhaltet zwar eine
grofBe Anzahl an Kantenfragmenten, die tat-
sdchlichen Agrarstrukturen wie Trockenmau-
ern und Feldgrenzen sind jedoch durch sehr
gleichmifBige, zusammenhidngende Linien
dargestellt.

4.2 Segmentierung der
kantengefilterten Orthophotos
und Klassifizierung von linearen
Agrarstrukturen

Auf Grundlage der kantengefilterten Fern-
erkundungsdaten wird in einem weiteren
Analyseschritt eine Bildsegmentierung und
anschlieBende Klassifizierung von linearen
Agrarstrukturen durchgefiihrt (vgl. Abb. 1,
Bild 3). Die klassifizierten Elemente stellen
die Basis fiir die darauffolgende Erfassung
der landwirtschaftlich beeinflussten Gesamt-
flache dar.

Fiir die Multiresolution-Segmentierung!
wird ein niedriger Skalierungsparameter von
3 sowie Homogenitdtskriterien von 0,1 so-
wohl fiir Shape als auch fiir Compactness ver-
wendet. Zur anschliefenden Erfassung der
linearen Agrarobjekte werden weitere Ein-
gangsdaten, d.h. das digitales Geldindemodell
(DTM), die Straennetzkarte sowie die Fla-
chen der Objektklasse Siedlungsgebiete aus
der Landnutzungsklassifizierung 2010, in den
Klassifizierungsprozess integriert. Die Klas-
sifizierung der Kantensegmente zielt darauf

! Die Multiresolution Segmentierung und die dar-
auffolgende objektbasierte Klassifizierung wurden
mittels eCognition Developer durchgefiihrt. Nach-
folgende Homogenitétskriterien und  Merk-
malsattribute beziehen sich auf die Software (vgl.
BrascHkE 2010, BEnz et al. 2004).
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ab, Uberwiegend gerade, lange und schma-
le Agrarobjekte zu erfassen. Das hierfir
entwickelte Regelset besteht aus folgenden
Merkmalsattributen: Shape-Density, Length,
Length/Thickness, Main direction, Shape In-
dex, Layer Value Mean Slope, Layer Value
Mean Elevation und Layer Value Standard De-
viation Elevation. Die beiden Attribute Shape-
Density und Length/Thickness miissen dabei
in Relation zum Auftreten des Kiefernwaldes
in der jeweils zu untersuchenden Bildszene

Orthophoto 2009 (Raumliche Auflésung: 40 x 40 cm)

spezifisch angepasst werden. Diese Waldbe-
stinde weisen eine teilweise sehr offene und
insbesondere bei Pflanzungen lineare Struk-
tur auf, wodurch es zu erhohten Fehlklassifi-
zierungen kommen kann. Ist der relative An-
teil der Waldflachen in der Szene sehr groB3,
missen die Merkmalsbereiche der beiden
Attribute enger gefasst werden. Die Bertick-
sichtigung von Layer Value Standard Devia-
tion Elevation gewihrleistet, dass besonders
in montanen Regionen nur hangparallele Seg-

Texturfilter (Canny's Edge Detektor)

Lineare Agrarstrukturen

[och  Nigdi@ Liniendichte

|:| Topographisch homogene Objekte

- Landwirtschaftlich beeinflusste Gesamtflache

N
0 100 200 400
T Veter

Abb. 1: Bearbeitungsschritte der kantenbasierten Erfassung der landwirtschaftlich beeinflussten
Gesamtflache anhand von Orthophotos (Quellen: Verandert nach GuntHerT 2014, Datengrundla-
ge Orthophoto: Cartografica de Canarias S.A. GRAFCAN).
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mente als Agrarstrukturen identifiziert wer-
den. Dartiber hinaus wird durch eine zusétz-
liche Regel definiert, dass alle Segmente un-
beriicksichtigt bleiben, die sich innerhalb von
Siedlungs-, Gewerbe- oder Stralenflichen be-
finden. Hierdurch wird verhindert, dass wei-
tere anthropogen bedingte Linearmuster wie
Gebdudekomplexe und Verkehrswege klassi-
fiziert werden (GONTHERT 2014).

4.3 Transformation von linearer zu
flachenhafter Information anhand
einer Line-Density-Analyse

Die als lineare Vektordaten extrahierten Ag-
rarstrukturen geben Aufschluss dariiber, wo
eine landwirtschaftliche Beeinflussung des
Untersuchungsraums vorliegt. Die Detektion
von Agrarflachen ist bislang jedoch nur in-
direkt durch das Uberlagern der Orthopho-
tos mit den erfassten Strukturen moglich. Die
linienbasierten Informationen missen dem-
nach so modifiziert werden, dass sie zur fla-
chenhaften Erfassung und Abgrenzung von
agrarisch beeinflussten und nicht beeinfluss-
ten Arealen verwendbar sind. Dies wird durch
eine Line-Density-Analyse (verfiigbar in Esri
ArcGIS 10.1) ermoglicht (vgl. Abb. 1, Bild 4).
Eine Density-Analyse kann als Datenglat-
tungs-Technik bezeichnet werden, mit der
Punkt- oder Liniendaten in eine kontinuierli-
che Oberflidche transformiert werden konnen
(Kroog et al. 2009). Dabei wird anhand der
Eingangsvektordaten ein Rasterdatensatz ge-
neriert, innerhalb dessen fiir jede Rasterzelle
— abhéngig von der rdumlichen Verteilung der
Eingangsdaten — ein Dichtewert erzeugt wird.
Im Rahmen der Line-Density-Analyse wird
die Dichte von linearen Features innerhalb ei-
nes definierten Radius jeder Ausgabe-Raster-
zelle erfasst. Dies geschieht, indem die Lange
des Teiles jeder Linie, die in den entsprechen-
den Radius fillt, addiert und durch die Fliche
des so entstandenen Kreises dividiert wird.
Die resultierenden Dichteeinheiten werden
anschlieBend in die MaBeinheit ,,m pro m?*‘
konvertiert (Esri 2013).

Die zur Erzeugung des Dichte-Rasters
durchgefiihrte Line-Density-Analyse beruht
auf einem Untersuchungsradius von 75 m und
einer rdumlichen Auflosung des Rasters von

5m x 5 m. Die so entstandenen kontinuierli-
chen Fldcheninformationen ermdglichen in
den nidchsten beiden Teilschritten eine Unter-
scheidung von landwirtschaftlich beeinfluss-
ten und unbeeinflussten Flichen (GUNTHERT
2014).

4.4 Erneute Segmentierung der
Orthophotos und Klassifizierung
der landwirtschaftlich
beeinflussten Gesamtfldche
(LbG)

Der nidchste Analyseschritt besteht aus ei-
ner erneuten Segmentierung der Orthophotos
(vgl. Abb. 1, Bild 5). Hierdurch werden ho-
mogene Landschaftsegmente geschaffen, die
zur endgiiltigen Klassifizierung von agrarisch
beeinflussten Arealen herangezogen werden
konnen. Die Grundlage zur Segmentierung
bilden auch hier neben den RGB-Orthophotos
die thematischen Daten in Form der Straf3en-
netzkarte und der Flichen der Objektklasse
Siedlungsgebiete aus der LU-Klassifizierung
2010. Die Einbeziehung der thematischen In-
formationen in diesen zweiten Segmentie-
rungsprozess garantiert eine klare Abgren-
zung zwischen infrastrukturellen und nicht-
infrastrukturellen Objekten. Der zu definie-
rende Skalierungsparameter wird hierbei auf
einen hohen Wert von 100 und die Homogeni-
tatskriterien auf einen Faktor von 0,3 fiir Sha-
pe und 0,9 fiir Compactness gesetzt.

Die erzeugten Landschaftsobjekte werden
schlieflich im Hinblick auf ihre landwirt-
schaftliche Beeinflussung klassifiziert (vgl.
Abb. 1, Bild 6 und Abb.3). Hierzu wird auf
Grundlage des zuvor generierten Line-Densi-
ty-Rasters ein spezifischer Wert definiert, ab
dem ein Landschaftsobjekt als landwirtschaft-
lich beeinflusst gilt. Dieser Mindestschwellen-
wert, der sich auf die durchschnittliche Ag-
rarstrukturdichte pro Objekt bezieht, kann
nach einer qualitativen Analyse verschiede-
ner Grenzwerte auf 0,025 m/m? beziffert wer-
den, was bei einem Radius von 75 m um die
entsprechende Ausgaberasterzelle einer Ge-
samtldange von ca. 442 m entspricht. Durch die
Verwendung des Schwellenwertes wird ge-
wihrleistet, dass Flichen mit sehr vereinzelt
auftretenden, nichtagrarischen Linearstruktu-
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ren bzw. sehr geringen Dichtewerten von der
Klassifizierung der landwirtschaftlich beein-
flussten Gesamtfliche ausgeschlossen werden
(GUNTHERT 2014).

4.5 Klassifizierungsgtite

Zur Ermittlung der Klassifizierungsgenauig-
keit des vorgestellten Verfahrens wird eine
Konfusionsmatrix (Confusion Matrix) er-
stellt und entsprechende Giitekriterien abge-
leitet (vgl. Tab. 1). Grundlage zur Erfassung
der notwendigen Testpixel stellt das Verfah-
ren der geschichteten Zufallsstichprobe mit
proportionaler Allokation (Stratified Random,
1000 Referenzpunkte) dar. Als Referenzda-
tensatz dient aufgrund fehlender bzw. nicht
existenter Vergleichsdaten das hochauflosen-
de Orthophoto von 2009. Die Objektklasse
Landwirtschaftlich beeinflusste Gesamtficiche
(LbG) wird dabei einer weiteren Objektklas-
se Sonstige Fldchen gegentubergestellt. Letzt-
genannte Klasse umfasst all jene Gebiete des
Untersuchungsgebietes, die im Rahmen des
vorliegenden Klassifizierungsprozesses nicht
als Agrarflichen detektiert wurden.

Dariiber hinaus wurden im Oktober 2011
insgesamt 120 Testflichen innerhalb der als
landwirtschaftlich beeinflusst detektierten
Areale aufgenommen und mit den Klassifi-
zierungsergebnissen abgeglichen. Auch diese
qualitative Vor-Ort-Untersuchung der Klas-
sifizierungsgiite unterstreicht die sehr hohe
rdumliche Detektionsgenauigkeit des Verfah-
rens selbst bei sehr alten und somit stark iiber-
wucherten Brachfldchen.

Tab.1: Error-Matrix und daraus abgeleitete
Genauigkeits-Indizes der klassifizierten land-
wirtschaftlich  beeinflussten Gesamtflache
(Quelle: Verandert nach GUNTHERT 2014)

Orthophoto Mosaik
Objektklasse 2009
*Pa **Ua
LbG 94,6% 84,5%
Sonstige Flichen 89,1% 96,3%
Overall accuracy:
91,2%

* Producer’s accuracy  ** User’s accuracy

5 Interpretation des agrarischen
Landnutzungswandels auf
Teneriffa

Die Untersuchung des agrarischen Wandels
auf Teneriffa zwischen 1986/88 und 2010 in
Form einer Gesamt-Nettoverdnderungskarte
unter Berticksichtigung der Verédnderungshis-
torie zeigt das Ausmal} der agrarischen Fli-
chennutzungsveridnderungen (vgl. Abb. 2). So
sind zahlreiche groBflachig zusammenhin-
gende Areale insbesondere im humiden Nor-
den durch kontinuierliche Flachenstilllegung
seit 1986/88 gekennzeichnet. Zu diesen Hot
Spots landwirtschaftlichen Fliachenriickgangs
zdhlen insbesondere die montanen Regionen
im siidlich von Buenavista del Norte gelege-
nen Teno-Massiv, die Region um Puerto de La
Cruz, die stidlich von Puerto de la Cruz gele-
genen Berghinge des Orotava-Tals sowie das
Anbaugebiet rund um La Laguna. Das touris-
tische Ballungsgebiet im Siidwesten Tenerif-
fas zeigt im Vergleich ebenfalls kontinuierli-
che Arealverluste. Diese fallen jedoch absolut
betrachtet deutlich geringer aus. Griinde hier-
fir liegen vor allem in der Intensivierung von
Agrarland in Form von Gewédchshauskulturen,
vor allem Bananen- und Tomatenanbau unter
Folie. Dem detektierten Flachenriickgang ste-
hen vor allem im Siiden des Untersuchungs-
raums vereinzelte Hot Spots kontinuierlicher
Agrarflichenzunahme gegeniiber. Waihrend
dieser Trend in den siidlichen Kiistengebie-
ten auf die Neuentstehung von Gewéchshéu-
sern zuriickzufiihren ist, hingen die Fldchen-
zunahmen in montanen Arealen mit der ver-
stirkten Anlegung von Rebflichen fiir die
Weinproduktion zusammen (GUNTHERT 2014).

Die kantenbasierte Klassifizierung der
landwirtschaftlich beeinflussten Gesamtfl4-
che lédsst erkennen, dass insgesamt 60.160 ha,
also etwa ein Drittel der Gesamtfliche Te-
neriffas, durch eine rezente oder historische
Agrarnutzung geprigt sind. Die Uberlagerung
dieses Areales mit der landwirtschaftlichen
Anbauflache 2010 erlaubt dariiber hinaus eine
eindeutige Differenzierung zwischen rezent
agrarisch genutzten und landwirtschaftlich
stillgelegten Fldachen (vgl. Abb. 3). Der Anteil
rezent genutzter Areale an der ermittelten Ge-
samtflache betrigt dabei nur etwa 28%. Die
restlichen 72% bestehen demnach aus stillge-
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legten Flachen bzw. Sukzessionsbrachen, die
sich vornehmlich in den topographisch und/
oder klimatisch benachteiligten Regionen der
Insel befinden.

Erste Analysen verdeutlichen, dass diese
stillgelegten Areale ein sehr hohes 6kologi-
sches Potenzial hinsichtlich der natiirlichen
Regeneration 6kologisch wertvoller Vegetati-
onsgesellschaften wie dem Lorbeerwald auf-
weisen. So zeigt ein Vergleich von aktuellen
Verbreitungskarten spezifischer Pflanzenfor-
mationen mit der detektierten landwirtschaft-
lich beeinflussten Gesamtflache, dass derzeit
etwa 930 ha des Lorbeerwaldes auf ehemals
landwirtschaftlich genutzten Arealen zu ver-
orten sind und diese somit als Regenerati-
onsflichen bezeichnet werden konnen. Beim
Sukkulentenbusch, einer Pflanzenformation,
die sich inmitten des traditionellen landwirt-
schaftlichen Kerngebiets befindet, belduft sich

San Cristébal de La Laguna

Puerto de la Cruz

Buenavista del Norte
lcod de los Vinos

der Anteil der Regenerationsflichen auf ca.
20.740 ha (vgl. GONTHERT 2014).

Die im Rahmen der Change-Detection-
Analyse erfasste rdumliche Agrarentwick-
lung mit einem Riickgang von Nutzflichen
vor allem im Norden Teneriffas kann somit
zumindest aus Okologischer Sicht positiv be-
wertet werden. Hilt diese Entwicklung weiter
an, konnte dies zu einer weiteren rdumlichen
Ausdehnung der genannten naturnahen Pflan-
zenformationen fithren. Zukiinftige Studien
sollten die als Regenerationsflichen ausge-
wiesenen Areale jedoch eingehender hinsicht-
lich ihres Sukzessionsgrades untersuchen. In
diesem Zusammenhang wire es sinnvoll, eine
Kategorisierung der erfassten Sukzessionsfla-
chen, beispielsweise auf Grundlage von Hy-
perspektraldaten hinsichtlich potenziell not-
wendiger Aufforstungsmafinahmen zur For-
derung der Biodiversitdt vorzunehmen.

in ha pro Rasterzelle
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Abb. 2: Gesamt-Nettoverédnderung der Landwirtschaft unter Berlicksichtigung von Flachen konti-
nuierlicher Veranderung zwischen 1986/88 und 2010 (Quellen: GUNTHERT 2014, Datengrundlage

DTM: Cartografica de Canarias S.A. GRAFCAN).
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Abb. 3: Agrarisch genutzte und landwirtschaftlich stillgelegte Areale auf Teneriffa im Jahr 2010
(Datengrundlage DTM: Cartografica de Canarias S.A. GRAFCAN).
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Summary: In this study field experiments were
conducted to test the ability of optimized spectral
indices and partial least squares (PLS) to estimate
leaf chlorophyll (Chl) content of rice from non-de-
structive canopy reflectance measurements. We in-
tegrated techniques involving the optimization of
narrow band spectral indices and the detection of
red edge position to optimize one type of spectral
indices, the ratio of reflectance difference index
(RRDI), for the estimation of leaf Chl content. The
optimized RRDI in the red-edge (RRDIre = (R~
R, )J/(R,,,—R,.,)) accounted for 62% — 72% of the
variation in leaf Chl content with an RMSE of
4.59 pg/cm? — 4.89 pg/cm?. Compared to spectral
indices, PLS improved the estimation of leaf Chl
content, yielding R? and RMSE of 0.85 pg/cm? and
3.22 pg/em?, respectively. Finally, the model based
on RRDI and the PLS model were further validated
by an independent dataset collected in farmer
fields. RRDI and PLS models yielded acceptable
accuracy with R? 0f 0.49 and 0.55, respectively, and
an RMSE of 5.47 pg/cm? and 5.13 pg/cm?. Our re-
sults suggest the potential to optimize spectral indi-
ces and also the significance of PLS technique for
mapping canopy biochemical variations.

Zusammenfassung: Abschdtzung von Blatt-Chlo-
rophyllgehalten von Reis mit Hilfe von Spektralin-
dizes und Partial Least Squares Analysen. In dieser
Studie wurden Feldversuche durchgefiihrt, um op-
timierte Spektralindizes und Partial Least Squares
(PLS) Analysen fiir die Abschidtzung von Blatt-
Chlorophyllgehalten von Reis mittels nicht de-
struktiven Reflexionsmessungen zu evaluieren. Es
wurden unterschiedliche Analysemethoden von
hyperspektralen Daten integriert. Ziel der Untersu-
chung ist die Optimierung eines bestimmten Typs
von spektralen Indizes, den Ratio of Reflectance
Difference Index (RRDI). Letzterer wurde fiir die
Abschitzung von Blatt-Chlorophyllgehalten ent-
wickelt. Der optimierte RRDI im red-edge (RRDI-
re = (R, ;—R,J(R,,—R,) erklérte 62% — 72% von
der Variabilitdt des Blatt-Chlorophyllgehalts mit
einem RMSE von 4.59 pg/cm? — 4.89 pg/em?. Im
Vergleich zu etablierten Spektralindizes kann mit-
tels der PLS Analyse die Abschidtzung von Blatt-
Chlorophyllgehalten signifikant verbessert werden
(R?=0.85, RMSE = 3.22 pg/cm?). SchlieBlich wur-
den die RRDI- und PLS-basierten Modelle anhand
eines unabhdngigen Datensatzes, der auf landwirt-
schaftlich genutzten Feldern erhoben wurde, zu-
satzlich validiert. Die RRDI- und PLS-Modelle er-
zielten eine akzeptable Genauigkeit mit jeweils ei-
nem R? von 0.49 und 0.55 und einem RMSE von
5.47 pg/cm? und 5.13 pg/cm?. Unsere Ergebnisse
unterstreichen das Potential fiir die Optimierung
von Spektralindizes sowie die Bedeutung von PLS
Analysen fiir die Bestandskartierung von bioche-
mischen Variationen.

1 Introduction

Rice is one of the main agricultural crops in
Northeast China. The Sanjiang Plain is well
known for large scale farming in China and
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is becoming more and more important in sup-
plying the food market with commercial rice
of high quality (Yao et al. 2012). For a high-
yield and environment-friendly agricultur-
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al development, real-time monitoring of the
growth status of rice is crucial to this region.

Remote sensing is increasingly being used
in agricultural applications owing to its po-
tential for the noninvasively gathering of in-
formation over larger areas (ATZBERGER 2013,
MuLra 2013). Hyperspectral remote sensing
of crop nutrient status is mainly based on the
estimation of leaf chlorophyll (Chl), which ab-
sorbs and converts solar light to biochemical
energy and thus often serves as an indicator of
plant stresses (FILELLA & PENUELAS 1994). Re-
cent studies have shown great potential of hy-
perspectral remote sensing for the estimation
of leaf chlorophyll (Zarco-TejapA et al. 2001),
plant nitrogen (N) (Yu et al. 2013), leaf area
index (LAI) (DarvisHzADEH et al. 2009), bio-
mass (Gnyp et al. 2013, Gnyp et al. 2014, KorpE
et al. 2012) and for disease detection (DELA-
LIEUX et al. 2009, LAUDIEN et al. 2006, LAUDIEN
& BareTH 2006).

The red edge (ca. 680 nm — 750 nm) of
spectra is of particular interest for estimating
leaf chlorophyll content (FILELLA & PENUELAS
1994, MaIN et al. 2011). The red edge position
(Agg) is defined as the wavelength of the peak
(local maximum) on the first derivative reflec-
tance spectra (HorLER et al. 1983). Generally,
Ay shifts to longer wavelengths with the in-
crease of Chl content (FiLELLA & PENUELAS
1994). Several studies have found that two or
more peaks in red edge can be derived from
the derivative spectra (HorLER et al. 1983,
ZArco-TEjapa et al. 2002). HorLER et al. (1983)
suggested that the first peak at around 700 nm
is determined mainly by chlorophyll content
while the second peak at around 725 nm is
governed more by scattering effects.

Recent studies have shown that optimized
narrow band spectral indices perform better
than broad band indices for the estimation of
Chl and LAI (DaRrvisHzADEH et al. 2008, DAR-
VISHZADEH et al. 2009). In most of these studies
narrow band indices take the forms of simple
ratio (SR) and normalized difference vegeta-
tion index (NDVI) to find the best band com-
binations. Yu et al. (2012) found that the opti-
mized SR- and NDVI-like indices have simi-
lar sensitive bands and provide equal ability to
estimate Chl.

