


parcelsof landdueto theabsenceof methodsthataccuratelyanalyzevariability[2]. Therefore,
analysisof theinfluenceandspatialdistribution of variabilitywill allowgrapegrowersto man-
agevineyardsmoreefficientlyfor productionandgrapequality[3]. Thisapproachis theagro-
nomicbasisof precisionviticulture (PV),whichassesseswithin-field spatialvariability(e.g.,
soilcharacteristics,weedpatches,fungi infection,insectpestattack,grapequalityor matura-
tion, production,balancebetweenvegetativegrowth,andreproductivegrowth,amongothers)
[4]. Implementationof PV,for eithertargetedmanagementof inputsand/orselectiveharvest-
ing atvintage,beginswith monitoring vineyardperformanceandassociatedattributes,fol-
lowedby interpretationandevaluationof thecollecteddata[5]. PV ismainly focusedon
optimizingcropproductionandprofitability by reducingproductioninputs;,therefore,its
mainobjectiveis to diminish thepotentialdamageto theenvironmentandunnecessarycosts
dueto over-applicationof inputs.Besidestheseeconomicandenvironmentalbenefits,PV
practicescomplywith theEuropeanPolicyto regulateasustainableandrationaluseof agricul-
tural productsandpesticidesatafarm levelto leadcurrentclimatic,socio-economic,andenvi-
ronmentalchangeswhileensuringfeasibilityandprofitability [6].

Remotesensinghasbeenwidelyusedto characterizevineyardsandtheir associatedattri-
butesto beusedin site-specificmanagement.Forexample,[7,8] exploredsatelliteimagesto
predictwineyieldandmapvineyardleafarea,respectively;[9] usedimagestakenbypiloted
aircraftsto estimatethegrapevinecanopydensityandidentify thegrapevinerows.Currently,
UnmannedAerialVehicles(UAVs) standout amongtheotherremotesensingplatforms
becausetheycanfly at low altitudes,captureimageswith ultra-highspatialresolution(milli-
metricaccuracy)[3,10,11],and,on demandin critical moments,whicharenot feasiblewith
airborneor satelliteplatforms.Therefore,theuseof UAVs hasbeenprovento beacrucial
remotesensingtool to addressPV objectives[12±14].

Weedsareknownto beamajorproblemin agriculture,leadingto a32%worldwidereduc-
tion in cropyields[15]. Recently,Cynodon dactylon (L.) Pers.(bermudagrass)hasbeen
reportedto infestvineyards[16,17],causingcompetitionfor nutrientsandwater,especiallyin
summerwhenirrigation isneeded[18]. Thisperennialsummergrassiswidelyadaptedto a
rangeof climatesandsoils,propagatesmainlyvegetativelythroughstolonsandrhizomefrag-
mentation,andisconsideredaseriousproblemin cultivatedcropsworldwide.In addition,
weedmanagementstrategiesin vineyardssuchastillage,herbicides,or covercropshavestrong
implicationsfor winequality[19±21].

Thespectralsimilarity betweenbermudagrassandgrapevinesin summerjust,whencom-
petition for waterismaximumandweedsmustbecontrolled,makesdiscriminationusing
pixel-basedimageanalysisalmostunfeasible,asthisapproachfocusessolelyon spectralinfor-
mation[22]. Alternatively,theuseof UAV-basedDigital SurfaceModels(DSMs)hasbeen
shownto beanefficientalternativeto isolateandclassifywoodycropplants[3,23,24].Never-
theless,computingthelargeamountof dataembeddedin UAV imagesandDSMsrequiresthe
implementationof robustandautomaticimageanalysisprocedures.In thissense,object-
basedimageanalysistechniques(OBIA) havereachedhigh levelsof automationandadaptabil-
ity to ultra-highspatialresolutionimages,typicalof UAV images[25,26].Comparedto pixel-
basedmethods,theapplicationof object-basedapproachoffersthepossibilityof evaluating
spectralandtextural,contextual,andhierarchicalfeatures[27], addressingchallengingspectral
similarity scenariosrelatedto thedesignof site-specificweedmanagement[25]. However,to
thebestof our knowledge,theUAV-basedDSMandOBIA combinationhasnot yetbeen
appliedto mapbermudagrassin vineyards.

Therefore,thegoalof this researchwasautomatic,accurate,andrapidmappingof bermu-
dagrassanddesigningmanagementmapsusingUAV-imageryandOBIA techniques.Thespe-
cific objectivesincluded:(1) selectionof theoptimum spectralvegetationindicesthatbest
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discriminatedbermudagrassfrom baresoilasaffectedbysensorsseparatelyattachedto the
UAV (spectralanalysis);(2) developmentof anautomaticandrobustOBIA algorithmfor each
camera,usingthoseselectedvegetationindices,for classifyingbermudagrass,baresoil,and
grapevinesandevaluatingtheaccuracyof theprocedure(imageanalysis);and(3) designof
site-specificmanagementmapsaccordingto weedinfestationlevel.It is important to highlight
that thefull protocolestablishedin thispaperiscomposedof anovelOBIA algorithmthat
doesnot requireuserintervention.

