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parcelof land dueto the absencef methodsthat accuratelanalyzevariability [2]. Therefore,
analysiof theinfluenceand spatialdistribution of variability will allowgrapegrowersto man-
agevineyardamoreefficientlyfor productionandgrapequality[3]. Thisapproachstheagro-
nomic basisof precisionviticulture (PV), which assesseasithin-field spatialvariability (e.g.,
soil characteristicayeedpatchesfungiinfection, insectpestattack grapequality or matura-
tion, production,balancebetweenvegetativggrowth,and reproductivegrowth,amongothers)
[4]. Implementationof PV, for eithertargetedmanagemenof inputs and/or selectivéharvest-
ing atvintage beginswith monitoring vineyardperformanceandassociatedttributes fol-
lowedby interpretationand evaluatiorof the collecteddata[5]. PV is mainly focusedn
optimizing crop productionand profitability by reducingproductioninputs;,therefore jts
main objectiveis to diminish the potentialdamagéo the environmentandunnecessargosts
dueto over-applicatiorof inputs. Besidesheseeconomicand environmentabenefits PV
practicecomplywith the EuropearPolicyto regulatea sustainabl@ndrational useof agricul-
tural productsandpesticidesat afarm levelto leadcurrentclimatic,socio-economicand envi-
ronmentalchangesvhile ensuringfeasibilityand profitability [6].

Remotesensinghasbeenwidelyusedto characterizerineyardsandtheir associatedittri-
butesto beusedin site-specifienanagement-or example[7,8] exploredsatelliteimagedo
predictwineyieldandmapvineyardleafarearespectivelyf9] usedimagegakenby piloted
aircraftsto estimatethe grapevinecanopydensityandidentify the grapevingows.Currently,
UnmannedAerial VehicleJUAVs) standout amongthe otherremotesensingplatforms
becaus¢heycanfly atlow altitudes captureimageswith ultra-high spatialresolution(milli-
metricaccuracy]3,10,11]and,on demandin critical momentswhich arenot feasiblewith
airborneor satelliteplatforms.Therefore the useof UAVs hasbeenprovento beacrucial
remotesensingool to addres$V objectiveg§12+14].

Weedsareknown to beamajor problemin agriculture leadingto a 32%worldwidereduc-
tion in cropyields[15]. RecentlyCynodon dactylon (L.) Pers(bermudagrasd)asbeen
reportedto infestvineyardq16,17],causingcompetitionfor nutrientsandwater,especiallyn
summerwhenirrigation is needed18]. This perennialsummergrasss widelyadaptedo a
rangeof climatesandsoils,propagatesnainly vegetativelyhrough stolonsandrhizomefrag-
mentation,andis consideredaseriousproblemin cultivatedcropsworldwide.In addition,
weedmanagemenstrategied vineyardssuchastillage,herbicidespr covercropshavestrong
implicationsfor wine quality[19+21].

Thespectrakimilarity betweerbermudagrasandgrapevinesn summerjust, whencom-
petition for wateris maximumandweedanustbecontrolled,makediscriminationusing
pixel-basedmageanalysisaalmostunfeasibleasthis approachocusesolelyon spectrainfor-
mation [22]. Alternatively the useof UAV-basedDigital SurfacéVMlodels(DSMs)hasbeen
shownto bean efficientalternativeto isolateand classifywoodycrop plants[3,23,24] Never-
thelesscomputingthe largeamountof dataembeddedn UAV imagesand DSMsrequiresthe
implementationof robustand automaticimageanalysigprocedureslin this sensepbject-
basedmageanalysigechniquegOBIA) havereachedhigh levelsof automationand adaptabil-
ity to ultra-high spatialresolutionimagestypicalof UAV imageqd25,26].Comparedo pixel-
basednethodsthe applicationof object-basedpproactoffersthe possibilityof evaluating
spectrabndtextural,contextualandhierarchicaffeature§27], addressinghallengingspectral
similarity scenarioselatedto the designof site-specifizveedmanagemenf25]. However to
thebestof our knowledgethe UAV-basedDSM and OBIA combinationhasnot yetbeen
appliedto mapbermudagrasm vineyards.

Thereforethe goalof this researclwasautomatic,accurateandrapid mappingof bermu-
dagrassinddesigningmanagemenmapsusingUAV-imageryand OBIA techniquesThe spe-
cific objectivesncluded:(1) selectiorof the optimum spectralvegetatiorindicesthat best
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discriminatedbermudagrasfom baresoil asaffectedby sensorseparatelattachedo the
UAV (spectrabhnalysis)(2) developmenbf anautomaticandrobustOBIA algorithmfor each
camerapsingthoseselectedregetatiorindices for classifyindpermudagrasdaresoil,and
grapevinesindevaluatinghe accuracyof the procedure(imageanalysis)and (3) designof
site-specifienanagemeniapsaccordingto weedinfestationlevel.lt isimportantto highlight
thatthefull protocolestablishedh this paperis composef anovel OBIA algorithmthat
doesnot requireuserintervention.

Materials and methods

Study sites description and UAV flights

Thisresearchlwasconductedn two experimentalrip-irrigated organicvineyardsfieldsA
andB, locatedin Cabra(Cérdoba,SouthernSpain).Eachsitewasapproximately0.5hectares.
Bothvineyardsvereplantedwith cv. PedroXiménezin 2013with rowsorientedeast+west
andtrainedasaverticalshootpositionedbilateralcordon.Plantspacingvas2.5m (inter-
rows)x 1.3m (intra-row). Inter-row spacesvereuniformly managedy biannualtillageand
manualmowingusingabrushcutter,which effectivelycontrolledall weedspeciegxcepter-
mudagrasgesultingin cleaninter-row spacingwithout covergreenandonly with the pres-
enceof bermudagraspatches.