The objective of this study is to test the abil-
ity of new spectral indices and the partial least

squares (PLS) method to estimate the leaf Chl
content of rice.

2 Material and Methods

2.1 Study Area, Experimental and
Farmer Fields

The study area is located in the Sanjiang Plain,
Heilongjiang Province, China. The Sanjiang
Plain was originally dominated by marshes
and it was converted to agricultural produc-
tion six decades ago (Yao et al. 2012). The cli-
mate in this region is cool-temperate subhu-
mid continental monsoon, with very cold win-
ters and warm summers. The climatic charac-
teristics of Sanjiang Plain are suitable for rice,
soybeans, wheat, and corn crops. Rice farm-
ing has become the dominant land use in this
region in the last two decades. More informa-
tion about the Sanjiang Plain has been provid-
ed elsewhere (Gnyp et al. 2013, Yao et al. 2012,
Yu et al. 2013). In this study, two field experi-
ments (Exp. 1 and Exp. 2) were conducted, and
14 farmer fields were selected for data collec-
tion.

Exp. 1: The N rate experiment was conduct-
ed at two sites: Qixing and Keyansuo experi-
mental stations with a same experimental de-
sign in 2008. A randomized complete block
design with four replications including five N
rates (0, 35, 70, 105 and 140 kg N ha! as urea,
CO(NH,),) was applied at both stations, where
a local rice cultivar Kongyul31 was planted.
60 kg ha! P,O; (as triple super-phosphate) and
75 kg ha'! K,O (as potassium sulfate) were ap-
plied to ensure the supply of other nutrients.
All plots had the same size of 100 m? (10 m
by 10 m).

Exp. 2: Similar design with Exp. 1, Exp.2
was conducted under five N levels that used
70% of each of the five rates of Exp. 1, which
was 0, 24.5, 49, 73.5 and 98 kg N ha -, respec-
tively. The same cultivar Kongyul31 and same
amount of P- and K-fertilizers were used.

Farmer fields: In addition to the experi-
mental fields, 14 farmer fields managed by
two farmers were selected for data collec-
tion, which is to be used as the validation da-
taset. Farmers applied fertilizers according to
their own experiences and local practices. The
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same cultivar Kongyul3l was planted in those
farmer fields.

2.2 Spectral Measurement

Hyperspectral reflectance data was measured
from a height of 30 cm above the rice canopy
under clear sky conditions within 2 hours of
solar noon, using the FieldSpec 3 spectrora-
diometer (Analytical Spectral Devices, Inc.,
Boulder, CO, USA) connected to a fiber fore-
optic that has a 25 degree field-of-view. The
FieldSpec 3 spectroradiometer operates in the
350 nm — 2500 nm spectral region and has a
spectral resolution of 3 nm at 700 nm, 10 nm
at 1400 nm and 2100 nm. The detailed de-
scription of FieldSpec 3 can be found in GNyp
et al. (2013). Hyperspectral reflectance data in
I nm steps were automatically output by the
spectroradiometer. We used the reflectance
data of 350 nm — 900 nm in this study due to
the specific interest in Chl.

2.3 Leaf Chlorophyll Measurement

On the same day of spectral measurements,
leaf chlorophyll was measured using a SPAD-
502 (Konica Minolta, Inc.) chlorophyll meter.
In those spectroradiometer-scanned plants, a
total of 10 — 15 newly, fully expanded leaves
were selected for recording SPAD values. For
each leaf, 3 replicates were recorded in the
middle position of the leaf base to tip and then
averaged. Finally, SPAD values were trans-
formed to area-based leaf chlorophyll content
(Chl, pg/cm?) using an empirically calibrated
function commonly used in remote sensing
studies (ATzBERGER et al. 2003, DARVISHZADEH
et al. 2008, MARKWELL et al. 1995).

2.4 Reflectance Indices

An NDVI-like index, the normalized reflec-
tance difference index (NRDI, (1)), was op-
timized using a lambda-by-lambda band op-
timization (LLBO) method, which has been
widely used in recent studies (DARVISHZADEH
et al. 2008, DARvisHZADEH et al. 2009, Yu et
al. 2013).

NRDI = X~z
Ry + Ry,

M
where R, is the reflectance at the wavelength
A. The LLBO method thoroughly examines all
the possible pairs of the bands A1 and A2 for
NRDI for the correlation with the response
variable of interest, chlorophyll in this study.

To test whether we can further improve the
robustness of optimized indices, we made a
hypothesis, which assumes that R_is the re-
flectance in response primarily to chloro-
phyll and is a function of the wavelength A,
ie., R = f(4). However, due to effects of soil,
water background and phenological develop-
ment, the measured canopy reflectance (R)
can be further assumed as a function of R and
the constants, a and b, that have multiplicative
and additive factors respectively, across wave-
lengths (2),

R=a-f(A)+b. )

Although such a linear hypothesis is rare in
nature, we expect that it allows for the removal
of the adverse effects added to the canopy re-
flectance (R). R, could be then calculated by
eliminating the factors @ and b from the mea-
sured reflectance R, following (3),

R =(R-b)/a- A3

However, since a and b are difficult to de-
termine, an alternative approach to eliminate
a and b is to use the ratio of reflectance differ-
ence as shown in (4),

Rc,ﬂ.l - Rc,/12
Rc,l3 - Rc,l4

— Rﬁ,l _R/12 . (4)
Rl3 - RM

Finally, we define the ratio of reflectance
difference index (RRDI, (5)) as:

R, —R
RRD] = 422 | ®)

A3 R/M

for which A1 — A4 are random wavelengths to
be optimized for the estimation of Chl. The
RRDI optimization is achieved through two
steps. First step, all possible 2-band combina-
tions of A1 and A2 within the range of 350 nm
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— 900 nm are examined for the correlation
with Chl, for which the best correlation (high-
est R?) produces the best NRDI. The best A1
and A2 determined in this step will be used as
the numerator in RRDI. Second step, all pos-
sible band combinations of A3 and A4 are ex-
amined for the correlation with Chl, for which
the best correlation produces the best RRDI.

2.5 PLS Model

The PLS method is an efficient tool for multi-
variate modeling and is increasingly used for
handling high dimensional hyperspectral data
(RicHTER et al. 2012). The PLS regression re-
duces the data dimension by extracting the la-
tent variables (factors) as new predictors and
regress the response variables on these fac-
tors. Compared to multiple linear regression,
the PLS regression has the desirable property
that solves the problem of strong co-linearity
(ATzBERGER et al. 2010). Therefore, PLS was
also used to estimate Chl in this study. PLS
has the advantage that the precision of the
model improves with the increasing num-
ber of variables and observations (WoLD et
al. 2001). To optimize the number of factors
(latent variables), leave-one-out cross valida-

900

Wavelength A1 (nm)

400 500 600 700
Wavelength A2 (nm)

il

01 02 03 04 05 06

800

Chl (ug/em?)

tion was used to test the significance of the in-
crease in the predicted residual sum of squares
(PRESS) (vaN DER VOET 1994).

3 Results

3.1 NRDI Optimization

Fig. 1A shows the lambda-by-lambda R? plot
for the correlations between NRDIs and Chl.
The highest R? values were obtained by the
red edge bands paired with NIR bands.

Fig. 1B shows the best NRDI (highest R?)
with A1 and A2 at 745 nm and 740 nm, respec-
tively. This NRDI accounted for 70% of the
variation in Chl with an RMSE of 4.8 pg/cm?
(Fig. 1B).

3.2 Red Edge Position

The red edge position (A,;) was determined
as the maximum of the first derivative of the
reflectance. Fig. 2 shows that A, ranged from
700 nm to 740 nm and yielded significant dif-
ference only when N rate was higher than
105 kg/ha.

20", R?=0.70

° RMSE = 4.80
p < 0.0001
10 !
0.02 0.04 0.06 0.08

NRDI=(R;,5R; 40/ (R745+R740)

Fig.1: A: Lambda-by-lambda R? plot showing the performance of different band combinations of
Al and A2 for the optimization of NRDI. B: Scatter plot showing the relationship between Chl and
the best 2-band combination of A1 and A2 derived from Fig. 1A.
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Fig.3: Leaf chlorophyll content (Chl, pg/cm?)
plotted as a function of the red edge position
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The N rates of 105 kg/ha and 140 kg/ha pro-
duced a A, shift to longer wavelengths and
yielded higher values of A, compared to the
low-N rates.

To investigate the response of A, to Chl
variations, Chl was plotted as a function of
Agg- Fig.3 shows that A, was positively re-
lated to Chl. The highest value of A, ca.
740 nm, corresponded to the highest Chl con-
tent that was 65 pg/cm? approximately.

3.3 RRDI Optimization

Fig. 4 shows the lambda-by-lambda R? plot for
the correlations between RRDIs and Chl. Re-

Wavelength A3 (nm)

5

400 500 600 700 800 900
Wavelength 44 (nm)
0.2 04 0.6

Fig. 4: Lambda-by-lambda R2 plot showing the
performance of different band combinations of
A3 vs. M for the RRDI. White rectangle high-
lights the red edge range of 700 nm — 740 nm.

sults indicate that RRDI greatly increased the
sensitivity to Chl across the whole wavelength
range compared to NRDI (Fig. 1A).

One of the significantly hot zones for A3
vs. A4 locates in the wavelengths of 700 nm
— 740 nm, which agrees well with the range
of A, (Figs. 2 and 3). Therefore, the A3 vs. A4
were optimized within the range of 700 nm —
740 nm and, they were finally determined as
740 nm and 700 nm based on the highest R2,
respectively, for the best RRDI.

The best RRDI = (R, — R, )/(R,,; — R, )
accounted for 72% of the variation in Chl with
an RMSE of 4.59 pg/cm? (Tab. 1).

Exp. 2 dataset was used to test the reliabil-
ity of the best NRDI and RRDI for the esti-
mation of Chl. Results show that NRDI and
RRDI accounted for 60% and 62% of the vari-
ation in Chl, respectively, with an RMSE of
477 pg/cm? and 4.63 pg/cm? (Tab. 1: Results
of R2 and RMSE (pg/cm2) for different da-
tasets using NRDI = (R745 — R740)/(R745 +
R740), RRDI = (R745 — R740)/(R740 — R700)
and the PLS model).

3.4 Chl Estimation for Farmer Fields

Regression models based on RRDI and NRDI
were calibrated using the pooled data of the
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Fig.5: (A) RRDI model based on the pooled
experimental data (Exp. 1 + 2). (B) NRDI model
based on the pooled data.

two experiments and were applied to farmer
fields for the estimation of Chl.

Fig.5 shows the calibration results for
RRDI and NRDI. RRDI and NRDI account-
ed for 65% and 62% of the variation in Chl of
pooled data (Exp.1 + 2), respectively.

Tab. 1 summarizes both the calibration and
validation results for farmer fields. The R? for
the predicted Chl by RRDI and NRDI against
the measured Chl were 0.49 and 0.45, respec-
tively, with an RMSE of 5.47 pg/cm? and
5.68 pg/cm? (Fig. 6A—B and Tab. 1).

3.5 Chl Estimation for Farmer Fields
Using PLS model

The PLS model was also calibrated using
the pooled data of two experiments. Results
showed that PLS model accounted for 85% of
the variation in Chl (Tab. 1) with an RMSE of
3.22 pglem?.

The calibrated PLS model was further used
to estimate the Chl of farmer fields. Fig. 6C
shows that R? for the predicted Chl by PLS
against the measured Chl was 0.55 with an
RMSE of 5.13 pg/cm?.

The PLS model accounted for a larger por-
tion of the variation in Chl of both experi-
mental and farmer fields and yielded a lower
RMSE compared to the univariate regression
models based on NRDI and RRDI (Tab. 1 and
Fig. 6).

Tab. 1: Results of R? and RMSE (ug/cm?) for different datasets using NRDI = (R,,, — R,,))/(R,,; +
R..), RRDI = (R, — R,,0)/(R,,, — R,,,) and the PLS model.

o NRDI RRDI PLS
Dataset Description n
R2 RMSE R2 RMSE R2 RMSE
Exp. 1 Optimize 160 0.70 4.80 0.72 4.59
Indices
Exp. 2 Test 80 0.60 4.77 0.62 4.63
Indices
Exp.1+2 Model 240 0.62 5.10 0.65 4.89 0.85 3.22
Calibration
Farmer fields Model 70 0.45 5.68 0.49 5.47 0.55 5.13
Validation

n, number of observations



Kang Yu et al., Estimate Leaf Chlorophyll of Rice

51

70 A RRDI
360 e
(4] o, ™
% . o-t.
@ 50 g
3 o, ® 3"’.
: L
E 40 ‘I..I.. *
ot R?=0.49
20 . RMSE = 5.47 |
p < 0.0001
30 40 50 60 70
70 B NRDI
Y ’
S 60 . %
g ‘.o..‘ .
B 50 S
=1 o % el
0 & ®
3 o o*
= 40 .=.o ".: °
ST R?=045
30 . RMSE = 5.68
p < 0.0001
30 40 50 60 70
70 C PLS
° e e °
S 60 o®
© @ o e
g . ° L ] .' Y
8 50 AR
2 o~ M
% ) .0
= 40 .‘.O.‘ . ®
e " R = 0.55
20 . RMSE = 5.13
p < 0.0001
30 40 50 60 70
Predicted Value

Fig. 6: Scatter plots showing the measured by
predicted values of Chl using (A) RRDI, (B)
NRDI and (C) PLS models calibrated on the
pooled data of two experiments (Exp.1 + 2).
Dashed line is the 1:1 line.

4 Discussion

The lambda-by-lambda band optimization
method has been used to optimize NDVI- and
SR-like indices for the estimation of canopy
characteristics in different species (DARvVISH-
zADEH et al. 2008, DARviSHZADEH et al. 2009,
Yu et al. 2012, Yu et al. 2013). However, the
potential of linking red edge characteristics
to the optimization of NDVI- or SR-like in-
dices have not been fully explored. As shown
in the lambda-by-lambda R? plots, the RRDI
optimization increases the sensitivity over the
entire wavelengths compared to NRDI (Figs.
1 and 4). In addition to the significant zone at
red edge range, the range for NIR vs. red edge,
e.g. 760 nm — 820 nm vs. 720 nm) also showed
the best performance. However, the NIR range
is governed primarily by LAI (DARVISHZADEH
et al. 2008), thus the red edge might be more
appropriate for Chl estimation.

The best RRDI= (R, — R, )/(R,,, — R,
could be considered as the ratio of derivative
of reflectance at 740 nm, i.e. dA,, = (A, —
X,,)/5) and the relative change in the red edge
positions. Similarly, LEg et al. (2008) found
that the derivative of reflectance at 735 nm
could be used to estimate rice N. Soil back-
ground is one of the main factors that affect
the hyperspectral remote sensing of leaf chlo-
rophyll. DARvISHZADEH et al. (2008) optimized
the SAVI2 type indices to estimate Chl and
found that it yielded equivalent accuracy in
terms of RMSE compared to narrow band
NDVI, i.e., NRDI in this study. However, the
optimization of SAVI2 type indices requires
the soil-line coefficients, which are difficult to
determine for this study due to the flooding
environment of rice field. Our results suggest
that RRDI seems to be able to reduce to some
extent the effects of soil, water background
and phenological development compared to
NRDL

Spectral indices are not able to represent all
spectral variability because they often employ
a limiting number of bands. Also, the simple
regression models based on spectral indices
are easy to be over-fitted to the limiting ob-
servations. In contrast, PLS takes into account
how the response variables co-vary with the
explanatory variables, and it is particularly
relevant in the situation where modeling data
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consist of many predictors, i.e., hyperspectral
narrow bands, relative to the number of ob-
servations (WoLD et al. 2001, Yu et al. 2014).
As expected, PLS outperformed both the opti-
mized NRDI and RRDI and resulted in lower
RMSE. Both NRDI and RRDI showed an un-
derestimation of high Chl values compared to
the PLS model (Fig. 6). This corroborates the
suggestion to use PLS for the full spectrum
analysis (ATzBERGER et al. 2003). However, the
determination of sensitive bands and optimi-
zation of spectral indices might be useful as
an early indicator of plant physiological status
and potential stresses before a more precisely
quantitative approach made by full spectrum
analysis.

Considering that spectral indices are char-
acterized by simplicity and are compatible for
different sensors with different resolutions or
bands, the optimization of spectral indices
still has practical value for applications of re-
mote sensing in agriculture. Robust spectral
indices will also contribute to the develop-
ment of end-user-friendly crop sensors. Bet-
ter development and validation of more com-
plex, but more reliable, indices could be also
achieved by integrating more rigorous cross-
validation or bootstrap techniques (RICHTER et
al. 2012).

5 Conclusions

The red edge plays a crucial role in estimating
chlorophyll (Chl). This stresses the high poten-
tial of the red edge bands for the optimization
of spectral indices. Two indices based on red
edge: the normalized reflectance difference in-

dex (NRDI = (R,,. — R, )J/(R,,. + R,,)) and the

ratio of reflectance difference index (RRDI =
(R,,s — R, ))/(R,,, — R, ) are robust indicators
of leaf Chl content of rice (R? =0.60 — 0.72,
RMSE = 4.59 pg/em? — 5.1 pg/cm?) according
to experimental data. They showed accept-
able performance for mapping the Chl varia-
tion in agricultural fields, yielding an RMSE
of 5.68 pg/cm? and 5.47 pg/cm?, respective-
ly, although the partial least squares (PLS)
model delivered higher accuracy (RMSE =
5.13 pg/em?). The results show the potential
of mapping canopy biochemical traits through

the optimization of spectral indices and other
feature reduction techniques such as PLS.
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Comparison of two Statistical Methods for the
Derivation of the Fraction of Absorbed Photosynthetic

Active Radiation for Cotton

Svywvia LEx, SARAH Asam, FaBiaN Low & CHRisToPHER CoNRAD, Wiirzburg

Keywords: FAPAR, agriculture, RapidEye, NDVI, empirical regression, percentile approach

Summary: The fraction of absorbed photosyn-
thetic active radiation (FAPAR) is an important
input for modelling biomass increase and agri-
cultural yield and can be calculated based on op-
tical remote sensing data. In this study two re-
mote sensing based approaches to derive the
FAPAR for irrigated cotton in Fergana valley,
Uzbekistan, are tested and compared: (i) FAPAR
rescale from the normalized difference vegeta-
tion index (NDVI) (“percentile approach”), and
(i1) an empirical regression approach based on
NDVI. In the rescaling approach FAPAR was
derived by relating upper and lower percentiles
derived from the NDVI distribution of cotton
fields from the entire study area to fixed FAPAR
minima (bare soil) and maxima. NDVI was de-
rived from multi-temporal 6.5 m RapidEye data
acquired throughout 2011. For the regression ap-
proach FAPAR data was collected in situ from
cotton fields during the vegetation season. The
percentile approach delivered an RMSE of 0.10
whilst regression was only slightly better with an
RMSE of 0.07. Hence, the percentile approach
could be concluded as being a fast and easy alter-
native to field data demanding empirical regres-
sions for the derivation of FAPAR on cotton
fields.

Zusammenfassung: Vergleich zweier statistischer
Methoden zur Ableitung des Anteils absorbierter
Photosynthese wirksamer Strahlung (FAPAR) fiir
Baumwolle. Der Anteil absorbierter photosynthe-
sewirksamer Strahlung (FAPAR), welcher ein
wichtiger Inputparameter fiir die Modellierung
von Biomassezuwachs und Ernteertrdgen ist,
kann aus optischen Fernerkundungsdaten abge-
leitet werden. In dieser Studie werden zwei ver-
schiedene, fernerkundungsbasierte Verfahren
zur Ableitung von FAPAR fiir Baumwollfelder
miteinander verglichen: (i) die direkte Ableitung
von FAPAR durch Umskalierung des Normali-
zed Difference Vegetation Index (NDVI) (,,Per-
zentil-Ansatz*) und (ii) eine empirische Regres-
sion von FAPAR-Feldmessungen mit dem NDVI.
Bei der Umskalierung werden obere und untere
Grenzwerte der NDVI-Verteilung (Perzentile) in
Beziehung zu FAPAR Minimum und Maximum-
Werten gesetzt. Die erforderlichen Geldndeda-
ten wurden wihrend der Vegetationsperiode
2011 im Ferghanatal in Usbekistan aufgenom-
men. Der NDVI wurde aus multi-temporalen
RapidEye-Daten desselben Jahres berechnet.
Die direkte Ableitung von FAPAR resultiert in
einem RMSE von 0.10, wiahrend mit der empiri-
schen Regression nur ein leicht besseres Ergeb-
nis (RMSE = 0.07) erzielt werden kann. Die Er-
gebnisse lassen auf eine gute Eignung des ver-
gleichsweise einfachen Perzentil-Ansatzes als
Alternative zu messdatenintensiven Methoden
zur Bestimmung von FAPAR auf Baumwollfel-
dern schlieen.

1 Introduction

Biophysical parameters like the fraction of
absorbed photosynthetic active radiation
(FAPAR) are important vegetation parameters
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for environmental monitoring. The FAPAR
characterizes the potential of vegetation to ab-
sorb energy (MyNENI et al. 1997) and is de-
fined as the fraction of radiation that is ab-
sorbed by the vegetation canopy in the visible

www.schweizerbart.de

1432-8364/15/0250  § 3.50



56 Photogrammetrie « Fernerkundung « Geoinformation 1/2015

light (400 nm — 700 nm) for photosynthesis
(MonTeITH 1972). Due to these properties,
multi-temporal FAPAR can be used for mod-
elling biomass accumulation and yield in agri-
culture (DELECOLLE et al. 1992).

Radiative transfer models (RTM) can
achieve very high accuracies when model-
ling FAPAR but require numerous sensor- and
site-specific input data such as illumination
and viewing geometries, leaf structure, chlo-
rophyll content or dry matter content (Jac-
QUEMOUD et al. 2009). On the basis of RTM, a
near-linear relationship between FAPAR and
remotely sensed vegetation indices (VIs) was
found (CHouDpHURY 1987, GowArRD & HUEMM-
RiCH 1992) which was the fundament for sta-
tistical FAPAR modelling.

