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Abstract

Informationon agio-ecosystesiis crucialfor understanohgthe agricultural productieand

its impacts on the environmemispeciallpverlarge agricultural aredhe Sanjiang Plain
(SJP), covering an area 08 829km2 is a critical food base located NME-China.Rice,
soya bean and maize are the major ciropgse SJP whichre soldas commercial grain
throughout ChinaThe aim of thistudyis to setup anAgro-Environmental Information
System (AEISpr the SIJByemployng the technologies geographic information systems
(GIS), remote sensing (R&ndagroecosystem modelling.

As the starting stepdata carrying interdisciplinary informatfoomm multiple sourceare
organized and processé&wr an AEIS, gospatial dathaveto beacquied organied,op-
eraed,andevenregeneradwith goodpositioning conditionsseoreferencingf the multi
source data is mandatory. In this thesid) fpatial accurad®erraSARX imagery was used
as areferencdor georefererniagraster satellite data and vector GIS topographic data.

For the second stephe georeferenced mu#tburce data with high spatial accuracy were
integrated and categorized usangnowledgebased classifier. Rice was analysed as an ex-
ample cropA rice area map was delineated basealtiome series othreehigh resolution
FORMOSAT2 (FS2) image and field observed GIS topographic dateormation on ice
characteristicg.e., biomass, leaf area index, plant nitrogen concentration amdgtpigen
uptakewasderivedfrom the multi-temporal F imagesSpatial variabilitgf rice growing
statuson awithin-field level wasvell detected

As the core part othe AEIS, an agr@cosystem modelling wleen appliedand subse-
guentlycrops and the environmental factdesg, climate, soil, field managememg linked
together through a series of biochemical functions inherent in the mo@altiegquently,
theinteractons between agriculture and émironmenarebetterinterpretedin the AEIS

for the SJP, the siapecific mode of thBeNitrificationDeCompositionDNDC) model

was adapted on regional scales by a technical improvement for the souRgroadang

for each pixel of the model input raster fites, regional model assimikatasterdataas

model inputsautomaically.

In this studydetailed soil data, as welltlas accurate field managemdatain terms of
crop cultivation area (i.e. rizggreusedas model inputs to drive the regional moBlased
on the scenario optimized from field observatiane ryield over the Qixing Farmwere

estimatednd thespatialvariability wasvell detectedror comparison, rice yielderede-
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rived from multitemporal F& imagesand the spatial patterns wenealysedAs repre-
sentative environmental effectsgenhouse gas aitrous oxidgN.0) andcarbon doxide
(COy) emittedfrom the paddy ricBeldswere estimated by the regional model.

This research demonstrated tHat AEIS is efctivein providing information about (i)
agricultureon theregion, (ii) the impagsbf agricultural practices on the environmand
(iii) simulation scenarios for sustainable strategipscially for the regional areas (e.g. the

SJP) that is lacking of geospatial.data
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Zusammenfassung

Informationen zu Agr@kosystemen sinentscheidend fir das Verstadnis der landwirt-
schaftlichen Produktion und ihrer Auswirkungen auf die Umwelt, vor allem auf grofen land-
wirtschaftlichen Fl&hen. Die Sanjiang Ebene (SJP), mit einer Fl&he von 108 829 km2ist
eine kritische LebensmittelbanridlordostChina. Reis, Sojabohnen und Mais sind die wich-
tigsten Kulturpflanzen in der SJP, welche als Getreide in ganz China verkauft werden. Das
Ziel dieser Studie ist es, ein Aghmweltinformationssystem (AEIS) fir die SJP einzurich-

ten, mit Hilfe des isatzes der Technologien der geographischen Informationssysteme
(GI1S), Fernerkundung (RS) und der Agrarkosydtimmellierung.

Als Ausgangsschritt werden Daten mit interdisziplindgen Informationen aus mehreren Quel-
len prozessiert. Fir ein AEIS missen Gateh aufgenommen, organisiert, gehandhabt, und
sogar mit guter Positionierung umgewandelt werden. Die Georeferenzierung von Daten aus
unterschiedlichen Quellen ist obligatorisch. In dieser Arbeit wurden TedXadHARr mit

hoher raumlicher GenauigkeitsaReferenz verwendet, um Ra&atellitendaten und topo-
graphische Vekte®IS-Daten zu georeferenzieren.

Fir den zweiten Schritt wurden die georeferenzierten Daten aus unterschiedlichen Quellen
mit hoher raimlicher Genauigkeit mit Hilfe eines wissensbasesr Klassifikators inte-

griert und klassifiziert. Als Beisgteldfrucht wurde Reis analysiert. Eine Anbaukarte fir
Reis wurde erstellt, auf der Grundlage einer Zeitreihe von drei hochaufltisenden FOR-
MOSAT-2 (FS2) Bildern und im Feld aufgenommenen togaphischen Gl®aten. Infor-
mationen zu den Charakteristika des Reis (d.h. Biomasse, Blattfl&£henindex, Stickstoffkon-
zentration und Stickstoffaufnahme) wurden aus den multitemporaZeBiFern abgelei-

tet. Die rdumliche Variabilitd des Reisanbaustatuerinalb der Felder konnte zufrieden-
stellend detektiert werden.

Als Kernstick des AEIS wurde dann eine Agrarékosystem Modellierung angewendet und
damit die Feldfrichte und deren Umweltfaktoren (z.B. Klima, Boden, Bewirtschaftung) mit-
einander verbunden, dlreine Reihe von biochemischen Funktionen aus der Modellierung.
Infolgedessen kénnen die Wechselwirkungen zwischen Landwirtschaft und Umwelt besser
interpretiert werden. In dem AEIS fir die SJP wurde der ortsspezifische Modus des DNDC
Modell auf regionald&gbene durch eine technische Verbesserung des Quellcodes angepasst.
Durch Anwenden fir jeden Bildpunkt der Modelleingangsrasterdateien, assimiliert das regi-
onale Modell die Rasterdaten automatisch als Modelleingaben.

Datenunsicherheiten ber Bden und Besghaftungsinformationen stellten sich als die

wichtigsten Faktoren bei der regionalen Modellierungsanwendung heraus. Deshalb werden
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in dieser Studie detaillierte Bodendaten, sowie die genauen Bewirtschaftungsdaten in Bezug
auf die Pflanzenanbaufl&heBzvon Reis) als Modelleingaben verwendet, um das regionale
Model zu betreiben. Basierend auf einem durch Feldbeobachtungen optimierten Szenario,
wurden Reisertrage auf regionaler Ebene geschidzt und die raumliche Variabilitd zufrieden-
stellend detektierZum Vergleich wurden die Reisertrge aus multitemporal@rBifiern
abgeleitet und die raimlichen Muster analysiert. Als beispielhafte Umweltwirkungen wurden
die Treibhausgase DistickstoffoO) und KohlendioxidCO,), die aus den Reisfeldern
emittiert werden, von dem regionalen Modell geschdzt.

Diese Untersuchung zeigt, dass ein AEIS effektiv ist, vor allem fir eine Region (z.B. SJP) in
der Geodaten fehlen, indem Informationen iber (i) die Landwirtschaft in der Region, (ii) die
Auswirkungen landwachaftlicher Praktiken auf die Umwelt und (iii) Simulationsszenarien

flr nachhaltige Strategien bereitgestellt werden.
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1 Introduction

1.1 Preface

The global food demand is continuously increasnagr the pressure of the increasing
world populationSimultaneous)yhe totalarea ofagricultural landh the worldis decreas-

ing due to urbanisation, desertificatiorater scaity, and climate changéambin and
Meyfroidt, 2011; Foley et al., 20@0&&marty et al., 2000Consequently, thgapbetween

the increased foodeedsandthe decreased agricultural areas results in a more intensified
managemeniin agricultue, whichseverely affestthe agreenvironmental resourcés a
non-sustainable manngFilman et al., 201Poudel et al., 201Blacary et al., 201Bopp

et al., 20L3Naeem et al., 2012; Ronald, 2@dorghiou, 20)2Arguably, there is a great
potential to boost crop yields well aspare resources and reduce environmental conse-
guencs through optimizing mang@geanent (Seufert et al., 2015tafford, 2000; Schaller,
1993, particularlyn thedeveloping countriesuch as Chinahe loss of agricultural area is
severe andlood production is highly depending ortensive managemeniJu et al., 2009;
Zhang et al., 2013specially n Chi na, where only 8% of the
to feal up to 20% of the world populatio(Smil, 1999 the pressure on the (agr@nviion-

ment increasedignificantlyin the last three decadeBafg et al., 201Siciliano, 2032
Therefore, it is of key importance in China to optimize inputs e.g. for caicpon, to
increase crop yiekhdto reduce environmentaffects(Zhang efal., 2004Zhu and Chen,
2002)

As oneof the major food crop, rice feeds over half of the world population (FAZD149
andis especially importatn China dudo its long cultivation history>(7000 yeajgCao
et al., 2006andits potential fotighyield Yuan, 199). Particularly, in the areas that are
rich of water resource and suitable climateaheenorth eastern part @hina,japonicace
cultivation areas were increased in the past decades bébatiegeconomigrofits, good
guality and excellent tas{gako and Zhang, 200®ang et al., 20LRegarding food se-
curity issuenproving rice yield itill themajor concermwf China fora long timgPeng et
al., 200R However paddyriceunder intensive managemaffiects thenvironment signif-
icantly due taveruseof fertilizer and pesticideonsumption®of large amount of water
andgreenhaose gas emissio(@hang et al., 2012; Pingali and Roger, 2012; anchiBas-
tiaanssen20@). Thus,effortsof improvingrice yieldparalleled witlheduéng environment
effectsbecomeghe focus of agronomisis recentdecades. ¢ instanceto improwe soil
fertility, optimize field management strategi@sdredu@ greenlouse gas emissioats, are

common suggestion thathave beercontinuouslyaddressede.g.,Schmidt et al., 2011
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Huang et al., 2010; 12010. However, the agrecosystems are complex analssrelation-

ships exist among the aggovironmental factors (i.e., crop, climate, soil, water, manage-
ment strategiesdhhus a integrated framework based on mdisiciplines is needéa pro-

vide agreenvironmental information thataycontribute tosustainable agricultune( |t-
tersumet al., 2008Schaller, 199%an Cauwenbergh et al., 2007

To understand anthanagehe complexagreecosystenfor abalance between the compet-

ing needon the increase of food prodivity and on the maintenance environment/re-
sources,agraeenvironmental resource management systeame to be implemented
(McCloy, 2005). In this study, an Agimvironmental Information System (AEI8),the

content of aspatial environmental information systg@&Ig (Bareth,2009), was imple-
mented toinvestigatend support themanagment ofthe agreecoystem reourcesSpe-

cifically, the AEIS in this research refers spatial data infrastructu¢8DI) thatis orga-

nizedto driveregional ag-ecosystem model&n SDI categorize and integrate geospatial

data from multiple sources, to maximize the potential value of the available geospatial data,
especially for a data poor region (Bareth, 2009).

This work was conducted in tBanjiang Plain (SJid)north eastern China, significant
commercial food base China.The SJP ialsoone of the few areas that are managed under
modern agricultural mechanization in China (Wu et al., 200t)g the past 60 years, the
landscapes of the SJP changed dramatically from wetlafiaisitands accompanied by
sharp changes in the agmovironmental factors (e.g., soil, water, climatg)Yan et al.,
2002;Huang et al., 201®ang et al., 200Zhang et al., 2007Thus & AEIS s highly
required in the SJ® guarantee foogroduction and todescribe andnanage the agro
environment

To implement an AEISn the SJP, wdollow the logic pya mi d o-infordadiat a
knowledgeunderstandingle ci si ond system (Rowl ey, 2007) b
ing, operating and regeattng geospatial datas a remote arga China the SJP is poor

in spatial data availability the past Nonetheless, managers including local officers, re-

gional decision makers, and even farmers, are showing increasing interests in using geospatial
daa to analyze the agriculture status tanchake decisions (e.g., Liang et al., 2013; Ma,

2015; Lu et al., 200For the AEISin the SJPit isa critical tasko deal with the geospatial
dataregardinglata availability, coverage, classification, accuracycansistency.

Research of agricultural science is characterized by a high fragmentation in research methods
and toolsand the integration of the diverse methodolaanéstechniques requiredn the
agroecosystemesearch{van Ittersum et al., 2008)echnicallythe AEIS is implemented
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basedon geographical information systef@$S), remote sensin@RS)and modellingGIS
technology provides a flexible environment for storing, analyzintjsplaying digital data
necessary fornaagreenvironmental information databgB®evogele et al., 1998; Giting,
1994. Satellite RS provides ces$tective multspectral and muitemporal data, and turns
them into information valuable fovonitoringandunderstandingrop growth statu@gvoran

et al., 1997 Agro-ecosystermodes describe the exchange process and mater fluxes in the
soilvegetatioratmosphereystemby calculaihg the crop growth as functions of various
environmental factorsuch asoil, climate, water and fertiliBaldocchi et al., 2002; Wang

et al., 2014; Chen et al., 2014).

Speciallyin the agriculture system researchdiffeculties in the crosscale issyesuch as
model application fromne scaldierarchy to anothgare recognized in previous studies
(e.g.Dalgaard et al., 200Bansen and Jone&00Q Resop et al., 20L2nformationof the

f ar mrespendon farm levelscaleare vital inthe research adn agreecosystemsor
instance the climate change effectsagriculturdReidsmeet al, 201(. The AEISin this
studyhas toprovidenot only regional agrenvironmental informatiofor the managers,
but alsoprecise fieldevelinformation and management suggestiparsicularly for the
farmers.Thus, the sitespecificagroecosystem modehave to begeneralizednto a re-
gional scalby e.g.creating additional computer scripttegrated by thgeospatial data of
crop information and envirorantal informationthe AEIS provideand predictagreen-

vironment informatiomat fine resolutios.
1.2 Research problems and objectives

1.2.1 Research poblems

Spatial data in a webkrganized structur@enecessary to provide effective mechanisms for
datastorage, investigation, transfer and archigfigkschel et aJ] 20@; Curdt, 2011
However, problems of spatial inconsisiesioherent in the muk$ource data areevitable
(Verburg et a]2011; Li, 2010Due to technicabr political reasons (Bareth and Yu, 2002),
a lotof spatial data fazertain regionmaynot availableespecially thieigh resolutiomata

For instancein the SJPsoil data of 1:1 000 O80aleare available for thetal areawhereas

the 1:200 006caleas not available for every county. In this study, soil data of 1:200 000 are
availabe onlyin 12 of the 23 counties in the SiPsome caseaccuratenformation tends

to be deficient because taeailablalata generallyaveto be producedby many different
people, with varying interesdnd perspectives, archivedifferent formatsandgenerally
collectedat different timesMcCloy 2005. Previous studies explored methods fergro-
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cesfng and organiimg multi-discipline datéor soilvegetatioratmospherénteractios re-
search(e.g.,Curdt, 2014; Reinartzet al., 2011 Expert systemare effective methods in
processing data of multiple disciplines whiankebeenimplementedo integrate remotely
sensed data with other data, to get land ussifetatios in higher accurac{stefanov et
al., 2001Wentzet al, 2008. To date, there is still a lackretearcliocusngon thetrans-
ferable methods fageoreferencingpatial data of different formatsd. raster, vectgr

The secongroblem for an AEIS iso generatéhe accurate spatiafformationincluding

soil, climate, water, as well as field manageRield management is critidalagreeco-

system model applicatioas regional scalgersebaum et al., 200Axcurate cropulti-

vation area classification from high resolution satellite images can be used raplink ¢
specific field managemeanformation to regional mode(¢/aldhoff and Bareth, 200®e-
sides,dentifyingcrop cultivation areaaccurateljrom high resolution imagesalsocritical

for crop monitoring Jinet al, 2015) For a specific crop aretelineationWaldhoff (2014)
demonstrated thahe implementation ahulti-data (i.e.RS raster datas1S vector data)

can significantly improve the crop area classificafiblough thee mightbe a lack oGIS

data in certain regienin the AEISfor the datgpoor SJPmethods of integrating GIS and

RS data have to be explored to improve the usage of the availal8patéhsoil data are

important not only cropor yield production but aldor agreecosystermodels Eitzinger

et al., 2004; Li et al., 200&rsebaum et al., 200Boil data of fine resolution and high
(spatialgual ity are most difficult to ,ahditsamien beca
6esnsitived | ocal p ol iTherebome, tq rBeage,ecaldulate, ms$ignYsail, 20
properties based on the available soil informafdornstance to generate the soil hydraulic
properties based on soil type and soil organic matter informadmneaof the key steps

to implement an AEIS in a data poor region.