A quadcoptemodelMD4-1000(microdronesGmbH, SiegenGermany)with vertical
take-offandlanding(Fig 1A) wasusedasthe platform for imageacquisition.This modelwith
four brushlessnotorswasbattery-poweredndcouldeitherbemanuallyoperatedoy radio
control or autonomouslywith the aid of its GlobalPositionSystem(GPS)receiverandits way-
point navigationsystemTheimagerywereacquiredwith two still point-and-shootcameras
thatwereseparatelynountedin the UAV: (1) avisible-light(RGB:Red(R), Green(G) and
Blue(B)) cameramodelOlympusPENE-PM1(OlympusCorporation,Tokyo,Japanwith a
sensosizeof 17.3x 13.0mm and 12.2megapixel$4,032x 3,024pixels);and (2) amodified
(RGNIR:Red(R), Green(G) andNIR) cameramodel SONYILCE-6000(SonyCorporation,
Tokyo,Japanromposedfa23.5x 15.6mm APS-CCMOSsensotcapableof acquiring24

Fig 1. a) Quadcoptemicrodrone MD4-1000with the Red-GreerNearInfrared (RGNIR)cameraattachedflying overoneof thevineyardsandb) detailof

anRGB-imagetakenby the UAV from field A-2017 Thecirclesin bluecolor represenbermudagraspatchegyrowingin theinter-rows.

https://da.org/10.1371¢urnal.pon®218132.g0D
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megapixel$6000x 4000pixels).The RGNIRcameravasmodified to captureinformation in
boththe NIR andvisiblelight (greenandred) by addinga49-mmfilter ring to thefront nose
of thelens,manufacturedy Mosaicmill(Mosaicmill Oy, Vantaa Finlandia),whereafocus
calibrationprocesavascarriedout.

Theflight missionswereconductedn mid-June2016(field A) and2017(fieldsA andB),
whenbermudagraswasat the vegetativggrowth stageshowingthe typicalgreencolor of this
phenologicaktaggFig 1B),and,therefore hadaspectraresponse&erysimilar to that of the
grapevinesDuring eachflight, the UAV route wasconfiguredto fly at 30 metersaltitude with
aforwardlap of atleast90%.In addition,asidelap of 60%wasprogrammedTheflightswere
carriedout atnoon, to takeadvantag®f the sun'spositionandthusminimize shadow®n
acquiredimagesAll flight operationdulfilled thelist of requirementsestablishedy the Span-
ish National Agencyof Aerial Securityincluding pilot license safetyregulationsandlimited
flight distancd28].

Geomatic products generation

Theimagesacquiredfrom eachcameravereprocessedsingPhotoScarProfessionasoftware,
versionl.2.4build 2399(AgisoftLLC, St.PetersburgRussia}o generateéhreegeomatiqrod-
ucts:(1) athree-dimensiona(3D) point cloud, by applyingthe Structure-from-Motion(SfM)
techniquef2) adigital surfacenodel(DSM) createdrom the 3D point cloudthat provides
heightinformation; and (3) an orthomosaidFig 2), whereeverypixel containedRGBor
RGNIRinformation dependingon the camerausedaswell asthe spatialinformation.
Themosaickingorocessvasfully automatic exceptor the manuallocalizationof six
groundcontrol points (GCPs)with four placedn the cornersandtwo in the centerof each
field to georeferencthe geomatigoroducts.TheseGCPscoordinatesveremeasuredising
two GNSSeceiversonewasareferencestationfrom the GNSRAPnetworkfrom the Insti-
tute for Statisticeand Cartographyof Andalusia(Spain),andthe otherwasa GPSwith acenti-
meteraccuracymodel Trimble R4, Trimble company SunnyvaleCalifornia,United States)
asaroverreceiverFirst, the softwarematchedthe camergpositionand commonpointsfor
eachimage whichfacilitatedthe refinementof the cameracalibrationparametersOncethe
imagesverealigned the 3D point cloudwasgeneratedy applyingSfMtechniqueto the
imageswhichwasusedasthe basigo generatehe DSM. The DSMrepresentsheirregular
geometryof thegroundandthe objectson it by meansof a3D polygonmesh Next,the

Fig 2. RGNIR orthomosaic corresponding to field A-2016.

https://abi.org/10.1371durnal.por.0218132.902
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individual imageswereprojectedoverthe DSM, andthe orthomosaickedmagewasgenerated.
Finally,the DSMwasjoinedto the orthomosaicasa TIFF file consistingof a4-bandmulti-layer
file (Red,Green Blueand DSM, for thevisible-lightcameragnd Red,Green NIR, andDSM,
for themodified one).A further descriptionaboutthe PhotoScarfunction is givenin [29].

Thegeomatigroductshaddifferentspatialresolutionsaccordingto the technicalcharac-
teristicsof eachsensorFor examplejn 2016(1) 0.86and1.72cm/pixelfor the orthomosaic
andDSM generatedrom the RGBcameraand(2) 0.54and 1.07cm/pixelfor the RGNIR
camerawhichwasalmosthalf of the valuesobtainedwith the RGBcameraThemethodology
to build theseaccurategeomatigoroductshasbeenvalidatedn previousstudieq24].

