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l. Members of the team

This GlobalFoodSecuritysupportAnalysisData30-m (GFSAD30)CroplandExtent Productof
Australia,New Zealand Ching andMongolia (GFSAD30AUNZCNMOCH was producedby
thefollowing teammembersTheir specificrole is mentioned.

Dr. Pardhasaradhi Teluguntla, Researclscientist Bay AreaEnvironmentaResearclinstitute
(BAERI) at United StatesGeologicalSurvey(USGS)led the GFSAD30AUNZCNMOCEprod-
uctgeneratioreffort. Dr. Teluguntlawasinstrumentaln thedesigring, coding,computing,ana-
lyzing, and synthesisof the Landsat8 derived nominal 30-m GFSAD30AUNZCNMOCE
croplandproductof Australia,New Zealandand Chinafor the nominalyear2015.He wasalso
instrumentalin writing the manuscriptsATBDs, anduserdocumentations.

Dr. Prasad S. Thenkabai] Research Geographer, United States Geological Survey, is the Prin-
cipal Investigator (PI) of the GFSAD30 project. Dr. Thenkabail was instrumental in developing
theconceptual framework of the GFSAD30 projant theGFSAD30AUNZCNMOCHEproduct.

He made significant contribution in writing the manuscripts, ATBDs, User documentations, and
providing scientific guidancthroughouthe GFSAD30 project.

Dr. Jun Xiong, ResearchScientist,Bay Area EnvironmentalResearchnstitute (BAERI) at
United StatesGeologicalSurvey(USGS),participatedn theintellectualdiscussionsndin pro-
videdinputsandinsightson GFSAD30AUNZCNMOCE30-m croplandextentproductgenera-
tion and sharechis expertisen cloud computing.

Dr. Murali Krishna Gumma, SeniorScientistat the InternationalCropsResearchnstitutefor
the SemtArid Tropics,helpedcollectreferencedatausedin the machindearningalgorithms.

Dr. Russell G. Congalton, Professorof RemoteSensingand GIS at the University of New
Hampshire)ed the independenaccuracyassessmertf the entire GFSAD30projectincluding
GFSAD30AUNZCNMOCE30-m croplandextentproductof Australia,New ZealandandChina.
Mr. Adam Oliphant, GeographerUnited StatesGeologicalSurvey(USGS),sharechis exper-
tisein cloud computingandRandomForestalgorithmimplementatiorin GoogleEarthEngine
(GEE) for GFSAD30AUNZCNMOCE30-m croplandextentproductgeneration

Mr. Justin Poehnelt,ComputerScientistwith the United StatesGeologicalSurvey contributed
to theinitial conceptualizatiomnddevelopmenbf the croplands.orgvebsite.

Ms. Kamini Yadav, PhD studentat the University of New Hampshirg madecontributionsto
theindependenaccuracyassessmerirectedby Prof. RussellG. Congalton.

Dr. TemuulenT. Sankey, AssistanProfessorNorthernArizonaUniversity,produced¢heMon-
goliacroplandproductandalsoperformedts validation

Ms. Aparna Phalke, PhD studentUniversity of Wisconsin,sharedcloud-computingexpertise

Ms. Corryn Smith, Studentdeveloperhelpedin developmenbf the croplands.orgvebsite.
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https://plus.google.com/117927604440673369842

lI. Historical Contextand Background Information
MonitoringglobalcroplandgGCs)is imperativefor ensuringsustainablevaterandfood security
for the peopleof the world in the Twenty-first Century.However,currentlyavailablecropland
productssuffer from major limitations suchas: (a) Absenceof precisespatiallocation of the
croppedareasyb) Coarseaesolutionnatureof the mapproductswith significantuncertaintiesn
areas|ocations,anddetail; (c) Uncertaintiesn differentiatingirrigatedareadrom rainfedareas;
(d) Absenceof crop types and croppingintensities;and (e) Absenceof a dedicatedwebdata
portalfor the disseminatiorof croplandproducts.Therefore the Global Food Securitysupport
AnalysisData(GFSAD) projectaimedto addresgheseimitations by producingcroplandmaps
at 30m resolutioncoveringthe globe, referredto as Global food securitysupportanalysisdata
@ 30-m (GFSAD30)product

ThisAlgorithm TheoreticaBasisDocumen{ATBD) providesabasisuponwhichthe GFSAD30
croplandextentproductwasdevelopedor the countriesof Australia,New Zealand Ching Mon-
golia (GFSAD3(AUNZCNMOCE, Tablel), producedusingLandsat8 andLandsat7 time-se-
ries satellite sensor data. This document provides comprehensive details of the
GFSAD3ARMUNZCNMOCE productionschemehatincludesremotesensingdata,referenceand
validationdata,approachesnethodsmachindearningalgorithms productgenerationaccuracy
assessmentandareacalculations.