The relation between VIs and FAPAR has
been investigated for different biomes from
in situ measurements to the scale of moder-
ate resolution sensors. Linear regressions of
in situ FAPAR and normalized difference VI
(NDVI) measurements were found for grass-
land and agriculture in West Africa by FENs-
HoLT et al. (2004). Cristiano et al. (2010) sys-
tematically compared numerous VIs with
FAPAR measurements of two different grass
types in Argentina within the vegetation sea-
son and found green NDVI, NDVI and the op-
timized soil adjusted VI to be the best statisti-
cal estimators for FAPAR. Logarithmic cor-
relations modestly outperformed linear cor-
relations. Differences in plant architecture of
the grass types or plant stress situations influ-
enced the slope of the statistical relation be-
tween the VIs and FAPAR only negligibly. In-
creasing stress in turn negatively affected the
strength of the correlation results. Investiga-
tions of the statistical relation between FAPAR
and VIs derived from satellite data revealed a
significant influence of vegetation cover frac-
tions on FAPAR (Asrar et al. 1992). Others
pointed at the necessity to carefully select the
appropriate VI in order to avoid impact of the
soil background colour, or to minimize errors
for different vegetation classes (e.g. CHOUD-
HURY 1987, SELLERS et al. 1994, 1996).

In the light of the almost linear relationship
between FAPAR and Vs, SELLERS et al. (1994,
1996) proposed a straight forward method for
global FAPAR retrieval independent from in
situ data, based on Advanced Very High Res-

olution Radiometer (AVHRR) data. Percen-
tiles from occurring NDVI values indicate the
range of possible FAPAR values, e.g. in case
of numerous vegetation classes, 98% and 5%
NDVI refer to FAPAR values of 0.95 and 0.001,
respectively (SELLERs et al. 1996). NDVI-
percentiles were calculated for each class
separately. In this global approach, the NDVI
percentiles were extracted from all available
AVHRR pixel values of one vegetation class
after correcting for varying illumination an-
gles caused by different geographical latitudes
(SELLERS et al. 1994, 1996). As SELLERs et al.
(1992) empirically found a near-linearity be-
tween the FAPAR and simple ratio (SR: ratio
between near infrared and red reflectance),
SELLERS et al. (1994) used SR for calculating
FAPAR between the extreme values (percen-
tiles) in the original formulation of their ap-
proach. However, the authors were aware that
other VIs may better suit for some vegetation
classes and soil types, as for instance shown
by Cuoupnury (1987) who selected the NDVI
for deriving FAPAR of crops on bright soils.
Examples for the implementation of NDVI in-
stead of SR in a percentile approach are given
by OrorssoN & Exkrunpa (2007) and Orors-
soN et al. (2007). The authors utilized Mod-
erate Resolution Imaging Spectroradiometer
(MODIS) NDVT for FAPAR modelling on for-
ested sites in Sweden and Denmark.

Only few studies transferred the approach
of SELLERS et al. (1996) to high resolution data.
LoBeLL et al. (2003) compared several com-
binations of VlIs for wheat in agricultural ar-
eas of Mexico based on multi-temporal 30 m
Landsat data (TM and ETM+). They tested
(1) SR and (ii)) NDVI using the percentile ap-
proach. With the resulting FAPAR from (i)
and (ii) they calculated the mean FAPAR of
both approaches (iii). Yield was calculated and
the best results, i.e. mostly matching regional
yield statistics, were obtained by averaging the
estimates of the FAPAR from SR and NDVL

This study targets at the application of the
approach of SELLERS et al. (1994, 1996) to mul-
ti-temporal high spatial resolution RapidEye
data of 2011 for deriving the FAPAR in cot-
ton ecosystems of Fergana Valley in Uzbeki-
stan. In this region, area-wide approaches for
mapping vegetation parameters without or us-
ing minimum field data appear to be useful
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for land and water management, because in-
formation on crop growth and crop yields is
rare. The percentile approach was employed
in three different experiments using literature
values and satellite data derived soil back-
ground values for calculating the FAPAR
range for the VI percentiles (NDVI and SR).
The results were compared with simple linear
regression results between field measurements
of the FAPAR and NDVI. The NDVI was se-
lected because it was identified as the best per-
forming VI for the FAPAR derivation via lin-
ear regression in a pre-study conducted in the
same study region (LEx et al. 2013). The test-
plots were located on two farms with different
cotton cultivation practises.

2 Study Area

The study area Fergana valley is located in the
eastern part of Uzbekistan in the upstream part
of the Syr Darja River. The climate is dry with
a mean precipitation ranging from 100 mm to
500 mm and a mean temperature of 13.1 °C

0 15 30 60
SN W Kilometres

(ABDULLAEV et al. 2009). It is one of the largest
and most intensively used agricultural areas in
Uzbekistan where one third of the country’s
population lives (Reppy et al. 2012). Main
crops in this region are winter-wheat, cotton,
rice, and orchards. Vegetables like water-mel-
ons and tomatoes are also planted (CONRAD
et al. 2013). As the evaporation rate is about
1,200 mm per year, which exceeds precipita-
tion by far, irrigation of the agricultural fields
is necessary (REDDY et al. 2013).

Two locations in the Fergana valley were
selected as study sites: The Water User As-
sociation (WUA) “Akbarabad” and the WUA
“Azizbek” (see Fig.1). In Akbarabad, cotton
is sown at a row distance of 60 cm while in
Azizbek farmers planted in 90 cm distance.
Sowing date for cotton in both study sites was
in the first half of April in 2011. Harvesting
took place between the end of September and
middle of October. All fields are characterized
by similar soils which are loamy with an aver-
age content of sand between 40 and 50%, a silt
content of 50 to 60% and a small clay fraction
between 0 and 20% (KENJABAEV et al. 2013).

N [ Test cotton fields

[_1 Other cotton fields
= In situ measurements
0 05

1
) Kilometres

Fig. 1: The two study sites are located in the Fergana valley, Uzbekistan: Akbarabad (A) and Aziz-
bek (B). RapidEye data, shown in the maps on the right, is from 29.7.2011 and displayed as true
colour composite. Blue lines indicate the boundaries of test cotton fields and the in situ measure-
ments are presented with yellow dots. The background map consists of two Landsat — TM images
(only red band) from 3.6.2011 (southern part) and 22.8.2011 (northern part).
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3 Data and Methods
3.1 Field Campaign

In total, nine cotton fields were selected within
the two study sites in the south-eastern part of
the valley (see Fig. 1). Four fields were located
in the WUA “Azizbek” (study site B: Fields
1, 2, 3, 4) and five in the WUA “Akbarabad”
(Study site A: Fields 5, 6, 7, 8, 9). The FAPAR
ground truth data was collected between the
beginning of June and the end of September
2011. On each field three environmental sam-
pling units (ESUs) were established with each
ESU consisting of twelve field points. Only
on field 4 two ESUs were measured. An ESU
describes a comparatively homogeneous area
with a size of 20 m x 20 m. The twelve field
points should integrate the within ESU vari-
ability of the field measurements. It has to
be noted that in the later analysis, segments
of RapidEye data were analysed, which com-
pletely covered the ESU. The total number of
field points was 312 (26 ESUs with twelve field
points each). Each field point was visited six
times during the season (Tab. 1).

At each field point the FAPAR was meas-
ured using the Ceptometer AccuPAR LP-80
(DecacoN DEevices 2013). It is equipped with
an 80 cm long bar with 80 equally distribut-
ed sensors enabling measurements of the pho-
tosynthetic active radiation (PAR) above and
beneath the canopy. The average plant height
was measured with a folding metre stick.

3.2 Pre-Processing of Satellite Data

RapidEye data (Tyc et al. 2005) was ac-
quired throughout the measurement campaign
(Tab. 1). In order to cover both study sites,
two different RapidEye paths were analysed
(Fig. 1). Each scene was atmospherically cor-
rected using ATCOR2 (RICHTER & SCHLAEPFER
2012) within the processing chain CATENA
that was developed at the German Aerospace
Center (DLR) (DLR 2014). Geometric correc-
tion was done with the software ERDAS Au-
tosync-Module (ERDAS 2010) with a result-
ing RMSE of below 2.2 m as described in LEx
et al. (2013).

In situ data was not compared to pixel val-
ues but to a homogeneous surrounding of
the field points. This step should account for
both, uncertainties between the geolocation of
in situ and satellite data, which may lead for
incorrect sample pairs of in situ FAPAR and
RapidEye NDVI, and the scale difference be-
tween 6.5 m RapidEye pixels and the ESUs. To
cope with the prescribed uncertainty the data
was segmented using the software eCognition
(TrimBLE GERMANY GMBH 2010) as proposed
by FritscH et al. (2012). Therefore, a relatively
small scale parameter (10) and the parameters
shape and compactness (set to 0.9 each) were
used. By doing so, a sub-segmentation of the
cotton fields was achieved. For every available
RapidEye acquisition, NDVI was calculated
and spatially averaged within these sub-seg-
ments of the cotton fields.

Tab. 1: Acquisition timing of RapidEye data and corresponding field sampling campaigns (adapted

from Lex et al. 2013)

Site A (Akbarabad)

Site B (Azizbek)

RapidEye Beginning of End of

Acquisition fieldwork fieldwork
07.06.2011 08.06.2011 15.06.2011
24.06.2011 24.06.2011 28.06.2011
23.07.2011 15.07.2011 23.07.2011
29.07.2011 30.07.2011 01.08.2011
07.08.2011 10.08.2011 16.08.2011
31.08.2011 26.08.2011 05.09.2011

RapidEye Beginning of End of

acquisition fieldwork fieldwork
15.06.2011 14.06.2011 16.06.2011
23.06.2011 25.06.2011 29.06.2011
07.07.2011 11.07.2011 13.07.2011
29.07.2011 21.07.2011 29.07.2011
07.08.2011 12.08.2011 15.08.2011
23.08.2011 24.08.2011 25.08.2011
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3.3 Percentile Approach

For the derivation of the FAPAR the formula
proposed by SELLERS et al. (1996) was utilized
in this study (1):

FAPAR =

(VI, = VI,5)*(FAPAR,, — FAPAR )

VI, — VI,
+ FAPARmin (1)

where FAPAR_  (FAPAR ) refers to the
maximum (minimum) possible FAPAR value
of one class within the entire study area, Vi,
(VI,) corresponds with VI-values of the 98%
(5%) percentile and VI, is the actual VI-value
at pixel i. In their global approach SELLERS et
al. (1996) suggested for vegetation classes that
the FAPAR values of 0.950 (FAPAR_, ) and
0.001 (FAPAR_. ) denote the VI, and VI, re-
spectively.

For the RapidEye data in the Fergana Val-
ley four variants of the original percentile ap-
proach were implemented using two different
VIs and one alternative for the VI, percentile.
First, the VIs were varied and (1) was imple-
mented for cotton with the aforementioned
propositions for the FAPAR extremes and VI
percentiles. Here, simple ratio (SR, (2)) and
the NDVI (3) were selected for implement-
ing the FAPAR retrieval (SR: SEL-1, NDVI:
SEL-2).

min

sg= VR ©)
RED
vpyj = MR—RED 3)
NIR + RED

Second, VI, was substituted with the VI
value of bare soil. This step was based on the
assumption that taking into account only sat-
ellite measurements during the vegetation pe-
riod within a comparatively small geograph-
ic region will underestimate FAPAR in early
crop stages. In such cases, when all satellite
data show crop cover, the 5% percentile of VI
data could already reflect vegetation activity
and in consequence FAPAR higher than 0.001,
which was set in SEL-1 and SEL-2. Therefore,
one additional RapidEye acquisition from
8.4.2011 was analysed. Accordingly, SEL-3

(SEL-4) is based on SR (NDVI) from pre-sea-
son bare soil situation.

VI analysis was conducted on a segment
level. The percentiles (VI and V1) were cal-
culated over all scenes of the RapidEye time
series between the beginning of June and the
end of September. This VI-value for bare soil
in SEL-3 and SEL-4 is the mean value of all
pixels within all sub-segments on cotton fields
(section 3.2).

3.4 Empirical Regression Approach

Based on the in situ FAPAR data and the
NDVI mean values of the sample segments,
paired for corresponding acquisition dates
(see Tab. 1), a simple linear regression equa-
tion including all observations aggregated at
ESU level was established (REG). NDVI was
selected as VI because according to LEx et al.
(2013) best empirical regression results were
obtained with SAVI and NDVI. As the NDVI
is used in the percentile approach of SELLERS
et al. (1996), in this study NDVI was chosen.
To account for the fact that study sites A and
B varied in their management practices (sec-
tion 2) and for a better assessment of the sta-
bility of the regression parameters (slope and
offset) over the area, the regression approach
was also separately applied to the two study
sites (REG-A, REG-B).

A regression equation can only be estab-
lished if the residuals of the model fit are nor-
mally distributed (BAHRENBERG et al. 2010).
The Lilliefors-Test is also valid for few obser-
vations (LiLLIEFORS 1967) and was selected in
this study to test the normal distribution of the
residuals.

3.5 Validation and Comparison

Three quantitative assessment measures were
applied for validating and comparing the
quality of all experiments. This comparison
between the results in turn enabled the iden-
tification of the most accurate approach and
the evaluation of the quality difference when
using the simplified percentile approach in-
stead of a field work intensive regression.
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The root-mean-square error (RMSE, (4)) re-
turns an average absolute deviation:

RMSE = /lZef @),
niz

where n is the number of FAPAR measure-
ments and € is the deviation between mod-
el result and the respective in situ data. The
mean direction of deviation is given by the
BIAS (5):

BIAS = lZG,. ).
n sy

The coefficient of determination (R?) was
employed for estimating the strength of the
statistical correlation between the model out-
put and the field measurements.

4 Results and Discussion
4.1 Analyses of in situ Data

The temporal development of the FAPAR var-
ied between all cotton fields during the en-
tire vegetation period. However, the most re-
markable discrimination was found between
the temporal development of the fields in the
study sites A and B (Akbarabad, Azizbek).
Already in time step 2 (Site A: 23.6.2011, Site
B: 24.6.2011) FAPAR increases more slow-
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ly in study site B than in study site A (Ak-
barabad) (Fig.2a). Later, in time steps 3 to 6
(7.7.2011/23.7.2011, 29.7.2011, 7.8.2011, and
23.8.2011/31.8.2011), the boxplots of the fields
in Azizbek (B) remained on a significant lower
FAPAR level than in Akbarabad (A).

Plant heights developed similar to the
FAPAR within the season (Fig. 2b). Plants on
the study site A were permanently higher (av-
erage of 76 cm) than those on the study site
B (average of 63 cm). Both, FAPAR and plant
height indicate a comparatively high vegeta-
tion cover in site A. The latter can be substan-
tiated by taking into account the differences
in cotton cultivation practises. Farmers in the
study site B grow cotton with a row distance
of 90 ¢cm, whilst fields in the study site A were
organized in rows with distances of 60 cm
(section 2).

Varying vegetation heights within neigh-
boured observations indicate a more hetero-
geneous structure of the vegetation canopy.
The latter is influencing the scattering of light
as described by MyNENT & WiLLiams (1994).
Accordingly, the distribution of FAPAR cor-
responded with the deviation of plant height
measurements on both observation sites. For
most field observation periods, FAPAR and
plant height boxes show narrow distribution
between the upper and lower box boundaries
in study site B. In contrast, variability of both
variables was closer to the observed mean val-
ues in the study site A.

1

T E Akbarabad (A)
Azizbek (B)

bl
r%,: RS

2 3 4 5 6
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Fig.2: a) Seasonal development of FAPAR b) development of plant heights for study sites A (Ak-
barabad, in blue colour) and B (Azizbek, in cyan colour); the box plots show the distribution of
FAPAR and plant height values for each time step for both study sites A and B. The bar within the
box is the median, the edges of the box show the interquartile range and the edges of the whiskers
represent the minimum and maximum values. All values that are higher than 1.5 interquartile
range are plotted as dots (FAPAR = fraction of absorbed photosynthetic active radiation).
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4.2 Percentile Approach

Fig. 3a compares the in situ measured FAPAR
with the results from the percentile approach
experiments SEL-1 and SEL-2. For VI, a
NDVI value of 0.84 was received and VI, was
found to be 0.14.

The FAPAR values, calculated based on
SR (SEL-1), were lowest and fit the in situ
data with a RMSE of 0.281 (R? = 0.72, BIAS
= -39%, Tab.2). SR was less sensitive to low
FAPAR ranges, which led to an underestima-
tion of in situ measurements (see blue dots in
Fig. 4). The result queries the presumption of a
linear relation between the SR and the FAPAR
for cotton ecosystems in the study region.

The scatterplot between the FAPAR meas-
ured in situ and the FAPAR derived from the
NDVI (SEL-2) shows a clear linear relation.

The validation measures of SEL-2 (RMSE:
0.1, R%: 0.87) exceeded that of SEL-1. Howev-
er, the BIAS of 4.29% indicates a small over-
estimation of the model SEL-2 which can be
assigned to high FAPAR levels (Fig.3, red
dots). These overestimations could be correct-
ed by adjustment of the NDVI-percentiles, e.g.
utilizing maximal field measurements of the
FAPAR could be envisaged. The latter would
go beyond the scope of this study, in which
the percentile approach was tested as a variant
for the FAPAR derivation without field meas-
urements. The results of SEL-2 comply with
observations of OLorssoN & ExrLunph (2007)
who observed RMSE values between 0.03 and
0.67 using the percentile approach with NDVI
for the FAPAR estimations for Scandinavian
forest classes.
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Fig. 3: a) Results of the percentile approach in contrast to the field measurements: with the SR
(SEL-1, blue dots) and the NDVI (SEL-2, red dots); b) Results of the percentile approach in contrast
to the field measurements: with the SR (SEL-3, blue dots) and NDVI (SEL-4, red dots).

Tab. 2: Assessment of the percentile approach (SEL-1 to SEL-4) based on BIAS, RMSE, and R2.

Method BIAS RMSE R Number of
(in %) observations
SEL-1 -39.646 0.281 0.7227219 148
SEL-2 4.293 0.098 0.8741476 148
SEL-3 -39.865 0.283 0.7227219 148
SEL-4 3.612 0.099 0.8741476 148
SEL-2-A* 7.954 0.116 0.8001162 86
SEL-2-B* -3.125 0.064 0.8903632 62

*A and B refer to the respective study sites.
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The experiments SEL-3 and SEL-4 re-
turned validation measures which are almost
the same as those of SEL-1 and SEL-2, respec-
tively (Fig.3b, Tab.2). The lower percentile
boundary (VI;) used in SEL-1 and SEL-2 was
with a NDVT value of 0.14 (SR value of 1.33)
very similar to the soil VI approach (SEL-3
and SEL-4), which revealed a NDVI value of
0.15 (SR-value of 1.35) for VI.. The VI values
composing VI, in SEL-1 and SEL-2 originated
all from the RapidEye observations in June
(7.6.2011). Distinguishing between NDVI ac-
quired in June and April (8.4.2011) led to neg-
ligible differences, which could be confirmed
by visual inspection. The results show that the
percentile approach can be easily applied to
multi-temporal remote sensing data if suffi-
cient NDVI values represent soil conditions.
In this study, despite including only data af-
ter sowing, soil representing NDVI values
were suffered due to the presence of one time
step in initial growing phases. However, SEL-
4 presented a feasible variant for the FAPAR
derivation in case of absent early season data
characterized by a very low vegetation cover.

The performance of the percentile approach
was further analyzed separately for the study
sites A and B. Only SEL-2 is presented as this
analysis revealed the lowest absolute numeri-
cal deviation between model results and in
situ measurements expressed by the RMSE
(Tab.2). SEL-4, which delivered nearly the
same results as SEL-2, due to the similar value

of VI, for SEL-2 and SEL-4, is not presented
here as the resulting FAPAR was very close
to that from SEL-2. The scatterplots between
the FAPAR, derived by the NDVI-percentiles,
and field measurements (Fig. 4) show a high-
er deviation from the theoretically perfect re-
sult (diagonal line) for the study site A than for
the study site B. Accordingly, the RMSEs of
0.06 and 0.12 approve a slightly higher perfor-
mance of the SEL-2 model in Azizbek (study
site B) than in Akbarabad (study site A). These
differences might be explained by the grow-
ing conditions differing between the study
sites as described in section 4.1. In the study
site A the cotton plants are higher than those
in the study site B. A taller plant drops more
shadow than a smaller plant, especially dur-
ing hours that are deviating from noon, when
lower sun elevation occurs. Additionally, the
plant heights observed in study site A within
one time step show higher variability than in
study site B. As a result shadow lengths are
not constant. In case of small row distances as
recorded in the study site A, the shadow drop-
ping of one cotton row might fall into the next
row. Accordingly, uncertainties of the FAPAR
measurements in situ, as well as the satellite
derived NDVI are higher than in the study site
B, which in total confirms findings of TEWOLDE
et al. (2005). However, the high precision lev-
el of both study sites indicate the stability of
the percentile approach to derive the FAPAR
of cotton under different cultivation practices.

Akbarabad Azizbek
10" NDviss=084 NDVIgs = 0.84
oog. NDVIE=014 o 7 NDVles = 0.14
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Fig.4: Percentile approach with NDVI (SEL-2) in the study sites Akbarabad (left) and Azizbek
(right).
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4.3 Simple Linear Regression

The Lilliefors test for normal distribution of
the residuals, which is the precondition for
empirical regressions, delivered a p-value of
0.8753 for the regression approach applied to
the entire set of field samples and NDVI val-
ues (REG). Accordingly, the hypothesis of
normal distribution cannot be rejected as the
p-value exceeded 0.05. Also for the separate
analysis of the two study sites, the Lilliefors
test showed a normal distribution of the resid-
uals (p = 0.5796 for REG-A and p = 0.2006
for REG-B).