Third, to get the knowledge tiie development status and appearandbeotrosthrough

a year(s) is fundamentalthe AEIS in the SJP. As an advanced technology, sai8ite
imagerywith coarseand medium resolution are widelyduse rice cultivation research
(KuenzerandKnauer 2013Jinet al,2015;Zhang.et al, 2015. However, studiesonducted
on rice using high resolution RS image®limited in the past two decad&$sm and Yeom
2012; Chang et aR013) Thereis still a lack ofnivestigationgor detectingrice spatial
variability on a withHfield levelwith reliable accuracy

Last but not leastrossscaleassueas an obstacleiith endless compldar modellingappli-
cationin multiple spatial scalé®strom, 2007; Sayer et al., ®0Processhasedagreeco-
system modelsan be implemented in interdisciplinary projects to investigate the interac-
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tions between complex components by assimilatingfrdatadiver® sources andepre-
sentedin diverseformats (Céanara, 1996; Schreinemachers and Beffelr; An 2012).
However, most of the models are designed to simulate at site or fieldDstalbked infor-
mation from the site model adsorequired in large geoghap areasThe DeNitrification
DeComposition DNDC) modelis a procesbased geochemicabreecosystenmodel
which simulatethe C and N cycle in agrnvironment ecosystems (Li et 3992; Giltrap

et al, 2013. Although he DNDC model was developedth both a sitespecific mode and

a regional modehe sitespecific mode waassumed to be more flexible and transparent
(Perlman et al., 2013). the regional mode, the research reggativided into small sub
units based on the assumption that thrébattes in each unit are uniform. The model merges
the results from all units to obtain a regional réafilereas ithe sitespecific modemore
sitespecific model parameters can be adjusted to decrease the model uesdanans-

fer the site mods onto a regionatcalewithout losing detailed simulation informatisn
beneficial for an agrenvironmendl study To implement the AEIS in the SH&neralisa-
tion of the sitespecificmodelhas to bénnovated

1.2.2 Research objectives

The overallpurpose of this study is tovestigate the potential of available spatial data to
serve regional agerosystem modelling for a dpterenvironmentAgro-ecosgtem mod-
elling facilitates to exploamdto better understand thiateractions among tHactorsfor
agricultural productiofe.g., soil, water, crop, climate, ettich might support decision
making for an optimized regional planning arahagement of crop production. Conse-
guently, a key task is thequiring, organizingperating andenealizingof geospatial data

or the setup of aSDI which fulfills the demands of the modelling purpose. The SDI and
the interfaced model (models or the modelling scentrgether form an Agricultural En-
vironmental Information System (AEIS) (Bareth9200

In this study, a stat®wned farm, Qixing Farm, which is located in the SJFCINEa, is

selected a study area. In terms of available and accessible (geo)data, the study area can be
considered as a data poor environment region. Therdjoites §etup of a SDI for a re-

gional modelling is first task. This includes tachuire an@rganizedatafrom multiple

sources?2) georeference thmulti-sourcegeospatial data mvercomethe inherent spatial
heterogeneityd) derive accuratece mag by combining GIS and RS dditat monitoring

rice growingstatus and linkingeld managemenhformation to the accurate rice map in
agroecosystem modellingnd4) detecthetemporal rice status with higphatiaresolution

satellite imagerfhe second task is td)(implement agr@cosystem mode(i.e. DNDC)
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for estimatingoaddy rice yieldita regional scal&hen the AEIS can be used to)({nves-
tigate the effects of environmental fast{oe., soil)on rice yieldFinally {v) the impacts of
agriculturaproduction on the environmenan be analyzed from model scenarios and thus
to provide information for reducing environmental effects

1.3 Outline

The introductiorchapter ¢hapter 1 presents the background of this study and the research
aims.The SJP and its agemvironmental problems aaddresseth chapter 2 Themeth-
odologyfor an AIESisintroducedn chapter 3, which is followed by the main paikdp-

ters 4 8 6) thatarebased orthree published or submitted jourpapers.

In chapter4 (Zhao et al., 2015a)gaoreferering methodof usingTerraSARX imageryas

ground control informatioins described tpre-processthe geospatiatiatafrom multiple

sourcea. To eliminatepositional discrepancies in different geospatial datasets from multiple
sources, muHiemporalTerraSARX imagery was processedaagferencing image. Using

this method, both topographic data and raster satellite images data are georeferenced with
high gatial accuracies. This approach promoteslementatiomf an AEIS that is based

on theintegraton of multiple data.

In chapter5 (Zhao et al., 2015b4n accurate rice cultivation area foapghe Qixing Farm
wasderival using a MultData ApproachiMDA). An expert classifier was applied in the
MDA to integraé GIS boundarydata and mukiemporalFORMOSAT)FS2 images. The
final classification accuracy for the rice map9ik%. Besidesrice growing statuzas
monitored on a withinfield levelusing F& imagesAs a datgrepaation procedurein
Chapter 5 atmosphed correction and georeferencing of the2F&ages are presented
Thenempiricalmultiplelinear regressidiMLR)models are constructed to relate the satellite
reflectancgto rice parameters including weight of biomass, LAl vglleg,nitrogen(N)
concentrations and plant N uptake. Maps of rice status representingieldhariability

are retrieved based on the strong relationships between the image refrdoramaigon

and the rice parameters.

In chapter 6 (Zhao et al., submittedpatial variability irice yieldatthe Qixing Farm are
estimated from processmsedgeochemicaiodelling DNDC andhe FS2 imagery First

the sitespecific mode of the DNDG appliedandassessadsingthedetailedield measured
data Then the sitspecific model igeneralizednto a regional scale bseating additional
scripts in Python environmeriwo additional scripts are created for the model to process
raster files automaticalyetailed spatial soil data (8 100m) are prepareds model
input data. Based on the detailed soil data and the accurate rice cultivatoesondyed
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in chapter 5), gatial variability in modelletteyield was deteateAdditionallyrice yield

is derived frormultipleFS-2 image usingempiricaMLR model Finallythe modelled and
RSderived rice yields acempaedand assessed. Advantages and drawbacks of both meth-
ods are discusseegarding the procebsiseddNDC model and the empirichiLR model

In chapter 7, keyproblems regardinthe AEISarediscussedThe advantages and limita-
tionsin the applicationf multi-source dataredocumentedSpecially,@aimportant results
from the regional modellingrieenhousegas €.9.,CHs) emission areanalyzedinder dif-
ferent field management strategies and environmental condiawbacks inherent in the

0 pr ol esaédcosystermodel are pointed out.

Chapter 8 outlines the forthcoming research tasks and the future opportunities to promote
the AEIS for the SJP.
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2 Study Area and Data
2.1 The Sanjiang Plainand its agro-ecosystem problems

2.1.1 Geographic conditions

The SJRFigure 2-1) locates (12911' 13505'E, 4349" 4828'N) in the northeast part
of the Heilongjiangprovince NE-China.lt is an alluvial plain formed bye Songhuaiver,
Heilongriver and Wusuliver. The Heilongiver forms the international border with Russia

to the north, and the Wusulver forms anther boundary with Rusdi@athe east.

The SJP consists of two sub alluvial plains separated by the rddamdain. The plain
located in thenorth of the Wandanountainn a med 6t he pl a wsnfdnaed pyi ang
Songhuariver, Heilongriver and Wusulriver. The other plain n a me d-Xiggkki | i n g
pl a ilocadedn thesouth of the Wandaountain is formed by Xingklaike andhe south

part of Wusulriverand its branches. The total area of the SJP i82B0Bmawith a plain

area of 5B00km2 The aea of The SJP exceeds the argh®Netherland by 2.6 times

and approaches one third of the t@iada ofGermany.

The elevation of the SJP in the southwest ihilgan in the northeast due to the low hills
and mountains in the south and west gdré average elevation is abouB8%n above sea

level.Most of the rivers in the area halight gradientand large channel curve coefficients.

The Qixing Farm locates ithe central part of the SJP. It is a typialonownedfarm

which is a technigugilot farm in rice cultivatiom the SJP.
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Figure 2-1 The study area Sanjiang Plaiin Heilongjiang province, NE -China (Zhao et al., 2015b)

2.1.2 Climate status

The climate inhe SJPbelongs tahetemperate humid or sthumid continental monsoon
climate. The mean annual temperature ranges from 1.4 to 4.3 @naitérage maximum

of 21 22 T in July andan average minimurof -18 T in January. The mean annual
precipitation is 50650 mm and 80% dhe rainfall occurs between May and September.

The frostfree period is 120140 days.

During thelast decadeshe annual temperature in the 8dperiencedregionaflisenwhich
was greatly contributed warming upin winter and spng, paralleled with a decrease in

annual precipitation (Yan et, 2002 Luan et al 2007.
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The SJP is divided intbree accumulated temperature zam®rding to thannual accu-
mulated temperatuf O 1 € . One zone locates in the northwest part of the SJP, with an
annual accumulated temperaturealoédut2400C . The second zone locates in the south
part of the SJP, with an annual accumulated tempeoataipeut 2500C . The third zone
locates in the easap of the SJP, with an annual accumulated temperature of aboTt 2300
(Zou et al, 2010) The annual accumulated temperature incréasat zonegZou et al,
2010).The frostfree days per year are 12040 dayg¢Huang et a]2010) Under the global
warming trend, there is climate warming up in thev@dPh benefited the rice cultivation

in this areaGong et al. (2015) investigated the cool injury for rice during the past 50 years
from 1961 to 2010 in the Heilongjiamgvince. They found theener of thecool injury

area has been decreased and moved north@arthe other hand, agriculture may affect
the climate as webtudiegHuang et aJ201Q Liu et al, 2013; Xu et al2015 showinter-
actions between the agricultural land use andlithate in the SJP. Paddy rice decsease
the greenhouse gas emission, compared to drguithchtion (Huang et al., 20).

2.1.3 Soil conditions

There are five main soil typiesthe SJPblack soil meadow soilalbic soil bog soil, and

dark brown soilThese five soileccupy more than 95% of the whole aiachtergaele et

al, 200§. The black soilsre mainly distributed in areas with moderate slopes in Fujin,
Baoqing, Jixigrand Jiamusi. More than 8® of the black soils have been reclaimed. The
thickness of the black soils are around 95 cm. They arf@avorabldor agriculture because

of the physical and chemical characteriskios.meadow sailarethe azondly distributed
soilsin the SJPThey are distributed in the flat areathencounites ofFujin, Jixia, Baoqing,

and the nationdlrms of Youyi, Wujiugi and ErjiulMore than 5% of the meadow sail

have been reclaimed.he black soil layers of the meadow soils reach up tal60 cm.
However, mprovemenof agricultural useor meadow soils are needed because the heavy
clay soil characteristics makem prone towvaterloggingAlbic soils maily distribute in

the Muling-Xingkaiplain andhe Fuyuan delta. They are the maabkerland soil. The black
soil layes of the albicsoils are normally witha thickness of 1020 cm.An aea of more

than 43% has been reclaimeglog soils distribute in the low areas of water pools, covered
by water seasonally or annually. The surface of the bog soils are pedtiasieus thick-
ness. Currently, 1% of the bog soils are reclaim&tie dark brown soils distribute in the
mountainous and hilly ase& hey can only be used as forest dunelto the terrain topog-
raphy(Song et al2010)
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Soil quality in the SIP waesgradhg regardingnany of thesoil elements such as phos-
phorus (P)andpotassium (K (Wang et al., 2009; Wang, 2088)l organic carbon (SOC)
has significantly decreased due to the tillage cultivation of agriculture (Zha2@@t)al
Soil erosion is another impant issue that hasceived widelynvestigatior(Zhang et aj
2008;Liu and Ma 200Q.

In order to select appropriate sustainable strategies for preventing the detrimental effects of
agriculture on soils.e.soilerosion, desertification, salinization, compaction, polletion,
research should focus on development of an accurate soil quality monitoring and evaluation
system at multiple scal@¥ang et al2009).

2.1.4 Land use change

The SJP was virgin arebeforethe 1950sAftert he f oundation of the P
of Ching as Wang et a(2006) mentioned, there were three important evieaitfacilitate

the reclamation in the S@Hgure 2-2). The frsteventwasthed Gr eat Leap For war
ment From 19580 1960, hout 81500veteransvereencouraged to go to the SJP to reclaim
wetlands aimingptenlargehe agricultural area and improve food productidre second
eventwast h €ultual Revolutiol From 1970 to 19723bout 450000 educategoung
peopleentered this region for agricultuneresponsé o gomegto the countryside and

settling in thecommuned mo v eTheetimird eventvast h meefortn andop e nd @ol i cy
1979 Due to the policyf the agricultural modernizatimome farmsvere selectetbr pilot

projects of modern agricultural farmifige application of advancadricultural machinery

improved the grain production as well as the reclanetiorency(Wang et al 2006; Luan

and Zhoy 2013;Hohlrb, 199). The wetland has been fragmented seriausdyto its sig-

nificant loss (Wang et al., 2011).
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Figure 2-2: The reclamation area in the SJP from 1949 to 1999 (Wang et2006).

Table 2-1shows an overview of the land use change in the SJP dhei®80suntil 2000.
Spedally, paddy rice area was increéayeaore than 1.6mesfrom 1995 to 2000.