Ground truth data

A setof 181 x 1 m georeferencedamplingframeswasplacedn everyfield to representhe
currentweedinfestationin thevineyard,ensuringthatthe entirefield hadanequalchanceof
beingsampledvithout operatorbias[30]. Theframesweresetcoveringbaresoilandbermu-
dagraspatchesandgeoreferencedsdescribedor the GCP(Fig 3).

Thehighresolutionof the orthomosaidFig 4A) madeit possibldo visuallyidentify the
bermudagraspatchesn everysamplingframeandconducta manualclassificatiorof weed
infestationandbare-soil(Fig 4B)usingENVI software(ExelisVisual Information, Solutions,
Boulder,Colorado,United States)which resultedin the groundtruth (GT) datafor theproce-
dure.25%of the GT full datasetorrespondingo field A-2016aswell as25%the GT full data-
setof field A-2017wereusedfor the spectrabnalysiswhereashe remaining75%of every
field-yearwereemployedor thevalidationof the imageanalysi{OBIA algorithm) of each
orthomosaicAdditionally, field B-201 Avasselectedo generalizéhe procedureusingthe GT
full datasebnly for validationpurposef the classificatiorof bermudagrasmfestationmap.

Spectral analysis: Optimum vegetation index

In orderto spectrallyseparatdaresoil andbermudagrasshe following analysisvasper-
formed.As explainedabove 25%0f the GT full datasefrom boththe A-2016andA-2017
fieldswasusedin the spectrahnalysigo selecthe optimal vegetatiorindex(VI) thatbest

Fig 3. a)Placingandgeorefeencingtheframesin field A-2017andb) detailof aframecoveringbermudayrassandbaresoil classesTheindividualsin this manuscript
havegivenwritten informed consent(asoutlinedin PLOSconsenform) to publishthesecasealetails.

https://da.org/10.1371§urnal.pon®218132.g08
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Fig 4. Detailof RGB-orthanosaicof field A-2017showing:a) samplingframescoveringbermudagrassind baresoilandb) manualclassificatin of bermudagrasggreen
color) andbaresoil (brown color) classethat madeup the groundtruth data.

https://de.org/10.13714urnal.pon®218132.g00

discriminatedbermudagrasandbaresoil for eachcameravisibleand modified). Themean
spectrateflectancealculatedor the threespectrabandsof eachcamera RGBandRGNIR)
for eachclasgweedandbaresoil) wereusedto calculatel4and 18vegetatiorindicesand
bandratios,respectivelyTablel). TheVisin this studyarerelatedto vegetatiorconditions
andplantstructureandarewidelyusedin agriculturalstudieg31,32].

TheVIs wereanalyzedy performingaone-wayanalysif variancl  ANOVA) followed
by TukeyAs#lonestSignificantDifferencetest(P<0.05)andfinally, applyingthe M-statistic
(Eq1)[33] to quantifythe histogramseparatiorof vegetatiorindices.The M-statisticvalue
expressethe differencein the meansof the classl andclas<? histogramsormalizedby the
sumof their standarddeviationgo). Accordingto [33], the samedifferencein meanscangive
differentmeasuresf separabilitydependingon the spreadof the histogramsi.e.,narrow his-
tograms(smallero) will causdessoverlapand more separabilitythanwider histogramdor the
samddifferencen means.

Mean — Mean

class1

Gclassl + O-clusSZ

class2 (1)

Statisticahnalysisvasconductedusingthe softwareJMP(JMP 10,SASInstitute Inc., Cam-
pusDrive, Cary,NC, USA27513)Theselected/| for eachcameravassubsequentlimple-
mentedin the OBIA algorithmfor bermudagrasdaresoil,andgrapevineclassification.

Image analysis: Bermudagrass mapping

OBIA algorithm. OncetheVIs thatbestseparatedbaresoilandbermudagraseere
selectedanovel OBIA algorithmwasdevelopedo classifithe grapevinesharesoil,andber-
mudagrassisingCognition Network programminglanguagevith the eCognitionDeveloper
9.2softwarg(Trimble GeoSpatialMunich, Germany).Thealgorithmis fully automaticand
requiresno userintervention.Besideshis, the samealgorithmwasusedto analyzehe ortho-
mosaicgeneratedy eachcamerawith the only differencebeingthe VI implementedby
selectinghe optimal onefor each.The sequencef phaseshat composehis algorithmis
detailedbelow:
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Table 1. Spectral vegetation indices and their equations used for both cameras.