Materials and methods

Study sites description and UAV flights

Thisresearchwasconductedin two experimentaldrip-irrigatedorganicvineyards,fieldsA
andB,locatedin Cabra(CoÂrdoba,SouthernSpain).Eachsitewasapproximately0.5hectares.
Bothvineyardswereplantedwith cv.PedroXimeÂnezin 2013with rowsorientedeast±west
andtrainedasaverticalshootpositionedbilateralcordon.Plantspacingwas2.5m (inter-
rows)x 1.3m (intra-row). Inter-row spaceswereuniformly managedbybiannualtillageand
manualmowingusingabrushcutter,whicheffectivelycontrolledall weedspeciesexceptber-
mudagrass,resultingin cleaninter-row spacingwithout covergreenandonly with thepres-
enceof bermudagrasspatches.

A quadcoptermodelMD4-1000(microdronesGmbH,Siegen,Germany)with vertical
take-offandlanding(Fig1A) wasusedastheplatformfor imageacquisition.Thismodelwith
four brushlessmotorswasbattery-poweredandcouldeitherbemanuallyoperatedbyradio
control or autonomouslywith theaidof its GlobalPositionSystem(GPS)receiverandits way-
point navigationsystem.Theimagerywereacquiredwith two still point-and-shootcameras
thatwereseparatelymountedin theUAV: (1) avisible-light(RGB:Red(R),Green(G) and
Blue(B)) camera,modelOlympusPENE-PM1(OlympusCorporation,Tokyo,Japan)with a
sensorsizeof 17.3x 13.0mm and12.2megapixels(4,032x 3,024pixels);and(2) amodified
(RGNIR:Red(R),Green(G) andNIR) camera,modelSONYILCE-6000(SonyCorporation,
Tokyo,Japan)composedof a23.5× 15.6mm APS-CCMOSsensorcapableof acquiring24

Fig 1. a)QuadcoptermicrodroneMD4-1000with theRed-Green-NearInfrared(RGNIR)cameraattached,flying overoneof thevineyardsandb) detailof
anRGB-imagetakenby theUAV from field A-2017. Thecirclesin bluecolor representbermudagrasspatchesgrowingin theinter-rows.

https://doi.org/10.1371/journal.pone.0218132.g001
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megapixels(6000× 4000pixels).TheRGNIRcamerawasmodifiedto captureinformation in
both theNIR andvisiblelight (greenandred)byaddinga49-mmfilter ring to thefront nose
of thelens,manufacturedbyMosaicmill(MosaicmillOy,Vantaa,Finlandia),whereafocus
calibrationprocesswascarriedout.

Theflight missionswereconductedin mid-June2016(field A) and2017(fieldsA andB),
whenbermudagrasswasat thevegetativegrowthstage,showingthetypicalgreencolorof this
phenologicalstage(Fig1B),and,therefore,hadaspectralresponseverysimilar to thatof the
grapevines.During eachflight, theUAV routewasconfiguredto fly at30metersaltitudewith
aforwardlapof at least90%.In addition,asidelapof 60%wasprogrammed.Theflightswere
carriedout atnoon,to takeadvantageof thesun'spositionandthusminimizeshadowson
acquiredimages.All flight operationsfulfilled thelist of requirementsestablishedby theSpan-
ishNationalAgencyof AerialSecurityincludingpilot license,safetyregulations,andlimited
flight distance[28].

Geomatic products generation

Theimagesacquiredfrom eachcamerawereprocessedusingPhotoScanProfessionalsoftware,
version1.2.4build 2399(AgisoftLLC,St.Petersburg,Russia)to generatethreegeomaticprod-
ucts:(1) athree-dimensional(3D) point cloud,byapplyingtheStructure-from-Motion(SfM)
technique;(2) adigital surfacemodel(DSM)createdfrom the3D point cloudthatprovides
heightinformation;and(3) anorthomosaic(Fig2),whereeverypixelcontainedRGBor
RGNIRinformation dependingon thecamerausedaswellasthespatialinformation.