It mustbe notedthat croplandmappingfor Mongoliawasconductedseparatelyy Dr. Sankey.

A separatéATBD anduserguidefor Mongoliawasnot necessarasMongoliaonly hasabout

0.06%to the global croplandareas the methodsand approachesnostly follow the o n ede-s
scribedin this manuscripaswell asin othercontinentakstudies.

Table 1. GFSAD30CEProductdasicinformationfor Australia,New Zealand andChina

Product Name Short Name Spatial Temporal
resolution coverage
GFSAD30m croplandExtentProduct GFSAD30AUNZCNMOCE 30-m Nominal
of Australia,New Zealand, Ching 2015
andMongolia

Note: Nominal here meansthat the Landsat8 16 day datausedto producethe productis for two to threeyears
(20132015),butthe productis reportedasnominalyear2015.

lll. Rationale for Developmentof the Algorithms

Mappingthe precisdocationof croplandsnableghe extentandareaof agriculturallandsto be
moreeffectively capturedwhich is of greatimportancefor managingood productionsystems
andto studytheir inter-relationshipswvith water, geo-political, sociceconomic health,environ-
mental,and ecologicalissues(Thenkabailet al., 2010). Further,accuratedevelopmenbof all
higherlevel croplandproductssuchascropwateringmethod(irrigatedor rainfed),croppingin-
tensities(e.g.,single, double,or continuouscropping),crop type mapping,croplandfallows, as
well asassessmertf croplandproductivity (i.e., productivity per unit of land), andcrop water
productivity (i.e., productivity per unit of water)areall highly dependenbn availability of pre-
ciseandaccuratecroplandextentmaps.Uncertaintiesassociatedvith croplandextentmapsaf-
fectthe quality of all higherlevel croplandproductsrelianton anaccuratecroplandextentbase
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map However preciseandaccurateroplandextentmapsarecurrentlynonexistenat the conti-
nentalextentatahigh spatialresolution(30-m or better).Thislack of cropextentmapsis partic-
ularly truefor complex,smalkholderdominantagriculturalsystens. By mappingcroplandsata
high spatialresolutionat the continentalscale the GFSAD30projechasresolvedmany of the
shortcomingsanduncertaintie®f othercroplandmappingefforts.

The two mostcommonmethodsfor land-covermappingover large areasusingremotesensing
imagesare manualclassificationbasedon visual interpretationanddigital perpixel classifica-
tion. Theformerapproachdeliversproductsof high quality, suchastheEuropearCORINE Land

Covermaps(Buttner,2014).Althoughthe humancapacityfor interpretingmageds remarkable,
visualinterpretations subjectivgLillesandetal.,2014) time-consumingandexpensiveDigital

perpixel classificatiorhasbeenappliedfor land-covermappingsincetheadventof remotesens-
ing andis still widely usedin operationalprograms,suchasthe 2005 North AmericanLand
CoverDatabasat 250-m spatialresolution(Latifovic, 2010) Pixelbasedlassificationsuchas
maximumlikelihood classifier(MLC), neuralnetworkclassification(NN), decisiontrees,Ran-
domForess (RF), andSupportVector Machinesare powerful, andfast classifiersthat help dif-

ferentiatedistinct patternsof landscapeBoth supervisedand unsuperviseclassificationap-
proachesareadoptedn pixel-basedclassifiers However,perpixel classificationincludessev-
erallimitations.Forexamplethep i x sglLadeshapds arbitraryin relationto patchyor contin-
uouslandfeaturesof interest,andthereis significantspectralcontaminatioramongneighboring
pixels. As aresult, perpixel classificationoften leadsto noisy classificationoutputs the well-

known fisaltandpeppeo effect. Thereare otherlimitations of pixel-basedclassificationmeth-
ods 1.theyfail to capturethespatialinformationof high-resolutionimagerysuchasfrom Land-
sat30-m imagery and 2. they often, classify the samefield (e.g.,a corn field) into different
classesasa resultof within-field variability. This may oftenresultin afield with a singlecrop
(e.g.,corn)classifiedasdiff erentcrops.