Table 2-1: Land use change (%) for selected classes from the 19808 2000 in the 8njiang Plain for the rep-
resentative countie{Zhao et al, 2012)

Land use change (%) in the &njiang Plain

Paddy field Dryland Grassland Wetland Others
lime 19805 1005 19805 199° 19805 1995 4g05 1995 1990 1995
1995 2000 1995 2000 1995 2000 1995 2000 1995 2000

Baoging -88.5 1097.7 73.8 -40.3 -18.3 -17.0 -249 -11.2 -1.1 -3.8
Luobei 216.9 550.7 154 -286 -47.5 155 -27.3 -8.3 0.3 -3.1
Mishan -56.6 185.4 243 -135 -29 -382 -7.4 -14.9 3.5 -6.6
Fuyuan 6.5 161.9 61.5 95 -89.3 -876 -7.3 -7.4 10.7 -1.4
Hulin 18.6 145.7 45.0 -49 -70.3 335 -3.0 -22.2 7.5 -2.2
Yilan -14.9 80.5 11.6 -10.0 -54.9 9.9 4.2 -11.3 -0.6 -1.0
Huachuan 61.0 73.2 -7.3 -12.7 280.6 -6.0 4.6 -56.3 -16.1 -4.5
Tangyuan -13.5 62.4 8.9 -14.8 16.6 -37.7 70.9 -41.5 -9.8 9.2
Fujin 99.1 43.3 3.6 -0.2 -29.8 236 -83 -3.8 1.3 -0.7
Youyi 1204.4 424 2.6 3.1 339 -253 -45.0 -443 5.8 -0.5

no wet- no wet- 1.8 3.7

Muling -22.3 28.7 -3.2 104 3.6 -25 land land

Total

-28.3 157.2 146 -7.7 -450 2.4 -11.3 -10.6 1.6 -3.9
change
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2.1.5 Water resource

The total water amount of the SJP is 18118 m3 The amountof the surface water and
the groundwater arEl6.3x 1 m3and 85.6x 10 m? respectively. The amount of repeat
water between the surface water and the groundwater is B8.63 (Zhong et al 2008)

The catchment area of the SJP is aroundx21®b6 km? There are more than 190 rivers in

this area, belonging to the three waysters of Heilong, Songhua and Wusuli re/é&ig-

ure 2-3). The flow directions of the rivers are dispersed. In the northern area, the rivers
flow to the northeast, while in the easternaatbe rivers flow tahe north. In the surface

of the wetland areghere is normally a thin water laye©df m.

136°E 132°E 134°E
Map of River Distribution and Elevation
| ) in the Sanjiang Plain \

—~48°N .
48°N-

46°N-

~n= Surface River
Jiansanjiang Area
Elevation (m)

- High : 1589
L] [

0 50 100 " Low: -137

Data source:

NGCC,Beijing,2011

Franch Bureau of Jiansanjiang Reclamation, 2008
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1 1

Figure 2-3: Surface water system and elevatiein the SanjiangPlain.
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The groundwater table in the SJP is normallynédth d e p t5im. Tad hyddaulic gradient
of the groundwater is about 1/1000 in the hilly region, 1/&0Q0000 in the central plain,
and 1/50@1/150 near the riveThe groundwater discharges into the siaad lake. The
flow direction of groundwater is from southwestaotheast in théow Sangjiang Plain and
the groundwater flows from northwest to southeast iMtHang-Xingkaiplain(Song et al.
2010.

In the year 20Q9he total agricultural water use was ¥5L8 m32 accounting for 97.1% of
the total wateconsumption of industry, agriculture and ci8z8r% of the irrigation area
wascultivated witlpaddy rice and 6% of the total paddy rice aresegroundwate(Song
et al, 2010)

Jiang et al2011) investigated the water resource carrying cdpabieySJRy creating a
water evaluated index system and criteria to integratter resource systeansocial sys-
tem,aneconomic systenandanecosystem. They found that in the middle part of the SJP,
along the Wanda mountainous area, the waterngpcapacity is high. Whereas in the south
and north part of the SJP, where the twoslainsare locatedthe water carrying capacity

is moderate anthe water resources exploitation and socioeconomic developreeain-
patible

Taking the Jiansanjiang area as an exarttpdegroundwater table decreasaedthe past
decadescoupling witranincrease of the ricaultivationarea Figure 2-4).

== ==  Rice Area
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Figure 2-4: Change of groundwater in theliansanjiang area, coupled with the increased rice cultivation area
(Ren 2014)
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2.1.6 Ecosystem service

The pressire ofagriculture and ecosystem sew/are especially severe in the developing
world where humaenvironmental interaction patterns are very dynamic and under stress
due tothe rapid economic, sociemographic and technological changes (Fegraus et al.
2012).

Wetlands have multiple functions in ecosystems as they can improve water quality, provide
flood control, mitigate climate changedassisin groundwater recharg®li¢sch and Wil-

son 19%; Munyati200Q An et al,2007. National resersareimportanto st or age of na
geneso (.20 as it essthab#éatfor various plants and wild animals.

Before theagriculturateclamatiorof the SJPthe upland areagere covered biyhe natural
vegetatiorof denseand mixed coniferous forestedbroadleafforests.The vegetation in
the river floodplains and lowlands included an immense exphfisssshwater wetlands
reed marshes, wet sedge meadows, gessstows, lakes, and riparian willows and other wet
forests(Zhou and Liy2005) Due to itsnoteworthy rich biodiversity, the Sgétlands are
ranked as globally important in ieectory of Asian Wetlahusre arelmut 1000 species
of plants, 37cosystem types and 528 species of vertebrate fauna in tlihNi auredh Lj
1999. Some wildlifespecies ranked by the World Conservation Uniglohally threatened
are found in these wetlan#owever, according to Wang et(2006), the ecosystem service
values in the SJP have declined by 4ietween 1980 and 2000, attributinghto 33.4%
loss of wetland.

Humanactivities, especiabgricultual reclamation, are considemsinajor threats to the

wetland ecosystems in the SHifce the late 1990s, the government has been fully aware of

the seriousness of environmental problesssiting from damages to natuecosystems

They changkthedf ood firstd aandbeouvl tonmenpali €Eyi e€nd
policy. The idea ddarmland back to wetla@dnd &onstruction ofan ecological province

for Heilongjiangrovincd) etc, were adoptedStudiedriedto find proper sites for turning
agricultural fields back to wetland accordinthéavetness index and agricultural produc-

tivity (Huang et al2010).Various measurdsave been applie prevent and cure the

severely disturbed environment ambnservation area has been bsuith as th&ingkai

Lake, Honghe, and Sanjiargionalnaturereserve.
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2.1.7 Rice cultivation

There are 23 counties and riZionownedfarms in the area, with a population of 8.66
millionin 2010, among which 41 % were engaged in farm8®B)andHSTNB, 2011)91%

of the cultivation area in the Jiansanjiang area are rice (HSB and, 28INB

The agriculture in the SJP faces the problem of serious waterlogging becauflatof the
geograplual topographyandclayedsoil conditions. In the past, rice was used to offset the
field waterloggingince 1992, when the marlditected economic system replaced the for-
mer planned economic systgraddy rice areas were increased dramatigabNgn by the
higher economic efficiency atttk availability of technologidsr rice cultivation many
dryland were converted into paddy rice fields.

In the more than 3§ears rice cultivation histarythe SJPpeople try their best to inves-
tigate rice cultivatiomechanismsTo produce rice with higher yield, higher qualibile
using less fertilizer inputs, series of rice cultivation regimes have been developed in the past
decadesWang et al(2011) proposd an optimum rice cultivation regime for the albic saoil
area in the SJEao et al(2005) investigated field measures for high yield_.riuc€2010)
introduced an optimum rice cultivation regime for-Gtina which emphasized the
knowledge of pest andséiase controWater saving irrigation coupheéh rice cultivation
skills weralsostudied I v et al, 2019. Theseresearclstudiessmphasizeé several stepsf
paddy rice cultivatiomcluding the seed pgermination proceduréhe seedlings green-
house nursery in early sprikgy skillsn thetransplanting process, fertilization time and
amount, irrigation stratiexy pestweeddisease control and harvest tileople in the SJP
have to explorekilFintensivestrategieso avoid vasting solaenergy sincethe growth

season ishort (130 135 daysand the frosfree period is even shorter (12040 days)

2.2 Data

2.2.1 Multi-source data

To implement and AEIS atlahave tobe organized fronvarious governmental bureaus or
non-governmental organizations such as local research institutions or special research
groups. In this study, datasets from different sources, each characterized by their unique

attributes and properties, are referred tmalsi-source data.
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2.2.2 Data organization

1 Topographic data
In this studydetailed topographic datasets for the whole SJP on atta260000were
purchased from the National Geomatics Center of China (NG&C&hich ground features
of land useelevation, cities, roads, waters, ate.represented. Since the AEIS in this study
aim to provide information also for farmers at the field level, more detailed topographic data
at the field level are needed. Thus a s@tlf boundary data of Qixirffearmin an inde-
pendent coordinate system was provided b@itkiag Modern Agriculture Research Center
Unfortunately, the scale of this data is not clearly deTihiexdfield boundary data provides
information on field borders, building areas, watersp@dolt storing irrigation water), as
well adield ownership androp types of the fields.

1 Climate data

Climate data were organized for the SJP. For the model applidailypneatherdata col-
lected from theearest weather statidiransanjiang weathstation (located in the northern
part of Qixing Farm)wasused.This dataincludesmaximum and minimurtemperature,
precipitation, wind, humidity, visibility etc., which sasisgfe DNDC model requirements.

 Soil data

Soil parameters are very oftenrttest sensitive input parameters in sgrosystem models

(Li et al., 1992; Kersebaum et al., 208@gatial information on soils is necessary to target
disaggredad agreecosystem modeling. A soil information sysseassential for providing
agroecosysm model input parametels.this studyaspatial soilype mapwith a scale of
1:100 000 was provided by the Chinese Academy of Agricultural Sdikiscesil data
provide soil types ithe genetic soil classification of Clirsoil classification siem.

Soil organic carbon (SOC) and soil pH vahfebe top soil laye(@ 20 cn) for the entire
Qixing Farmwere providedby theQixing Modern Agriculture Research Cenfieesedata
weremeasurefrom 1156 measured samplebich were evenly distributeder theQixing
Farm.

Soil samples of the top soil lay@d 0 cn) at the field experiment sit@erecollected and
analyzed foasitespecific analysis. This soil data provide informatiomesoil nutriens
N, P, K, ©C andthe pH value.
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1 Remotdy senseddata

FORMOSAT2 (FS2) satellite imagery was used to derive rice vegetation information. The
FS2 collects multispectral images with a ground pixel resolutiom 8f8m over a swath

of 24 km. The F& images used in this study are optical images with 4 bands of Wue (450
520 nm), green (58600 nm), red (63890 nm), and nedamfrared (768900 nm). Three

tiles of high quality images covering the main arable kad~&6,000 ha) of the Qixing

Farm were captured on 24 June, 6 July, and 9 August in 2009. Thus, both the vegetative
phase (24 June and 6 July) and the reproductive phase (August 9) of rice are well represented
in these imagemtegrated with the GIS bodary data for the Qixing Farm, the EBnages

were also used to delineateurate rice areas.

I Field obsenation data

Ground truth ofagronomic datawere measured ifrefd campaignSample at42 sitesvere
collectedduring the entire rice growisgason in 200l these 42 sites were located in
seven farmersd fields being spaéyonaplotcpversepar a
ing approximately 0.4 0.3 ha. The final plant samples collected from each site were a
mixture of three or fouspatially separated sampidsch wergaken from the same plot.

As ground truth data, trereas othes ampl e sites were mapped usi

Positioning System (GPS) receiver.

Field management calendars of transplanting, N topdressingjdmigaiplication of in-
secticides, and harveakdtes, were recorded. Several field campaigns were carried out to
collect samples from the tillering stdgmting stage, heading stage, 20 days after heading,
and the harvest stage. For each site, biomakandfplant N concentration were measured
and plant N uptake was calculated as well.

The plant samples were processed in the following Afegrsthe field sampling, the plants
were first cleaned, and then separated into different organs @eamspanicles) to meas-

ure the biomass values. LAl was measured usingsample of the ledfiomass. One sub
sample consisted of 8020 leaves, randomly selected among the youngestefugipped
leaves. All fresh samples were processed in the oven & i@5half an hour to stop
enzymeactivity. After that, they were dried at 75 T for at least 72 h until a constant weight
was reached befothey were finally weighted. N concentration was measured using the
KjeldahtN method. The plant Niptake was callated as the aboveground dry mass multi-
plied by the N concentratioBrain samples were collected at harvest time. The grain sample
for each site was combined of three or moressuniples that were collected from an area
of 1 m2 All samples were procesdeylgrain threshing, drying, weighting.
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35 sites from different farmers were uedalidatehe model regional application. These

35 sites are mainly clustered in three areas in the Qixing Farm. The yields of these 35 sites
were recorded by the farmersem theywereselling their grain after harvdstwascalcu-

lated as the total yielf the total field area including the field ridges, water pools and
channels. The building area of living houses might also be calculated into the field area.

Another feld dataset was collected fr@thselected farmer§hese farmers weassumed

to be high yieldarmes regarding to their rice yield records in the past 3 to 1Q ¥éars
22 siteswerespatially distributedver the entire Farm. Grain yield in this dataset were
measured using the same metasih field dataset |I. This dataset was usedhlidate the
model regional application.

1 Field managementdata

Field management data of the 42 experimental sites weredeahoidg the growing season

in 2009.Farm management data such as sowing/transplanting/fertilizing date, amount of
nitrogen fertilizer input, irrigation management (especially for rice), plant protection man-
agement, harvest time, or special regime of maweag are provideid thefarmed survey
conducted in 2009

In the modelling regional application, one optimized field management data were applied.
These optimized field dataset was processed based on the records of the 42 experimental
sites and anothéri el d survey of 79 f ar me Mwstfield mam-l d man

agement data were assigned to the delineated rice areas to drive the regional model.
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3 Methodology

With the development of computer science, geographical information systems,Ratellite
and modelling have been widely applied for-agvaconmental research over large geo-
graphic areas (Wang et al., 2015; Shao et al., 2014; McCoy et al., 2011; Wahid et al., 2008).

Earth observatory and monitoring networks currently provide unprecedehietes of

complex, multscale, longerm multidisciplinary explicit data (e.g., NEON, 2015; OOl,
2015; SAEON, 2015; TERN, 2015; ILTER, 2015; SIGEO, 28isultaneouslyata pre-
processing such as georeferencingegistration, and categorization m@ndatory espe-

cially for an agrenvironmental analysis which highly depends on-sowitce data in dif-

ferent resolutions, formats, and quality (Li, 2010; Reinartz et al., 2011; Gessner et al., 2015).
A useful technology, the expert system, can be éppltategorize and anzdythe mult

source research data regarding to different research issues (Liao, 2005).

Since the mid960s, decision support systems have been developed with communication
driven, datariven, documendriven, knowledgdriven andnodetdriven, paralleled with

the development of computer sciences (Power, 2008). Agricultural decision support systems
receive increasing interests by scientists and stakeholders. As an example, a framework of
SEAMLESS (System for Environmental and Aitice Modelling, Linking European Sci-

ence and Society) is recently developed to contribute to the sustainable agriculture by de-
signing and assessing the integration of agricultural technologies aamviagnonental

and rural development policies in Bagdvan Ittersum et al., 2008). The SEAMLESS ex-
plores links between computer models in multiple dimensions including organisational levels
(i . e. point or peld scal e, farm, regi on, EU
(Ewert et al., 2011Based on several backbone models (such as SEAMCAP [an agricultural
sector model], CAPRI [common agricultural policy regionalized impact], FSSIM [farm sys-
tem simulator], etc.), the SEAMLESS provides systematic analysis to design a sustainable
agricultureln this studythe threetechnologiesf GIS, RS and modelling dneegratedas

the backbone tools to implemeahe AEIS in the SJP.

3.1 Geographic information system

The GISis a computer application designed to capture, store, display, communicate, trans-
form, analyze, and archive geographic informationisthiaformation tied to specific lo-
cations on or ne &oodchild 200% @I$ weheodriginallyuuseld ssalaged (

in land resource management, automated cartography, and transportatiare@|Sdy

developedn civilian applicationss well as bthe military sinceéhe 1950s. Especially after
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the first deployed civilian satellitegshaearly 1970s, GIS software was quickly generated,
largely rastebased, that found very useful applications in agriculture (Goo26Ri9J.