The statistical analysis of the entire data-
set (REG) achieved an RMSE of 0.07 and R?
of 0.87 (Tab.3). According to the statistical
nature of high correlation coefficients BIAS
was negligible (<< 0.01%). Previous studies
achieved similar RMSE values for FAPAR
derivation using linear regression, e.g. 0.086
in an agricultural landscape in Spain based
on Landsat NDVI (Ripao et al. 1998), or R? of
0.61 in a steppe landscape in South America
modelled with MODIS NDVI (Cristiano et al.
2010) and 0.86 — 0.96 in the savannah in Sen-

egal, also based on MODIS NDVI (FeNsHOLT
et al. 2004).

Similar statistical relations were found for
the two study sites, however, the results varied
slightly. The coefficient of determination for
study site B (REG-B) was with a value of 0.89
higher than for study site A (REG-A), where
R?was 0.80. Also RMSE (0.05) of REG-B, i.c.
the total deviation between statistically de-
rived FAPAR and in situ measurements was
lower than of REG-A (0.08).

The same reasons as stated for the percen-
tile approach, i.e. high variability of plant
heights and a resulting inhomogeneity in site
A, can explain these differences between the
results among the study sites. The scattering
of the value pairs from the FAPAR in situ data
and the NDVI around the regression line for
each study site is given in Fig.5. The same
patterns as for the percentile approach can be
discovered.

In Azizbek (study site B) the FAPAR in situ
data ranged from 0.17 to 0.79 while in Ak-
barabad (study site A) the data range was be-
tween 0.18 and 0.96. During the entire season
the FAPAR-values of study site B- remained

Tab. 3: Assessment of the simple linear regression (REG, REG-A, REG-B) based on BIAS, RMSE,

and Rz2.
Method BIAS (in %) RMSE R? Number of
observations
REG 0.0001 0.07 0.87 148
REG-AY -0.0006 0.08 0.80 86
REG-BY -0.0001 0.05 0.89 62
1) A and B refer to the respective study sites.
Akbarabad Azizbek (all)
1.0 - RMSE = 0.08 RMSE = 0.05 RMSE =0.07 g~
R2=089 .

% 0g-R*=080
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n_ . =l
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Fig.5: Scatter plots of the in situ FAPAR and the

R2=087 ?
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o *
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NDVI, as well as regression lines for the study

sites (Akbarabad, REG-A and Azizbek, REG-B) and both sites (REG).
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Tab. 4: Regression equations (simple linear re-
gression).

Method Regression equations

REG IF\I/?)I?;}E =-0.01300 + 1.00965 *
REG-A? IF\I/?;?IR =-0.00026 + 0.99297 *
REG-B? IF\I/]%DI:/AIR =-0.02145 + 1.02324 *

1) Adopted from Lex et al. (2013)
2) A and B refer to the respective study sites.

below the FAPAR-level of study site A (see
Fig. 2a). Even though value ranges differed be-
tween the two study sites, similar regression
equations were derived for all datasets (Tab. 4
and Fig. 5). As stated above, the management
can have an influence on the crop growth.
However, the similarity of the slopes received
from the regression demonstrate a negligible
influence of the two cultivation practices (cot-
ton row distances) observed in this study on
the quality of the linear relationship between
NDVI and FAPAR.

4.4 Comparison of the Approaches

A comparison of RMSE and BIAS indicates
only minor quantitative deviations between
the optimal percentile approach SEL-2 (and
SEL-4) and the simple empirical regression
(REG). Of course, REG matches the dataset
exactly to field data, but it is noteworthy that
no field data has been used for the derivation
of FAPAR in the percentile approaches. Even
in SEL-4 (inclusion of a period when fields are
completely free of vegetation) only satellite
datasets were utilized.

Multi-temporal FAPAR maps received
from SEL-2 and REG within study site B are
shown in Fig. 6. In the first periods (15.6.2011
and 6.7.2011) no differences in the colour lev-
els occurred. Moderately higher values for
FAPAR derived from the percentile approach
are visible in the late season situation (right
part of Fig. 6, 23.8.2011), which can be attrib-
uted to the aforementioned overestimations
of FAPAR in case of high vegetation cov-
er (section 4.1). However, the comparison of
the maps shows the same spatial patterns of

Percentile approach SEL-2

Simple linear re

<

15.06.2011

[Jother cotton fields
[]test cotton fields

07.07.2011 23.08.20M

\ 0 05 1
A B ) Kilometres

Fig.6: FAPAR of cotton fields received from the experiments SEL-2 (upper part) and REG (lower
part) in study site B, Azizbek, for the time steps 15.06.2011, 7.7.2011 and 23.8.2011, representing
the early, mid, and late season situations of the vegetation period. On the fields with a blue outline

in situ data were collected.
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FAPAR variations throughout the vegetation
period and underlines the similarity of the ap-
proaches.

5 Conclusions

In this study two methods for deriving the
FAPAR from multi-temporal RapidEye data
for cotton were compared. The study was im-
plemented in two irrigated agricultural study
sites in the Fergana Valley, Uzbekistan. As
base line, an empirical regression that relates
in situ FAPAR measurements to NDVI, com-
puted from RapidEye data at six satellite im-
age acquisitions over the growing season, was
established. Furthermore, the FAPAR was
calculated by linearly scaling the NDVI per-
centiles to maxima and minima of class-spe-
cific FAPAR values, following the approach
of SELLERS et al. (1996). The performances of
the two methods were compared by opposing
RMSE, BIAS, and the coefficient of determi-
nation revealed from correlation between the
in situ FAPAR and modelled data. The maxi-
ma and minima of FAPAR, which were in the
originally formulation assigned to the 98%
and 5% percentile of the NDVI distribution,
i.e. 0.95 and 0.001, were transferred to the cot-
ton class at the local scale. The application of
the percentile approach, which is without field
measurements, resulted in accuracies compa-
rable to that of the linear regression, also on
a similar accuracy level received from em-
pirical experiments in other agro-ecosystems:
The percentile approach delivered an RMSE
of 0.10 whilst regression was only slightly bet-
ter with an RMSE of 0.07. This demonstrated
that the FAPAR of cotton fields could be de-
rived independently from field measurements
by applying the percentile approach. Differ-
ences in canopy diversity introduced by vari-
able plant heights within the field or distances
between the rows did not show a significant
impact, neither on the empirical regression
nor on the percentile approach.

However, generalized statements about
the usefulness of the percentile approach for
FAPAR estimations of cotton ecosystems are
not easy to conclude. A wide range of NDVI
values was available, because the entire veg-
etation period was covered by satellite data.

RapidEye scenes were acquired in both the in-
itial and the main vegetative phase of the veg-
etation period, when quasi non-vegetated soil
cover and most dense vegetation cover was
measured by the NDVI, respectively. Another
issue to be considered is that this study was
conducted in the Fergana Valley, hence con-
clusions from this study might not necessar-
ily apply to other cotton ecosystems e.g. with
other climatic conditions or environmental or
management settings (soils, field sizes, culti-
vation practises). Thus, the presented study
has a more explorative character in terms of
transferability but it can be concluded as an
encouraging approach for accurate FAPAR
modelling without in situ data, which can be
subsequently used for crop yield estimations
of cotton.
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Low-weight and UAV-based Hyperspectral Full-frame
Cameras for Monitoring Crops: Spectral Comparison
with Portable Spectroradiometer Measurements

GeoRG BARETH, HELGE AASEN, JULIANE BeEnDIG, K&In, MARTIN LEoN GnNyp, Dllmen,
ANDREAs Bolten, Koéln, AnbrAs Jung, Leipzig, Rene MicHers, Ulm & Jussi

Soukkamiki, Oulu, Finland

Keywords: UAV, sensors, hyperspectral, change detection, agriculture, CSM, plant height, 3D,

vegetation index, crops

Summary: The non-destructive monitoring of
crop growth status with field-based or tractor-based
multi- or hyperspectral sensors is a common prac-
tice in precision agriculture. The demand is given
for flexible, easy to use, and field scale systems with
super-high resolution (< 20 cm) or on single plant
scale to provide knowledge on in-field variability of
crop status for management purposes. Satellite-
and airborne systems are usually not able to pro-
vide the spatial and temporal resolution for such
purposes within a low-cost approach. The develop-
ments in the area of Unmanned Aerial Vehicles
(UAV) equipped with hyperspectral sensor systems
may be suited to fill that niche. In this contribution,
we introduce two hyperspectral full-frame cameras
weighing less than 1 kg which can be mounted to
low-weight UAVs (< 3 kg). The first results of a
campaign in June/July 2013 are presented and the
derived spectra from the hyperspectral images are
compared to related spectra collected with a porta-
ble spectroradiometer. The first results are promis-
ing.

Zusammenfassung: Leichte und UAV-getragene
hyperspektrale, bildgebende Kameras zur Beob-
achtung von landwirtschaftlichen Pflanzenbestdn-
den: spektraler Vergleich mit einem tragbaren
Feldspektrometer. Die nicht-destruktive Beobach-
tung von Pflanzenwachstum mit feldbasierten oder
traktorbasierten multi- oder hyperspektralen Sen-
soren ist eine géngige Praxis in der Prézisionsland-
wirtschaft. Um Wissen tiber die Variabilitdt des
Pflanzenzustands im Feld fiir Managementzwecke
bereitzustellen, werden flexible, multitemporal ein-
setzbare und einfach zu bedienende Systeme zur
Erfassung ganzer Felder mit extrem hoher Aufl-
sung (< 20 cm) oder fir Einzelpflanzen benétigt.
Satelliten- und flugzeuggetragene Systeme sind in
der Regel nicht in der Lage, diese rdumliche und
zeitliche Auflosung fiir solche Anwendungen be-
reitzustellen, bzw. dies wire mit einem nicht ver-
tretbaren finanziellen Aufwand verbunden. Die
Entwicklungen im Bereich der Unmanned Aerial
Vehicles (UAV) sowie der hyperspektralen Sensor-
technik scheinen genau diese Nische zu fillen. In
diesem Beitrag stellen wir zwei hyperspektrale Ka-
meras mit einem Gewicht von weniger als 1 kg vor,
die mit leichten UAVs (< 3 kg) geflogen werden
konnen. Wir prisentieren die ersten Ergebnisse ei-
ner Kampagne im Juni/Juli 2013 und vergleichen
die aus den hyperspektralen Bildern abgeleiteten
Spektren mit entsprechenden Spektren eines trag-
baren Feldspektrometers. Die ersten Ergebnisse
sind vielversprechend.
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1 Introduction

In Precision Agriculture (PreAg), sensor-
based monitoring of crops to derive plant
growth parameters and yield are in the focus of
research to support proper crop management
(Mutrra 2013). Therefore, the applications of
remote and proximal sensing methods are key
technologies in PreAg (OErkE et al. 2010). Be-
sides monitoring crops, sensing technologies
are also widely used for measuring soil and
environmental parameters (WHELAN & Tav-
LOR 2013). Hyperspectral remote and proximal
sensing is intensively investigated for the de-
tection of crop nitrogen (N) content, biomass,
yield and crop stress (Koppk et al. 2012, L1 et
al. 2010, OERrkE et al. 2010, THENKABAIL et al.
2000, Yu et al. 2013). In general, the remote
sensing approaches described in the literature
are satellite- or airborne (manned airplanes).
For proximal sensing approaches, portable
field spectrometer are used for canopy or leaf-
level sensing (Gnyp et al. 2014, Yu et al. 2013).
In the last years, efforts have been undertaken
to make hyperspectral data more frequently
available and sensing methods for a specific
crop growth stage were investigated (AASEN et
al. 2014, GNyp et al. 2013). The latter is a pre-
condition for monitoring plant growth behav-
iour by multi-temporal campaigns during phe-
nology which enables the detection of abiotic
and biotic stresses (LAUDIEN & BARETH 2006,
Laupien et al. 2006).

For the consideration of specific pheno-
logical stages in non-destructive sensing ap-
proaches, a very flexible platform is needed.
Usually, satellite- or airborne sensors can-
not provide such multitemporal data within a
fixed time slot of a few days (Zuang & Ko-
vAcs 2012). Besides the demand for high tem-
poral resolution in crop monitoring approach-
es, a high spatial resolution is in the focus of
PreAg resulting in increased knowledge on
within-field variability of crop growth. Un-
manned aerial vehicles (UAVs) also known as
unmanned aerial systems (UAS) or remote-
ly-piloted aerial systems (RPAS) are remote
sensing platforms combining very high flex-
ibility in temporal scale and very high resolu-
tion in spatial scale (ZHANG & Kovacs 2012).
The potential of UAV-based imaging in agri-
cultural applications is already well described

by ZuanGg & Kovacs (2012), CALDERON et al.
(2013), Zarco-Teiapa et al. (2012) and others.

The fast technological progress and de-
velopments are not only found for UAV plat-
forms, but also for sensor development (Ba-
RETH et al. 2011, BEnDIG & BARETH 2014). Elec-
tronic devices were continuously minimized
in the last years which resulted in low-weight
sensors being very capable for the integration
in small remote sensing platforms (CoLoMINA
& MoLina 2014). Hence, in 2013 two new hy-
perspectral, full-frame imaging spectrometers
were introduced, the Cubert UHDI185 “Fire-
fly” (www.cubert-gmbh.de) and the Rikola
hyperspectral camera (www.rikola.fi), and in
2014 the BaySpec OCI-1000 (www.bayspec.
com). All three low-weight (< 1 kg) cameras
cover the spectral VIS/NIR domain but use
different technologies. The Rikola and the
Cubert sensors were flown in a first campaign
in June/July 2013. The objectives of this con-
tribution are (i) to introduce the two hyper-
spectral frame cameras, which document a
new milestone in hyperspectral imaging spec-
troscopy, and (ii) to compare spectra from the
images acquired by UAV-campaigns on bar-
ley field experiments with spectra measured
with the fieldspectroradiometer FieldSpec3 by
ASDI (www.asdi.com).

2 Study Area, UAV, and Sensors

The field experiment is located on the research
farm of Bonn University, called Campus
Klein-Altendorf, which is outside of the city
of Bonn in Rheinbach. The field campaigns
were carried out within the Crop.Sense.net
project’s activity, coordinated by the Insti-
tute of Crop Science and Resource Conserva-
tion of Bonn University (www.cropsense.de).
Crop.Sense.net is one of the BMBF Networks
of Excellence in Agricultural and Nutrition
Research, which are funded by the German
Ministry for Education and Research (BMBF)
and by the European Union Funds for regional
development. In Klein-Altendorf, the central
field experiments of Crop.Sense.net for barley
and sugar beet have been conducted. For this
study, multi-temporal UAV campaigns were
flown over barley in 2013. The experiment
covers 36 plots (each 3 by 7 m) with 18 barley
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varieties and two nitrogen treatments (40 and
80 kg/ha). For this first spectral comparison
and evaluation, only selected plots (plot num-
bers 41, 42, and 43) are investigated.

For the UAV campaigns, a HiSystems MK
Oktokopter was flown which is a low-cost
(<2000 €) and low-weight UAV (< 1.5 kg).
The latter is an important fact due to the
aviation regulations in Germany which al-

Fig. 1: Top: MK Oktokopter is prepared for a
flight campaign with the Rikola hyperspectral
camera, middle: Cubert UHD185 Firefly is cali-
brated against a white panel before take-off,
bottom: UHD185 in the air mounted on a MK
Oktokopter.

low commercial and non-commercial imag-
ing campaigns with UAVs weighing less than
5kg. The MK Oktokopter has a payload of
up to 1 kg and a flight endurance of approxi-
mately 15 min. It can be auto-piloted by using
waypoints. The UAV platform is described
in detail by Benpic et al. (2013). Two hyper-
spectral full-frame cameras were mounted to
the UAV and were flown separately after each
other over the same experimental fields. In
Fig. 1 (top), the MK Oktokopter is shown be-
fore take-off with the mounted Rikola hyper-
spectral camera (RHC), which is based on Pie-
zo-Actuated Fabry-Perot Interferometer (FPI)
(MAKELAINEN et al. 2013). FPI enables tune-
able wavelength settings resulting in a time
lag for each wavelength (MAKELAINEN et al.
2013). The wavelength is produced by a tune-
able air gap (vacuum) between two optical lay-
ers (Honkavaara et al. 2013). Therefore, the
spectral wavelength is a function of the size of
the air gap. The tuning of the air gap results in
an individual image acquisition for each spec-
tral band with a CMOSIS CMOS image sen-
sor recording 1 megapixel (MAKELAINEN et al.
2013). The RHC covers the spectral region be-
tween 400 nm to 950 nm. Before take-off, the
RHC can be calibrated against a white refer-
ence panel. The images are saved onboard on
a SD card.

The Cubert UHDI85 Firefly is designed and
developed by the Institute of Laser Technolo-
gies in Medicine and Metrology at the Univer-
sity of Ulm and the Cubert GmbH, Germany.
The camera records hyperspectral full-frames
with 137 bands in a spectral range of 450 nm
— 950 nm. A silicon CCD chip captures an
image with 1000 by 970 grayscale pixels as
well as 50 by 50 hyperspectral pixels. At a fly-
ing altitude of 30 m the grayscale image has a
ground resolution of about 1 cm and a pure hy-
perspectral ground resolution of about 20 cm.
However, the latter may be pan-sharpened by
the software of the manufacturer to the reso-
lution of the grayscale image. The footprint of
each scene at 30 m sensor to canopy distance
is about 10.3 m. In Fig. 1 (bottom), the UAV-
mounted UHDI85 is shown. As the RHC, the
UHDI85 may be calibrated against a white
reference panel (Fig. 1, middle). The typical
integration time to capture a full hyperspec-
tral data cube is 1 ms (clear sky). The UHDI185
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has to be flown with a mini-computer (MC)
which records the data. Additionally, the MC
runs the server application by which the cam-
era can be remotely controlled via WiFi.

The two cameras are differently remote
controlled during flight with an UAV. While
the measurement of the RHD is controlled by
an initialization file which has to be created
before the flight, the UHDI8S5 is controlled by
the mini-pc with a server application, which
may be configured and controlled through
WiFi. Depending on the user’s needs one of
the systems might be beneficial. Additionally,
both interfaces are currently still under devel-
opment and thus, will not be further presented
here.

For ground truth data collection, destruc-
tive samplings of biomass, plant N- and chlo-
rophyll content, and non-destructive sam-
plings of plant height, hyperspectral, and
fluorescence data were performed. Those
samplings were continuously carried out dur-
ing phenology. Canopy reflectance was meas-
ured in the barley experiment in 2013 with
an ASDI FieldSpec3 Pro (Analytical Spectral
Devices, Inc., Boulder, CO, USA). The Field-
Spec3 (FS3) measures the reflectance between
350 nm and 2500 nm with a sampling interval
of 1.4 nm in the visible near infrared (VNIR)
domain and with 2 nm in the shortwave infra-
red (SWIR) spectral region. The reflectance
was measured at a height of 0.5 m above can-
opy without a fore optic resulting in a 25° field
of view to minimize the background signals of
soil (Fig.2). FieldSpec3 campaigns were con-
ducted between 11 am and 2 pm local mean
time around solar noon. A condition for the

Fig.2: Sampling hyperspectral ground truth
with an ASD FieldSpecs3.

measurements is a mostly cloudless sky. A
white spectralon panel was used for continu-
ous calibrations. The same reference panel
was also used for the RHC and UHDISS5 cali-
bration (compare Fig. 1, middle). For each plot,
a total of six to eight FieldSpec3 spectra were
randomly taken to represent a mean plot re-
flectance.

3 Spectral Comparisons

The first UAV campaigns with the UHDI185
and the RHC were carried out on June 14®,
2013 (Fig.3). Both hyperspectral frame im-
agers operated successfully in the air after
mounting them to the MK Oktokopter. To
compare the spectral results for both camera
systems with the FS3 spectra, images were
taken at 30 m above ground level covering a
maximum of three plots per image. The spa-
tial resolution is as stated above.

Directly after the UAV-based image acqui-
sition the hyperspectral field measurements
were taken. For each plot, ten measurements
of the FS3 were averaged at six to eight posi-
tions (Fig.4). The measurements were taken
from the core of the plots to exclude border
effects. The spectra were than averaged to re-
present the plot’s mean reflectance. In Fig. 3, a
false colour image of the UHDI18S5 data is dis-

Fig.3: RGB image with the UHD185 covering
three barley plots (3 by 7 m each), June 14t
2013.
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played. The potential locations of the six FS3
measurements are shown in Fig. 4.

For retrieving the mean plot spectra of the
hyperspectral images, polygons with an in-
ner buffer of 0.3 m were digitized to reduce
border effects. Spatial statistics were comput-
ed for all pixels within a plot polygon to de-
rive mean spectra. In Fig. 5, the polygons are
visualized for the three plots, each covering
approximately 130,000 pixels of the UHD185
hyperspectral image.

Fig.4: Six randomized FieldSpec3 spectra
were taken for each plot on June 14, 2013.

3
=
S
b
5 s Firefly Plot 43
0,6 + Firefly Plot 42
« Firefly Plot 41
0,5 . Fieldspec-3 Plot 43
0.4 « Fieldspec-3 Plot 42
’ « Fieldspec-3 Plot 41

While the polygons in Fig.5 represent the
true area for calculating the spatial statistics,
the circles of the single hyperspectral field
measurements shown in Fig.4 do not repre-
sent the true location. The latter were captured
as shown in Fig. 2 but the locations were ran-
domly selected excluding areas of destructive
biomass sampling.

The mean spectra from the UHDI185 image
shown in Fig. 5 and the corresponding mean
spectra from FS3 are plotted in Fig. 6. The

Fig.5: Digitized polygons to calculate spatial
statistics for each plot from UHD185 hyper-
spectral image for June 14t 2013.

550

750 850 950 (nm)

Fig. 6: FieldSpec3 spectra vs UHD185 spectra for plots 41, 42, and 43 on June 14t 2013.
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lines with the denser dotted points represent
the FS3 data with higher spectral resolution
compared to the UHDI185 data with a lower
spectral resolution. The magnitude of reflec-

1,0

0,8 +—
0,6 T—
1 UHD185

0,4 1— Fieldspec-3

0,2 +—

0,0

Plot41 Plot 42 Plot43

Fig.7: OSAVI for the investigated plots from
FieldSpec3 and UHD185 spectra for June 14t,
2013.
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Fig.8: Mean FieldSpec3 spectrum for plot 42
with standard deviation (SD) and mean
UHD185 spectrum for June 14t 2013.

tance is similar and corresponds well. How-
ever, in the NIR, differences in the shape of
the spectra are visible. Additionally, a decline
of reflection in the UHDI8S5 spectra is obvious
for wavelengths longer than 900 nm.