Vegetation index Equation Camera®

R/Bindex[34] H 1

R/Gindex (This study) % 1,2

NormalizedRedGreendifferencendex[35] NRGDI = &% 1,2
Normalizedpigmentchlorophyllindex [36] NPCI = 12 1
Visibleatmospherially resistanindex[37] VARI = - 1
Woebbeckindex[38] WI =448 1
Exces8lue[39] ExB=1.4B-G 1
Exces&reen[40] ExG=2G-R-B 1

ExcesfRed[41] ExR=1.4R-G 1,2
Exces&reen-Red42] ExGR = ExG-ExR 1
Colorindexof vegetatiorf43] CIVE = 0.441R-0.811G+0.385B+18.78745 1
Vegetativendex[44] VEG = W 1
Indicescombinaionl [39] COMBL1 = 0.25ExG+0.3ExGR+0.33CIVE+0.12VEG 1
Indicescombinaion?2 [45] COMB2 = 0.36ExG+0.47CIVE+0.17VEG 1
Chlorophyllindexgreen[46] CI="f_1 2
Differencevegetatiorindex[47] DVI=NIR-R 2
Vegetationndexfaster{48] VIF = g% 2
Greennormalizeddifferencevegetatiorindex[49] GNDVI = X268 2
Ratiovegetatiorindex[50] RVI = & 2
Modified normalized differencevegetatiorindex[51] MRVI = 2= 2
Modified simpleratio [52] MSR = \}T% 2
Modified soil-adjwstedvegetatiorindex[53] MSAV] — 21 (2N111 £1)2-8x (NIR-R) 2
NIR+Gindex[54] NIR-G 2
NIR/G index[54] M 2
Non-linearvegetatiorindex[55] NLI = m;;i 2
Normalizeddifferencevegetatioindex[56] NDVI = A% 2
Optimizationsoil-adjustedregetatiorindex[57] OSAVI = =t 2
Transformel vegetatiorindex 1 [58] TVIl = % X \/m) 2
Transformel vegetatiorindex2 [59] TVI2 = 0.5x(120x(NIR-G)-2006R-G)) 2

®1:RGB;2:RGNIR

https://da.org/10.1371durnal.pon®218132.t001

i. Vine classification: Heightinformation containedin the DSM modelwasusedto detectand
classifygrapevineobjectgFig 5B),asfully describedn apreviouswork [3], whichfirst con-
sistedof orthomosaic-imagsegmentatiofasedn spatialinformation for objectgenera-
tion (chessboardegmentation)Then,the DSM standarddeviationwasusedto create'vine
candidatesthatwereanalyzedat the pixellevelto achieveamorerefinedgrapevineclassifi-
cation.Finally,the algorithmclassifieceverypixel asvineyardor not-vineyardby compar-
ing their heightvaluefrom the DSMwith that of the adjacenbaresoil. Therefore spatial
information provedto beverysuitablefor grapevineclassificationavoidingerrorsrelated
to field slopeby consideringaveragesoil altitude aswell asavoidingconfusiondueto spec-
tral similarities.Finally,the objectsin theimageswereclassifiedasvineyardor not-vineyard
objects(Fig5C).
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Fig 5. Several stages of the OBIA algorithm for an enlarged view belonging to field A-2016 and RGB camera. a)
the RGBbands)) the DSM of the orthomosat, c) vineline classificabn (grapevinsin greencolor andno-vineyard
objectsn white color),andd) classifiednap(grapevinsin greencolor,bermudagraspatchesn red color,andbare

soilin yellowcolor).

https://i.org/10.1371durnal.por.0218132.906

Bermudagrass and bare soil classification. Oncethe grapevinesverecorrectlyclassifiedthe
orthomosaiovassegmentedisingamultiresolutionsegmentatiorwherethe layersRed,
Green,andBluefor the RGBcameraandRed,Green,andNIR for the RGNIRcamera
wereweightedo 1, whereashe DSM layerwasweightedto 0in both casesMultiresolution
segmentatioris abottom-up segmentatioralgorithmbasedn a pairwiseregionmerging
techniquein which,basedn severaparameterslefinedby the operator(scalecolor/
shapesmoothness/compactnest)eimageis subdividedinto homogeneousbjectsThe
scalgparameteestablishedvasb, wherea®).3and0.5werechoserfor shapeand compact-
nessrespectivelyThesevaluesverechoserafterperformingseveratestsfor showinga
bettervisualadjustmentoy delineatingpermudagraspatchesandbaresoil. Therefore,
thesevaluescouldalsobeusedin othervineyardswith similar characteristicsvherebermu-
dagraselassifications required.

Subsequentlythe no-vineyardobjects consistingof baresoil and bermudagraserereclassi-

fied usingthe VI selectedor eachcameran the previoussection.Theoptimum ratio valuewas
conductedusingan automaticanditerativethresholdapproachollowing the Otsumethod[60]
implementedn eCognition,in accordancevith [61]. Finally,a classifiednapwasgenerated
wherebermudagraspatchesbaresoil,andgrapevineobjectswveredefined(Fig 5D).

Site-specific bermudagrass management maps. After vineyard+weed+basoil classifica-
tion, information relativeto bermudagraspatchesvasavailablesuchasnumber,location
(XandY UTM coordinates)andareacoveredoy weedpatchesandvinesfrom the classi-
fied map.Asanadditionalphaseof the processthe algorithm hasthe option to design
site-specifibermudagrasmanagemeninapsthat areuser-configurablelependingon
the managemenstrategyFor this purposethe algorithmcreatedanewlevelby copying
theclassifiedbjectlevelto anupperlevelandachessboardegmentationvasappliedto
build auser-adjustablgrid frameworkfollowing the grapevinaow orientation.In this
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experimentacustomizabld x 0.5m grid sizewasselectedccordingto the specifications
of theintra- andinter-row weedemusuallyusedin organicvineyardg62]. A hierarchical
structurewasgeneratedn theinter-row areabetweerthe grid super-objectgupperlevel)
andthe bermudagrasandbare-soilsub-objectglowerlevel).Next,the weedcoveragé%
of bermudagrassyasautomaticallycalculatedrom theratio of bermudagrassoverage
to total areapergrid, asit is consideredasone of the main variablesn theweedcontrol
decision-makingproces$25]. Thus,basedn theinformation relatedto weed-freezones
andweed-infestedonessite-specifitreatmentmapswerecreated.