GIS represemstground surface features in two distinct wahe. firstwayis for discrete
objectsThe objects on the earth are assumed to be countable features that may overlap, but
between them is emptine3he featuresanbe represderd asi.e. points, lines and areas.

The second way is fapontinuousobjects.n this way thea&r t h d s sacnibédabgya i s d
series ofunctionsbased onocation the functions are used to represeletvation or tem-
perature, or a classmame The erthd surfacdsrepresented by raster and vector structures
inaGIS. In a raster structure the set of possible locations is finite, being defineddby a gr

In a vector structure, every feature is located using an appropriate number of coordinates.
Areas and lines are normally represented as ordered sets of coordinatésatby straight

linesof polygons and polylines, respectively (Goodc20id9).These raster or vector data

have to be referencedtotkeer t h 8 s s waceftaincfarm aof soordigate system.

A wide range of GIS software products are availablgingafrom versions for harteld
devices through desktop systems to sexider GISIn recentyearsppensource GlSare

growing steadily, and a number of low cost options have appeared

GIS combine layers of dawdth specific locations that provigewerful anctriticalinfor-
mationthat can be user decisioamaking toolgEstes and Stat99Q. GIS isnot onlya
criticaltool for balaning the anthropogenic influence and the nature carrying capacity
also a promisingol for bridgngthesetwo isstes to achieve something that is bigger than
the sum of the twain the futureg(Dangermond2009) In this study, GIS is used as a basic
tool to prepare, process, integrate and analyzesuoulte data.

3.2 Satellite Emote sensing

By the late 1950s aerial photography had been institutionalized in applicatiegsvn

ernment and civil society as a source of cartography information (Campbell and Wynne
2011). In 1972, the launch of Landsat 1, the first of saattyorbiting sateiles designed

for observation ofthear t hds | and ar eas, mar ked pmentot her
of new instruments of dekting satellite images, by the 1990s, commercial capabilities for
acquiring fingesolution satellite imagery have beenadtaifor civil application®uring

the first decade of the 2kentury, the rapid development of the internet enabled public
acess toRSimageryTherefore software based BSproducts are promoted for the use of

the broader publicfor instancehe widely applie@oogle Earth.
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In the past yearsatelliteRS as an advanced technology has been used extensigtbnieh
research, forest planninvggatererosionassessmeydagriculturgroductionto obtain patial

and temporal informatiof®©zesmiand Baugr2002; Holmgre and Thuress&A98; Vrieling
2006;Gitelson et a]2014. Because of its operational and economical uses over large areas,
satellite RS technology has been widely used to condeeaision cromonitoring andsield
forecastingor decision making oim-time field management andarketing intervention

and policy support on regional or global sqMasDonald and Hall980; Duveiller et al

201d).

Image classification is an important process to interpret image informatssigning

objects, features or areas to classed lmaseheir appearande the imageryAnother

method to interpret the image informatiorussngvegetation indices (VIsfhe Vis are

formulas of combinations of different spectral bands, which show better sensitivity for veg-
etation.Theyare used to quantitatively measuresthtusof the vegetation (Bannari et, al

1995) Numerous investigations have relatedviisgo several vegetah phenomena rang-

ing from vegetation seasonal dynamics at global and continental scales to tropical forest
clearance, leaf area index measurement, biomass estimation, percentage ground cover deter-
mination, and photosynthetically active radiation estim{afitesand et g/2014)

Using satellite RS techniquesnonitor mddy rice aredss been propose in the past dec-
ades(Frolking et aJ 2002; Xiao et gl2005; KuenzeandKnauer 2013) SatelliteRS data

with coarse and medium resolution are widely used in rice cultivation rgaeamzhbrand

Knauer 2013;Wang et a) 2010;van Niel and McVicar2004. However, the number of
conducted studies on rice using high resolution RS images was limited in the past two dec-
adeqKim and Yeom2012; Chang et.a2013; Kim and Yeon2014) Identification of rice
cultivation areas and estimation of agronomic paeasngom high resolution images are

valuable for improving rice production.

In this study FORMOSA® (FS2) images and GIS data were combined to delineate the
paddy rice areas. 29mages are used for rice status monitoring in the growing season and

riceyield estimation.

3.3 Knowledge-basal systems

The computer user dictionary defikeswledgebased systemKBS) as computer systems
that are programmed to imitate human probdeiming by means of artificial intelligence
and reference to a database of knowledge on a particular subject. The cengbonent
knowledgeébased systems aad&nowledge base, and inferencaf@ning mechanisnighe
knowledge base is the core partaddBS (Curtis and Cobham, 28)0 Sincethe 1980s,
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approachshave been reported to utilize both numerical and logical infornatkdS
with an integrated procedure for image analysis in applicdtagriculture (Kontoext al,
1993 Mckeown 1987 Goodenoughet al, 1987).

To construct a spatidceinformation database in Qixikgarm, an expert knowledge base,
has been designed and implemented. This knowledgés lnasd to integrate thmulti-
source data based on logical rules. It consistsiod area mask,RSbasea soil basea

hydrology basetopographic base, amdarmer management base.

1 Knowledge engineer

In this studythe knowledge bas&sconstructed using the Knowledge Engifiéprogram

in the expert classifier module in ERDAS IMAGINE software. The ERDAS Expert Classi-
fier interface is designed to handle the process that an expert in a particular field of expertise
would use to anagspatial data and infer information within a given location. This process
can then be repeated by someone without expertise in either the application field or in the
use of software tools (Lei, 2008). This program can collect spectral information or classes
from raster images and seamtomatically transféheminto a knowledge database system.

The expert classification program consists of three components: hypothesisd reoe-

dition. A condition compares a pixel (input data) to a real value. A rgihes asisieaning to

one or more conditions. A hypothesis forms a classification (output class)arishk

one or more rules. An expert classification system is a hierarchy of rules, or a decision tree
(Figure 3-1). The decision tree grows in depth whwen ltypothesis of one rule is referred

to by a condition of another rule. The terminal hypothesis of the tree reptieadimal

classareaof the interest.

Condition 1 (true) |

Condition 2 (true) |

Hypothesis (true) Or

Condition 3 (true) |

Rule B (true)

Rule A (true) @
@

Condition 4 (true) |

Figure 3-1: Components of a knowledgébasel system.

1 Rules for each knowledge base

A rule is a conditional statement , or | 1 st 0
values and/or attributes. Rules consist of a number of variables, of which the data values

and/or attributes are assgyd into a certain class constrained talitmnal statements. All
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of the conditional statements must be true in order to make the rule true. The mathematical
operators in conditional statements in the rules includg; =, 0 , <, andU . The confi-

dence of the variables depend on the extekh@fvledge of the variable vadue

3.4 Agro-ecosystem nodelling

Crop modeling is an effective meanimuestigating the interactions between cropsthad
environmentdue to its capability in the engde of varying factors (model inputs) tempo-
rally, and subsequently to simulate crop produatidrits environmental effeatsder dif-

ferent scenarioRosenzweig et aR014; Zhang et ak014. With the rapid development

of computational technologiggpcesshaseccrop modellingare widely appliedhese crop
modellingaredeveloped based on a series ofghigsical &chemical equations regarding
crop growth.In the 1960s, crop modelling were developed to investigate crop growth in
response t@biotic enironmental factors (de Wit965 Duncan et aJ.1967. Models are
currently being used in support of theoretical research, yield predictions, and decision mak-
ing in agriculturéLong et al 2006 Lobell and Burke201Q Schreinemacheend Beger,

2011.

For this study, the DeNitrificatiebeComposition (DNDC) modelérsion 9.5developed

by Li et al, 1992, modified bi et al, 2000, 2007) was chosen in order to test the model
capability for detecting withfield variability in paddy rice yield for a study area in North-
eastChina. The overall aim is to analyze -®gndronmental patterns of spatial variability
in the context oprecision agriculture.

The DNDC model simulates the carbon and nitrogen biogeochemical cycles and is composed
of the following six interacting suiodels: soitlimate, plant growth, decomposition, ni-
trification, denitrification and fermentation. In sakvstudies, the DNDC model was ap-

plied for paddy rice fields in China (d.get al, 2002 Zou et al, 2009 Zhanget al, 2014).

3.5 Concept ofan agro-environmental information system (AEIS)

Since the last Centuiamershave beemxpected to pay attention not omdyeconomic

profits but alsoto environmental impacis the agricultural systera.g, Sigrimis et al.
1999;Bareth 20®). The agriculturesystemsare complexlt is difficult, and often even
impossible, to charactegithe functioning ofuch a complex systeimg means of direct
measurementdany studies based on empirical regression of the single factors to the envi-
ronment, i.e., pesticide pressure (Vernier et al., 2013), or innovate some indices to evaluate
the enwronmental effects (agenvironmental indicatorsgitardinet al., 1999). Indicators

are a compromise between scientific results and the need for concise information. However,
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simple indicators ignotbe dynamics of the actual status, may provide eoabld errors
especiallyn terms of amplifications.

To understand the interactions between the agriculture systems and the environmental im-
pacts a comprehensive and dynamic policy approach covering a rapgialfand tem-
poralscales and issuissrequired. A crucial component of this approach isithplemen-

tation ofinformation systemthat arerelevant, robust, and easily operated by all stakehold-

ers, practitionerqolicymakers, and scientigk®r instancesuch information system can

help to adjust practices, processes and capital in response to the actuality ogtherat of

house gas emissions @imate changeHpwden et al 2007. Ewert et al. (2011) imple-
mented a series of smmdept andambédelt begngbdesdyasb
series of models to investigate the components in the agricultural system on different scales.

With the development of information acquisition technoladi€s$S andRS it is possible

to get agricultural infaration on multiple spatial and temporal scales and thus to merge
these multsource data. Procelkased geochemical models are effective means to link data
from the environment factors to biotic cropsprospect way tachievahe knowledge of

the interactions between the agricultural systems and its environmental impaot®4is to
bine the threemeans ofGIS, RS, and crop modellinfgnd subsequentlpy linking mult
source data using the crop modellinfprmation about thegao-environmental system on
multiple spatial and temporal scales can be obtained.

In this study, the AEIS means an information system that provides information for agricul-
ture, environment, and simulation scenarios through regiona@cagystem models igh

are driven by the SDIs, especially for a-pata regionThe core idea of the AEIS for the

SJP is to explore the potential use of the available geospatial data and mainly based on the
technologies of GIS, RS, and modellifige AEIS is capable in prding temporally and

spatially dynamic agemvironmental information at multiple scavgsich could contribute

greatly to field management and regional panBingonducting a case study in the Qixing

Farm, this research a&ito implement an AEIS to westigate rice production and its envi-
ronmental effects based on mugibiurce data.
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Summary

Geodata, including optical remote sensing (RS) images and topographic vector data, can be
collected from multiple sources suclsayeying and mapping agencies, commercial data
acquisition companies, and local research institutes. Theseonmaéi data have been

widely used in past RS and geographic information system (GIS) studies in various applica-
tions. However, spatial incost®ndées inherent in the muwsiource data require accurate
georeferencing to be applied. This is challenging for study sites with limited accessibility and
fewreference maps. To address this challenge, this paper proposes an approach for gener-
ating groud control points (GCPs) using TerraSRARTSX) data. In a case study, TSX
images were used to georeference +vailtice data covering the Qixing Farm in Northeast
China. First, a stack of five mukimporal TSX images were processed into one reference
image to retrieve GCPs. These were then used to georeference the other datasets including
Huanjing (HJ), Landsat 5 (b FORMOSAT2 (FS2), and RapidEye (RE) satellite images,

as well as topographic vector datasets. Identifying tie points in theour#idatasets and

the corresponding GCPs in the TSX reference image enables georeferencing without field
measurements. Finally the georeferencing accuracies for the optical RS images were assessed
by independent check points. Good results were obtainedefétJthLS5, FS2 and RE
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images, with an absolute error of 7 %.97m, 8.94m and 10.52n, respectively. For the
topographic vector datasets, ideal visual results were achievadalalitid the rubber
sheeting algorithm. These results demonstratdlth TSX reference image is suitable for
georeferencing musiource data accurately and adficiently. The developed procedure
can be applied in other study regions and is especially valuable pooda&tavironments.

Zusammenfassung

Georeferenzierung von Radt¥ektordaten aus unterschiedlichen Quellen mit Hilfe von multitemg
ralen TerraSAR-Aufnahmedheine Fallstudie der Qiammim Nordosten Chirras raumli-

che Analysen kommedbeodaten wie Fernerkundungsdaten und topbggaheVektorda-

ten zum Einsatz, die von diverd&imrichtungen, u.a. Vermessungsanté&ommerziellen
GeoinformationDienstleistermind Forschungsinstituten bereitgestellt bzw. Beasgen
den. Diese aus unterschiedlichen Queatlammenden DatgMultidaten) werden fir zahl-
reicheAnwendungen in Fernerkundunagsd GIS Studien genutzt. Jedoch beinhalten diese
Datenraimliche Ungenauigkeiten, die zun&hst eine pr&@sereferenzierung erforderlich
machen. Diesestellt vor allem fir Untersuchung$jete miteingeschréankter Zuganglich-
keit und nicht verfigbareReferenzdaten eine HerausforderungDimser Artikel erklat,

wie Passpunkte aus Dattas Radarsatelliten TerraSARTSX) fir die Georeferenzierung
von Multidaten generiert werdieimnen. In einer Fallstudie der QixHi@rm imNordosten
Chinas wurden finf multitemporalé&SX-Radarbilder zu einem Referenzbild zusammenge-

fligt, um mit hoher Genauigkeit Passpunkte

abzuleiten. Diese Passpunkte dienen der Georeferenziewhrayer Multidaten ausvdi-
sen Quellenywelche sowohl Huanjing (HJLandsat §LS 5}, FORMOSAT2 (FS2), und
RapidEygRE)Satellitenbilder als auch topographische Vektordatéassen. Die Identi-
zierung derselbeRasspunkte in dem TSReferenzbild und in dellultidaten divers
Quellen ermdglicht eine genaG@eoreferenzierung ohne im Gelade aufgenomnivbess-
daten. Die Genauigkeit der Georeferenziefinmje optischen Satellitenbildsurde durch
unabhdgige Kontrollpunkte bewert&s wurden gute Erpaisse fir die HJ LS5-, FS2
und RESatellitenbilder mit absoluten Fehlern Vo6 m, 6,97 m, 8,94 m bzw. 10,52 m
erzielt. Fir dieGeoreferenzierung der topographischen Vektordeteden optimale visu-
elle Resultate erzielt, welcHes m ei ngeset zt en a Rwautuschreilheet i n
ist. Diese Ergebnisse demonstriedésm Eignung der aus TSXaten abgdeiteten Pass-
punkte, um Multidaten verschiede@arellen genau und kosteneiéint zu georeferenzie-
ren.Das entwickelte Verfahren kann auf andlamersuchungsregionémertragen werden

und istbesonders wertvoll fir Gegenden mit schlecWenfigbarkeit von Referenzdaten.
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4.1 Introduction

Data quality plays a critical role in geodata related redeareth 009). To ensure data
guality, georeferencing becomes a mandatory and crucial task. In this paper, datasets from
different sources, each characterized by their unique attributeopedi@s, are referred

to as multisource data. Coiared to singlsource data, musiource data can provide ad-
equate information with different spatial and temporal resolutions, map scales, and spectral
properties I(i, 2010Q Waldhoffet al, 2012).Multi-source data provided by various govern-
mental bureaus or najpvernmental organizations such as local research institutions or
special research groups may vary in many interpretation aspects and in terms of (spatial) data
quality. BothGeographic Indrmation SystemG(S) and remote sensingR data carry

plenty of geospatial information but with different nature and content and with different
semantics (Miset al, 2005). The integration of RS and GIS is emerging as a new research
field (zhang,201Q. Gdmez-Candd et al.(2012) indicated that the ldiomal errors in high
resolution images, e.g. GeoBlyemages, affect the delineatmfnthe input precription

map which is a core problem for the implementation e$péeific agricultural management
strategies. Bberet al. (2008) confirmed that coregistration errors between imagery and field
sites led to remarkable errors in landscape classification, particularly when the size of the
target site was similar to the image pixel size. Moreover, ircasase such as in China,
detailed topographic data (1:5,00025,000) with high spatial accuracy may not be acces-
sible due to data stimg and management moés or lack of surveying and mapping activities
(BarethandYu, 2004) Because of heterogensayualiies, the integration and georeferenc-

ing processes for mukburce data are indispensable, complex and highly dependent on the
purpose of the study.