To get an impression of the usability of the
sensors for vegetation indices (VIs) two com-
mon vegetation indices, the optimized soil-ad-
justed vegetation index (OSAVI) and the nor-
malized difference vegetation index (NDVI),
were calculated for the FS3 and UHDISS.
NDVI is widely used in remote sensing while
OSAVI reduces the soil background signals
(RonpEAUX et al. 1996) The first impression
of similar spectral pattern and magnitude are
confirmed for NDVI-like VIs. The OSAVI
from FS3 data and UHDI185 spectra are shown
in Fig. 7 for the investigated plots. They do not
show a significant difference having UHD185/
FS3 OSAVI values of 0.87/0.88, 0.86/0.87, and
0.85/0.88 for plots 41, 42, and 42, respectively.
Similar results were produced for NDVI cal-
culations (Fig. 11).

Additionally, the differences in the spectra
between the two sensors are partly within the
standard deviation (SD) of the FS3 measure-
ments. As an example, the FS3 spectrum with
the SD for plot 42 is displayed in Fig. 8. When
compared to the UHDI85 spectra, it is visi-
ble that in the NIR region the instruments are
within SD. The latter is not true for the red

. T
3
3
3 + FS3 Plot 42
=
13 « FS3 Plot 43
04 » UHD185 Plot 42
» UHD185 Plot 43
0,3
0,2 -
0,1
0 ] T T T T T T T
450 550 650 750 850 (nm)

Fig.9: FieldSpec3 and UHD185 spectra for plots 42 and 43 on June 19t 2013.
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edge domain and the wavelengths longer than
900 nm. A small spectral shift to the shorter
wavelength is observable resulting in large
differences when calculating simple ratio VIs
from bands in the VIS spectral region.

Similar spectral properties can be described
for the UAV campaign with the UHDI185 on
June 19, 2013 (Fig. 9). In general, lower spec-
tral magnitudes can be observed for plots 42
and 43 in the NIR domain with both sensors
while magnitude and overall pattern of the
UHDI185 fit to the FieldSpec3 measurements.
Plot 41 was not investigated due to insufficient
coverage. Additionally, the aforementioned
shift of the UHDI85 occurs again in the red
edge domain towards shorter wavelength and
the performance from 900 nm onwards is
poor.

Finally, very different spectral patterns oc-
cur on July 8", 2013 (Fig. 10). It is clearly vis-
ible that the FS3 spectra show a very different
NIR pattern due to beginning of senescence.
This decrease in reflectance between 750 nm
and 800 nm is not captured by the UHDI85.
Additionally, the spectra show higher dif-
ferences in the VIS domain while the over-
all magnitudes are still comparable but much
weaker than before. The spectral shift towards
shorter wavelength is again a characteristic
for the red edge spectral regions and for the
poor performance above 900 nm.

The Rikola hyperspectral camera (RHC)
operates on a different technology, using a
Piezo-Actuated Fabry-Perot interferometer
(FPI). In moving sensor platforms, a spatial
shift of each spectral band might be the con-
sequence and must be solved by image match-
ing techniques. As described above, the RHC
enables imaging of selected wavelengths. Ac-
cording to well described VIs (Gnyp et al.
2013, LAUDIEN et al. 2006, L1 et al. 2010, Yu et
al. 2013), we chose eight wavelengths for the
UAV campaign on June 14", 2013: 505 nm,
552 nm, 604 nm, 674 nm, 741 nm, 745 nm,
770 nm, and 803 nm. To calculate VIs from
the RHC image we used the same polygon as
for the image of the UHDI185 (Fig. 5).

The NDVI values calculated from the RHC
(Fig. 11) are lower than for the UHDI185 and

NDVI
0,80 — — — —
0,60 — ] 1 — 1 UHD185
0,40 || || __ "RHC
Fieldspec-3
0,20 +— — —— -
EI,DEI T T 1

Plot41 Plot 42 Plot43

Fig.11: Calculated NDVI for the investigated
plots for June 14t 2013.
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Fig. 10: FieldSpec3 spectra vs. UHD185 spectra for plots 41, 42, and 43 on July 8", 2013.
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Fig.12: Calculated NDVI for the RHC image
taken on June 14t 2013.

the FS3. The reason for this is not clear at this
stage, because the RHC was calibrated against
the reference panel, too. But the NDVI values
are in an order and pattern as expected and
the UHDI185 showed weaker performances
against the FieldSpec3 measurements on other
dates. The higher spatial resolution of the
RHC'’s hyperspectral sensor is documented in
the calculated NDVI image shown in Fig.12.

4 Discussion and Conclusions

In this study, we flew the Rikola hyperspec-
tral camera (RHC) and the Cubert UHDI185
Firefly with a low-weight and low-cost UAV.
Both cameras worked well, had some minor
handling problems in the field, and the flight
campaigns successfully delivered hyperspec-
tral data. The spectral calibration in the field
against a white reference panel was possi-
ble for both sensors. While the UHDI185 was
strong in capturing the whole spectrum with-
in one image, the RHC had a higher spatial
resolution in the selected hyperspectral wave-
length resulting in a lower spectral resolution.
While the RHC was only flown once together
with the Rikola company, the UHDI85 was
flown in multiple campaigns.

For both cameras the spectral calibration is
still an issue. While the spectral pattern and
magnitudes are in the order of the field meas-
urements, the first comparison with field spec-
tra show clearly a lack of understanding in the

spectral calibration of the sensors. Addition-
ally, the UHD185 and the RHC were flown in
different image acquisition modes. Future re-
search of using the two cameras must focus on
the hyperspectral image properties in terms
of BDRF and calibration. Because of the lat-
ter the results stated in this paper should be
seen as a first indicator of the suitability of hy-
perspectral full-frame cameras for precision
agriculture applications. Despite the differ-
ences between the FS3 measurements and the
hyperspectral full-frame sensors in some of
the measurements the results show the poten-
tial of this new technology. Similar compari-
son approach between ASD Hand-held 2 and
UAV-based sensors, such as Mini MCAG6 (Te-
tracam) and STS spectrometer (Ocean Optics),
were performed by voN BUEREN et al. (2014),
but only in the spectral domain of 350 nm —
850 nm. The spectra from the different sen-
sors showed similar magnitudes and patterns.
However, further research needs to investigate
a best practice for full-frame UAV hyperspec-
tral sensors to generate robust and reproduc-
ible data. Both sensors operated well in the
air and recorded the data as configured. Due
to the small field of view of both sensors cap-
turing the right footprint was a challenge. The
latter may be solved with improved knowledge
of the sensor and optimized flying trajectories.

The new technological designs of both hy-
perspectral sensors result in a low weight and
enable hyperspectral imaging campaigns with
UAV at a take-off weight below 5 kg. In Ger-
many, this is important due to aviation regu-
lations, since the application procedure for
permissions are easier than for heavier UAVs.
Apart from the mentioned critical points, both
sensors open a new era of hyperspectral im-
aging. The flexibility of low-weight UAVs en-
able a temporal resolution which could not
been realized in the past by (manned) aerial-
or satelliteborne imaging. The same is true for
the spatial resolution. Super-high resolutions
of <2 cm are possible on field scale and up
to a few square kilometres, even in 3D (BEN-
DIG et al. 2013). Using stereophotogrammetric
or structure for motion image analysis tech-
niques with precise RTK measured ground
control points, DEMs or in general surface
models can be obtained in a resolution and
precision of less than 2 cm. In Fig. 13, such a
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CSM minus DEM
Plant height in m
— High : 1,15
B ow: 0,14

Fig. 13: 3D hyperspectral surface with a spatial resolution of 2 cm.

3D hyperspectral surface is shown for June
14, 2013.

The combination of 3D imaging techniques
and hyperspectral imaging enables the pre-
cise and accurate monitoring of crop growth
during phenology. The analysis of multi-tem-
poral crop surface models (CSM) (BENDIG et
al. 2013, TiLLy et al. 2014) enables the precise
monitoring of plant height and plant growth
while hyperspectral analysis derive physiolog-
ical plant parameters like chlorophyll or nitro-
gen content and others. Exactly this is needed
for PreAg in terms of monitoring crop growth
behaviour, crop vitality, and crop stress. The
first data analyses are very promising and can
be regarded as a new technological statement
of sensor development, which will be a mul-
tiplier for applications not only in the field of
crop monitoring.
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Comparison of SVM and Boosted Regression Trees for
the Delineation of Lacustrine Sediments using
Multispectral ASTER Data and Topographic Indices in

the Lake Manyara Basin
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Summary: The lower member of the so called
Manyara Beds is a distinct lacustrine sedimentary
layer which indicates, with an elevation of more
than 140 m above today’s lake level, a high stand of
the paleolake Manyara in the Monduli District in
northern Tanzania. The Manyara Beds are rich in
Pleistocene vertebrate fossils. In this study we fo-
cus on the delineation of this specific stratigraphic
layer in order to yield new insights into paleonto-
logical settings, landscape evolution and to plan
paleontological fieldwork. We compare the perfor-
mance of a support vector classifier with a linear as
well as a Gaussian kernel, with boosted regression
tree approaches to identify the lithostratigraphic
layers of the Manyara Beds. For the identification
of the lacustrine sediments, multispectral informa-
tion of ASTER satellite imagery and topographic
indices derived from a digital elevation model were
utilized as input feature sets. Acceptable classifica-
tion accuracies were obtained with all methods.
Thus, the Manyara Beds can be delineated and new
sites with paleolake sediments were detected. The
highest overall accuracy with 92% was provided by
the support vector machine approach with a linear
kernel for a binary classification problem. For a
multi-class classification problem with three target
classes the support vector classifier achieved 80%
accuracy with a linear, as well as a Gaussian kernel.

© 2015 E. Schweizerbart'sche Verlagsbuchhandlung, Stuttgart, Germany

DOI: 10.1127/pfg/2015/0251

Zusammenfassung: Vergleich von SVM und Boos-
ted Regression Trees zur Abgrenzung von lakustri-
nen Sedimenten anhand von multispektralen
ASTER Daten und topographischen Parametern im
Einzugsgebiet des Manyara Sees. Die aus vor-
nehmlich lakustrinen Sedimenten bestehende &lte-
re Gruppe der stratigraphischen Einheit der Man-
yara Beds beschreibt mit einer Hohe von mehr als
140 m tiber dem heutigen Seespiegel einen Hoch-
stand des Paldosees Manyara im Monduli Distrikt
im nordlichen Tansania. Die Manyara Beds sind
reich an pleistozédnen Wirbeltierfossilien. Die vor-
liegende Arbeit beschiftigt sich mit der raumlichen
Abgrenzung dieser stratigraphischen Einheit um
mehr tiber die paldontologischen Ablagerungsbe-
dingungen und die Landschaftsgeschichte zu er-
fahren, sowie die Planung von paldontologischen
Geldndearbeiten zu unterstiitzen. Wir vergleichen
anhand der lithostratigraphischen Einheit der Man-
yara Beds die Leistungsfihigkeit eines Support
Vector (Stiitzvektoren) Klassifizierungsansatzes,
mit einem linearen und einem Gaulischen Kernel,
und mit Klassifizierungsbaumen (Boosted Regres-
sion Trees). Um die lakustrinen Sedimente zu un-
terscheiden, wurden multispektrale Informationen
einer ASTER Satellitenaufnahme und topographi-
sche Parameter von einem digitalen Hohenmodell
als Eingangsvariablen genutzt. Mit allen Klassifi-
zierungsmethoden wurden zufriedenstellende Ge-
nauigkeiten erzielt. Somit konnte das Auftreten der
Manyara Beds rdaumlich abgegrenzt und bisher
nicht dokumentierte Flachen mit lakustrinen Sedi-
menten erfasst werden. Die hochste Klassifizie-
rungsgenauigkeit von 92% wurde von der Support
Vector Machine Klassifizierung mit einem linearen
Kernel fiir eine bindre Klassifizierung erreicht. Fiir
eine Aufgabenstellung mit Support Vector Machi-
nes fiir drei Zielklassen wurde eine Genauigkeit
von 80% sowohl mit einem linearen, als auch mit
einem Gauf3schen Kernel erreicht.
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1 Introduction

Lacustrine sediments and paleo-shorelines of
different Quaternary lake-level high stands
can be observed in the north, south and east
of the Lake Manyara basin of northern Tanza-
nia. The study area is located in the Gregory
Rift in Central North Tanzania. The basin is
of paleontological and archeological interest
documented by several investigations in re-
cent years (e.g. SCHLUTER et al. 1992, KAISER et
al. 2010, PRENDERGAST et al. 2013). One of the
richest stratigraphic units in vertebrate fos-
sils and artifacts in the region are the Manyara
Beds, which indicate a high level of the pa-
leolake Manyara at more than 140 m above to-
day’s lake level. The identification of the Man-
yara Beds contributes to the understanding of
landscape evolution and the spatial distribu-
tion of potential paleontological sites. Thus,
the study also serves for the planning of fu-
ture fieldwork in the study area.

Remote sensing images are used in differ-
ent studies to derive information on the ex-
tent of paleolakes and other paleo-landscape
forms. ELSHEIKH et al. (2011) and ErLmaAHDY
(2012) used remote sensing, GIS and geophys-
ical methods to delineate a paleolake in north-
ern Darfur. GHONEIM et al. (2012) used an in-
tegrated approach with optical and microwave
data to map a paleo-drainage system. The use
of remote sensing in combination with topo-
graphic analysis for the delineation of paleo-
lakes has been successfully applied by GABER
et al. (2009) on the Sinai Peninsula.

MounTtrakis et al. (2011) review the appli-
cation of support vector machines (SVM) in
the classification of remotely sensed images.
SVM and boosted regression tree analysis
(BRT) were more and more used in the last de-
cade and yield high accuracies (Foopy & Ajay
2004, Esch et al. 2009, WaNG et al. 2011, Go-
MEz et al. 2012, GessNER et al. 2013). SVM and
BRT analyses are capable of handling multiple
input features, outliers, non linear tasks and
redundant data (Foopy & Ajay 2004, ELITH
et al. 2008). HauN & GroaGuen (2008) used
SVM to classify soil types and soil texture
from ASTER multispectral data and topo-
graphic parameters in the Erzgebirge in Ger-
many. BRT methods have been assessed with
remote sensing data for land use issues (PaL &

MaATHER 2003, CHAN & PAELINCKX 2008). The
mapping of lithological units and the distri-
bution of soil with multispectral data and ter-
rain attributes as well as classification meth-
ods were reviewed by MULDER et al. (2011). In
this study we compare the accuracy of SVM
and BRT classifier in identifying the Manyara
Beds in a small scaled, heterogeneous envi-
ronment. PAL & Foopy (2010) showed that an
increase of input features may lead to a decline
of classification accuracy. Therefore, we apply
a feature selection to choose a subset of differ-
ent ASTER spectral bands, multispectral in-
dices and topographical indices. From this se-
lected set of features, we expect also improved
model interpretability, as well as an enhanced
generalisation of the resulting models.

2 Regional setting and data
preparation

2.1 Study Area

The Lake Manyara catchment in northern
Tanzania is an endorheic basin and part of the
eastern branch of the East African Rift Sys-
tem (Fig. 1). Today Lake Manyara is a shal-
low soda lake (954 m a.s.l.) with a maximum
depth of 1.18 m (Dktus et al. 2013). The basin
is an asymmetrically shaped half graben, with
a 200 m to 600 m high escarpment along the
western shoulder. The eastern shoulder of the
Rift is lower in elevation and consists of tec-
tonic blocks that are dipping towards the west.
The North-eastern parts of the catchment area
are dominated by the volcano Essimingor. Pa-
leo-shorelines can be found especially on the
Eastern part of the rift tracing different paleo-
lake levels up to 80 m above today’s lake level.
The latter forms also the lowest possible out-
let into the Engaruka and Lake Natron basin
(KELLER et al. 1975, BacHorER et al. 2014). The
maximum age of the paleo-shorelines was es-
tablished with radiocarbon dating (Th/U se-
ries) to 140,000 a BP (Casanova & HILLAIRE-
MarceL 1992). Besides the springs at the base
of the escarpment, Lake Manyara is main-
ly fed with seasonal drainages of the Taran-
gire and Makuyuni rivers. Today a bimodal
precipitation pattern with an average annual
rainfall of about 700 mm can be observed for
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the study area. The resulting semiarid vegeta-
tion cover is sparse and dominated by bushed
grassland (BACHOFER et al. 2014).

2.2 The Manyara Beds

The lacustrine and fluvial stratigraphic units,
known as the Manyara Beds in the east of Lake
Manyara, reach up to approximately 140 m
above today’s lake surface. They describe the
maximum extent of the lake (ScHwARTZ et al.
2012). The Manyara Beds are rich in Pleis-
tocene vertebrate fossils. In the Lake Man-
yara area, especially close to the village of
Makuyuni, two hominin-bearing sites (0.63
and 0.78 Ma), vertebrate fossils and handaxes
from different periods were found (KAISER et

al. 2010, Frosr et al. 2012). The Manyara Beds
consist of a lacustrine grayish lower mem-
ber (mudstones, siltstones, diatomites, marls
and tuff) which was deposited between 1.03
and 0.633 Ma, and a fluvial and terrestrial up-
per member which is composed of up to 13 m
thick reddish brown upper member (siltstones,
mudstones, conglomerates and breccias) de-
posited between 0.633 and 0.44 (0.27) Ma.
The transition between both members is in
most sections marked by a distinct tephra lay-
er (Frost et al. 2012). Sections of the Manyara
Beds are best exposed in the surroundings of
the town Makuyuni, where Holocene soils
and caliche overlay the sediments and where
various gully systems erode into the savanna
landscape. Laboratory analysis of representa-
tive samples of alluvial material of the Low-
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er Manyara Beds (LMB) and Upper Manyara
Beds (UMB) were taken from the slopes of the
Makuyuni river valley. They show heteroge-
neous texture, but distinct higher carbonate
content in LMB and Fe?* content in UMB. Or-
ganic carbon is dependent on the topograph-
ic position and adjacent soils and vegetation
cover. Hence, the Manyara Beds show specif-
ic spectral and positional properties. Conse-
quently, a successful delineation of the Man-
yara Beds with spectral bands, multispectral
indices and topographical indices seem pos-
sible.

2.3 ASTER Muiltispectral Data

The Advanced Spaceborne Thermal Emis-
sion and Reflection Radiometer (ASTER) was
launched with NASA’s TERRA spacecraft in
December 1999 (YamacucHr et al. 1998). Its
subsystems cover three bands in the visible-
near infrared (VNIR), six bands in the short-
wave infrared (SWIR) and five bands in the
thermal infrared (TIR) wavelength regions
(Tab. 1). The ground resolution is 15 m, 30 m
and 90 m respectively (Fuiisapa 1995). Yama-
GucHI et al. (1998) stated that the VNIR spec-
tral information was designed for use in map-
ping vegetation and iron oxides in soil and
rocks, while the SWIR wavelengths were de-
signed for soil and mineral mapping.

A cloud free ASTER L1B scene was ob-
tained at August 23, 2006, 8:07 UTC during
dry season. Because the SWIR bands of the
LI1B data is not corrected for a cross-detec-
tor leakage, crosstalk correction was applied
following Iwasaki et al. (2002) using the cor-
rection software product from Earth Remote
Sensing Data Applications Centre (ERSDAC).

The average geometric accuracy of the
ASTER scene was validated by own ground

control points (GCP) measurements and high
resolution WorldView-2 imagery. A mean lo-
cational residual error of 61.4 m could be es-
timated which is close to the residual error
calculated by HEwson et al. (2005). The GCPs
and a Landsat ETM+ (LIT) panchromatic
scene with 15 m ground resolution were used
to improve the geometric accuracy using an
automatic point matching algorithm. For our
GCPs the Landsat scene showed a total RMSE
of 16.5 m. The ASTER scene could be aligned
with an RMSE of 0.9. However, the TIR bands
were excluded from the analysis because of
their low spatial resolution and some artifacts
which were visible in the L1B and also in the
surface emissivity product (ASTOS). To pre-
serve the spectral information of the VNIR
bands, the SWIR bands were resampled to the
respective ground resolution of 15 m.

2.4 Spectral Indices

Multispectral indices derived from ASTER
spectral bands are used in a broad range of
studies with a main emphasis on vegetation,
soil and lithology (MuULDER et al. 2011, Pour
& Hasuim 2011). The spectral rationing of se-
lective band absorption features of different
materials at distinct wavelengths is utilized to
emphasize the presence or absence of distinct
mineral compositions or vegetation. From an
extensive literature review a broad range of
indices were collected and processed for this
analysis (Tab. 2). Not all minerals, for which
the indices were developed, are abundant in
the study area. In addition, many of the indi-
ces carry redundant information because of
the use of similar input bands and band com-
binations.

Tab. 1: ASTER spectral bands with the minimum lower and maximum upper band edges.