Bermudagrass map validation. Theaccuracyof the algorithmwasassessdoly comparing
the GT datacorrespondingo bermudagrasmfestationandbaresoil (manualweedcoverage
andbaresoil area)with the output of everyimageclassificatiorprocesgestimatecbaresoil
andweedcoveragejhroughaconfusionmatrix. Ascommentedbefore,75%of the GT full
datasetsorrespondingo field A for both 2016and 201 7wereusedto assesthe classification
accuracyln the caseof field B-2017the GT full datasetvasused sothis setof examplesvas
usedonly to assesthe performancdi.e.,generalizationpf the developealgorithm.Thecon-
fusionmatrix providedoverallaccuracyOA) (Eq 2) of eachorthomosaicclassificationyhich
representedhe percentagef correctlyclassifiechrea(baresoilandbermudagrassgndthe
producerAsccuracyPA) thatindicatedthe probability that a classifiedbbjectactuallyrepre-
sentghat categoryi.e.,the categonyof the groundtruth data[63]. The omissionerror, i.e.,the
complementaryalueto PA, wasalsocalculatedrom the confusionmatrix and quantifiedthe
proportion of bermudagrassoveragenisclassifiedsbaresoil.

Area correctly classified

Overall classification accuracy (%) = 100 X Total area classified (2)
Themethodologyto identify vine rowsbasecdn DSMinformation hasbeenvalidatedn a

previousstudy[3], whereahigh levelof precisionwasreached.

Results and discussion
Spectral analysis: Vegetation index selected

Spectralnformation from everyorthomosaiovasevaluatedo selecthe VI thatbestdiscrimi-
natedbetweerthebermudagrasandbaresoil, asaffectecby the spectrarangeof eachcamera,
i.e.,RGBandRGNIR.Significantdifferencedetweerboth classesereobservedn allthe VI
calculatedTheseresultsconfirmedthe potentialof discriminatingbermudagrasom bare
soilby usingUAV-imagestakenat the vegetativestagewith anyof the cameragRGBand
RGNIR)onboardthe UAV, whenbermudagrasplantsshowedaverydifferentgreencolor
from the brown of the baresoil. The bestresultsobtainedwith the M-statisticfor imagesaken
with eachtypeof cameravererankedandareshownin Table2.

Accordingto [64], two classesxhibitmoderateseparabilityvhenM exceed4 andgood
discriminationwhenit exceed®. In this experimentmostof the ViIs extractedor eachcam-
eraachievedM valuedargerthan 2, thereforeshowinghigh discriminatorypowerto separate
bermudagrasfom baresoil. ExGRshowedhe bestspectrakeparabilityin the analysisf the
RGB-rangereachingan M valueof 3.50whereasGNDVI wasthe selectedndexfor the
RGNIR-rangespectrabnalysisasobtainedby the highestM value(2.27).As aresultof the
spectrabnalysisExGRand GNDVI werethe optimum VIs selectedo carry out the discrimi-
nation betweerboth classefor the RGB-and RGNIR-orthomosaigrespectivelythus,the cor-
respondingndexwasimplementedn the classificatioralgorithmdeveloped.
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Table 2. Vegetation indices analyzed with the highest values of M-statistical obtained for each camera.

Camera Vegetation Index M-statistical value
RGB Excess Green-Red (ExGR) 3.50
Indicescombinatbn1 (COMB1) 3.48
ExcesfRed(ExR) 3.16
Colorindexof vegetation(CIVE) 3.06
Exces&reen(ExG) 2.87
RGNIR Green normalized difference vegetation index (GNDVI) 2.27
Differencevegetatiorindex (DVI) 2.15
ChlorophyllindexGreen(Cl) 2.14
NIR/G 2.14
NIR-G 2.10

Lettersin bold correspom the spectralvegetatiorindicesthat showedhe highestM valuesandwerethenusedin the
further OBIA algorithm

https://cbi.org/10.1371durnal.por.0218132.t(D

ExGRis acombinationof rednesgExR)andgreenneséExG)indiceswidely usedfor vege-
tation identificationwith visiblespectral-indedbasednethodsunderthe assumptiorthat
plantsdisplayahigh degreeof greennesdueto chlorophyllin theleavesln this context,
[39,65]usedEXGRto separatehe plantsfrom the soilandresiduebackgroundn the RGB
imagesOn the otherhand,GNDVI hasbeenusedto measureseveraplant parametersnclud-
ing N statug66,67],plantbiomasg68], andearlydisease&etection[31] dueto the high sensi-
tivity to the chlorophyllconcentrationvariationof this vegetatiorindex. Thus,basecdn that
premiseandtheresultsobtainedin the spectrabnalysisn thisinvestigationGNDVI showed
highrobustnes#n the ability of separatindaresoil (no chlorophyll)from bermudagrasatthe
vegetativestaggin greencolor dueto the high concentrationof chlorophyllpigment)asapart
of the developedlgorithmfor theimageanalysisTheseresultsshowedhe importanceof the
timing for this analysisasit is feasiblevhenBG plantsareat vegetatiorphenologicaktage
andgreenOn the otherhand,theseVIs would not besuitablefor bermudagrasdiscrimina-
tion in anotherseasore.g.in winter whenbermudagrasis dormant(light brown) andshows
asimilar spectralesponsédo baresoil. At thattime, it would thereforebenecessario applya
differentanalysisuchasthis onebasedn texturecharacteristic§59].