A variety of methods for mwusiource data integration and georeferencing have been devel-
oped in tke past decades to eliminate spatial inconsistencies hsanute datets. For
example, a Markov rdom field model was applied to merge images from multiple sensors
for a land use classificatioml&rget al, 1996). A statistical approach to match relational
features was introduced byaNérandFritsch (1999). An iterative closest point algorithm

was implemented to match features using a spatietlise map as the reference (von
Gdsseln andSester,2004). Enpirical and theoretical methods were implementedségy U

et al. (2009) for integrating the national maps of the United States with different scales and
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resolutions in vector and raster datasets. In addition, several automatic approaches have
been develogd to compute themageryto-vector conversion (Wat al, 2007), identify

control point pairs from images using vector datasets as the glue lageet &G 2006),

conflate vector maps to high resolution imagergg&t al, 2009), or georeferenceage
sequences in reine (Choi andLee,2012).

In recent studies, Synthetic Aperture Radar (SAR) imagery has been used to guantify the
spatial inconsistencies of geodata and to collect greanttol points (GCPs) for georef-
erencing. SAR sensors arenadather and dayight active microwave sensors that collect
information of the targets according to the signal transport time between the sensor position
and the terrain height. They have the potential to provide images with very high geometric
accuracyAger andBresnahan2009 Rodijuez et al, 2006). In particular, the German Ter-
raSARX (TSX) satellite launched in 2007 is equipped with a highly flexible phased array
antenna for SAR Stripmap, ScanSAR, and Spotlight operatittesniyer andRunge,

200). An overall ground accuracy®fi m has been demonstrated when the images are
projected to a precise terrain heiglggrandBresnaha, 2009 Koppeet al, 2019 Nonaka

et al, 2008). Therefore, the TSX products can be used to generate topographic maps and
create accurate orthoimagery productsl(Bska2011 Reinartzet al, 2011 Schneideret

al, 2009).

To further explore the potential capability of TSX imagery as a $outceatingGCPs

and subsguently to georeference mdtiurce data characterized by varying properties and
accuracies over a large area, a feasible and robust method which takes the advantage of the
high spatial resolution and high geometric accurdcy>ofmagery is introduced. The main
specific objectives are (i) to georeference topographic vector data from multiple sources; (ii)
to improve the georeferencing results of Huanjing (HJ), Landsat 5 (LS 5), FORRMOSAT
(FS2), and RapidEye (RE) satellitegess and (iii) to assess the accuracy of georeferenced
datasets and to evaluate if the results are highly dependent on the spatial accuracy of the
TSX imagery.

4.2 Study area and data

4.2.1 Study area

The Sanjiang Plaif8JP) located in Northeast China, is an alluvial plain formed by the
Songhua River, the Heilong River and the Wusuli River. The topography is fairly flat with a
slope of < 0.012° With an area of approximately 11 million ha, it is an important wetland
area anacosystem in China. Some wetland sites in this area have been désrghated
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list of wetlands of international importanceafget al, 2006). In addition, the SJP is the
largest food base of China, where 52 natiawakd farms are located. The ctignia tem-
perate sudhumid, with a mean annual precipitation of 5006n&®0 mm (80 % of it occur-
ring between May and September), and an average temperature ®221C0n July and

~ -18 € in January. Nowadays, single season crops of paddy ricansaythenaize are

mainly planted in this area.

The study site Qixing Farm (47.2 N, 132.8 E), which covers an area of approximately
120,000 ha, is located in the central part of theFsgir€ 4-1). As of 2010, 62 % of the

study site was arable, doméuty three quarters of paddy rice and one quarter of dryland
(Zhang W., Qixing Farm, personal communication, June 2012). In the paddy rice fields,
rainfed and irrigation systems simultaneously exist. To improve the growing conditions of
agricultural cropsshelter forests were planted in the late 1980s, primarily to reduce the
speed of ground wind iitandZhao,1996).

130°E 132°E 134°E
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Figure 4-1: Location of the study area Qixing Farm in Northeast China.
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4.2.2 Data description

A time series of five TSX images (stripmap-p@harisation, incidence angle ~ 359 relative

orbit 88, descending) was taken within 44 days from June 24 to August 7 of 2G0A¢gsee

4-1). These five stripmap images in the basic Single Look Slant Range Complex (SSC) form
with intensity and phase information for each pixel in slant range geometry were used to
create a TSX reference i mage. The nethdtthe pr ec
satellite position during image acquisition is calculated with an e@@0 afm in a post
processing step (iz andEineder,2013). This post processing dramatically increases the
positional accuracy and thereby the image potential foratiegeGCPs (Kppe et al,

2010).

The Qixing Farm field boundary file was produced by the Qixing Modern Agriculture De-
velopment Center. This GIS layer was given in Universal Transverse Mercator (UTM) coor-
dinate reference sysm, zone 53 N. It providesdlinformation on crop field boundaries,
irrigation wells, water drainages, and shelter forests edges at a fine field unit scale. However,
this dataset did not line up with any of the other datasets in our project. The inconsistency
was nonsystematic in @isce or directiong={gure 4-3). An offset of more than 200 m
between this dataset and the TSX images was identified in the northwest part, whereas in
the southeast part the shift was more than 300 m in the opposite direction.

The public version of the250,000 topographic vector dataset produced by the National
Geamatics Center of China (NGCC). This dataset includes multiple layers of administration
boundaries, settlements, railways, roads, hydrological information, and landscapes. How-
ever, as 8rethand Yu(2004) indicated, the spatial accuracy is not as high as expected.
Therefore, a refined georeferencing of the public version is needed in this study.

The HJ, LS 5, F3, and RE satellite images were acquired from 2009 to 2012 in the growing
season The agricultural constructions, e.g. irrigation channels and raised ridges, for paddy
rice in the study area are the same year by year and the field boundaries are mostly stable.
Therefore, one TSX reference image can be used in multiple years. Tetkidistianation

of the RS data is listed Tiable 4-1
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Table 4-1: Characteristics of the RS images.

Satellite Pixel Bands  Acquisition Projection Cloud Processing
Spacing date Cover Level
(m) (%)
TSX 1.89(az) x - June 24, July 5 WGS 84 UTM -- SSC
1.57(rg) 16, 27, Aug. 7, 53 N
2009
HJ(CCD2) 30x 30 4 June 29, 2012 WGS 84 UTM 0 2
53N (subset)
LS5 30x 30 7 Aug. 26, 2011 WGS 84 UTM 0 1T
52 N (subset)
FS2 2x 2 (PAN) 5 July 6, 2009 Geographic 0 1A
(Lat/Lon)
RE 5x5 5 May 19, 2012 WGS 84 UTM 0 3A
53 N
4.3 Methods

4.3.1 Workflow of georeferencing multisource datasets

The schematic workflow of muldurce data georeferencing is showkigare 4-2. There

are mainly four steps involved: §t9-processing of the multémporal TSX images to gen-

erate one single reference image; (2) selection of GCPs from the processed TSX imagery and
corresponding tie points from op#l RS images or topographic vector maps; (3) reducing
locational errors byecursively reselecting GCPs and corresponding tie points until achiev-

ing low positional error (PE) values or satisfactory visual results; (4) generating georefer-
enced datasets by image resampling or GIS data matching. Steps 1 and 2 are the key steps
of this approach, which highly affect the quality of the GCP interpretation and consequently

the final results.

We decided to use the PE because it is implemented in the sofaveare tked and because
the docunentation of the individual error of every poirdves best the efficiency of the
proposed method. The standard deviation (Std.) that characterizes the overall error is also

given as a comparison.
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Too high PE values

Too high PE values

Low PE values

Not satisfying

Low PE values

Figure 4-2: Georeferencing workflow of the multisourcegeospatial data, PE = positional error.

4.3.2 Creation of the reference image from TSX stripmap acquisitions

A stack of five TSX stripmap images was used to create the reference image. Radar image
processing was performed using the Next ESA SAR Toolbox (MEB&T)uted under the

GNU General Public License. To meet the requirement of a geocoded image in which the
precke outlines of objects are itiéiable, certain prprocessing techniques were applied.
First the oOocompl ex pi xednawmmtude enadge represerdginguhee d t
strength of radar backscatter for each radar
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terrain correctionbo, the elevation data from
in a spatial resolution of 3 agecmds served to transform the radar images from slant range
geometry into the UTM coordinate reference system. Pixel spacing of the resultant geocoded
product was set to 2 m to minimize spatial information loss, and to meet the file require-
ments of a managaa product. The main drawback of the SAR image with regard to the
visible interpretation is the speckle effect which is an inherent noise of all radar images,
often called grainy salt and pepper noise. To reduce this effect, a mean image of the five
geocaled images was calculated and a 3x3 mean speckle filter applied. The radiometric res-
olution was reduced from 16 bits to 8 bits. Ttiere, the data size was considerably re-
duced. Likewise, the image representation speed was dramatically increasedfla spit
radiometric information loss during this procedure, the processed TSX reference image pro-
vides sufficient information for human interpreters to clearly define unambiguous GCPs
with a high spatial resolution. Absolute radiometric calibration waseat#d in this pro-

cess as all five images have the same calibration constants, and moreover, the quantitative
analysis of the backscattered signal was not the focus of this study. The resultant grayscale
radar image was almost spefide and the shape$ all objects necessary in this research

could be identified.

4.3.3 Georeferencing of topographic vector data

Georeferencing of the topographic vector data was based on a rubber sheeting algorithm.
The rubber sheeting, alternatively called rubber sheet, ahgisritme of the eaelst and

the most common compett cartogram algorithmsg@ler,2004). This technique derives its

name from the logical analogy of stretching a piece of rubber to fit over some oblpxcts (C

et al, 1998). During the process, map areas are subdivided into trishgpkd regions

and local adjustments are applied on each single region. After that, each triangle either en-
larges or shrinks iteratively toward its ideal size without changing theytampdhog map
(Gillman,1985 Dougeniket al, 1985). An iterative maghysical cartogram algorithm for
continuous area was proposed mu@eniket al. in 1985. This algorithm was recently im-
proved by implementing an auxiliary quadtree structure in ttespr@n, 2013a2013b).

In this study, the rubber sheeting tool of ArcGIS 10.1 was used to transfer the topographic
vector data. Approximately 600 reference points, evenly distributed over the entire area of
Qixing Farm, were selected as georeferempaimgs from the TSX reference image. As
Rinartzet al. (2009) proposed, the selection of reference points from the TSX image is not
always a straightforward procedure. Based on our experience, corresponding points were

selected according to following rul@ly Select pointgs the TSX reference image that are
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locatedat the intersection of the paddy field ridges, rural rogesedanopy crossings of
different crops, or corners of artificial waters, which are in all cases clearly identifiable and
unchangedluring the3 yeaperiod from 2009 to 20122) Avoid elevated objects such as
forest edges or tall buildings due to their systematic locational errors such as foreshortening,
layover, and shadowing, induced by the radar imagery acquisition procefealect(8nly

points that have a corresponding (tie) point in the vector dataset, e.g. the Qixing Farm
boundary data with line interseas and corners. A similar process was applied to the topo-
graphic GlSlataprovided by the NGCC.

4.3.4 Georeferencing ofoptical RSdata

Multiple optical RS aforementioned data were also selected to demonstrate the georeferenc-
ing process based on the TSX reference image. In particular, image subsets covering the
Qixing Farm were created for the HJ and LS 5 satellite data.i¢dl sptellite images were
georeferenced according to these main steps: First, all satellite images were reprojected into
the UTM WGS 84 system to obtain an ewiew of the data inconsistencies. Second, a set

of control points was selected from the TSkénence image based on the aforementioned
rules. Consequently, the corresponding points have to match the objects which can be clearly
identified in the optical RS imagery in this case. Third, in order to improve the transfor-
mation model and to minimizeetterrors caused by the manual measurement, GCPs and
corresponding tie points were updated iteratively by eliminating iteewpith highest PEs

and seletng additional control points until the residual errors fell belomakeanum al-

lowed value. Thdecsion if a PE value was too high depended on the spatial resolution of
the image to be georeferenced. For every single GCP, the maximum allowed value was within
the subpixel range. Finally, a certain number of independent points were defined as check
points to evaluate the acewoy of the transformation. Ong the validation process, the

GCPs were used to calculate the transformation model while the check points were used to

evaluate the errors in the geometric transformation independently.

In our casethe PE is the horizontal distance between the input location of a GCP and the
transformed location of the same GCP. The PE was calculated accordindlja @n-
galton andsreen,2008).

WhereY® andYdare the positional differences between the reference point and the cor-

responding image or map position in the X and Y directions, respectively.
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4.4 Results

4.4.1 Georeferencingresults of topographic vector data

After the georeferencing based on the rubber sheeting algorithm, the georeferenced vector
data of the Qixing Farm field boundaries (cyan) sufficiently fit to the new field boundaries
which are clearly deteale in thef SX image. The problem of nonsystematic spatial incon-

sistency was well overcome and the shape of the vector graphics was pFégareedt (

3). Similar results were also obtained for the-gwpphic data provided by the NGCC.

Figure 4-3: Field boundary data, before (yellow) and after (cyan) the georeferencing; red arrows in the left fig
ure show the vector force of the rubber sheeting procedure. Background data in the right figure: TSX referer
image.

4.4.2 Georeferencing results of optical RS data

Optical RS data were georeferenced according to the method described in the previous
sectionsTable 4-2 shows the relevant information of the selected GCPs.

Table 4-2: Accuracy of the selected GCPs (PE = positional error, Std. = standard deviation).