We usedsupervisegixel-basedclassifierRandomForest(RF), which hasbeenwidely usedin
agriculturalcroplandstudiesovertheyearg(Myint etal.,2011)andwhichis considereghowerful
andan ideal machinelearningalgorithm (Tian et al., 2016, Shi and Yang, 2015,Huanget al.,
2010).A descriptionof howto classifycroplandextentof Australig New ZealandandChinais
providedin section2.3 andits sub-sections.

This documentdescribesin detail,the developmenbf the Global Food SecuritysupportAnal-
ysisData(GFSAD) @ 30-m for Australia,New Zealand China,andMongolia: CroplandExtent
Product(GFSAD30AUNZCNMOCE) The approachinvolvesthe useof a supervisedRandom
Forest(RF)algorithmto retrievecropextentresultsfrom pixel-basecdlassificationseeoverview
of themethodologyin Figurel).

I\VV. Algorithm Description

An overviewof thealgorithmdescriptionis providedin Figurel. Themethodologyusedin this
project(Figurel) is briefly describedn this paragrapho provideanoverviewof methodspre-
sentedn detailin subsequenhsectionf thisATBD documentTheprocesgFigurel) involved
combiningyear2014-201516-daytime-seriesLandsat8 30-m dataalongwith Landsat7 30-m
data The procesdncludedseveralwell designedsteps(Figure1). First, the datawere pre-pro-
cessedvy cloud maskand gapfilling on GoogleEarth Engine (GEE). Second medianvalue
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compositesvere createdfor 4 to 6 periodsbasedon cloudfree or nearcloudfree wall-to-all

coverage Sucha seasonaimosaicaidedin achievingcloud free clearimagesof the continent.
Eachcompositenosaiccontained bandsaslistedin Figurel. Third, referencedataweregen-
eratedhroughouthestudyareato trainthe RF algorithms.Thereare3348referencesamplegor

this purposeFourth,theresultof the pixel-basedRF algorithmwasto obtainthe croplandextent
productfor Australia,New Zealand and China. Fifth, the croplandproductof Australia,New
ZealandandChinawasevaluatedor accuracyusing3372testsamplesTheprocessvasiterated
until adequateaccuacieswere attained.Accuracyassessmestvere performedby Dr. Russell
Congaltorandhis PhD studentKamini Yaday, indepenéntof the productionteam.In this pro-
cessthevalidationdatawereonly availableto the accuracyassessmerieamandwerehidden
from the productionteam.As a result therewascompletédy independenaccurag asessnent.

Finally, the GFSAD30AUNZCNMOCEproductwasmadeavailableon croplands.org.

LC8 L1T _TOA
30m Data (GEE)

Training samples (2014-2015)

q) \‘

E2 Random forest
= |E .

L classifier
E-E’ —

= o

—HE |

Accuracy
Assessment

Verification

30m Crop extent

product

Figure 1. Flowchartof mappingmethodgor Landsat8 derivedcroplandextentproductof Aus-
tralia, New Zealand andChinafor thenominalyear2015.

a. Input data

I. RegionDefinition

The study wasonducted for theountries Australia, New Zealand and ChiseeFigure 2,
Figure 5, Figure 6, and Figure. The country boundaries were determinedhgyGlobal Ad-
ministrative Unit layers (GAUL) of United Nations (http://www.fao.org/geonet-
work/srv/ien/me&adata.show?id=12691&currTab=simple).
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il. ReferenceCroplands Samples

Referencalataarerequiredfor bothtraining the machinelearningalgorithms(seesection2.3)
aswell asfor validatingthefinal products.First, we conductedanextensiveield surveyduring
SeptembeandOctoberof 2014 the peakcrop-growingseasorior cropsin Australia. Morethan
4000groundsamplesverecollectedirom New SouthWales(NSW), Victoria (VIC), SouthAus-
tralia (SA), andWesternAustralia(WA) regionsof Australiafollowing the specificguidelines
oncollectinggroundreferencedata(Congalton2015).Thesamplingsitesincludedvariouscrop
fields: suchas Cerealcrops (Wheat, Barley, and Oats), Legumes(Lupin, Lentils, Peas,and
Beans)QilseedqCanola) VegetablesContinuousrops(Orchardcrops),Foddercrops(Alfalfa

and sown pasturesland somefallow lands. Similarly, we obtainedgroundreferencedatafor