VNIR Green 0.52—-0.60 pm SWIR 3 2.185-2.225 pm
VNIR Red 0.63-0.69 um SWIR 4 2.235-2.285 pm
VNIR Near Infrared 0.76—0.86 pm SWIR 5 2.295-2.365 pm
SWIR 1 1.600-1.700 pm SWIR 6 2.360-2.430 pm
SWIR 2 2.145-2.185 um TIR1-5 8.125-11.65 pm
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Tab. 2: Spectral indices of ASTER VNIR and SWIR bands.
Index and literature reference Formula | Index and literature reference Formula
AlOH Group (Cupany 2012) 5/7) AKP (RowaN & Mars 2003) (4+6)/5
Alteration/Laterite
(BIERWIRTH 2002) (4/5) Amphibole (BierwirTH 2002) 6/8)
Alunite (Pour & Hasnim 2011) (7/5)*(7/8) | Calcite (Pour & Hasuim 2011) (6/8)*(9/8)
CCE (RowaN & Mars 2003) (7+9)/8 Dolomite (Rowan & Mars 2003) (6+8)/7
Clay 1 (RowaN & MaRrs 2003) 5+7)/6 MgOH Group (Cupany 2012) (6+9)/(7+8)
Clay 2 (BierwiTH 2002) (5*7)/(6*¥6) | MgOH 1 (HewsonN et al. 2005) (6+9)/8
Kaolinitic (HEwson et al. 2005) (7/5) MgOH 2 (Cupany 2012) (7/8)
Kaolin Group (Cupany 2012) 6/5) Ferric Iron® (Rowan & MaRrs 2003) 2/1)
Kaolinite (Pour & Hasuim 2011) (4/5)*(8/6) | Ferrous Iron 1 (Rowan et al. 2005) (1/2)
Muscovite (HEwson et al. 2005) (7/6) Ferrous Iron 2 (Rowan & MaRrs 2003) | (5/3)+(1/2)
OH 1 (Pour & Hasnim 2011) (7/6)*(4/6) | Ferric Oxide (Cupany 2012) (4/3)
OH 2 (NiNomiva et al. 2005) (4*7/6)/6 | Gossan (VoLEsKY et al. 2003) (4/2)
OH 3 (Nmvowmrva et al. 2005) (4*7/5)/5 Opaque Index (Cupany 2012) (1/4)
PHI (Hewson et al. 2005) (5/6) Ferrous Iron/Silicates (Cupany 2012) (5/4)
RBD6 (Rowan et al. 2005) (4+7)/(6*2) | Burn Index (Hupak et al. 2004) (3-5)/(3+6)
RBD8 (RowaN et al. 2005) (7+9)/(8*%2) | VI (Tucker 1979) (3/2)
NDVI (Rousk et al. 1974) (3-2)/3+2) | Salinity (AL-KHAIER 2003) (4-5)/(4+5)
STVI (Pour & Hasuim 2011) (3/2)*(1/2)

Tab. 3: Topographic indices.

Slope (Travis et al. 1975)

Aspect (Travis et al. 1975)

Slope height (BoeHNER & ConrAD 2008)

Valley Depth (BoEHNER & ConNrRAD 2008)

Standardized Height (BoeHNER & CoNRAD 2008)

Normalized Height (BoeHNER & CoNRAD 2008)

Mid Slope Position (BoEHNER & CoNRAD 2008)

Downslope Distance Gradient (HJerDT et al.
2004)

Plan Curvature
(ZEVENBERGEN & THORNE 1987, Dikau 1988)

Profile Curvature
(ZEVENBERGEN & THORNE 1987, Dikau 1988)

Negative Openness (Yokovama et al. 2002)

Positive Openness (Yokoyama et al. 2002)

Morphometric Protection I.
(Yokoyama et al. 2002)

Terrain Ruggedness Index (RILEY et al. 1999)

Multiresolution Index of Valley Bottom Flatness
(GaLLANT & DowLing 2003)

Multiresolution Index of Ridge Top Flatness
(GALLANT & DowLING 2003)

Relative Slope Position (CoNrRAD 2005)

Geomorphones (JasiEwicz & STEPINSKI 2013)

Stream Power Index (Moore et al. 1991)

LS Factor (Moore et al. 1991)

Terrain Classification Index for Lowlands
(Bock et al. 2007)

Topographic Position Index
(Guisan et al. 1999, JEnNESs 2006)

Topographic Wetness Index
(BevEN & KirRkBY 1979)

Vertical Distance to Channel Network
(ConraD 2005)

Elevation (height above sea level; a.s.1)
(DLR 2012)
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2.5 Topographic Indices

A track of the shuttle radar topography mis-
sion X-band (SRTM-X) digital elevation mod-
el (DEM) with 25 m ground resolution covers
the study area. To eliminate the noise in the
SRTM-X DEM, a multidirectional Lee filter
was applied to preserve topographic features
(LEe 1980). Different topographic indices
(Tab. 3) were derived from the DEM to serve
as independent features in the classification.
The indices are used to characterize the topo-
graphic conditions of the Manyara Bed’s loca-
tion. The selected indices are listed in Tab. 3.

2.6 Training and Reference Data

As reference for this study, 498 ground refer-
ence points were collected during field cam-
paigns between 2010 and 2014. Because of
the time gap between the acquisition of the
ASTER scene and the reference point selec-
tion, all points were taken with care even
though the landscape is considered as relative-
ly stable in relation to the ground resolution
of the ASTER and SRTM-X data. Moreover,
we assume that the mineral components of the
Manyara Beds are conservative, means that in
the study area environment they will change
insignificantly over such a time period.

Some parts in the south and southeast of
the study area are remote and partly inacces-
sible. Therefore, we applied a random clus-
tered sampling strategy. The reference points
are imbalanced with 40 points describing the
UMBSs, 139 points describing the LMBs, and
320 points with dissimilar landcover. To the
latter class we refer to as “other landcover”,
which involves a rather complete reference se-
lection of soils, minerals and vegetation with-
in the study area, which were merged to take
into account a potential landcover change.
UMBs are not as abundant in the field as
LMBs, which are the more important sedi-
ments for the reconstruction of the paleolake
history. 20% of points from each class were
randomly selected to serve exclusively as test
datasets. Soils which are adjacent to or devel-
oped from the Manyara Beds were not classi-
fied as Manyara Beds. Reference points were
collected describing the relative spatial distri-

bution of the Manyara Beds with a minimum
size of at least the VNIR resolution (15 m?) for
the UMBs and at least 30 m? for LMBs and
“other landcover”. The relatively small area
for the UMBs was defined because they gen-
erally appeared as small sections or outcrops
of red tuffs on the valley slopes.

3 Methodology
3.1 Support Vector Machines

The concept of support vector machines
(SVM) based supervised classification origi-
nates from machine learning methodology
and was introduced by Vapnik (1995, 1999).
Due to different characteristics, the SVM al-
gorithm has become very popular for pat-
tern recognition and classification (Foopy
& MatHUR 2004). While most remote sens-
ing classification methods are mainly based
on statistical properties of pixel and objects,
SVMs maximizes the boundaries between in-
tended classes. The problem of linear separat-
ing classes in an n-dimensional feature space,
resulting from multiple independent input fea-
tures is solved by applying kernel functions.
By maximizing the margin between classes,
an optimal separating hyperplane is strived
for (BurGes 1998, HEARST 1998). Only a small
selection of feature values in the training data,
which are close to the margin, are needed to
define the hyperplane. These features are re-
ferred to as support vectors. Too many outli-
ers within the training dataset would result in
an over-fitting of the hyperplane. The cost pa-
rameter C determines a penalty for the sup-
port vectors which excludes outliers and re-
sults in a so called “soft margin”. C controls
thereby the balance between over-fitting (high
values) and generalization (low values) of the
maximum margin and must be selected care-
fully (Vapnik 1995 & 1999, ScuoLkopF & Smo-
LA 2002, Foopy & MaTHUR 2004).

For this analysis, support vector classifier
(C-SVC) from the Library for Support Vector
Machines (LIBSVM) developed by CHANG &
Lin (2011) was utilized. It implements a “one-
against-one” approach, which builds a classi-
fier for each target value pair. The classifica-
tion was conducted with a linear kernel and
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the radial basis kernel function (RBF) which
is widely used when a nonlinear relation is ex-
pected (Foopy & MaTtHUR 2004). The width of
the RBF or Gaussian kernel is controlled by
the constant vy, with high values describing a
far reaching influence of the training sample
and a low value for influencing the adjacent
feature space. A grid search was applied by
iteratively cross-validating the accuracy of
test data classification, while optimizing the
constants C and y. All input feature sets were
scaled to the range [-1, +1]. For the selection
of features we applied the recursive feature
elimination (RFE) technique which is widely
used with SVM approaches following GuyoN
& Evisseerr (2003). In an iterative process the
features are weighted according to their abili-
ty of discriminating the target classes. At each
step the most insignificant features are elimi-
nated recursively.

3.2 Boosted Regression Trees

Boosted regression trees (BRT), also known
as stochastic gradient boosting (ELITH et al.
2006), combine classification and regression
trees with the gradient boosting algorithm
(FriepmMaN 2001). This method employs a
learning algorithm to identify a model that fits
best the relationship between a feature set and
the class label of the target classes. We ran the
model using the free statistical programming
language R (R DEVELOPMENT CORE TEAM 2008)
with the package adabag (ALFaro et al. 2013).
The boosting algorithm used in adabag is the
AdaBoost (adaptive boosting) algorithm based
on FREUND & ScHAPIRE (1996). The goal of the
algorithm is to improve the accuracy of a tree
by combining single predictor variables into
classifiers. The points along the tree where the
features are split are called nodes. Bagging
reduces the variance and hence increases the
prediction accuracy by taking repeated sam-
ples from the training dataset to build a pre-
diction model and then averages the resulting
predictions. Boosting constructs each tree on
the original dataset but each tree is grown us-
ing information from previously grown trees.
When a binary classification problem is ex-
tended to a multi-class classification problem,
most boosting algorithms have to reduce the

multi-class classification problem to multiple
binary-class problems. However, the Ada-
Boost.M1 and the SAMME algorithms extend
the AdaBoost algorithm to the multi-class
case (Zuu et al. 2009). The difference between
the algorithms is the calculation of the a con-
stant, which estimates the error of the classi-
fier for each tree iteration. For binary classi-
fications SAMME is equivalent to AdaBoost.
M1. The measure of the relative importance of
the input features uses the gain of the Gini in-
dex (ALraro et al. 2013), which measures the
divergences between the probability distribu-
tion of the values of a feature. Best results for
both approaches were achieved with the build-
ing of 500 trees and 5 nodes for each tree.

4 Results

The classification of the Manyara Beds for two
classes (LMB, “other landcover”) and three
classes (LMB, UMB, “other landcover”) with
SVM and BRT was conducted with different
sets of input feature combinations. As shown
in Tabs. 4 and 5, the nine “Spectral Bands” of
ASTER, the derived “Spectral Indices” and
“Topographic Indices” derived from the DEM
were considered for classification separately.
Additionally, we show also the model perfor-
mance considering “All Features” as well as
a “Selection of Features” which were identi-
fied for SVM and BRT as the features with the
highest importance for solving the classifica-
tion problem (Fig.2). The number of relevant
features varies between the different methods
and parameterizations. The smallest number
of features (20) was identified for the SVM
with an RBF kernel and the binary classifica-
tion problem, the highest number (66) for the
BRT approaches (Tabs. 4 and 5). The BRT
methods stabilized with about 80 trees for the
binary classification and for the multi-class
problem between 130 and 500, depending on
the feature set (Fig. 3).

The highest accuracy with 92% was
achieved with SVM (linear kernel) and all
“Spectral Bands” as well as “Spectral Indi-
ces” and “Topographic Indices” for the bina-
ry classification of LMB against “other land-
cover” (Tab. 4). Both linear and RBF kernels
perform for the two classes with similar ac-
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Tab. 4: Overall accuracy and applied parameters for SVM and BRT. Binary classification scheme:
LMB & “other landcover”. Highest overall accuracy displayed in boldface (no = number of fea-

tures).
Spectral Spec?tral Topog.r aphic All Features Selected
Bands Indices Indices (no: 69) Features
(no: 9) (no: 35) (no: 25) ’
SVM linear 85% 86% 86% 92% 91%
C:75 C:8 C:8 C: 50 (no: 40) C: 40
SVM RBF 84% 87% 88% 89% 89%
C:29 C:39.5 C: 50 C: 1.5 (no: 20)
v: 1.5 v: 0.135 v: 1 v: 0.16 C:1.6vy:0.2
BRT o o o o 90%
AdaBoost.M1 82% 85% 86% 89% (no: 66)

Tab.5: Overall accuracy and applied parameters for SVM and BRT. Three-class classification
scheme: LMB, UMB & “other landcover”. Highest overall accuracy displayed in boldface (no =
number of features).

Spectral Bands Sp egtral Topog.r aphic All Features Selected
(no: 9) Indices Indices (no: 69) Features
’ (no: 35) (no: 25) ’
SVM linear 74% 73% 72% 79% 80%
C:2 C:4 C:8 C: 1.5 (no: 27) C: 10
SVM RBF 75% 78% 73% 80% 80%
C:20 C:12.5 C:3 C:3 (no: 32)
v: 1.6 v: 0.105 v: 0.15 v: 0.235 C: 17.6 y: 0.25
BRT o N o N 78%
AdaBoost.M1 5% 76% 2% 78% (no: 66)
79%
BRT SAMME 72% 75% 73% 79%
(no: 66)
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i I Upper Manyara Beds
s [ Lower Manyara Beds

Fig.4: Three-class SVM RBF result with “All
Features”, ASTER false colour infrared image
(near-infrared, red, green) as background.

curacies. Only for the classification with “All
Features” and the “Selected Features” the lin-
ear kernel can achieve a higher accuracy. The
accuracies show a slightly lower performance
for BRT than for both SVM methods.

When expanding the classification problem
with the LMBs as the third class the overall ac-
curacy drops with all possible combinations.
The RBF kernel and the linear kernel perform
similarly well and achieve 80% accuracy with
“All Features” (Tab.5). Fig.4 shows the as-
sociated spatial distribution of the LMBs and
UMBs. Stratigraphic units with similar topo-
graphic and spectral properties compared to
the LMBs were identified in the south of the
study area in the Tarangire River valley and
further east in the Makuyuni River valley.

5 Discussion

In comparing the SVM classifier with linear
and RBF kernels, as well as with the BRT Ad-
aBoost.M1, results show that the binary clas-
sification problem can be solved with high ac-
curacies of up to 92%. Regarding the binary

e S S A
Upper Manyara Beds

[ Lower Manyara Beds
o 2 4 6 8 A
1Kilometres

Fig.5: Three-class SVM RBF comparison of
different input features. ASTER false colour in-
frared image as background; a) SVM RBF with
“All Features”; b) SVM RBF with 9 “Spectral
Bands” of ASTER,; c) hillshade of DEM; d) SVM
RBF with “Topographic Indices”.
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classification problem, the linear and the RBF
kernels yielded a very good performance. The
BRT model performs marginally lower, but
also at a high level. By enlarging the classifi-
cation problem to three classes the overall ac-
curacy drops by nearly 12% on average (Tabs.
4 and 5). The small number of UMB training
features and their irregular spatial distribu-
tion result in an imbalanced training set and
cause a lower overall accuracy. As for the
three-class classification, the SVM with the
RBF kernel as well as the SVM paired with
the linear kernel perform slightly better than
the BRT methods. The SVM three-class prob-
lem requires a higher generalization, leading
to a wider hyperplane margin. The SVM bina-
ry problem however displays no such require-
ment (lower C values).

“Spectral Bands”, “Spectral Indices” and
“Topographic Indices” may be used as input
features to explain the location of LMBs and
UMBs. Both SVM methods perform similar-
ly when using “All Features” and the RFE-
“Selected Features”. The same is true for the
BRT methods. When using only “Topograph-
ic Indices” the binary classification approach
detects the distribution of the Lower Man-
yara Beds better than with spectral informa-
tion. Though for the three-class approach, the
Lower and the Upper Manyara Beds seem to
be separated better by spectral input features.
“Spectral Bands” and “Spectral Indices” iden-
tify areas where the spectral information
of the target classes is not (or only margin-
ally) disturbed by heterogeneous land cover
(Fig. 5b). The use of solely “Topographic In-
dices” results in a separation of the different
topographic positions of the Manyara Beds
within the study area (Fig. 5c, d). Consequent-
ly, the “Topographic Indices” with the multi-
class scheme achieved the lowest accuracies
because the topographic characteristics of the
LMBs and the UMBs partly overlap. Accord-
ingly, the combination of both spectral and
topographic features best explains the distri-
bution of the Manyara Beds (Fig. 5a).

Several optimized feature sets were identi-
fied which explain the distribution of the target
classes with the training data (Fig. 2). Eight in-
put features are common in all optimized fea-
ture sets (Tab. 6). The spectral feature VNIR
Green (ASTER band 1) correlates with the

Tab. 6: Features which are common in all fea-
ture selection results.

VNIR Green SWIR 6

Stream Power Index

Opaque Index

Multiresolution Index of

Valley Bottom Flatness Positive Openness

Elevation (height

Plan Curvature
a.s.l)

Manyara Beds. The spectral “Opaque Index”
(Cupany 2012) is sensitive to magnetite-bear-
ing rocks, maghemite gravels, and manganese
oxides. Whether the value distribution of the
“Opaque Index” for this ASTER scene results
from those specific absorption features can
only be determined through further laborato-
ry analysis or field spectroscopy. The spectral
reflection characteristics may also result from
other materials. The topographic information
“Elevation (height a.s.l.)” describes the depo-
sition on a distinct paleolake level. The topo-
graphic index “Positive Openness” expresses
the degree of geometric dominance of one or
several convex relief features. It therefore ac-
curately highlights elevated areas (YokoyamA
et al. 2002). “Plan Curvature” differentiates
between ridges and valleys and may describe
the incision of streams and gully systems into
the lacustrine sediments. The “Multiresolu-
tion Index of Valley Bottom Flatness” (GAL-
LANT & DowLING 2003) may describe the dep-
ositional areas of the Manyara Beds.
Lacustrine sediments similar to the LMB
are identified in the eastern part of the study
area. After the first classification results we
conducted a field check proving the predicted
lacustrine sediments in the eastern part of the
study area. In addition, vertebrate fossils are
abundant at this location. Since the elevation of
these sediments is higher than the LMBs, their
elevation can be explained by a tectonic down-
shift of the block with the LMB as is proposed
by Scuwartz et al. (2012). This must have hap-
pened after or during the sedimentation of the
Manyara Beds. The second explanation would
propose a lake or swamp situation parallel to
the paleolake Manyara. A gneissic ridge that
is incised today by the Makuyuni River would
have functioned as a barrier. The drainage of
this lake was directed into the Tarangire River
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in the south. Knick points of tributary river
valleys indicate a change of the drainage di-
rection. The third possibility would be a com-
bination of both scenarios. For a further deci-
phering of the lake history a better dating of
volcanic ridges and tuffs is needed.

6 Conclusions

This paper focused on a comparison between
SVM and BRT methods, as well as the use of
different sets of input features. All methods
had performed with similar overall accuracies
for the multi-class and the binary problem re-
spectively. The best results were obtained us-
ing all spectral and topographic features to
explain the distribution of the Manyara Beds.
The highest accuracy for the binary classifi-
cation of LMBs and “other landcover” were
achieved with the SVM method and a linear
kernel. For the classification of three classes
(LMBs, UMBSs, “other landcover”) the SVM
method with a RBF, as well as with a linear
kernel performed best. In the case of the Lake
Manyara area, small scale lithostratigraph-
ic units could be delineated in a challenging
environment, which entails a heterogeneous
landcover with spectral similarity between
different soils and a patchy vegetation cover.
Besides the already known finding localities,
new sites with paleolake sediments east of
Makuyuni could be identified and may con-
tribute to assessing the paleolake history of
Lake Manyara. Lacustrine sediments in the
south of the study area have to be validated in
the field and their paleontological importance
must be evaluated.
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Summary: Maps play a major role in communicat-
ing information in the context of public railway
transportation, for instance as route maps. In addi-
tion, the current position of the trains can be shown
on such a map to enrich the information content
(Live Map). For the positioning and routing of the
trains on the track, a graph structure of the traffic
network is necessary. Since railway tracks are
mostly arranged in a parallel manner, it makes
sense to merge the track lines into representative
(centre-)lines, which reduces significantly the
amount of edges and helps to identify possible top-
ological errors in the input data. This work presents
an algorithm which merges track data based on
topological properties, so that branches and cross-
ings can be distinguished. The implementation
uses generalization techniques like an area collapse
operator and methods from computational geome-
try like polygon triangulation. An evaluation shows
that the output graph is capable for routing tasks.

Zusammenfassung: Ein Algorithmus zur Erstel-
lung eines vereinfachten Bahnnetzes durch Gene-
ralisierung. Karten spielen eine wichtige Rolle bei
der Informationskommunikation im Rahmen des
offentlichen Verkehrs, etwa als Liniennetzplan, auf
dem zusitzlich die aktuelle Position des Verkehrs-
mittels dargestellt wird (Live Map). Um solche Kar-
ten zu erstellen, ist eine routingfidhige Graphstruk-
tur der Gleisdaten notig. Da Gleise meist parallel
verlaufen, ist es sinnvoll, die Gleise zu reprisenta-
tiven Linien zu aggregieren, um die Redundanz zu
verringern und mogliche Topologiefehler der Ein-
gangsdaten zu beheben. In dieser Arbeit wird ein
Algorithmus vorgestellt, der einen Gleisdatensatz
nach topologischen Eigenschaften zusammenfasst.
Der Implementierungsansatz nutzt hierzu Techni-
ken aus dem Bereich der Skelettierung von Polygo-
nen durch Triangulation. Eine abschlieBende Eva-
luation zeigt, dass das Ergebnis fiir Routinganwen-
dungen geeignet ist.

1 Introduction

The sector of public transportation is of out-
standing importance for the infrastructure
and thereby for the wealth of a country. Ac-
cording to DEstaTIs (2013), approximately 30
million people per day use the public trans-
portation system in Germany. It is obvious
that such a huge and complex network needs
an efficient way to communicate traffic infor-
mation to its users.

Maps play a major role in this task. They
are able to illustrate connections between dif-
ferent means of transport in a way that every
user is able to understand quickly. In most cas-
es, the connections are shown in a schematic
manner, like the popular route map of the Lon-

© 2015 E. Schweizerbart'sche Verlagsbuchhandlung, Stuttgart, Germany
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don Tube. Since this type of map lacks a lot
of additional cartographic information, it has
become also common to show the geometry of
the route as an overlay on a real map, so that
the user is able to locate stations and the trav-
elled route in between.