Number PE

Pixel Size Imagery/Subset PE PE

Satellite  (resampled) Spatial exten- ;)rfOICon- ge;\;e)r- (max)  (min) (Sr:‘c;
(m) sion (km) Points (m) (m) (m)

HJ (CCD2) 30 x 30 55 x 55 100 12.66 27.39 1.87 6.70

LS5 30 x 30 48 x 68 220 9.04 16.63 0.59 3.85

FS2 2 x2 (PAN) 30x28 143 3.43 5.91 0.3 1.35

RE 5x5 24 x 24 64 4.09 9.36 0.60 2.12
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After recursively selecting control points, the final PEs were less than half a pixel for both
the HJ (CCD2) and LS 5 images, and nearly one pixel for-thareSRE image§&igure

4-4 shows e georefa@ancing results visually. The ground features from each of the images
fit well. The roads match properly in all images and the paddy field block boundaries are
ideally aligned teach other in the higher resodm images (TSX, FSand RE).

i\

47°14'

Figure 4-4: An example of georeferenced muksource RS images in comparison to the TSX image. From left
to right, 1st row: FS2, TSX, LS 5, HJ, RE, 2nd row: LS 5, HJ, RE, F& TSX, 3rd row: RE, F&, TSX, LS 5,
HJ, 4throw: TSX, LS 5, HJ, RE, F, 5th row: HJ, RE, F&, TSX, LS 5

4.4.3 Spatial accuracies of the georeferenced optical RS data

To evaluate the spatial accuracies of the georeferenced optical RS data, independent check
points covering the whole scene were cdestid their spatial parameters were analyzed. To
capture the maximum PE results, the check points were located in the areas where the GCP
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density was relatively low. The results were summarizatlen4-3. The average PEs of

the check points were at asuxel value (slightly more than 0.1 pixel) in the HJ (CCD2)
and LS 5 images. Accuracies of 2.5 pixels and 1.3 pixels were achieved fatite RS
imagery, respectively. The average PE values for all four types of satellite images ranged

from 3.11 m to 6.66 m.

Table 4-3: Accuracy of the independent check points.

Satellite Pixel Size Imagery/ Sub- Number PE (av- PE PE Std.
(resampled) set Spatial ex- of Check erage) (max.) (min.) (m)
(m) tension (km) Points (m) (m) (m)

HJ 30 x 30 55x 55 20 3.29 8.05 1.81 1.55

(CCD2)

LS5 30 x 30 48 x 68 34 3.11 6.48 1.80 1.11

FS2 2x2 30 x 28 30 5.08 7.44 1.07 1.89

RE 5x5 24 x 24 10 6.66 8.42 4.08 1.21

4.5 Discussion

4.5.1 Analysis of the anticipated spatial error in th@rocessed TSX reference

image

The geometric distortion of SAR imagery products can be caused by three components (
lander and McDonough, 19911) sensor/platform instability and signal propagation ef-
fects, (2) terrain height, and (3) processor indeiweds. The uncertainties embedded in

the SSC products comprise only the first type of error, which is less thaNvhakaét

al, 2008 Fritz andEineder,2013). The second type of errors comes from the SRTM DEM
dataset. Bdiguez et al. (2006) found &l the absolute height error of the SRTM in Eurasia

was less than 6.2 m; whereas in the SJP study site, where the topography is fairly flat, the
absolute error was less than 2 m according to the SRTM THED (terrain height error data)

product.

Hence,thetaret r ange | ocation er r or ightésBmatiotheane r mi n
be calculad using4 2) (Qurlander andMcDonough,1991):

Yy YyaqoAd T ¢
Wh e rhés thaheight (DEM elevation) estimation error (2 mganthe location incidence
angle (35U in thi sRfaorthisdtydy was Edicelatedfas 2.86,m. The e !
processor indwed error is process dependent and is denote#Ea3 he overall absolute
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spatial error of the projected TSX imagery can therefore be calculated by these three com-
ponents, with the result of (3.884m. Wher e the pr ocAdseriagTliSXi nduce
image processing can be assumed to be infinitely small.

4.5.2 Quantified spatial accuracy of the georeferenced datasets

Considering all spatial inconsistent sources, the overall absolute error of the georeferenced
datasets can be estimated. The overall errors of the georeferenced optical RS data, which
equal to the sum of the PE Trable 4-3 and the geometric distortiaf the TSX image

(3.86 m), were 7.15 m, 6.97 m, 8.94 m, and 10.52 m for HJ, -8, BMESRE satellite

images, respectivelyaiDandKhorram(1998) found that a registration error of less than
onefifth of a pixel should be achieved to detect 90 % etrie changes. Hence, the reg-
istration results for the HJ (CCD2) and LS 5 images can support a change detection analysis
with a spatial error close to 10 %.

In surface area estimationzddgan andoodcock(2006) noted that spatial errors are de-
pendentobot h RS i mage resolution and the field
pi xel proportions?®, especially when the fiel
lution. In this study, the results of the-Z&nd RE images processing are sefficfor

field-unit level analysis since the size of each field block unit is typically larger than 5,000
m2. The field block is the smallest area of a farm management unit and is considered as the
primary scale for management decisions. The high acedoacibe HJ and LS 5 image
processing are also beneficial for studies at the farmer t l evel, as a farm
generally larger than 20 fragure 45 provides a visual result of datasets from multiple

sources over the entire area of the i@g#arm.
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Figure 4-5: Georeferenced multisource data for the study area of Qixing Farm

4.5.3 Feasibility of the approach

In this study, topographic vector datasets and optical RS imagesuftgote sources were
georefeenced using GCPs derived from the TSX reference image without the need for la-
bour intensive field work. The creation of the TSX reference image and its use to locate
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accurate GCPs is critical, because it not only determénpretision of the results but also
the feasibility of this method.

Although many studiesd®mya and Trinder, 20089hn and Dowman2007 Reinartzet

al, 2009) have attempted to extract geometric features, e.g. GCPs, automatically from satel-
lite images, there is a lack of reports on automatic methods for georeferencisguncelti

data. Automatic feature extraction methods have limited applicabilioyttiee tomplex
parameterization arsdrict condition requireents (©bbet al, 1998). Moreover, automatic

methods for integrating GIS data and satellite imagery are rare.

The strategy proposed in this study showed that for each dataset, different @GBs we
guired due to the diverse characteristics of the-saultce data. Manual procedure meets

this requirement and ensures the spatial accuracy. Although the high resolution TSX imagery
supplies a sufficient number of GCPs, the selection of the GCRiseandorresponding

tie points is never straightforward. There is still a need to establish the criteria for selecting
reference points systematically. Another drawback of this method is its inefficiency in pro-
cessing a large number of datasets. Howéeeproposed method still is especially valuable

for datapoor environments lacking reference data.

4.6 Conclusions

This study provides an applicable and-effsctive approach for georeferencing multi
source data with different characteristics andsgsetemiic spatial inconsistencies. It is an
especially beneficial technique for large study sites with limited accessibility and reference
maps. The results demonstrated the feasibility of usgmi§ery to accurately georefer-

ence multisource datasets withoim-situ GCP data collection. By using the mean of five

TSX images and the mean filter, a spdckbereference image was generated. This proved

to be critical for locating sufficient GCPs successfully. The PEs of the check points were
less than 0.2 pikéor the 30 m resolution images (HJ and LS), approximately 2.5 pixels for
the FS2 images, and 1.3 pixels for the RE images. The overall positional erraeavgre

less than 10 m for all four types of images. The discrepancies among each paitXof the TS

and GIS data were only assessed visually, which demonstrates a need for further study.
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Abstract

Rice is a primary staple food for the world population and there is a strong need to map its
cultivation area and monitor its crop status on regional scales. This study was conducted in
the Qixing Farm County of the Sanjiang Plain, Northeast Chinathgrsitce cultivation

areas were identified by integrating the remote sensing (RS) classification maps from three
dates and the Geographic Information System (GIS) data obtained from a local agency. Spe-
cifically, three FORMOSAZ (FS2) images captured dugi the growing season in 2009

and a GIS topographic map were combined using a knovibasige classification method.

A highly accurate classification map (overall accuracy = 91.6%) was generated based on this
Multi-DataApproach (MDA). Secondly, measurgdoaomic variables that include bio-

mass, leaf area index (LAI), plant nitrogen (N) concentration and plant N uptake were cor-
related with the datgpecific F&® image spectra using stepwise multiple linear regression
models. The best model validation raswith a relative error (RE) of 8.9% were found in

the biomass regression model at the phenological stage of heading. The best index of agree-
ment (IA) value of 0.85 with an RE of 13.6% was found in the LAl model, also at the heading
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stage. For plant N upgta estimation, the most accurate model was again achieved at the
heading stage with an RE of 11% and an IA value of 0.77; however, for plant N concentra-
tion estimation, the model performance was best at the booting stage. Finally, the regression
models wer applied to the identified rice areas to map the widithvariability of the

four agronomic variables at different growth stages for the Qixing Farm County. The results
provide detailed spatial information on the wiflétd variability on a regiorsdale, which

is critical for effective field management in precision agriculture.

Keywords rice; FORMOSAT2; agronomic variable; expert classification;

multi-dataapproach (MDA); withHfield variability; Sanjiang Plain; Northeast China

5.1 Introduction

Rice Oryza sativa)lis one of the most important staple food crops, feeding over half of
the worldds popul ati on. I n 2010, the gl obal
tons from a cultivation area of around 154 million ha, with China comgibat29% and

19% of the rice production and cultivation area, respedtfAa®, 2014)Paddy rice man-
agement and its irrigation strategy have significant effects on greenhouse gas(¥auissions

et al., 2003Smith et al. 2008) Globally, rice paddieontribute about 10% of the total
methane flux to the atmosphé@&obal Methane Initiative, 2014n 2000, the soil nitrogen

(N), phosphorus (P), and Potassium (K) nutrient deficit induced by rice production ac-
counted for 42% of the global deficit amo(if@n et al., 2005Paddy rice agriculture in

China is therefore of national and global sigmidizdn terms of both food security and

sustainable development.

In the past years, remote sensing (RS) as an advanced technology has been used extensively
in agriculture to obtain spatial and temporal information about(&opsar andMonteith
1981;Moulin et al, 1998;Hatfield et al.2008;Gitelson et aJ.2014) Paddy rice areas were
well projected using RS techniq(@eslking et al.2002; Xiao et al., 200kuenzerand
Knauer 2013) Geographic Information System (GIS) data have been proved o be i
portant to enhance the accuracy of land use and land cover class(iialiboff et al.
2012; Rozenstein aKa@rnieli 2011) RS data with coarse and medium resolution are widely
used in rice cultivation resea(Klnenzer and&nauer 20B; Chang et al., 2008/anget al.,
2010yan NielandMcVicar 2004PDuggin andPiwinski, 1984;McCloy et a).19870kamoto

et al, 1998; Che andrice 1992;Fang et aJ.1998; Kim an&eom 2012; Son et al., 2013;
Huang et al., 2013; Peng et al., pOHdwever, the number of conducted studies on rice

using high resolution RS images was limited in the past two d&adaadYeom?2012;
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Chang et al., 2013; Kim aMéom 2014) Identification of rice cultivation areas and esti-
mation of agronomic parametdrem high resolution images are valuable for improving
rice production.

Mapping rice cultivation areas accurately is fundamental for the assessment of agricultural
and environmental productivities, the analysis of food security and therefore national and
international food trade decisiaoiMacDonaldand Hal] 1980; Xiao et al., 20@uveiller

et al, 2012). Many previous studies have mapped rice @leamnzer anKnauer 20B).

Various classifiers, including maximum likelihood, artificial neural network, decision tree,
and spatial reclassification kernel, have been used in vegetation mapping using RS. However,
classification accuracies are mainly determined by the qualitiantity epf RS data. No

ideal image classifier is uniformly applicable to all (Maieket al. 2008) Extensive field
knowledge and auxiliary data help to improve the classification a¢Xigaatyal. 2008)

In the MultiDataApproach (MDA) for land @sand land cover classifications as well as
crop rotation mapping, mutémporal RS and GIS vector data are combined to derive as
much information as possible. Studi@&ng et al., 2010; van Na&id McVicar, 2004)
demonstrated that considering extenfeld knowledge and ancillary GIS data in the post
classification process can improve the classification accuracy by up to 10%.

Agricultural RS refers to the method of yommtact measurements of electromagnetic radi-
ation reflected or emitted from planatarials or soils in agricultural fie(irulla, 2013)

Different vegetative covers can be distinguished according to their unique spectral behavior
in relation to overall ground elemefiiscker, 1979)isible radiation in the red (&8®0

nm) is absorbed by chlorophyll while radiation in the near infraré®@@@atm) is strongly
reflected by leaf cellular structures. Vegetation Indices (VIs) are developed to qualitatively
and quantitatively evaluateyetative characteristics by combining spectral measurements
from different wavelength chann@sannari, et al1999. Theoretically, the VIs should be
particularly sensitive to vegetative covers, insensitive-tegetation factors such as soil
properies, atmospheric effects and sensor viewing condilimaisson et al., 1988 prac-

tice, factors of soil characteristics, atmosphere and sensor radiometry degradation, as well
as differences in the spectral responses and bidirectional effects alh$ideeable effects

on vegetation indices. Therefore, many ViIs have been developed to enhance the vegetative
cover signal while minimizing the background resp@as®ariet al, 1995) Hansen and
Schjoerting(2003 discussed the optimized NDVI from diéat band centers and band

widths to represent wheat parameters such as biomass, leaf area index (LAIl), chlorophyll,
and N status. In their study, the partial least square regression algorithm was applied. Yao
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et al.(2012)successfully explored empiriceddels based on groubased RS techniques

to estimate N status and improve N use efficiency in rice. YU2@18)investigated the
potential of hyperspectral band combinations in interpreting canopy N status in rice. Despite
the lack of interpretati@nof the physical mechanisms and interactions between the target
properties and the measured signals, these empirical models are fundamental materials for

further research in order to represent the physical reality.

Remotely sensed photosynthetically agtadiation has been used to evaluate the primary
production of cropgHall et al. 1990;Baret et a).2007) The most sophisticated method
commonly combines RS data with dynamic crop growth m@deimman, 1992; Prasad et
al, 2006) However, thesenethods require numeric parameters and are sensitive to soil

background conditions.

Precision agriculture (PA) emerged in the middle of the @®8D0a, 2013)Later, in 1991,

satellite data were firstly used in(BAattiet al., 1991)Spatial and tempal variability of

soil and crop factors within a field is the essential base(@hBRAg et al., 2002Measure-

ment of various crop canopy variables during the growing season provides an opportunity
for improving grain yield and quality by-sippecifidertilizer applications. Due to the ability

of providing high temporal, spatial and spectral resolution images, satellite RS has a signifi-
cant potential in PAMulla, 2013Thenkabail, 2003The multitemporal withirfield infor-

mation on crop status capéd by satellite RS is invaluable in PA.

Because of its operational and economical uses over large areas, satellite RS technology has
been widely used to conductsi@sason crop yield forecasting for decision making on mar-
keting intervention and policy gt on regional or global scal@acDonaldand Hall,
1980;Duveiller et a).201d). Satellite RS is also an essential technique fee@mpwystem

studies on regional scal@onlon et al. 2012;Duveiller et a).2012; Duveiller and

Defourny 2010)

The overall aim of this study is to investigate the possibilities and accuracies-fiéMithin
variability of rice status monitoring during the entire growing season on a county scale (Qix-
ingFarm) wusing satell i t-BeldR&Biabd atya. i Thé hi er it aw
the spatial variability of agronomic variables (biomass, LAI, N concentration, N uptake etc.)
within a rice crop field defined by enclosed boundaries. The size of a rice field in this study
ranges from 0&00 ha. First, a magf rice cultivation areas was produced using-multi
temporal RS FORMOSAZ (FS2) images, coupled with auxiliary GIS data (MDA) to im-

prove the classification accuracy. Then, empirical regression models were developed to relate
RS spectra with field measueats of the four agronomic variables. One advantage of this
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research is the construction of specific regression models for different growth stages. Based

on a stepwise regression analysis, the optimized predictors from the satellite images were

identifiedto investigate the dynamics of crop canopy characteristics at different stages. The

specific objectives of this study are to (1) identify rice cultivation areas with high classifica-

tion accuracies based on mtgtnporal RS and GIS data; (2) develop reigresnodels for

deriving rice crop variables from theZBnagery; (3) validate the ability of the regression

models to estimate rice parameters; (4) apply the regression models to the entire Qixing

Farm County study area.