Chinathroughcollaborationwith the ChineseAcademyof Agricultural SciencefCAAS) who

collectingfield datathatwerespatiallywell spreadbutthroughoutagriculturalcroplandareasof

China.Thefield surveygatheredatotal of 2120groundsample including: (1) Locationof sam-
ples(GPSposition,locationname dateof collection);croppropertieq2) Croplandssersusnornt

croplands{3) irrigatedor rainfed;(4) Cropintensity(single,double triple, continuouscropping
in 12 months);(5) Croptype (majorcroptypesmentionedabove others);and(6) Digital photo-
graphsof eachsample.

Thegrounddatasamplesverecollectedfrom threemain sources.

First, field surveys(or grounddatg werecollectedduring2014and2015 Thefield-surveyed
dataweredividedinto threeindependentatasetsvith eachsetcontainingl/3rd of the total
sampleqe.qg., Table2). Thefirst setwasusedfor trainingmachinelearningalgorithms(e.g.,
RandomForesj. The secondsetwasusedto testthe product Thethird setwassetasideand
was usedfor independenticcuracyassessmentin addition we obtainedreferenceraining
datafrom thefollowing reliablesourcesn additionto our own field datacollections.

Secondrandomsamplesvere obtainedby interpreting submeterto 5-metervery high spatial
resolutionimagery(VHRI) datathroughoutAustralia,New Zealand andChinaavailableto US

Governmenentitiesthroughthe sulbbmeterto 5-m imageryobtainedfrom the National Geospa-
tial Agency(NGA). For this, we collected1420 referenceand2710validationsamples

Third, referencedatawere obtainedfrom otherreliable sourcessuchas Geo ScienceAustralig
AustralianBureauof Agricultural andResourceEconomicsand SciencefABARES). Theref-
erencdrainingdatawereusedofi t r the RamalomForestalgorithmto separateroplandgrom
noncroplandsThis requiredusto keepaddingtraining samplesuntil optimal classificationre-
sults wereobtained(seesection 2.3 andits sub-sections)A total of 2130 representativeamples
wereusedto i t r andseparateroplandsrom noncroplandsn China,958 samplesn Aus-
tralia, and260samplesn New Zealand(seeFigure2 showingthedistributionof thesesamples)
(Table3).

The whole setof referencedataincluding primary and seconday datawere madeavailable at
thefollowing website:https://croplands.org/app/data/search
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Table 2. Ground data samples over Australia forthe year 2014.The ground data samples
were randomly split into reference or trainingléNL458 samples), validation set 1 for testing
accuracies (R=1488), independent validation set 2 for testing accuraci8s{#65).

Crop Reference Validation Validation Total
Code  Description or training Set#l Set#2 number
N1 N2 N3 N
1 Alafa 4 3 4 11
2 Barley 154 153 154 461
3 Beans 30 29 29 88
4 Canola 186 185 186 557
5 Lentils 65 65 65 195
6 Lupin 34 33 35 102
7  Oats 73 72 73 218
8 Peas 27 26 26 79
9  Wheat 283 283 284 850
10  Orchards 55 60 54 169
11  Sown-pasture 95 98 96 289
12  Season-2 Crops 20 16 18 54
13  Crop-harvested 9 9 10 28
14  Vegetables 1 1 1 3
15 Plantation 4 3 3 10
16  Cropland,others 30 29 25 84
20  Grazing/pastures 118 117 117 352
30 Non croplands 145 165 155 465
40 Falow 125 141 130 396
Total 1458 1488 1465 4411

Table 3. Numberof referencesamplesisedfor training the RandomForest(RF) machinelearn-
ing algorithmandnumberof validationsamplesusedfor independenaccuracyassessment.