Image analysis

Classified maps. After thespectrabnalysisvascarriedout, the studyfocusedonimage
analysisAn OBIA algorithmwasdevelopedo parsethe orthomosaicsasaffectedoy kind of
sensoffor the suitablediscrimination of bermudagraspatchesNext, the algorithmautomati-
callymappedgrapevineshermudagrasgndbaresoil by classifyingeveryimageobjectaccord-
ing to thesethreeclassesT hus,aclassifiednapfor eactfield, year,and cameravascreated
(Figs6 and7), wherecleardifferencesn grapevinesizewereobservedvhenanalyzinghe two
yearsstudied.Moreover the developednethodologywasableto mapbermudagraswithin
thegrapevinaowsin thefirst studyyear(2016)sinceat that time thevineswereataninitial
stageof growth sothatthe canopywasnot closedandit waspossibleo getinformation down
to groundlevel.Neverthelesghe growth of the grapevinesn the secondyear(2017)madeit
unfeasiblgo obtainthatinformation up to groundlevelwithin therow asthe vinesshowed
overlappingcrowns.Consequentlyusingthe developedJAV-basedOBIA algorithmatthe
propertiming of grapevineggrowthwould enableaccuratemappingof weedswithin vinerows.
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Thetotal areaoccupiedby grapevinesind baresoil aswell asthe areainfestedby bermuda-
grasswvasquantifiedandextractedrom theseclassifiednaps(Table3).

Similarresultsof the classifiecareawereobtainedby usinganyof the sensorse.g.24.4%
and24.5%or thevine classn field A-2017whenemployingthe RGB-sensoand RGNIR-sen-
sororthomosaicrespectivelyandsimilarly, for baresoilin field A-2016 reporting82.8%and
81.7%of the classifiecareawhich demonstratedhe algorithmrobustness.

An increasef approximately21%in the vineyardwasobservedn the comparisonof 2016
and2017orthomosaicdor both sensorsThesdlifferencesn grapevinesizewerethe resultof
usualgrowth asarelevantrate of developmentvasexperiencedby vinesin thoseyearq70].

The surfacenfestedby bermudagrasalsoaugmentedn the contextof thattemporalcom-
parison,obtaininganincreased/alueof 7.5%whenthe RGBimagerywasanalyzeddespite
uniform weedmanagemenin theinter-row spacesvascarriedout, Thismanagement
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Table 3. Classified area of grapevine, bermudagrass and bare soil obtained from the RGB and RGNIR images analyses at every location and year studied.

Camera Field Year Classified Area (%)
Vine Bermudagrass Bare soil
RGB A 2016 3.4 13.8 82.8
2017 24.4 21.3 54.3
B 2017 20.8 21.9 57.3
RGNIR A 2016 3.7 14.6 81.7
2017 24.5 19.7 55.8
B 2017 21.3 20.5 58.2
%Percentagef surfaceoccupiedfor eachclasgespecto total field area.
https://da.org/10.137 1§urnal.pon®218132.t003
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consistedf biannualtilageand manualmowing usingabrushcutter;no syntheticchemicals
wereusedasboth fieldswereorganic.Thus,theincreaseof bermudagrassoverageould be
dueto inefficientweedmanagemensinceperennialweedsestablishedy rhizomesor stolons
areconsideredhe mostdifficult to managen organicorchardsandin fact,theycanbecome
apermanentcontrol targetasthe removalof aerialpartsdoesnot eliminateweedsand por-
tions of stolonsor rhizomesmayre-growandcolonizenewareag71]. Accordingto [72],
amongthe recommendation$or bermudagrasmanagementnowing shouldbe minimized
asstolonscancauseveeddispersionTheyadvisedasingledeepcultivation (up to sixinches),
avoidingverymoistsoils,which bringsmostshootgo the surfaceo dry themout, and pointed
out thatthis weedmanagemen tilling anddrying) did not eradicateseedsn the soil.In addi-
tion, deepcultivationrisksdamagingheroots,trunks,andarmsof the grapevine$19]. Other
alternativegor weedcontrol includethe useof covercropssuchasperennialor annualgrasses
(Festuca arundinacea or Hordeum vulgare, respectivelydr legumegMedicago rugosa), which
competewith the bermudagrasandreduceits infestation[17].

Furthermore areductionin the areaoccupiedby baresoil wasfound usinganyof the sen-
sorswhichwasquantifiedas28.5%for the RGB-orthomosaiimageand 25.9%or the
RGNIR-orthomosaic.

Bermudagrass mapping accuracy. Asmentionedin the OBIA algorithmdescription the
vine classwasfirst separatedrom the restof classessingDSM heightinformation as
describedn [3], whereoverallaccuracyalueshigherthan 93.6%wereachievedn thevine
classificationThe classificatiorstatisticsof the baresoil and bermudagrasslassesbtainedin
the confusionmatrix (OA andPA) for the orthomosaiccorrespondingo eachsensorfield,
andyearareshownin Table4. The matrix indicatedan overallaccuracyhigherthan 97.7%n
all of the casestudied wellabovethe minimum acceptedialuestandardizedit 85%by [73].
Theseconsistentesultsprovedthe suitability of the VIs selectedn the previousspectrabnaly-
sisanddemonstratedhatthe VI-basedOBIA algorithmcorrectlyidentified and mappedthe
bermudagraspatchesn theinter-rowsof thevineyardsn both yearsof the study.Moreover,
highdegreesf producer'saccuracywith valuescloseto or even100%wereachievedn all the
studiedcaseswhich correspondedo null or verylow valuesof omissionerror.