The presented method of extragthigh resolution withifield variability information from

the FS2 imagery will assist farmers in theirgtecific rice crop management and strategy

planning.
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5.2 Studyarea

The study site Qixing Farm (47.2N, 132.8E), is located in the Sanjiang Plain (SJP) in
North-eastern China (sé&égure 5-1). The SJP is an alluvial plain formed by the Songhua

River, the Heilong River and the Wusuli River. The administrative area of the Qixing Farm
County is about 120,000 ha. The climate in the SJP is temperlatenglibwith a mean

annual precipitation 0086650 mm. Rainfall mainly occurs from May to September during

the growing season of crops. The accumul at ed
about 230082500 T and only singieeason crops are planted. The topography is rather flat

with an averag elevation of 60 m and is characterized by broad alluvial plains and low
terraces formed by the rivers. The SJP, which covers an area of more than 100,000 km2,
exceeding the size of the Netherlands almost by three times, is one of the major agricultural
areas of China. In 2009, arable land in the SJP accounted for nearly 60% of the total land,
being dominated by paddy rice (57@wyang et al2013) Since the irrigation constructions

(water channels, raised ridges) for paddy rice are reusable yearly field boundaries

are mostly stable. In recent years, for better economic profit, there has been moderate land
use change from dryland to paddy rice. Compa
tural landscapes which prevent the utility of caassdution RS data for quantitative crop
monitoring and yield forecastifje etal.,2008) SJPds | arge homogenous
vide an ideal site for monitoring crops using satellite RS.

5.3 Data

5.3.1 Satellite RS images and GI/S data

FORMOSAT2 (FS2) collectsnultispectral images with a ground pixel resolution of 8 x 8

m2 over a swath of 24 km. The-E$mages used in this study are optical images with 4
bands of blue (495620 nm), green (58600 nm), red (63890 nm), and neanfrared (760

900 nm). Three 8k of high quality images covering the main arable land area (~56,000 ha)
of the Qixing Farm were captured on 24 June, 6 July, and 9 August, in 2009. Thus, both the
vegetative phase (24 June and 6 July) and the reproductive phase (9 August) of tice are wel

represented in these images.

GIS vector data of Qixing Farm field boundaries were provided by the Qixing Modern Ag-
riculture Research Center. Information on crop field boundaries, irrigation wells, water
drainages, and shelter forests edges are giviéneatiald unit scale. Additional information

such as crop type of each field is given in the GIS attribute table.
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5.3.2 Ground truth data collection

Field campaigns for the agronomic data collection were carried out during the entire rice
growing season in 280In total, 42 sample sites covered by th2 Fsages were selected

for this study. Al these 42 sites were | oca
rated. Each site was represented by one plot covering approximétel ital The final

plant samples collected from each site were a mixture of three or four spatially separated
samples, taken from the same plot. As ground truth data, the areas of sample sites were
mapped using a TrimbleE GIlobal Positintoni ng !
calendars of transplanting, N topdressing, irrigation, application of insecticides, and harvest
dates, were recorded. Several field campaigns were carried out to collect samples from the
tillering stage, booting stage, heading stage, 20 days aftey, leeatithe harvest stage. For

each site, biomass, LAl and plant N concentration were measured and plant N uptake was
calculated as well.

After the field sampling, the plants were first cleaned, and then separated into different
organs (leaves, stems, phlad) to measure the biomass values. LAl was measured using a
subsample of the leaf biomass. One-sample consisted of dZ0 leaves, randomly se-

lected among the youngest fully developed leaves. All fresh samples were processed in the
oven at 105 € fohalf an hour to stop enzyme activity. After that, they were dried at 75 T

for at least 72 h until a constant weight was reached before they were finally weighted. N
concentration was measured using the KjeMahethod. The plant N uptake was calcu-
latedas the aboveground dry mass multiplied by the N concentration. Detailed information

is listed inTable 5-1.

In the study area, rice cultivation technologies in high latitude are relatively sophisticated
and rice cultivation regulations developed by thergoment are applied by most of the
farmers. The rice seedlings are first grown in greenhouses and are then transplanted into the
paddy fields. In the regulations, a date window df5LMay is suggested for transplanting

in order to capture the maximum woallated temperature throughout the whole year. In

this research, we divided our ground truth data sets into two groups according to the trans-
planting dates. Sample sites with seedlings transplanted &6rnMi&y were used to con-

struct empirical regreseimodels between the agronomic parameters and the RS data. Sam-
ple sites with seedlings transplanted beyond those dates were used as validation data sets to
evaluate the perforance of the regression madel
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5.4 Methods

5.4.1 Satellite image preprocessing

Preprocessing of satellite images prior to vegetation information extraction is essential to
remove noise and increase the interpretability of imag@tatavalandBenbasat1996).

Solar radiation reflected by the earth surface to the satellite sensors is significantly affected
by its interaction with the atmosphere. Atmospheric correction is an importanb-pre
cessing step for satellite Eastamoineri972; Kaufman anflendral988) The uncer-

tainties resulting from atmospheric effects in agriculture applications of satellite RS have
been well discussed during the past ded®@dagin and Piwinskil984;Che andPrice
1992;Courault et al.2003;Hadjimitsis et al.2010) In this study, atmospheric correction

was performed using ENVI FLAASH, version 3dble 5-2 lists the main parameters used

in the atmospheric correction process. Theagsabic summer model for rural region was
selected.

Table 5-2: Main atmospheric correction parameters for the F3 images

Date Visibility (km) Zenith Angle Azimuth Angle

June 24 50 146A10h0. 84 1T115A13h19. 5"
July 6 50 152A15h58. 3 1 45A34h58. 34
August 9 50 155A12h2.90 183A58h22.08

Geometric distortion is another important factor affecting the results of image processing,
especially when combing geospatial data from different dates or multiple sources. Dai and
SiamakDai and Khorram, 1998&oted that the geometric error even on afsubl level

can significantly affect the accuracy of land use classification from satellite images. The
precision of geometric correction depends on the number, distribution, and accuracy of the
Ground ControlPoints (GCPsfMoréand Pons 2011) To avoid labor intensive work of

in-situ GCP collection, Zhao et §2015)developed a geometric correction method for
georeferencing musiource geodata by using TerraS@Rata as a reference. The same
method was applied in this study. Specifically, a stacked TeXd®A&e produced from

five dates served as the referencgemrectify the F8 images. The main georeferencing
parameters are shownTiable 5-3. The positional error (PE) was less than 6 m for all three
images. More details about the method can be found in Zha¢2€x1&l)
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Table 5-3: Main georeferencing parameters for the F3 images

Image Capture Number of Number of PE of Control PE of Check
Date Control Points Check Points Points (m) Points (m)
June 24 100 20 2.991 5.901
July 6 104 20 4.143 5.032
August9 101 20 3.353 5.666

The mean reflectance and VIs for each samp
Anal ysiso6 tool in ERDAS | MAGLI2Nmages,cdrrgsponBi-or e a
ingly 42 RS samples were extracted and used to devedompihieal regression models for

crop status monitoring.

5.4.2 Mapping rice cultivation areas

A rice area map of the Qixing Farm in 2009 was produced using aforementioned MDA. In
particular, multtemporal RS and GIS data were integrated to improve the acduiaey o
mapping. Based on the properties/attributes of the different datasets, a knowledge base was
constructed and implemented, using the Knowledge Engineering tool mounted in ERDAS
IMAGINE 2013. A series of logical rules were created in the Knowledge &g tool

to integrate the RS and GIS data in order to achieve higher classification accuracy.

The general steps for delineating rice areas are summarized as follows: (1) a supervised clas-
sification based on the maximum likelihood algorithm was cautiebh order to extract

more unique spectral signatures, more than five subclasses were classified firstly (for the
image of June 24: nine subclasses in total with one of them being rice; for the image of July
6: 16 subclasses in total with three of thespnesenting rice; for the image of August 9: 11
subclasses in total with three representing rice); (2) the resulting subclasses were further
combined to five main cl asses, including ric
areasoé6 fge; e&ad8h imal ated pixels were elimina
functions embedded in ERDAS IMAGINE 2013; (4) an expert classification system based

on knowledge rules was implemented to integrate and improve the rice classification results
from mutiple dates; and (5) the vector GIS data were used as auxiliary dataset in the post

classification process to further improve the accuracies of rice classification.

In a MDA study, Waldhoff et al2012)reported that the support vector machine (SVM)
apprach and the maximum likelihood classifier (MLC) yielded similar classification accura-
cies. They found although the SVM method performed slightly better (up to 3%) in three of
the four cases, the MLC had a shorter processing time. Therefore, the ML@aotexs isel
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this study to derive multéemporal high resolution land cover classifications over a large

study area. After the classification, the rice classes derived from the three RS images were
ocombineddé by | ogical r ul e spectra inforen&tien carkv a nt a ¢
sponding to growth stages. Specifically, in the first step of the supervised classification, to

i mprove the producerds accuracy of rice cl as
selected as rice spectral signaturess Thu s ome ot her l and covers s
obare soilsdé may have been classified into r
areas from one single image could be different from those areas from the other dates, be-
cause spectral differendetween rice and other land covers vary with growth (€hga

et al., 2011)n the next step, using the knowledge base, the pixels classified into rice classes
in all three RS images were categorized into
rice classes in two RS images were categori z
refined RS rice areas were further oOcombined
a pixel into the final rice class, the following conditions hadsatis&ed: (1) this pixel was

in the o0rice c¢class 16; or (2) this pixel was

5.4.3 Ground truth data interpolation

Ground truth data for each site were collected at the tillering staég@ JA8e), the jointing

stag (1®12 July), the heading stag@8(2ugust), 20 days after headingd282August),

and the harvest time. The-BSmages were acquired on 24 June, 6 July and 9 August, at
slightly different dates from the field campaigns. Therefore, the values abtimanag
variables of biomass, LAI, plant N concentration and N uptake were interpolated for these
three F& dates. First, a specific polynomial growing curve for each site was constructed
based on the time series of ground truth data. The values ofchemig variables for the

three RS2 dates were then interpolated. These interpolated values were used as the new
ground truth data to explore their relationships with the satellite image reflectance and Vis.

5.4.4 Development of regression models for derivingggonomic variables

A multiple linear regression method was constructed for each agronomic variable based on
reflectance values and the VI derived from th kB8ages and the corresponding field
measurement. The VI used in this method was treated as\alesqudactor of reflectance.
Correlation and regression analyses were performed in SPSS 21 (SPSS, Inc., Chicago, IL,
USA). The format of the multiple linear regression models was as follows:

o | Y Y Y Y 606 (5 1)
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The NDVI is calculated by the following function:

fom0Y Y TY Y 5 2

R stands for the reflectance value at the subscripted satellite band. In EquaYion (1),
stands for the estimated agronomic variablis; the coefficient of the reflectance at the
corresponding band/vegetation index. The performance of the regressi®@mwas evalu-
ated by the coefficient of determinati®a)(

Biomass and LAl are essential crop physiological variables which determine the crop
yield. LAI refers to the ratio of leaf surface area to ground area. It is a fundamental canopy
parameter in agnomy and RS since it drives absorption of solar radiation and evapotran-
spiration for carbon assimilation, and thus primary production. In this research, both bio-
mass and LAI were related to theZ8and reflectance based on the aforementioned Equa-
tion G 1).

N is one of the most remobilizable elements during the reproductive stage in rice plants
(Tanaka, 1996Since its remobilization causes leaf senescence, it is directly related to crop
productivity(Mae and Ohira, 19B81Accurate plant N statwetection to develop site spe-
cific N management strategies for rice in the SJP is of importance regarding both agricultural
and environmental aspegdu et al., 2013)in this study, plant N concentration and N
uptake were also derived from theZ-iBnhage using the regression model represented by

Equation 5 1).

5.4.5 Validation of the regression models

The regression models were evaluated in a validation analysis. The feasibility of the model
was quantified by the statistical measures of relative errean@RiEliex of agreement (1A).

In a further step, scatterplots were generated to assess the performance of the regression
models. The RE is the ratio of the Root Mean Square Error (RMSE) to the mean of observed
values, describing the differences betweeprdwcted and the observed values relative to

the mean of the ground truth values. The IA represents the degree of agreement between

the model estimations and observed vaM@émott, 1981 It is calculated as:

a=1-4(q-r) /a(r-o| +|a-5|) GRS
wherel is the observed valug,is the modekimulated value, andis the mean of

observed values. The denominator in Equaton3 ) was defined as
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error 6 b ylodn)itHerdefore the IA represents the ratio between the mean
squareerroand t he oOpotenti al errord6. Al though
(Legatesand McCabe 1999) it can be interpreted straightforwardly since it ranges
from 031.

5.5 Results

5.5.1 Accuracy of rice area classification

To compare the classification accuraaiems fdifferent data sources, 800 random points
were created in the study area. More than 80 random points were distributed in each class.
Error matrices were generated to quantify the classification accuracies. The kappa coeffi-
cients of agreement and oveaalcuracies for the rice class are showialdhe 5-4.

Table 5-4: Accuracies of rice maps produced from different data sources.

Data Source User s Ac Producer ds Kappa Overall
of Rice of Rice Coefficient Accuracy
RS single date o o o

(August 9) 94.1% 82.6% 0.733 80.8%

RS multiple dates 89.4% 91.7% 0.781 85.0%
(3 dates)

RS and GIS data 94.2% 92.7% 0.881 91.6%
combined

With auxiliary GIS data, both the Kappa and the overall accuracy values for the rice class
were i mproved by O0.148 and 10. 8 %, respecti ve
tained after combining the three RS classification maps and the GIS amat#|ahedro-
ducerds accuracy increased from 82.6% to 92.
errors. These results are in line with the conclusions made by Shrestha 20 @1jekd

Rozenstein and Karni¢R011)

5.5.2 Empirical regression models

5.5.2. IModel development
The parameters of the best qualified regression models for all agronomic variables are shown
in Table 55. The coefficient of determinatiod Ras used tevaluate the regression mod-

els.
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A stepwise multiple linear regression was applied to select the best RS predictors for the
regression models at different phenological stages.

For the biomass regressiorodels, the best2Rvalues, ranging from 0.509765, were
achieved. At the tillering stage, only green and red bands were retained applied to represent
the biomass; while at the booting stage, all the four bands as well as the NDVI value were
included inthe model. At the heading stage, only green and NIR bands wer&cugssl

all three dates, the model for the booting stage (second date), near the height of the growing
season, gives the highestwvRlue of 0.765.

The stepwise regression analysis ferLthl estimation chose red and green bands as the
predictors in the tillering stage, NDVI as the only predicting variable in the booting stage,
and all the four bands as predictors in the heading stage. The LAI estimation model with the
best performance oarredwas found at the heading stage when panicles grow outside of
the rice stem, with arkRf 0.65.