Country Class  Training samples Validation samples

Crop 530 80
Australia No Crop 428 820

Total 958 900

Crop 114 120
NewZealand No Crop 146 380

Total 260 500

Crop 1346 340
China No Crop 784 1632

Total 2130 1972

Note: The numberof training andvalidationsamplesdiependedn the results Whenoptimal resultsobtained we
stoppedaddingfurther samplesThe processequiresstartingwith a certainsamplenumberinitially andprogres-
sively increasingsamplenumberuntil optimalaccuraciesrereached.
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lii. Image Stratification

The croplard versusnon-croplandclassificationwascarriedout usingthe RandomForest(RF)

machinelearning algorithm by stratifying the study areainto refined agro-ecologicalzones
(AEZs) (Figure 2). The AEZs were developedby the United N a t i Boad@rsd Agricultural

OrganizationUN FAO). However this resultsin too manyzonegwhich is not necessargiven
manyzoneshaveonly avery smallproportionof crops).Therefore we combinedsomeof these
zonesinto broaderefinedAEZs (RAEZs) basedon the convenienceandspeedf applyingthe
RF algorithm.Thisresultedn six broadRAEZs acrossChina,Australia,andNew ZealandFig-

ure 2). RF algorithmweretrainedfor separatingroplandsrom non-croplandsn eachof these
RAEZs (Figure 2) usingthe refererte training datafalling within thesezones Working within

eachRAEZ alsohelpedin datamanagemenrdndclassificationspeed.

80°0'0"E 100°0'0"E  120°0°0"E  140°0°0"E  160°0'0"E 180°0'0"

30°0'0"N 50°0'0"N

10°0'0""N

i<l Iraining samples
;2 China (2130)
-

« 1. Croplands (1346)

10°0'0"S

+ 2. Non croplands (784

Australia (958)

1.Cropland (360)
2. Pasture (170)

3, Non-cropland (428) !

NewZealand(260) 1,000 2,000 4, 000 hlomﬂtﬂrs

Zoures: ==, MglidBlobs, B0, =iiletar
i L. Cropland (114) Szogiaphiles, CHE3/4bus 03, UsDA, U363,
+ 2. Non- cropland (146) Aol rfJEi I8H, and ths 813 Usw Gomavaindty

80°0'0"E 100°0'0"E  120°0°0"E  140°0°0"E  160°0'0"E 180°0'0"

30°0'0"S
30°0'0"S

50°0'0"S
50°0'0"'S

Figure 2. Stratificationof the studyareainto distinctandbroadrefinedagroecologicalzones
(RAEZs) Thefigure alsoshowsthe distributionof the referenceraining datausedin the Ran-
domForest(RF) machinelearningalgorithm. The RandomForest(RF) pixel-basedsupervised
machindearningalgorithmusedin this studywasii t r a usmgredetencerainingdatafalling
within eachof thesezonesto separateroplandsrom noncroplands.
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iv. Satellite Imagery: Landsat-8 and Landsat-7

In orderto covercrop dynamicsin differentperiods Landsat8 OLI (Roy et al., 2014)satellite
datahavebeenusedfor Australia,New Zealand and China In addition, Landsat7 has been
usedto fill somedatagaps(lronsetal., 2012 for Ching aimingto provideseamles80-m data
for all time periods Thereis a 16-dayrevisittime perLandsat8 OLI andLandsat7 ETM+ 30-

m data.lt is difficult to get continuous8 to 16-day cloud free time-seriesdatafor wall-to-wall

coveragdor anypartof theregion. To overcomehis limitation andto ensurecloud-freeor near

cloudfree wall-to-all coveragebi/tri-monthly compositesdependingon the cloudinessof the
countrie$regions werecomposede.g.,Figures 3aand3b). Finally, 30-m megafile datacubes
(MFDCs) were createdasper the following stepsleadingto a 48-bandMFDC (Figure 3a) for

AustraliaandNew Zealandfrom 6 periodsanda 32-bandMFDC for China(Figure3b) from 4
periods A systematiaetail of the MFDC compositionis describedelow.

Thegoal of thetime-compositesvasto achievecloud-free or near cloud-free wall-to-wall com-
positesoverthe entirestudyarea(e.g.,Figures 3aand3b). This we wantedto achieveusingas
manytime-periodsaspossibleasto gettemporalstacksthat canmonitor phenology However,
thetime-periodsaredecidedby the ability to achievecloud-free or nearcloudfreeimagesover
atime-period.In AustraliaandNew Zealand(Figure 3a) we wereableto achievethe cloud-free
or nearcloud-freeimagesat muchshortertime-periodsleadingto 6 time-periods(period1:Julian
days1-60, period2: Juliandays61-120,period3: Juliandays121-180,period4: Juliandays181-
240, period5: Juliandays241-300, period 6: Juliandays301-365, Figure 3a). In comparison,
China(Figure3b) requirediongertime-periodsto achievecloud-free or nearcloud-freewall-to-
wall coveragedueto greatemumberof cloudydaysoverthe country.As aresult,therewere4
periods(period1:Juliandays1-90, period2: Juliandays91-180, period3: Juliandays181270,
period4: Juliandays271-365, Figure3b).