Similarclassificatioraccuracywasachievedisingimagesrom both camerasprovingthat
it is possibleéo mapbermudagrasatthe vegetativestagdasedn RGB-imagenand RGNIR-
imagerytakenby UAV. For example99.6%and 99.9%of PA wereobtainedfor the bermuda-
gras<lasasingthe RGBand RGNIR camerasn field A-2017 respectivelyand moreover,
OA valuesf 98.7%and 97.7%werereachedor thoserespectiveameragandfield in 2016.
Thereforedueto the similar resultsaswell asthe handlingand cheapercostsof the conven-
tional cameraasapreliminary conclusionof this experimentwerecommendahe useof an

Table 4. Classification statistics obtained in confusion matrix for each year, field and camera.

Year

2016

2017

Field

A

A

Camera Producer’s Accuracy (%) Overall Accuracy (%)
Bg" Bs
RGB 98.3 99.9 98.7
RGNIR 95.7 99.9 97.7
RGB 99.6 100 99.7
RGNIR 99.9 99.9 99.9
RGB 99.9 100 99.9
RGNIR 99.9 100 99.9

®Bg:BermudagassBs:Baresoil. Thealgorithmwasexecutedvith the selected/I for eachcamerain the previoussection,.e. ExGRfor RGB-orthanosaicand GNDVI

for RGNIR-orthomosaic.

https://da.org/10.1371durnal.pon®218132.t004
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RGBsensoifor bermudagrasappingatthe vegetativestageduring earlysummerin vine-
yards.Therebyonly resultsfor this cameraareshownthroughoutthe restof the manuscript.

Thehighly accurateesultsachievedn theimageanalysigprovedthatthe combinationof
UAV imageryand OBIA is asuitabletool to mapthe usualclassesicluding weedsn vine-
yards.In this context,[25] usedasimilarimage-basetd AV technologyto discriminateweeds
in maize(Zea mays L.) fieldsin the earlyseasorbtaining86%of OA in the confusionmatrix;
howeverthe precisionof the OBIA algorithmwasevaluatedy comparingweedcoverage
overgrid units, not overobjectsConsequentlythe OA wasrelatedto the percentagef frames
correctlyclassifieqthe numberof correctframesasa percentagef the total numberof sam-
pling frames)andunsuitablespatialaccuracymeasure$or OBIA wereperformed.In our
researchthe shapeandlocationof weedsvereevaluatedasfirst proposedoy [74], who
obtainedahigh levelof agreemenin the comparisorbetweerthe manualweedclassification
in herbaceousropsandthat automaticallyperformedby the OBIA algorithm;howeverno
matrix confusionwascalculatedn thatexperimentFurthermore althougha confusionmatrix
wasperformedin the previouspaperfor the 3D characterizatiorof vineyardq3], the matrix
evaluatedhe precisionin the grapevinevsthe non-grapevinelassificatior{composedy
inter-row covercropsand baresoil), sothis methodologyremainednon-validatedor weed
detectionin theinter-row of thevineyards.

The omissionerrors(OE),ascomplementaryo PAs,areshownin Table5, wherevalues
lowerthan 0.4wereobtainedin 201 7for bothfieldsand1.7in 2016for field A. Thus,only 1.7%of
the bermudagrasebjectswveremisclassifiegisbaresoil, whereasesshan 0.4%of weedpatches
weremisclassifiedh the restof the casedyeingfar belowthoseobtainedby [25], who reported
valuesof 17%for framesat moderateweedcoverageandby [26], who obtaineda 12%omission
error in the classificatiorof grasgBouteloua eriopoda Torrey) usingUAV and OBIA technigues.
Moreover,no errorswerequantifiedin the baresoil classificationFrom anagronomicperspec-
tive,akeyissuefor successfuhanagemenisto reportlow OE valuesasit increaseshe chanceof
controlling all of theweedpatchesindalsoreducesherisk of allowingweeddo gountreated
[75]. Therefore bermudagrasmapsobtainedfrom the automaticVI-basedOBIA algorithmcan
beanaccurateand suitabletool for farmersto control this speciedn vineyards.

Site-specific weed management. Thebermudagrasmapscouldhelpfarmersimprove
weedcontrol througharational-programnedstrategybasedn site-specifizveedmanage-
ment(SSWM) targetingsuitablecontrol measuresnly wheretheyareneededeitherintra-
or inter-rows.In addition, thesemapscould alsobeusedto both designa control management
strategyfor organicvineyardshroughsprayingorganicherbicidessuchascloveoil, aceticand
citric acidproducts[76,77],andusingherbicidesn the caseof non-organicvineyardsaccord-
ing to theweedcoverageln this context,site-specifibermudagrasgeatmentmapswere
designedythe OBIA algorithm (Fig 8) basedn the weedmapsasexplainedn the Materials
andMethodssectionthroughdelineatingsite-specifi¢reatmentzonesaccordingto the sev-
eralweedcoverthresholdsThreeuser-adaptableeatmentthresholdswvereselectedn this

Table 5. Omission error statistics obtained for each year and field using RGB camera.