Variations in N concentration are more difficult to detect than biomass or LAl development.
The N concentration is a weak absorber of spectral radaalomccurs in very small quan-

tities in leaf tissue (0.9%%) (006 Ne i |, 2002 The et and green bands of the2FS

image were included in the regression model in the tillering stage, while all four bands were
used in both the booting and headingesadt the tillering and booting stages, when the
plant N concentration is at a high level, higher associations were found between the plant N
concentration and the RS spectra.

Stepwise regression analysis for N uptake incilidedr bands as predictansthe tillering
and booting stages, whereas only green and NIR were needed in the heading stage. The
highest Rwas 0.483 at the heading stage.

5.5.2.2Validation of the regression models
Model validation was conducted using independent ground truth data sets as mentioned in
section 4.4.3.Z.able 5-6 shows the statistics of the model validation.



Investigating Within-Field Variability of Rice from High Resolution Satellite Imagery in
Qixing Farm County, Northeast Chinal

Table 5-6: VValidation results for the regressiomodels

Agronomic varia- Phenological Number of Model Validation Parameter
ble Stage Validation Sites RE (%) 1A

Tillering 12 39.4 0.38
Biomass (kg/ha) Booting 19 27.0 0.32
Heading 19 8.9 0.68
Tillering 12 31.4 0.38
LAI Booting 17 15.1 0.60
Heading 17 13.6 0.85
) Tillering 12 17.7 0.41
N CO”(‘E,/‘:')‘;‘”""“O” Booting 19 15.3 0.48
Heading 19 27.7 0.48
Tillering 12 39.9 0.39
('\I'(gulf’l}ﬁ';g’ Booting 19 325 0.37
Heading 19 11.0 0.77

Validation analyse$4dble 5-6) showed that theegression model for biomass reached the
lowest RE of 8.9% and highest |A of 0.68 at the heading stage. Across all three dates, for
the biomass, LAl and N uptake estimation models, the RE value decreases as rice grows.
The LAl model in the heading stagewhd the lowest RE and highest IA values of 13.6%

and 0.85, respectively. These results demonstrated that the models based2imnthgdsS
performed better at later growth stages.

The RE for the N concentration model was the lowest (15.3%) at thegbhstatiye, while

the IA values increase slightly from 0.41 at the tillering stage up to 0.48 at the later booting
and heading stages. For the N uptake models, the lowest RE (11%) and the highest IA (0.77)
also occurred at the heading stage.

Across all thredates, relationships between the2R&rived values and the interpolated
ground truth data were analyzed by scatterptaarg 5-2). The R value was the highest

(0.98) for biomass modeling results, followed by the N uptake model (0.93), whereas a mod-
erate R value of 0.78 and 0.84 was achieved for LAl and plant N concentration estimation.
These results showed that the RS derived values were highly related to the ground truth
values, and the linear regression trend lines were ideally close to th¢dbadHed diagonal

lines in theigures).
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Figure 5-2: Relationships between RS derived values and ground truth values for (a) biomass; (b) LAI; (c) N
concentration; and (d) N uptake at the tilleringlU),b oot i ng ( +) h)sages headi ng (

5.5.3 Regional application of the regression models

Finally, the regression models were applied to the identified rice areas to map the within
field variability of the four agronomic variables for the area covered by2him&ges in

the Qixing Farm County. As an example, the results for July 6 areisfrogures 5-3 to

5-6. The withinfield variability of the rice status can be easily detected in these maps. In

the biomass maj-igure 5-3), unevenly distributed values and patterns can be identified in
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most of the field blocks, revealing significaithin-field variability of the growing status.

Overall, a relatively higher biomass level is shown in the southern part.
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Figure 5-3: Within-field spatial variability of biomass derived from the FQ imageof 6 July 2009
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The LAl map Figure 5-4) reveals higher LAI values in the south, especially the southwest,
region of the study area. Variations within the field blocks are also well detected in this map.
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Figure 5-4: Within-field spatial variability of LAl derived from the FS2 image of 6 July, 2009
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The N concentration distribution mdpdure 5-5) shows a general random pattern of spa-
tial variation on the intriield level. Mosbf the fields had N concentration values 082.5

3.5%. However, the withifireld variability is still presented.
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Figure 5-5: Within-field spatial variability of N concentration derived from the F image of 6July 2009
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Likewise, the N uptake mapidgure 5-6) displays apparent witkfield spatial variation. In
the south and southeast part of the image, a relatively higher plant N uptake is detected.
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Figure 5-6: Within-field spatial variability of N uptake derived from the F& image of 6 July 2009.
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5.6 Discussion

5.6.1 Band selection for different growth stages

The recorded reflectance of optical imagery from a vegetated surface is a function of several
physical properties such as vegetation structure, soil type, plant moisture content as well as
sensor configuration. Plant pigments have distinct absorptiomaspedtsome have an

impact upon the reflectance spectra of leaves. This offers the opportunity of characterizing
pigment concentration from reflectance spg8ti@ckburn, 2097 and thus to interpret the

plant status. Chlorophylls are one of the mostitapbpigments because they control the
absorption amount of solar radiation which determines the photosynthesis and, conse-
guently, primary production. Several studies have demonstrated that the plant chlorophyll
concentration indirectly indicates the plamrient status because the molecular structure

of chlorophyll incorporates a large proportion of total leaf nitr@giéxlla etal., 1995;

Moran et al., 20Q00(u et al., 2013)

In our results, different spectral bands were selected for the regression models at different
growth stages. The red and green band combination performed well for most of the agro-
nomic variables at the tillering stage, whereas green and NIR band comshpeatoomed

best for biomass and N uptake estimation at the heading stage. At the earlier growth (tiller-
ing) stage, the rice canopy coverage is lower (much less than 100%), resulting in a lower
chlorophyll concentration on the pixel scale. In additienchlorophyll concentration on

the leaf scale is lower compared to that at the heading Ghegeet al., 2010; Cao et al.,
2001) However, at the later (heading) stage, the canopy cover is higher, and the leaf level
chlorophyll concentration is highemasdl. The blue band did not frequently show up in the
stepwise regression models. This may be attributed to the strong scattering effects of the
atmosphere on blue radiation.

In addition, we found when the plant N concentration was relatively high(52@&00

nm) and red (63®90 nm) bands were effective for the regression models. This result con-
forms to the f i n2002jihgtthe highesd ddmelation beeéweenaiconcen-
tration and reflectance occurred at 697.8 nm, followed by the 0é&i®6.8558.5 nm.

5.6.2 Background effects in the early stage

According to the model validation results of REs, it can be concluded that the regression
models for the tillering stage did not perform as well as the ones for the other two stages,
regardless ofegarding all agronomic variables except for N concentration. The highest RE
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of N concentration occurred at the heading stage, which mainly was caused by the low N

concentration in leaf tissaéthat stage, as mentionedentson 5.2.1.

According to theA, the regression models performed best in the heading stage for all the
agronomic variables, probably resulting from the higher biomass density and thus lower field
soil and water effects compared to the early stages. This result is in conflict mdgse f

of Gnyp et al(2014) who utilized hyperspectral field data for rice biomass estimation and
achieved better results at the early growth stages. However, in the study of Gnyp et al.
(2014) a specific vegetation index such as NDVI or RVI (ratietagn index) was used

as the single independent variable in the regression models. They reported that NDVI be-
came saturated at later growthges before biomass reacheth&, which might have af-

fected the model performance. They also noted that hé#duéng stage, the canopy reflec-
tance signal became more complicated since pamaeged from the sheath.this study,

the original multspectral reflectances in addition to NDVI were both used as the descrip-
tive variables in the stepwise regressidrich might help to remove the effects of the
NDVI saturation problem on the model performance at later growth stages. Nevertheless,
this needs to be further confirmed by analyzing the datasets from the two studies. Addition-
ally, different measurementtimeds, RS instruments, physical conditions of the rice crop,
sun angles, and sensor view angles, may also contribute to the discrepancy in these two
studies.

In vegetation studies using satellite RS, several caveats have been noted by Myneni et al.
(1995) These caveats include bidirectional effects, atmospheric effects, canopy structure
effects, background or soil effects, nonlinear effects of scattering, effects of spectral heter-
ogeneity, adjacent effects, nonlinear mixing, and topographic effectssindyj the back-

ground soil and water effects and the rice canopy structure significantly affect the spectral
response. Canopy conditions at different stages are clearly represented in the following pho-
tos Figure 5-7). At the early stage, the rice canopyerage was relatively low and therefore

more soil and water background effects occurred. As one of the important canopy structure
parameters, leaf orientation characterized by a smaller leaf aldtpi(ede7) at the early

stage might result in thneeak performance of the regression models as well.
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Figure 5-7: Rice growth on 24 June (left), 6 July (middle) and 9 August (right)

5.7 Conclusions

Due to the integration of muitéemporal FS imageryand GIS data, the rice cultivation
areas in the Qixing Farm County were more clearly identified. The overall accuracy of the
entire classified map was improved remarkably from 810894..6%. This highly accurate

rice cultivation map provides an idealid&sr further analyses of rice crops in the study

area.

This study showed that the performance of the regression models was significantly affected
by rice growth stages. Thus, an optimized band selection for every growth stage is important
due to the vaipg spectral reflectance properties. Based onzthalires, relatively higher
goodnes®f-fit values were found in the biomass and LAI estimation models than in the
plant N uptake and plant N concentration models. In particular, for the estimatiort of plan

N concentration, better model goodne&dit occurred at the earliest growth stage (tiller-

ing) when the N concentration was relatively high. The RS derived values and the interpo-
lated ground truth values for all the three dates were highly corretetedodt accurate

models with the lowest REs and the highest IA values were found at the heading stage for
three of the four agronomic variables, except for the N concentration. In conclusion, this
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study provides a framework and example of how high resohlatellite RS can support
agricultural field management such as fertilizer, irrigation and pesticides management strat-
egies by providing withifield agronomic informatioon a regional scales. The information
derived from satellite RS could be furthexduto study the relations between crop growth

and other phenomena such as carbon fixation, climate change, and sustainable management

of natural resources.
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Abstract

Yield estimation over large areas is critical for ensuring food security, guiding agronomical
management, and designing national and international food trade strategies. Besides, analyz-
ing the impacts of managed cropping systems on the environment taminfoorsustain-

able agriculture. In this study, the ageosystem model DNDC (DeNitrificatieCom-

position) and FORMOSAT? (FS2) imagery were used to detect spatial variabilities of paddy
rice yield in the Qixing Farm in 2009. The Qixing Farm is tbaathe center of the San-

jiang Plain in NEChina, which is one of the important national food bases of China. The
sitespecific mode of the DNDC model was adapted due to its advantages of better trans-
ferability and flexibility. It was generalized ontegdonal scale by programming a set of
scripts using the Python programming language. Soil data were prepared as model inputs in
100 m raster files. The spatial variabilities in modelled yields were well detected based on
the detailed soil data and an aataurice area map. Rice yield was also derived from multiple
vegetation indices based on the2F#agery. It was found that the highest coefficient of
model determination (CD) and index of agreement (IA) for the modelled yield were 2.63 and
0.74, respeactely, while for the R8erived yield, the highest CD and IA were 1.2 and 0.55,
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respectively. Results from both methods were comparable and each method has its own
advantages.

Key words: yield estimatignagreecosystem modetegionalizationsoil characteristics
FORMOSAT2; Sanjiang Plain

6.1 Introduction

Yield estimation is significant concerning to global food security issues, food trade strate-
gies, and agrecosystems studies (Godfray et al., 2010; Ericksen et al., 2008L0Agse

tem modding is an effective means in yield estimation due to its capability of using various
environmental factors (model input data) for simulating crop production under different
scenarios. Remote sensing (RS) is another effective technology for agriquiicatibag

in terms of yield estimation and sustainability (Atzberger, 2013; Liaghat and Balasundram,
2010). As one of the major food crops, rice is crucial not only for national economy and
food security especially in the developing world, but alscefaathral ecosystems (Tilman

et al., 2002). Many ricelated studies have been reported. These studies have focused on
agreecosystem analyses using prebased models and rice area delineation and status
monitoring using RS technologies (e.g., Funedtal., 2008; Zhang et al., 2011; Kuenzer
and Knauer, 2010; Zhao et al., 2015a; Huang et al., 2015).

In agreecosystem models, plant development, growth, and their effects on the environment
are calculated as functions of environmental parameters antilagtiomanagement data.

Many of such models have been designed and used at field scale, whereas models that inte-
grate abundant information over large geographic extents on regional and global scales are
needed as well. The significance of generalizégpsitific model into a regional extent has

been proposed in recent studies (Resop et al., 2012; Thorp and Bronson, 2013). The quality
and spatial coverage of the available model inputs are key considerations in implementing
agroecosystem modellings ongla geographic scales (Bareth, 2009). With high spatial het-
erogeneity, the quality (i.e., scale, accuracy) of soil and management data critically determine
the accuracies of model results on spatial variability (Hansen and Jones, 2000; Kersebaum
et al., 207).

This study was conducted for Qixing Farm in the Sanjiang Plain (SJRLbfdEn 2009.
The DNDC model (DeNitrificatiolbeComposition, version 9.5; developed by Li et al.,
1992, modified by Li et al., 2000) was chosen to detect spatial variabititiedy rice
yield. The DNDC model is one of the few agomsystem models that are designed with

two modes-sitespecific and regional (Li et al., 2004). However, thepsitéfic mode is
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more flexible and transparent because more input parametéis adjusted (Perlman et

al., 2013). Therefore, the ssigecific mode of the DNDC model was used and generalized

to a regional scale through a technical improvement. Raster files of soil properties (e.g.,
SOC, clay fraction, etc.) in 100 m spatial resalutere prepared as model inputs. Addi-
tionally, FORMOSAT2 (FS2) satellite imagery with a ground pixel resolution of 8 m was
used. Rice yield was estimated based on thetemftoral vegetation indices derived from

the FS2 imagery.

The objectives are th) apply the DNDC model and assess its performance in estimating
rice yield in the SJP; 2) generalize thesgéeific model for regional applications; 3) inves-
tigate the effects of soil heterogeneity on spatial variability in rice yield; and to #i compa

and assess the modelled anedBRi$ved rice yields.
6.2Materials and Methods

6.2.1 Study area

The study area Qixing Farm (47.2 N, 132.8 E), covering an area of approximately 120,000
ha, is a typical stabvevned farm located at the center of the SIP HCNiBa(Figure 6-1).

The SJP, covering more than 100,000 km2is an alluvial plain formed longhei&s Hei-

long and Wusuli rivers. It is dominated by temperatdsmid monsoon climate, with a

mean annual precipitation of 500650 mm and an annual average temperature bétween

4£ Cand 4 C (Yan et al., 2001). Accumulated temperafurkOE C) in the SJP ranges
from 2300 € to 2500 T across the year. Only sitsglason crops are planted. Four main
soil types dark brown foressoil, meadow soil, albic soil and bog smiVer 95% of the
whole area of the SJP (Nachtergaele et al., 2008).

The SJP, with 57 % of arable land area in 2009 (Ouyang et al., 2013), is one of the crucial
food bases of China. In the Qixing Farm, paddyareas cover three quarters of the total
sown areas (SBHR & HRSTCB, 2011).
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Figure 6-1: Location of the study area Qixing Farmn Heilongjiang province, NE-China.

6.2.2 Field data

Three field datasets spatialigtributed in the Qixing Farm were collected in 2Bi2fufe
6-2).

Figure 6-2: Distribution of field data sites in 2009 in the Qixing Farm




















































































































































