Theprocessnvolvedgatheing all theLandsat8 16-dayimagesoverAustraliaandNew Zealand
(Figure3a), andall the Landsat8 aswell asLandsat7 imagesover China(Figure3b) available
for eachtime-period(e.qg.,period1: 1-60 Juliandaysfor AustraliaandNew Zealand) andcom-
postingeachof the8 bandsytakingmediarnvalueof eachpixel of eachband. Thesecomposites
arecalledmedianvalue compositegor eachperiodfor eachband.The eightbandsusedin this
studywere (Figure 3a, 3b): blue (0.45-0.51nm), green(0.53-0.59m), red 0.63-0.69"m), NIR
(0.850.89nm), SWIR1(1.551.65mm), SWIR2(2.1-2.3mm), and TIR1 (10.6G11.19m) bands
alongwith NormalizedDifferencein Vegetationndex(NDVI). Therebyfor AustraliaandNew
Zealand eightmedianvaluebandscomposedver 6 time-periodsresultedin a 48 bandMFDC
(Figure3a) Whereador China,eightmedianvaluebandscomposeaver4 time-periodsresulted
in a32bandMFDC (Figure3b). The bandstack,andtime-periodsleadingto MFDC areshown
in Table4 aswell asin Figures 3aand3b. All compositiors wereperformedonthe GoogleEarth
Engine(GEE) cloud-basedyeospatiaplatformfor planetaryscaledataanalysis(Gorelicketal,,
2017) Landsatop of atmospheréTOA) product wereusedinsteadof surfacereflectancgSR)
dueto thelimited temporalavailability of Landsat7 andLandsat8 surfacereflectancamagery
onGEE
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Landsat-8, 8 Bands of data

Multi 1 i -
Every 16-days for 2013-2015 ulti year seasonal composites 30-m Data cube

Total: 48 bands, all @ 30-m

.

Period 1 (Julian days 1-60):
Blue band 8 Median. value ban

(0.45- 0.51pum)
Green band

[—

Period 2 (Julian days 61-120):
lue bands

8 Median. value bands

Period 6 (Julian days 301-365

8 Median. value bands

Figure 3a.30-m Datacubefor the Australiaand New Zealandregionscompositedor 6 time-
periodsusing2013-2015 Landsat8 data.For eachperiod (e.g., period 1: Julian days1-1-60),
eightbands(blue,greenred,NIR, SWIR1,SWIR2,TIR1, andNDVI Landsat8) werecompo-
sited,takingmedianvalueof agivenpixel overthe period1. From6 periods therewasa48band
megafile datacube(MFDC).

Landsat-7 & Landsat-8, 8 Bands of data

. . 30-m Data cub
Every 16-days for 2013-2015 Multi year seasonal composites m Data cube

Total: 32 bands, all @ 30-m

» Blue band (0.45- 0.51pm) Periodil (Julian days 1-90):
! 4 Green band (0.53- 0.59um)! 8 Median. value bands

; Red band (0.63- 0.69um) Periogh 2 (Julian dayS 91-180):
& 8 Median. value bands

Periofh3 (Julian day 181-240
8 Median. value bands

SWIR? band (2.1- 2.29um)

TEw . ' .6-11.2 Periofl 4 (Julian days 241-365):

Figure 3b. 30-m Datacubefor Chinacompositedor 4 time-periods(e.g.,period1: Juliandays
1 to 90) usingeveryl6-daydataof Landsat8 andLandsat7 for the years2013-2015.For each
period eight bands(blue, green,red, NIR, SWIR1, SWIR2, TIR1 andNDVI Landsat8) were
compositedtakingmedianvalueof a givenpixel overthe period Fromthe 6 periods therewas
a32bandMFDC.
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Table 4. The procesof megafile datacube(MFDC) compositionfor the studyareasbhasedon
medianvaluecompositiorof 8 Landsat8 andor Landsat7 bandsover20132015for 4to 6 time-
periods.