A dynamic enhancement of this type of map
is the so called Live Map, where, in addition to
the tracks, the positions of the moving vehicles
are drawn in real-time. The position informa-
tion can be gathered either directly from GPS
or indirectly calculated through spatiotempo-
ral interpolation on the given track, like it can
be seen for example at the German “DB Zug-
radar”, www.bahn.de/zugradar (Fig. 1).

A basic requirement for the routing of the
trains is a graph structure of the track network.

www.schweizerbart.de
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The nodes of this graph thus have real world
coordinates, so that the correct geometry of
the tracks can be shown. Such a graph struc-
ture is necessary for different tasks: the edges
can be used to interpolate an approximation
of the current position of the train when posi-
tion signals are available only at discrete sur-
vey stations along the track, and a routing on
the graph can be used to determine the com-
plete route of a train. In some Live Map ap-
plications, this route can be highlighted when
desired by the user (like the red line in the ex-
ample of Fig. 1 shows).

A trivial solution to obtain a track graph is
to use raw track data without any modifica-
tion, that is, the line data of the tracks sim-
ply converted into a graph structure without
any further processing. In fact, many Live
Map applications at present use such an un-
processed data basis.

Track datasets for this purpose can be ob-
tained either from official sources (like rail
operators or transport associations) or derived
from volunteered geographical information
(VGI), accessible through portals like Open-
StreetMap (OSM). Unfortunately, depending
on the quality of the input data, one cannot be
sure that the obtained track data is topolog-
ically correct, i.e. that line endings are con-
nected properly. If this basic condition is not
fulfilled, a routing will lead to unexpected er-
rors, such as confusing detours or no possible
connection at all. Especially when VGI is used
as input data the quality cannot be ensured, so
that an additional check is recommended.

Furthermore, it is apparent that railway
tracks are mostly arranged in a parallel man-
ner. If the whole track network is used for a
routing application, a significant redundancy
of track information is present that slows down
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the algorithm, while the single tracks are of
no importance for a macroscopic routing ap-
plication. In addition, users could be irritated
when the Live Map shows a train pulling into
a station on a specific platform, but in reality
this platform was only chosen because it rep-
resents the shortest way in the graph and not
the platform defined in the timetable. Hence, a
transformation into a representative geometry
is desirable in many cases.

In order to handle those issues, the task is
therefore to generalize the redundant tracks
while preserving the topologic relationship. In
the context of generalization, this procedure
can be classified as merging (SHEA & McMas-
TER 1989). As a by-product, the use of such an
operator has the possibility to identify and re-
pair incorrect input data. In detail, the follow-
ing requirements are necessary:
® Bundle parallel tracks that belong to the

same transport route and create a graph

with real world coordinates that represents

the approximate centre of the route (Fig. 2)
® Preserve the topology of the input data. In

other words: insert a node at track switches

(Fig. 3), but do not insert a node at cross-

ings, e.g. bridges or tunnels (Fig. 4)
® Repair topological errors in the input data,

so that the network is routable (Fig. 5).

In this paper we present an algorithm that
fulfils these requirements and generates a sim-
plified rail network graph. It combines differ-
ent existing computational geometry meth-
ods such as buffering and skeletonisation and
uses in addition a new technique called Track
Tracing.

The outline of this paper is as follows. Sec-
tion 2 gives a brief overview over other top-
ics that are related to the current problem. In

Park an
der llm

Isseroda Belvadere

Fig. 1: Screenshot of the Live Map “DB Zugradar”. Source: www.bahn.de/zugradar (24.6.2014)
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Fig.2: Task: Bundle parallel tracks.

Fig. 4: Task: No node insertion at crossings.

section 3, the algorithm is presented. Further-
more, in section 4 results of the process are
shown. Section 5 discusses the evaluation of
the results with a test routing. Finally, section
6 provides the conclusion and directions for
future work.

2 Related Work

The generation of a routable graph network
from line data without further simplification
is a fairly simple task since it is sufficient to
treat all vertices as nodes and add the cor-
responding line connections as edges to the
graph. Problems may only arise when the in-
put data is somehow flawed. NEis et al. (2011)
discovered that the amount of topological er-
rors at street connections in OpenStreetMap
has declined rapidly in the past several years.

Nevertheless, the street topology is not
flawless, so that an additional data preparation
is still necessary.

However, most articles focus on street or
pedestrian routing, whereas a routing on rail-
way tracks or the quality of its geometry is not
examined. Due to the lack of such measure-
ments, we checked the topological integrity
of railway track data from OpenStreetMap by
a simple check of the distance between every
node and its nearest neighbour. If the distance
is greater than zero and above a certain thresh-

=
\

Fig.3: Task: Insert a node at track route
branches.

Fig.5: Task: Handle topologic errors in the
input dataset.

old (we used an empirical value of 0.75 m), a
node pair is marked as erroneous. The result
of this systematic analysis showed that the raw
railway track data in the region of Germany
seems very suitable for the purpose of rout-
ing: in 175,000 nodes only 44 errors have been
detected, corresponding to an error probabil-
ity of ~ 0.03%. Certainly, for more accurate
results a more sophisticated analysis is neces-
sary since not every error type is covered in
this test.

In terms of line network generalization,
most previous work focuses also on road net-
works. A common approach is the principle
of good continuation proposed by THomMsoN &
RicHArRDSON (1999). In this work, a road net-
work is grouped into linear elements called
strokes, which represents a chain of road sec-
tions which have a good continuation. Based
on this technique, Taom (2005) presents a
method to collapse dual carriageways into a
single centre line. Unfortunately, since rail-
way vehicles have a huge turning radius, near-
ly all rail tracks have a relatively good con-
tinuation which makes this principle not ap-
plicable.

A topic that also deals with line merging is
the map inference from movement trajecto-
ries. One of the main research topics in this
field is the construction of a road map by pro-
cessing vehicle tracking data. Due to the un-
certainty of GPS measurements, trajectories
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are mostly scattered around the true move-
ment path. A reasonable way to infer a road
network is therefore the creation of a centre-
line of all trajectories belonging to a common
street segment, which is also a form of a merg-
ing operation.

One approach to achieve this goal using k-
means clustering is presented by EDELKAMP
& ScuropL (2003). In the work of LEE et al.
(2007), similar trajectories are detected and
grouped in order to derive a representative
trajectory for common parts, which is close to
the problem investigated in this paper. Anoth-
er inspiring idea comes from Cao & Krumm
(2009), who simulate physical attraction be-
tween the trajectories. ZHANG et al. (2010)
describe a method to extract a centreline out
of GPS traces with perpendicular lines using
fuzzy c-means clustering in order to separate
close roads. Biagiont & ERriksson (2012) pre-
sent a map inference pipeline similar to the
workflow described in this paper. First, a ker-
nel density estimation (KDE) is applied on the
raw GPS traces, which produces a density ras-
ter. Subsequently, a gray-scale skeletonisation
is used to derive the road centrelines.

However, car trajectories differ in some
characteristics from railway track data. Tra-
jectories have measurement errors, while a
track derived from a map is assumed to have
the correct coordinates. Also, single lines are
often treated as outliers in a car trajectory anal-
ysis and are thus neglected, but a single railway
track has to be preserved. These differences
reveal the requirement of a new algorithm.

3 Merging Operator

The basic concept of the proposed simplifica-
tion operator is the merging of tracks which
are located close to each other while preserv-
ing the underlying topological information
of the traffic routes. In order to carry out this
task, a kind of morphological operation is per-
formed: At first, the tracks are buffered (Di-
lation), and subsequently the buffered area is
transformed back to a line (Erosion), which
corresponds to the Closing operation. The ma-
jor challenge — which is also different from
conventional skeleton approaches — is the
preservation of the topological relations.

In detail, the algorithm consists of the fol-
lowing four steps, which are explained more
in detail in the course of this section:

1) buffering of the tracks and amalgamation of
all buffer polygons,

2) removal of holes,

3) triangulation of the buffer polygon,

4) creating the skeleton in consideration of the
underlying tracks.

Optionally, point information, e.g. stations,
can be added in a fifth step by a map matching
operation to enable station-to-station routing.
Due to the limited space, this step is not cov-
ered in this article.

3.1 Buffering of the Tracks

In the first step, a buffer operation is per-
formed on every track segment of the input
data. The buffer width has to be defined man-
ually by the user — the smaller the distance
value is chosen, the more single tracks will
be created in the output dataset. A big value
corresponds thereby to a more generalised re-
sult. In the experiments, a typical buffer dis-
tance of 12 m was selected in order to span all
neighbouring tracks, which corresponds to
the tripled value of the normal track distance
of 4 m. Subsequently, all buffer polygons are
amalgamated into one large polygon, respec-
tively multipolygon in the case of an incoher-
ent track network, with holes.

3.2 Removal of Holes

In areas with a high track density and many
parallel tracks, e.g. at marshalling yards or
big stations, some holes may occur in the to-
tal polygon when the gap between two tracks
is slightly higher than the chosen buffer dis-
tance in step one. Those holes lead to disrup-
tive splits in the resulting graph, because an
output line will be created on both sides of the
hole. This effect can be avoided by a removal
of holes which have a size smaller than a de-
fined threshold. The threshold size has to be
chosen carefully — too big values may destroy
useful information while small values lead to
many forks in the graph. In practice, values
between 4000 m? and 10000 m? have lead to
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good results, depending on the desired level
of detail. For the results shown in this work a
threshold of 7500 m? was used.

3.3 Triangulation of the Polygon

In order to obtain a line dataset based on the
created polygon, an area collapse mechanism
is needed which returns the skeleton of the
polygon. Several different approaches for a
skeletonisation exist in the literature. A good
overview is given for example by HAUNERT &
SESTER (2008).

For the algorithm presented in this paper it
is required to use the method of skeletonisa-
tion by polygon triangulation, as proposed by
CuitHaMBARAM et al. (1991). A brief descrip-
tion of the procedure is given in section 3.4.

The triangulation itself is based on a con-
strained Delaunay triangulation of the poly-
gon, where triangles outside the polygon are
removed. The more homogeneous the trian-
gles are shaped, the smoother the skeleton
gets. Therefore, the algorithm uses a Con-
forming Delaunay Triangulation, where addi-
tional Steiner Points are inserted into the poly-
gon edges. For further details we refer to BERN
& EppsTEIN (1992).

3.4 Creation of the Skeleton

A conventional skeleton based on a triangu-
lated polygon is created by an analysis of the
triangles and distinguishes two types of tri-
angles: Normal triangles (1) have at least one
common edge with the polygon boundary,
while interior triangles (2) have no edge co-
incident with the polygon and occur on junc-
tions. The skeleton edge is then created for
every triangle by linking the midpoints of the
interior triangle edges. When triangles of type
(2) are processed, a centre point of the triangle
is inserted and linked with all three midpoints
of the triangle edges.

In contrast to a conventional skeleton op-
eration, the proposed algorithm uses also the
topologic relations from the original tracks.
All triangles are processed iteratively and the
following steps are executed:

1) track search,

2) repairing topology errors,

3) analysis of the track connectivity,
4) inserting connection lines,

5) at interior triangles: track tracing.

Track search

In order to detect the underlying topology of
the tracks, the first step is the retrieval of the
affected track data in the area of the currently
processed triangle. To avoid a wrong connec-
tivity analysis, it is necessary to cut the tracks
at the triangle edges.

Repairing topology errors

Depending on the quality of the input data,
topological errors like not correctly connect-
ed track segments may occur in the input data
and can lead to gross errors in the output data.
They can be detected by measuring the dis-
tance and angle difference between track line
endings and/or vertices — if the distance is
very small and the track segments have an ap-
proximately similar direction, an error may be
present. It can be repaired by connecting the
separated nodes.

Analysis of the connectivity

The topologically clean tracks are then inves-
tigated with regard to the connectivity. Fig. 6
shows exemplarily three possible track con-
stellations in a triangle:

a) two tracks simply pass the triangle,

b) a track merges (Branch),

¢) a trac splits (Branch).

The connectivity analysis contains mainly
the partition of the tracks into distinct track
sets. Distinct means that a track set has no
connection to another track set.

@ (b) ©

Fig. 6: Examples of different track
constellations in a triangle, green: input edge,
red: output edge.
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Inserting connection lines

This information is now used to determine
the necessary connection lines in the output
graph. In most cases like in Fig. 6a, this is a
trivial task where just the centres of track in-
tersections at two triangle edges are connect-
ed. The only exception occurs at interior tri-
angles, which marks the initial situation for a
track tracing.

Track tracing

Since it is not possible to distinguish branch-
es from crossings in just one single triangle, it
is necessary to trace the tracks further until a
proof is found that the tracks that are coming
from different triangle edges merge (Branch)
or divide without any common node in be-
tween (Crossing). For such a tracing, the tri-
angle structure provides a good frame condi-
tion since the calculations can thus be locally
limited.

An interior triangle of type (2) always
marks the start of a tracing function if all three
edges are crossed by tracks. An example can
be seen in Figs. 7 and 8: The green interior
triangle labelled with 1 has different tracks
crossing each triangle edge, thus a track trac-
ing over the triangles labelled with 2 is nec-

Fig. 7: Branch of two rail routes.

g..
(=N

Fig. 8: Crossing of two rail routes.

essary until the decision between branch and

crossing can be made. Fig. 7 shows the case of

a branch where the tracks meet a few triangles

further (labelled with 3). In contrast, Fig. 8 il-

lustrates a crossing where the four tracks of

the route from top left to the bottom right do
not have a common node with the two tracks
of the other route until they diverge again in

the triangle labelled with 3.

The proceeding of the track tracing is as
follows. At first, all three edges of the start-
ing triangle are classified as input or output
edge. Usually, a starting triangle has two in-
put edges and one output edge where all tracks
from both input edges converge, as shown in
Fig. 6b. In rare cases it can happen that this
assumption is not fulfilled, e.g. when there are
direct connections between all three edges. In
this case, a tracing is not possible and the al-
gorithm only inserts output edges between the
corresponding intersection points.

In all other cases, the following loop is ex-
ecuted:

1) Label distinct track sets All distinct track
sets that intersect the same input edge are
grouped into a route track set (RTS). This
holds also if new tracks accrue during the
loop.

2) Go to the neighbouring triangle(s) at the
output edge(s) and group the underlying
tracks to the RTS.

3) Check for connections All RTS are checked
among each other if a connection exists.
If so, a branch is present and the RTS are
united. If desired by the user, RTS can also
be united due to a certain similarity, e.g.
if the angle difference and/or distance be-
tween the RTS are below a certain thresh-
old.

4) Insert output edges between the intersec-
tion centres of the RTS at the triangle edg-
es. Old output edges in the current triangle
are removed and overwritten unless a Col-
lision exit is present, see below.

5) Check the stop criteria
o Branch exit: Only one RTS remains due

to a branch

o Crossing exit: Two RTS leave the trian-

gle through two different output edges

o Collision exit: The current triangle is the

end of a tracing from the opposite direc-
tion.
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Otherwise, if two or more RTS leave
through an output edge, continue with
step 1.

The track tracing is in principle able to han-
dle an arbitrary number of traced RTS simul-
taneously. Note that care is necessary when
a new tracing overwrites an old tracing but
stops at an earlier triangle compared to the old
tracing — in this case, the output edges may not
match at the triangle edge.

Since the output edges only span the based
triangle and are thus relatively short, it is use-
ful to connect those fragments in a final step
to create longer polylines.

4 Results

The following examples show the result of
processing a German-wide railway dataset
obtained from OpenStreetMap. For the cal-
culation, only standard tracks have been used
excluding tracks in marshalling and mainte-
nance yards. In Fig. 12 the result network is
visualized as a red line on top of an Open-
StreetMap background in the area of the main
station in Hamburg. It can be seen that the
parallel running railway tracks in OSM have
been replaced by one single line which follows
approximately the medial axis of the tracks.

Fig. 9 shows exemplarily the output of pro-
cessing a branch with several tracks. Here,
the original railway tracks are drawn in or-
ange and the output line is overlaid in blue.
Fig. 10 shows a more complex track junction
near Kreiensen, Germany, where the original
topology is also preserved correctly. In this
special case, the stop criterion was a Collision
exit where the central part was processed from
the left side as well as from the right side.

In general, however, it is not always pos-
sible to generate a visually attractive appear-
ance in addition to topological correctness.
Such visual drawbacks mostly occur at big
marshalling yards or junctions with more than
three track routes converging, as the complex
example of Saarbriicken (Fig. 11) shows. Al-
though the topology of the blue output graph
is correct, the visual appearance is not satisfy-
ing due to many successive track tracings with
overwriting the existing output.

Fig.9: Example of a simple branch.

Fig. 10: Example of a more complex branch in
Kreiensen, Germany.

Fig.11: Example of a very complex track field
near Saarbriicken, Germany.

5 Evaluation

Besides the examination of the visual appear-
ance, the results were evaluated concerning
the topological correctness and routing abil-
ity. The topological correctness of a processed
German-wide track network obtained from
OSM was estimated by an automatic check for
node connections (see Related Work for more
information about the test configuration). It
yielded only two errors out of 28.528 tested
node pairs, which is a rather good result that
indicates a highly reliable quality of the topol-
ogy. On the contrary, it shows also that the al-
gorithm does not work faultlessly since errors
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may still appear in rare cases. In various other
experiments with different parameter settings,
such errors occurred particularly at helical
tunnels or huge marshalling yards.

In order to verify the result with respect to
the routing ability, it is not sufficient to check
only node connections, because other topo-
logical errors can as well significantly influ-
ence the routing and may result in large de-
tours of the routed trains. Hence, a test routing
was carried out. The basis for the test routing
was:
® Railway track data from OSM
e Station coordinates from OSM
® Timetable information, accessed at

www.bahn.de

www.der-metronom.de

The routing itself was executed by the rout-
ing algorithm of the HAFAS journey planner
from HaCon. A total of 4 relations in north-
ern Germany have been tested and analyzed
(Fig. 13). The evaluation was carried out in
two ways: on the one hand manually by vis-
ual inspection of the route between the start
and end nodes, and on the other hand by cal-
culating the needed train speed between the
stations. If the calculated speed of a train rises
to unrealistic values, e.g. above 200 km/h for
local trains, it can be assumed that this error
comes from a topological issue in the routing
dataset. The train has to take a detour and thus
a longer distance, but the travel time keeps the
same, which results in a higher speed.

The result: both the visual inspection of the
route and the speed check yielded no problems
— all trains could take the assumed route with
an appropriate speed.

When processing large datasets, time and
memory complexity is an important aspect as
it describes how much the time- and memory
usage grows with increasing input size. The
theoretical complexity mainly determined by
the buffering and union steps is O (n logn).
The memory and time usage was determined
experimentally. Thereby a near-linear behav-
iour of both time and memory usage was ob-
served. In our case, the calculation of small
datasets (~ 14.000 line segments) took approx-
imately 3 minutes, whereas the whole German
railway network (~ 130.000 line segments) re-
quired approximately 40 minutes (CPU: Xeon
E5 processor with 2,4 GHz).

A drawback in terms of calculation time is
the dependence of the processing direction of
the tracks; that is, different input datasets re-
sult in a different geometry of the output data,
even in regions where the original data is con-
gruent. Thus, a tile based partition of the input
data in order to parallelize the computation is
not directly possible.

6 Conclusion
In this work we presented a new algorithm to

derive a routable rail network from detailed
railway track data in consideration of the to-

Fig. 12: Output railway network in the area of Hamburg, Germany (background: OpenStreetMap).
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pology of the input tracks. The algorithm uses
different methods of geometry type change
(buffer operation and dimensional collapse)
in order to create a representative line of the
track routes. The core of the operator is a track
tracing mechanism based on triangles in order
to distinguish branches from crossings and

Westerland (Sylt)

Routes

=== Metronom Uelzen - Gdttingen
~ RE Norddeich - Hannover
—— IC Westerland - Géttingen
—— IC Fehmarn - Miinster

Norddeich Mole

thus to preserve the topology of the original
track network.

Different evaluation approaches like a test
routing indicate a very good quality in terms
of topological correctness and routing ability
of the output graph. The visual appearance
of the resulting representative lines is rather
good in most cases, although some complex

Fehmarn-Burg

! Géttingen
»

Fig. 13: Routed relations in northern Germany, based on a processed OSM dataset.
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junctions may result in a confusing output
line constellation. At this point, the visual ap-
pearance could benefit from an additional post
processing which preserves the topology.

A drawback of the presented method is
though the dependence of the processing di-
rection, which complicates a parallelization of
the computation. For this purpose, approach-
es have to be used that deal with overlapping
parts (see e.g. THIEMANN et al. 2013).
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Symposium der ISPRS Commis-
sion IV, 14. — 16. Mai 2014, Suzhuo,
China

Das ISPRS Symposium der Kommission [V
wurde vom 14. bis 16. Mai im Marriott Hotel
in Suzhou City, China, veranstaltet. Das Sym-
posium fand damit nur wenige Tage vor dem
ISPRS Symposium der Kommission VI (Data,
Information, and Knowledge Sharing for Geo-
Education) in Wuhan, China, statt, so dass es
fur Interessierte moglich war, beide Symposi-
en mit einer Reise zu besuchen.

Insgesamt nahmen 320 registrierte Teilneh-
mer aus 17 Lidndern an dem Symposium teil.
Es wurden 129 Beitrdge eingereicht. Diese
wurden in 19 Vortragssitzungen (86 Vortrige)
und zwei Postersitzungen (43 Vortriage) vorge-
stellt. Nach einer wissenschaftlichen Begut-
achtung wurden 83 Beitrdge in den ISPRS
Archives und 15 Beitrige in den peer-review-
ed ISPRS Annals verdffentlicht. Wiahrend des
Symposiums fand weiterhin eine technische
Messe mit acht Ausstellern statt.