Year Field Omission error (%)
Bg® Bs
2016 A 1.7 0.0
2017 A 0.4 0.0
B 0.1 0.0

®Bg:BermudarassBs:Baresoil.

https://abi.org/10.1371djurnal.por.0218132.t00
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Fig 8. Site-specific treatment maps for bermudagrass patches in field A-2016 according treatment thresholds: a)

0%, b) 2.5%, and c) 5%. Only resultsfor RGBcameraareshown.

https://cbi.org/10.1371djurnal.por.0218132.¢08

experiment, 2.5,and5%,where0%impliesthat herbicidesnustbeappliedin the treatment
zonejustwhenthereis the presencef bermudagrassnd 5%that the herbicidemustbe

appliedwhenweedcoveragés equalor higherthan5%.
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Table 6. Herbicide saving obtained from herbicide application maps as affected by treatment thresholds for RGB
imagery by year and field analyzed.

Year Field Herbicide saving by treatment thresholds (%)
0 2.5 5
2016 A 48.3 58.5 62.2
2017 A 24.4 335 38.7
B 23.4 31.9 36.5

Thesevaluescorrespmd to a1 x 0.5m grid cellsize.

https://cbi.org/10.1371durnal.por.0218132.t00

Thepotentialherbicidesavingscalculatedn termsof untreatedareasextractedrom the
SSWMmapsareshownin Table6. Sincesavinggpercentagewerecalculatecdbasedn bermu-
dagrassoveragesavingsaluesvariedfor eachscenariog.g. the potentialsavingdor field A-
2016consistedf 48.3%rom the more conservativgrescriptionmaps sinceanygrid with the
presencef bermudagraswasconsideredatreatmentareawhile potentialsavingf 23.4%
would beobtainedfor field B-2017underthe sameconservativeircumstancefFurthermore,
asexpectedhigherpotentialsavingsvereobservedor highertreatmentthresholdg25]. In
thatsenseabouta 14%raisein potentialsavingsvasachievedisinga5%weedthreshold
whencomparedo the more conservativenefor thethreecasesnalyzedConsequentlythe
reductionin the baresoil arearesultedfrom the growth of grapevinesndtheincreasen the
areainfestedby bermudagrass.

In summary thecombinationof UAV imageryandthe VI-OBIA algorithmdevelopegro-
videsautomaticandaccuratédbermudagrasmapping.Theseveedmapscouldbeusedto
designsite-specifibermudagrasmanagemenin organicvineyardsaswell asto createsite-
specificprescriptionmapsaccordingto weedcoveragdor non-organicvineyardsThesepre-
scriptionmapscouldaidin controlling bermudagrass severahgriculturalseasonsothat
the speciesouldbeeradicatedThis PV-basedpproachcouldleadto herbicidereductions,
andalsooptimizefuel,field operatingtime and cost[74].

Conclusions

Basedn the high competitioncausedy bermudagrasmfestationin theinter-row of vine-
yards the possibilityof mappingthis weedusingUAV-imagerywasevaluatedo facilitatesite-
specifioveedmanagemenin the contextof PV. Aerialimagesof severafieldswerecaptured
usingtwo sensorgRGBandRGNIR)attachedo the UAV thatallowedusto obtainultra-high
spatialresolutionimageryand operateon demandaccordingto the necessitiesf the grape-
vines First, the spectradataanalyseshowedsignificantdifferencebetweerthe baresoiland
bermudagrasshen ExGRand GNDVI werethe optimum VIs selectedo carryout the dis-
crimination betweerboth classefor the RGB-and RGNIR-orthomosaigrespectivelySecond,
anaccurateandfully automaticVI-basedOBIA algorithmwasdevelopedo mapbermuda-
grassnfestingtheinter-row of vineyardswherethe optimum VI for eachcameravasimple-
mented.Grapevinesveremappedusingphotogrammetric-basd DSMs thusavoiding
misclassificatiomlueto the spectrakimilarity betweerthe vinesandbermudagrassdigh val-
uesof mapclassificatioraccuracy>97.7%)wereachievedvith eachof the camerasproving
thatit is possibleo mapbaresoil, grapevinesand bermudagrasatthe vegetativestagebased
on RGB-andRGNIR-imageryThus,dueto the similar resultsand handlingandcheapercost
of the conventionakcamerathe useof anRGBsensowasrecommendedor that objective.
Theanalysi®f the classifiecareafrom mapsallowedusto quantify grapevinegrowthin
thoseyearsandrevealedhe areainfestedby bermudagrasshus,thesebermudagrasmaps
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generatedy the ViIs-basedOBIA algorithm could helpfarmersimproveweedcontrol in
organicvineyardghroughawell-programmedstrategybasedn site-specifisveedmanage-
ment(SSWM).Moreover site-specifibermudagrasseatmentmaps,accordingto theweed
coverag®f thefield, weredesignedy the algorithmto sprayherbicidego beusedfor non-
organicvineyarddn the contextof precisionviticulture. Usingtheseprescriptionmapscould
aidin controlling bermudagrasacrosseverahgriculturalseasonanderadicatinghis
species.

This PV-basedipproachcouldreduceherbicideuse andoptimizefuel, field operating
time,andcosts.

Supporting information

S1 Table. Spectral values for every digitized pixel of bermudagrass and bare soil obtained
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with RGNIR camera in 2016.
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