Landsat Years

Region/ Time-com- Megafile Data
products/ of . Bands used :
Country . . posited Data Cube Provider
image Series data
Julian days
over which
satellite, Landsat # of bands Total #. of
name Years bands in name
sensor data are for each
i MFDC
time-compo-
sited
C1:1-60 Blue, green
Australia & 2014 & gg%ﬁgo Red, NIR ,
New Zea- Landsat8 : SWIR-1, 48 USGS
2015 C4:181240
land : SWIR-2, TIR-1
C5:241300 and NDVI
C6:301365
2013, CL190 E;;je ’ |?1|r|§en’
China& Landsat7 & ' C2:91-180 ! !
. 2014 & : SWIR-1, 32 USGS
Mongolia Landsat8 C3:18%270
2015 : SWIR-2, TIR-1
C4:271365
and NDVI

* C1:1-60 = composite 1 oveluliandates 1 to 60. Given Lands&is acquired over every 16 days,
there will be 4 images in first 60 day

Then each band (e.g., blue) is derived using maximum value from these 4 images. Similarly for all |
similarly composite 2 C2:6120= taking images available during Julian day 61 and 120

*NIR - nearinfrared, SWIR = shortvave infrared, TIRL= thermal infrared

NDVI = normalized difference vegetation index,

b. Theoretical Description

i. Definition of Croplands

For all productswithin GFSAD30croplandextentmap,croplandextentwasdefinedas flands
cultivatedwith plantsharvestedor food, feed,andfiber, including both seasonatrops(e.g.,
wheat,rice, corn,soybeansgotton)andcontinuousplantationge.g.,coffee,tea,rubber,cocoa
andoil palms).Croplandfallows arelandsuncultivatedduring a seasoror a yearbut arefarm-
landsandare equippedfor cultivation, including plantations(e.g.,orchardsyineyards,coffee,
tea,andrubbejo (Teluguntlaetal.,2015).Croplandextentalsoincludesareasequippedor crop-
ping but may not be croppedin a particularseasoror year. Theseare croplandfallows. So
croplandextentincludesall plantedcropspluscroplandfallows. Non-croplandsncludeall other
land coverclasse®therthancroplandsandcroplandfallows.
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Croplands + cropland fallows +

m\.—v e

Figure 4. lllustration of definition of croplandmapping.Croplandsncluded:(a) standingcrop,
(b) croplandfallows, and(c) permanenplantationcrops.Note:+ signmeansadding.Meanstotal
netcroplands=standingcrops+ croplandfallows + plantations.

ii. Algorithm

The studyusedonemachinelearningalgorithmto createthe croplandextentproduct which is
the pixel-basedsupervisedlassifierRandomForest(RF). The algorithmis describedn detail
below. New Zedandwasstratifiedinto two separateefinedFAO agroecologicalzones China
stratifiedinto threezonesandAustraliaasa singlezone(Figure2) to facilitate the optimal clas-
sification.

c. Practical Description

I. Random Forest Classifier (RF)

TheRandonForestclassifieris morerobust relativelyfaster andeasieto implementhanmany
otherclassifiergPelletieretal., 2016. The RandomForestclassifieruseshootstrapaggregating
(bagging)to form anensemblef decisiontreesby searchingandomsubspacefom the given
data(featuresihndthebestsplitting of thenodesby minimizingthecorrelationbetweerthetrees.
All supervisegixel-basedlassificatiors rely heavilyontheinputtrainingsamplesTo discrim-
inatecroplandsundervariousenvironment@andcondition,the samplesizeof theinitial training
datasenheeddo belarge,especiallyin complexregions.All samplesvereselectedto represent
a90-m x 90-m polygon.First, we madeextensivefield campaignsn Australiaduringthe 2014
crop growing seasonwvhen datawere collectedon precisecroplandlocatiors aswell asnon
croplandocations.This effort ledto collectionof morethan628samplespreadacrossAustralia
(e.g., Table3). Secondwe absorbedhe grounddatafrom previouseffortsfor Chinaandother
reliablesourcesThird, submeterto 5-m very high spatialresolutionimagery,availablefor us
for the entirestudyregion wasusedto generatecroplandsversusnon-croplandinterpretations
by multiple analygs acroshina,Australig andNew Zealandandatotal of ~1490 datasamples
were usedfrom theseinterpretationsTo move forward with a largersamplesize an iterative
sampleselectionprocedurewas introducedwith the following stepsfor training the Random
Forest(RF) machinelearningalgorithmasillustratedin Figurel.
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1. Build RandomForestclassifierusingexistingtrainingsamplesinitially we startwith asmall
numberof samplesandslowly increaseahe samplesizetill we reachhigh degreeof accuracy
andtheaccuracyplateausat certainsamplesize;