Das Symposium startete mit einer Eroff-
nungszeremonie (siche Abb. 1), die von JiE
Jang, Prisidentin der Kommission IV, geleitet
wurde. CHrisTIAN HEIPKE, Generalsekretér der
ISPRS, iiberbrachte die Grullworte des ISPRS
Councils. AnschlieBend begriifite PENDE Li,
stellvertretender Generaldirektor der ,,Natio-
nal Administration of Surveying®, die Giste
und stellte eine kurze Ubersicht iiber aktuelle
Entwicklungen aus dem Bereich der Geoma-
tik in China vor. Danach hielt der Direktor des
»Jiangsu Bureau of Surveying and Mapping™
und zugleich stellvertretender Biirgermeister
von Suzhou City eine Willkommensansprache
im Namen der lokalen Regierung. Abschlie-
Bend tibergab MARGUERITE MADDEN, zweite
Vizeprisidentin der ISPRS, im Namen der
ISPRS Foundation Reisestipendien an zwei
Studenten aus Russland und Deutschland, wo-
nach Jun CHEN, Prdsident der ISPRS, das
Symposium und die Ausstellung fiir er6ffnet
erklérte.

Auf die Eroffnungszeremonie folgte eine
Keynote-Sitzung mit drei Vortrdgen. Der ers-

© 2015 E. Schweizerbart'sche Verlagsbuchhandlung, Stuttgart, Germany

DOLI: 10.1127/pfg/2015/0257

te Vortrag wurde von DEereN Li, Wuhan Uni-
versity, mit dem Titel Ortshezogene Dienste
basierend auf Street-View-Karten gehalten.
Danach folgte ein Vortrag von GEORG GART-
NER, Président der International Cartographic
Association (ICA), iiber serviceorientierte
Kartographie und ortsbezogene Dienste. Der
dritte Vortragende war BRYANT AUSTIN vom
Cosmos Studio USA, der sich mit der Thema-
tik beschiftigte, wie Fotomosaike im Malstab
1:1 von Walen erzeugt werden koénnen.

Am Nachmittag des ersten Tages wurden
zwei Plenarsitzungen abgehalten. Die erste
Sitzung wurde von JoHN TRINDER, Ehrenmit-
glied der ISPRS, geleitet. Diese begann mit
einem Vortrag von der ndchsten ISPRS Kon-
gressdirektorin LENA HaLouNovA. Sie stellte
die aktuellen Vorbereitungen zum néchsten
ISPRS-Kongress in Prag vor und rief zur zahl-
reichen Teilnahme auf. GoTTFRIED KONECNY,
Ehrenmitglied der ISPRS und Co-Leiter der
Arbeitsgruppe 1V/2, prisentierte die Ergeb-
nisse eines u.a. auch von der UN unterstiitzen
Fragebogens zum Thema Globale Kartierung
und Fortfiihrung. Danach berichtete JuN CHEN
iiber eine Landnutzungskartierung in China.
AbschlieBend zeigte MARGUERITE MADDEN ei-
nen Ansatz zur Geovisualisierung und -analy-
se von Tierhabitaten.

Die zweite Plenarsitzung wurde von Jun
CHEN geleitet. Zunédchst berichtet JAN-PETER
MuLLER, Leiter der ISPRS Arbeitsgruppe
1V/3, iiber den Status der Committee on Earth
Observation Satellites Working Group on Ca-
libration and Validation (CEOS-WGCV): Ter-
rain Mapping from Satellites. AnschlieBend
prasentierte E. PATTABHI RaMA Rao, Leiter der
ISPRS Arbeitsgruppe 1V/4, Anwendungen
von Geotechnologien im Bereich Ocean Infor-
mation and Advisory Services. BERT VEENEN-
paaL, Leiter der ISPRS Arbeitsgruppe 1V/5,
stellte Entwicklungen fiir ein flexibles Bil-
dungsrahmenwerk fiir die Ausbildung im
Geomatik-Bereich vor. In den abschlieBenden
Vortragen berichteten Sisi ZLATANOVA, Leite-
rin der ISPRS Arbeitsgruppe [V/7, tiber Chan-
cen und Herausforderungen im Bereich der
3D-Innenraummodellierung und -navigation

www.schweizerbart.de

1432-8364/15/0257 $1.50
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und XiN REN vom Nationalen Astronomischen
Observatorium der Chinesischen Akademie
der Wissenschaften tiber die Mission der chi-
nesischen Mondsonde Chang’E3.

In den folgenden zwei Tagen wurden 16
Vortragssitzungen mit 73 Vortrégen und zwei
Postersitzungen mit 43 Présentationen abge-
halten. Die Schwerpunkte waren dabei Me-
thoden zur Fortfithrung und Verifikation von
Geodatenbanken, Globaler Status der Kartie-

o

rung und Fortfiihrung von Geodatenbanken,
Globale Interoperabilitidt von Hohenmodellen,
Geodateninfrastrukturen, Web- und Cloudba-
sierte Dienste und Anwendungen, Sensor Web
und Web der Dinge, 3D-Innenraummodellie-
rung und -navigation, Planetare Kartierung
und Geodatenbanken, Rechenoptimierung
von Geodatenbanken und ortsbezogenen
Diensten, Globale Landnutzungskartierung

‘n
oy

weal Commis.

Abb. 1: Impressionen der Eréffnungszeremonie
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und Services sowie Ortsbezogene Dienste und
ubiquitdre Kartographie.

Zusammenfassend war das Symposium
eine sehr gute Moglichkeit zum gegenseitigen
Informationsaustausch. Dazu trug auch der
Empfang am Abend des ersten Tages bei, bei
dem traditionelle chinesische Musik dargebo-

ten wurde. Mit Suzhou City wurde zudem ein
sehr attraktiver Veranstaltungsort mit einer
iiber 2500 Jahre alten Geschichte gewihlt,
welcher den Aufenthalt sehr angenehm
machte.

VOLKER WALTER, Stuttgart

Hochschulnachrichten

Leibniz Universitat Hannover
Dissertation von Gholam Reza Dini

Herr GuoLam Reza Dini, M.Sc., wurde am
18.7.2014 an der Fakultit fiir Bauingenieurwe-
sen und Geodésie der Leibniz Universitit
Hannover mit der Arbeit ,,7Toward an Automa-
tic Solution for Updating Building Databases
Using Space-borne Stereo Imaging* zum Dr.-
Ing. promoviert.

1. Referent: Prof. Dr.-Ing. habil. CHRISTIAN
HerrkE, Leibniz Universitdt Hannover

2. Referent: Prof. Dr.-Ing. habil. Monika Sks-
TER, Leibniz Universitdt Hannover

3. Referent: Prof. Dr.-Ing. MARKUS GERKE,
Universitit Twente, Enschede

Kurzfassung:

Aufgrund der Entwicklung von hochauflésen-
den, satellitengetragenen, stereoskopischen
Sensoren werden heutzutage auch Digitale
Oberflichenmodelle (DOMs), die durch digi-
tale Bildzuordnung generiert wurden, immer
hiufiger verwendet, besonders fiir das Kartie-
ren von Stadtgebieten. Diese Arbeit beschéf-
tigt sich mit der automatischen Aktualisierung
von Gebdudedatenbanken mittels hochauflo-
senden, satellitengetragenen Stereobildpaaren
unter Einbindung einer moglicherweise veral-
teten GIS Datenbasis. Die Methode des semi-
global matching (SGM) wurde verwendet, um
Digitale Oberflichenmodelle (DOM) und dar-
an anschlieBend normalisierte Oberfldchen-
modelle (nDOM) abzuleiten. Die Aktualisie-
rung von Gebdaudedatenbanken wird hierzu in
zwei Hauptteile unterteilt: (1) ein System zur

Erkennung von 3D Anderungen der Gebiude
und (2) ein System zur Erfassung der Abgren-
zung der neuen Gebdudegrundrisse bzw. de-
ren Aktualisierung.

Zwei verschiedene Szenarien werden getes-
tet, um das Potenzial von hochauflésenden
Stereobilddaten fiir die Aktualisierung von
Gebiduden zu evaluieren: ein Vergleich zweier
Oberflichenmodelle (DOM vs. DOM) und
eine Vergleich von Oberflachenmodell zu GIS
Daten.

Im ersten Szenario werden zwei DOM sub-
trahiert, anschlieBend werden Gebiete grofier
als 2,5 m? betrachtet. Es wird angenommen,
dass groBere Hohenunterschiede vertikale
Anderungen darstellen. Vor der DOM Sub-
traktion wird eine relative Referenzierung
durchgefiihrt, um Fehler der Bildorientierung
auszugleichen. Zusitzlich ist es notwendig,
Artefakte aus der Bildzuordnung durch Filter-
methoden zu entfernen, um die Anzahl der
Fehlalarme zu minimieren. AbschlieBend
wird eine morphologische Filterung mit
Schwellwerten fiir Hohe, Form und Gro6fe
durchgefiihrt, um das Ergebnis zu verbessern.

Das zweite Szenario verwendet alle Pixel
oberhalb des Schwellwertes von 2,5m im
nDOM fiir die Generierung von Gebidude-
hypothesen. Darauffolgend werden alle Ge-
baudepolygone aus der Datenbank mit den
Hypothesen verglichen. Ein Gebdudepolygon
wird dabei verifiziert, wenn es zumindest zu
75% von der zugehorigen Hypothese belegt
ist. Die verifizierten Polygone entsprechen
dann weiterhin den Gebdudegrenzen.

Im Falle einer Gebdudeverdnderung werden
die neuen Gebidudegrundrisse auf zwei unter-
schiedliche Methoden extrahiert: 3D-Kanten-
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zuordnung und 3D-Segmentation. Um eine
3D-Kantenzuordnung durchzufiihren, werden
zuerst einzelne Kanten in den Epipolarbildern
durch Anwendung des Canny-Operators de-
tektiert. Nachdem kurze Kanten entfernt und
gerade Linien extrahiert wurden, konnen die
am besten korrespondierenden Linien mittels
verschiedener Geometrie- und Lageein-
schrinkungen gefunden werden. Schlielich
werden Topologiebezichungen der abgeleite-
ten 3D-Kanten genutzt, um die Gebdude-
grundrisse mittels einer Quaderanpassung zu
rekonstruieren. In der vorgestellten 3D Seg-
mentationsmethode wird der Startbereich
durch die Nutzung eines Schwellwertes von
2,5 m fiir das nDOM definiert. Die Segmen-
tierung ist ein iterativer Prozess und wird wie-
derholt, bis keine Verbesserung der Gebidude-
grenzen mehr erreicht wird. Schlussendlich
werden die Segmente in eine rechteckige
Form gebracht, um die Gebédudegrundrisse
mit den Neubauten zu aktualisieren.

In der Testphase der Methode wurden
IKONOS und GeoEye-1 Stereobilder von
Riad, der Hauptstadt Saudi-Arabiens, verwen-
det. Die hier verwendete Methode eignet sich
fur einfache rechteckige Gebiaude mit flachen
Déchern, wie im Testgebiet vorhanden. Eine

Evaluierung der Ergebnisse mittels Verglei-
chen zu Referenzdaten hat gute Ergebnisse
gezeigt. Die Rauschunterdriickung verringert
die Anzahl der Fehlalarme um etwa 32%, die
Anzahl der aufgedeckten Anderungen wurde
um ca. 15% erhoht. Eine quantitative Evaluie-
rung der Ergebnisse hat gezeigt, dass im ers-
ten und zweiten Szenario die geringere GSD
der IKONOS Daten einen signifikanten Ein-
fluss auf die Héufigkeit von Fehlalarmen hat.
Unsere Tests zur 3D Kantenzuordnung liefern
nur gute Ergebnisse, wenn die Gebdude grof3
genug sind, eine einfache Form haben und
grofle Kontrastunterschiede gegeniiber dem
Hintergrund besitzen. Ist dies nicht der Fall,
sind die Ergebnisse fehlerhaft und unvollstin-
dig. Im Vergleich dazu liefert die 3D Segmen-
tierung der Gebdudedécher bessere Ergebnis-
se im Hinblick auf die Vollstidndigkeit, aller-
dings versagt die Methode, wenn ein Gebédude
einen sehr geringen Kontrast gegeniiber dem
Hintergrund aufweist.

Die Dissertation ist in der Schriftenreihe
»Wissenschaftliche Arbeiten der Fachrichtung
Geodisie und Geoinformatik der Leibniz Uni-
versitdt Hannover™ (ISSN 0174-1454) als Heft
Nr. 314 erschienen.

Neue personliche Mitglieder

Die DGPF begriifit herzlich die neuen person-
lichen Mitglieder:

Lena Albert, Hannover

Dr. Muhamad Alrajhi, Riyadh, Saudi Arabien
Dr. Damian Bargiel, Darmstadt

Yasmin Dadas, Berlin

Bjorn Dullek, Berlin

Prof. Dr. Jan-Henrik Haunert, Osnabriick
Prof. Dr. Bernhard Hofle, Heidelberg

Prof. Joel Igbokwe, Awka, Nigerien

Prof. Dr. Martin Kada, Wallenhorst

Izabella Karut, Berlin

Prof. Dr. Thomas Klauer, Lampertheim
Tobias Klinger, Hannover

Dr. Buhalgem Mamtimin, Mainz

Tomasz Oberski, Swieszyno, Polen

Prof. Dr. Christine Pohl, Johor Bahru,
Malaysia

Anna Poznanska, Berlin

Martin Reich, Hannover

Eric Schmalen, Miinchen

Maurice Schonert, Berlin

Akarsh Seggemu, Berlin

Zhan Shi, Nanjing Jiangsu, China

Maximilian Sindram, Zorneding

Nora Tilly, Kéln

Jakob Unger, Hannover

Kerstin Wegner, Niirnberg

Zhihang Yao, Miinchen

Birgit Zander, Berlin
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Neuerscheinung

KummMmERr, K., KorTter, T. & EICHHORN, A.
(Hrsg.) 2015: Das deutsche Vermessungs- und
Geoinformationswesen ~ 2015.  Wichmann-
Verlag, 1042 Seiten. ISBN 978-3-87907-547-8

Das Jahrbuch bildet eine Klammer fiir die in
den letzten Jahren ausgeweiteten Bereiche
Vermessung und Geoinformation. Es bietet in
dieser Form eine Zusammenschau der einzel-

nen Fachthemen, die bislang nur weit ver-
streut, d.h. nicht zusammengefasst, in einem
Gesamtwerk zu finden waren. Die Ausgabe
2015 widmet sich schwerpunktmiBig u.a. den
Themen gesellschaftliche Verankerung und
institutionelles Geflige, Aufgabenfelder und
Wirkungsbereiche, Technische Netzwerke
und Transfer, Forschung und Lehre.

Veranstaltungskalender

2015

4.-5. Februar: Oldenburger 3D Tage in Ol-
denburg. jade-hs.de/fachbereiche/bauwesen-
und-geoinformation/geoinformation/
oldenburger-3d-tage

25.-27. Februar: CIPA + 3D-ARCH*2015 in
Avila, Spanien. 3d-arch.org

16.—18. Mérz: 35. Jahrestagung der DGPF in
Koéln. dgpf.de/con/jt2015.html

23.-27. Miarz: ESA FRINGE Workshop in
Frascati, Italien. seom.esa.int/fringe2015

25.-27. Mirz: PIA1S + HRIGI: Joint
Conference of Photogrammetric Image
Analysis and High Resolution Earth
Imaging for Geospatial Information 2015 in
Miinchen. pf.bgu.tum.de/isprs/pial5/index.
html

30. Mirz—1. April: JURSE - IEEE Joint
Urban Remote Sensing Event 2015 in
Lausanne, Schweiz. jurse2015.org

11.-15. Mai: ISRSE36 - International
Symposium on Remote Sensing of the Earth
in Berlin. isrse36.org

7.-12. Juni: CVPR 2015 — Conference on
Computer Vision and Pattern Recognition
2015 in Boston, USA. pamitc.org/cvprl5/

5—11. Juli: Innsbruck Summer School on
Alpine Research 2015: Close Range Sensing
Techniques in Alpine Terrain in Obergurgl,
Osterreich. uibk.ac.at/geographie/
summerschool

26.-31. Juli: IGARSS 2015 - International
Geoscience and Remote Sensing Symposium
2015 in Mailand, Italien. igarss2015.org

23.-28. August: ICC - International
Cartographic Conference in Rio de Janeiro,
Brasilien. icc2015.org

30. August — 2. September: UAV-g:
Unmanned Aerial Vehicles in Geomatics in
Toronto, Kanada. uav-g2015.org

15.-17. September: INTERGEQO in Stuttgart.
intergeo.de

6.-9. Oktober: GCPR (DAGM): German
Conference on Pattern Recognition in
Aachen.

7.-13. Dezember: ICCV 2015 — International
Conference for Computer Vision 2015 in
Santiago, Chile.

Weitere Konferenzen und Workshops finden
sich beispielsweise unter:

isprs.org/calendar

conferences.visionbib.com
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Korporative Mitglieder

Firmen

AEROWEST GmbH

AICON 3D Systems GmbH

aphos Leipzig AG

ASTEC GEODATA GmbH

Bernhard Harzer Verlag GmbH

Black Bridge AG

Blom Deutschland GmbH

Brockmann Consult GmbH

bsf swissphoto GmbH

Biiro Immekus

DB Netz AG

DELPHI IMM GmbH

Deutsches Bergbau-Museum

EFTAS Fernerkundung Technologietransfer GmbH
ESG Elektroniksystem- und Logistik-GmbH
Esri Deutschland GmbH

EUROPEAN SPACE IMAGING

Eurosense GmbH

Exelis Visual Information Solutions GmbH
fokus GmbH

GAF GmbH

GeoCart Herten GmbH

Geoinform. & Photogr. Engin. Dr. Kruck & Co. GbR
geoplana Ingenieurgesellschaft mbH
GEOSYSTEMS GmbH

GGS - Biiro fiir Geotechnik, Geoinformatik, Service
Hansa Luftbild AG

Herbert Wichmann, VDE Verlag GmbH
IAGB mbH

IGI - Ingenieur-Gesellschaft fiir Interfaces mbH
ILV-Fernerkundungs GmbH

Infoterra GmbH

INVERS - Industrievermessung & Systeme
Linsinger ZT GmbH

Leica Geosystems GmbH
Luftbilddatenbank Dr. Carls GmbH
map/x/tek

Messbildstelle GmbH

Microsoft Photogrammetry

MILAN Geoservice GmbH

M.O.S.S. Computer Grafik Systeme GmbH
PHOENICS GmbH

PMS - Photo Mess Systeme AG

RIEGL Laser Measurement Systems GmbH
RWE Power AG, Geobasisdaten/Markscheidewesen
technet GmbH

Terra-Messflug GmbH

topometric GmbH

TRIGIS GmbH

Trimble Germany GmbH

trimetric 3D Service GmbH

Z/1 Imaging Ltd.

Behorden

Amt fiir Geoinformationswesen der Bundeswehr
Bayerische Landesanstalt fiir Wald und Forstwirtschaft
Bundesamt fiir Kartographie und Geodésie
Bundesministerium fiir Erndhrung, Landwirtschaft und
Verbraucherschutz

Hessisches LA fiir Bodenmanagement und
Geoinformation

Innenministerium NRW, Gruppe Vermessungswesen
Institut fiir Umwelt- und Zukunftsforschung

LA fiir Geoinformation und Landentwicklung, BW

LA fiir Vermessung und Geoinformation, Bayern

LA fiir Vermessung und Geoinformation, Schleswig-
Holstein

LB Geoinformation und Vermessung, Hamburg

LB fiir Kiistenschutz, Nationalpark und Meeresschutz,
SH

Landeshauptstadt Diisseldorf, Vermessungs- und
Liegenschaftsamt

Landesvermessung und Geobasisinformation
Niedersachsen

Mairkischer Kreis, Vermessungs- und Katasteramt
Regierungsprisident Tiibingen, Abt. 8 Forstdirektion
Regionalverband Ruhr

Staatsbetrieb Sachsenforst

Stadt Kéln, Amt fiir Liegenschaften, Vermessung und
Kataster

Stadt Wuppertal, Vermessung, Katasteramt und
Geodaten

Thiiringer LA fiir Vermessung und Geoinformation

Hochschulen

BTU Cottbus, Lehrstuhl fiir Vermessungskunde

FH Frankfurt a.M., FB 1, Studiengang Geoinformation
FH Mainz, Institut fiir Raumbezogene Informations- und
Messtechnik

HCU HafenCity Universitit Hamburg, Geomatik

HfT Stuttgart, Vermessung und Geoinformatik

HS Bochum, FB Vermessung und Geoinformatik

HS Karlsruhe, Fakultit fiir Geomatik

HTW Dresden, FB Vermessungswesen/Kartographie
Jade Hochschule, Institut fiir Angewandte
Photogrammetrie und Geoinformatik

LUH Hannover, Institut fiir Kartographie und
Geoinformatik

LUH Hannover, Institut fiir Photogrammetrie und
Geoinformation

MLU Halle, FG Geofernerkundung

Ruhr-Uni Bochum, Geographisches Institut

RWTH Aachen, Geoditisches Institut

TU Bergak. Freiberg, Institut fiir Markscheidewesen und
Geodisie

TU Berlin, Computer Vision & Remote Sensing

TU Berlin, Institut fiir Geodisie und
Geoinformationstechnik

TU Braunschweig, Institut fiir Geodésie und
Photogrammetrie

TU Clausthal, Institut fiir Geotechnik und
Markscheidewesen

TU Darmstadt, Institut fiir Geodidsie, FG Fernerkundung
und Bildanalyse

TU Dresden, Institut fiir Photogrammetrie und
Fernerkundung

TU Miinchen, FG Photogrammetrie und Fernerkundung
TU Wien, FG Photogrammetrie und Fernerkundung
Uni Bonn, Institut fiir Photogrammetrie

Uni Géttingen, Abt. Waldinventur und Fernerkundung
Uni Heidelberg, IWR Interdisziplinires Zentrum fiir
Wissenschaftliches Rechnen

Uni Kassel, FG Griinlandwissenschaften und Rohstoffe
Uni Kiel, Geographisches Institut

Uni Stuttgart, Institut fiir Photogrammetrie

Uni Trier, Institut fiir Umweltfernerkundung und
Geoinformatik

Uni Wiirzburg, Geographisches Institut

Uni zu Kéln, Geographisches Institut