2. Basedon establishedlassifier,classify 30-m MFDC usingRandomForestalgorithmin GEE
cloud

3. Visual assessmerf classificationresultsarecomparedvith existingreferencenapsaswell
assubmeterto 5-m very high spatialresolutionimagery(VHRI); The procesgFigurel) was
iterateduntil sufficientcorrespondencis achieved

4. Added (seeFigure 1) 'crop' samplesn missingareaand 'non-crop' samplesby referencing
submeterto 5-m very high spatialimageryfrom GoogleEarthimagery.For casesardto tell
by interpretation(fallow-land or abandonedields), historical Landsatimagesand MODIS
NDVI time-seriesare alsoreferencedAll the samplesselectedo representa 90-m x 90-m
polygon.

5. Loop stepl-4 with enlargedrainingdatasetntil classificationbecomestable.

Thenumberof iteratiors requiredfor thetrainingsampleselections afunctionof thecomplexity

of theareaChinawasdividedinto threezonesNew Zealandvasdividedinto two zonedo carry

out classification(Figure 2): the iterative selectionwill haveto loop ~4-5 timesto improvethe
initial classifiedresults.

ii. Programming and codes

The pixel-basedsuperised machinelearningalgorithm (RF) wascodedon GEE usingPython
andJavaScriptsusingApplication Programmingnterface(API). The codesare madeavailalle
in azip file andareavailable for downloadalongwith this ATBD.

lii . Results

The machinelearningalgorithnms (RF), discussedn previoussectionswere trainedto separate
croplandsversusnon-croplandsfor eachof the zones(Figure2) basedon knowledgegenerated
usingreferencelata.Themachindearningalgorithms werethenrunonthe GoogleEarthEngine
(GEE)cloud-computingenvironmenusinga Landsat8 collectionfor eachof thezoneso sepa-
ratecroplandsversusnon-croplandsThe processwas iteratedandknowledgein the algorithms
tweakedseveraltimes, beforegettingaccurateresultsof cropland versusnon-croplands. This
procesded to producingthe Global Food SecuritysupportAnalysisData@ 30-m croplandex-
tentfor China(Figureb), Australia(Figure6), andNew ZealandFigure7) product.This product
is availablethroughthe Land Processe®istributed Active Archive Center(LP DAAC). The
samedatasets alsoavailablefor visualizationat https://croplands.org/app/map

Zoontin views showcompleteresolutionof theimagerythatshowsindividual farms(Figure5,
6, 7, and8). Full resolutionof 30-m croplandextentcanbevisualizedin croplands.ordpy zoom-
ing-in to specificareasasillustratedin right panel(b) and(c) of Figures 5, 6, 7, and8. For any
areain Australig Ching New Zealandor Mongoliacroplandsanbevisualized by zoominginto
specificareadn croplands.orgThe backgroundsubmeterto 5-m imagery,availablefor there-
gionson GoogleEarth helpsevaluatethe precisionof the croplandextentproduct( A z a ca
andi t o gagoplandi o i o ftofs@ethe submeterto 5-m imageryin thebackgroungl
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Figure 5. CroplandExtentProductat 30-m for China(left image)with illustrative zoomin view
for alocation(right). This productis madeavailablefor visualization@: croplands.orgThedata
aredownloadabldrom LP DAAC.
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Figure 6. CroplandExtent Productat 30-m for Australia(left image)with illustrative zoomin
view for a location (right). This productis madeavailablefor visualization@: croplands.org.
Thedataaredownloadabldrom LP DAAC.
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Figure 7. CroplandExtentProductat 30-m for New Zealand(left image)with illustrative zoom
in view for alocation(right). This productis madeavailablefor visualization@: croplands.org.
Thedataaredownloadabldrom LP DAAC.

Figure 8. CroplandExtent Productat 30-m for Mongolia (left image)with illustrative zoomin
view for a location (right). This productis madeavailablefor visualization@: croplands.org.
Thedataaredownloadabldrom LP DAAC.

-17- DCN
Version 1.0