Themosaickingprocesswasfully automatic,exceptfor themanuallocalizationof six
groundcontrol points(GCPs),with four placedin thecornersandtwo in thecenterof each
field to georeferencethegeomaticproducts.TheseGCPscoordinatesweremeasuredusing
two GNSSreceivers:onewasareferencestationfrom theGNSSRAPnetworkfrom theInsti-
tute for StatisticsandCartographyof Andalusia(Spain),andtheotherwasaGPSwith acenti-
meteraccuracy(modelTrimble R4,Trimble company,Sunnyvale,California,United States)
asaroverreceiver.First,thesoftwarematchedthecamerapositionandcommonpointsfor
eachimage,whichfacilitatedtherefinementof thecameracalibrationparameters.Oncethe
imageswerealigned,the3D point cloudwasgeneratedbyapplyingSfMtechniqueto the
images,whichwasusedasthebasisto generatetheDSM.TheDSMrepresentstheirregular
geometryof thegroundandtheobjectson it bymeansof a3D polygonmesh.Next,the

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

https://doi.org/10.1371/journal.pone.0218132.g002
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individual imageswereprojectedovertheDSM,andtheorthomosaickedimagewasgenerated.
Finally,theDSMwasjoinedto theorthomosaicasaTIFFfile consistingof a4-bandmulti-layer
file (Red,Green,BlueandDSM,for thevisible-lightcamera;andRed,Green,NIR, andDSM,
for themodifiedone).A further descriptionaboutthePhotoScanfunction isgivenin [29].

Thegeomaticproductshaddifferentspatialresolutionsaccordingto thetechnicalcharac-
teristicsof eachsensor.Forexample,in 2016:(1) 0.86and1.72cm/pixelfor theorthomosaic
andDSMgeneratedfrom theRGBcamera;and(2) 0.54and1.07cm/pixelfor theRGNIR
camera,whichwasalmosthalfof thevaluesobtainedwith theRGBcamera.Themethodology
to build theseaccurategeomaticproductshasbeenvalidatedin previousstudies[24].

Ground truth data

A setof 181x 1 m georeferencedsamplingframeswasplacedin everyfield to representthe
currentweedinfestationin thevineyard,ensuringthat theentirefield hadanequalchanceof
beingsampledwithout operatorbias[30]. Theframesweresetcoveringbaresoilandbermu-
dagrasspatches,andgeoreferencedasdescribedfor theGCPs(Fig3).

Thehigh resolutionof theorthomosaic(Fig4A) madeit possibleto visuallyidentify the
bermudagrasspatchesin everysamplingframeandconductamanualclassificationof weed
infestationandbare-soil(Fig4B)usingENVI software(ExelisVisualInformation,Solutions,
Boulder,Colorado,United States),whichresultedin thegroundtruth (GT) datafor theproce-
dure.25%of theGT full datasetcorrespondingto field A-2016aswellas25%theGT full data-
setof field A-2017wereusedfor thespectralanalysis,whereastheremaining75%of every
field-yearwereemployedfor thevalidationof theimageanalysis(OBIA algorithm)of each
orthomosaic.Additionally, field B-2017wasselectedto generalizetheprocedure,usingtheGT
full datasetonly for validationpurposesof theclassificationof bermudagrassinfestationmap.

Spectral analysis: Optimum vegetation index

In orderto spectrallyseparatebaresoilandbermudagrass,thefollowinganalysiswasper-
formed.Asexplainedabove,25%of theGT full datasetfrom both theA-2016andA-2017
fieldswasusedin thespectralanalysisto selecttheoptimalvegetationindex(VI) thatbest

Fig 3. a)Placingandgeoreferencingtheframesin field A-2017andb) detailof aframecoveringbermudagrassandbaresoilclasses.Theindividualsin thismanuscript
havegivenwritten informedconsent(asoutlinedin PLOSconsentform) to publishthesecasedetails.

https://doi.org/10.1371/journal.pone.0218132.g003
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discriminatedbermudagrassandbaresoil for eachcamera(visibleandmodified).Themean
spectralreflectancecalculatedfor thethreespectralbandsof eachcamera(RGBandRGNIR)
for eachclass(weedandbaresoil)wereusedto calculate14and18vegetationindicesand
bandratios,respectively(Table1).TheVIs in thisstudyarerelatedto vegetationconditions
andplantstructureandarewidelyusedin agriculturalstudies[31,32].

TheVIs wereanalyzedbyperformingaone-wayanalysisof variance(ANOVA) followed
byTukeyÂsHonestSignificantDifferencetest(P<0.05)andfinally,applyingtheM-statistic
(Eq1) [33] to quantifythehistogramseparationof vegetationindices.TheM-statisticvalue
expressesthedifferencein themeansof theclass1 andclass2 histogramsnormalizedby the
sumof their standarddeviations(σ). Accordingto [33], thesamedifferencein meanscangive
differentmeasuresof separabilitydependingon thespreadof thehistograms,i.e.,narrowhis-
tograms(smallerσ) will causelessoverlapandmoreseparabilitythanwiderhistogramsfor the
samedifferencein means.

M ¼
Meanclass1 � Meanclass2

sclass1 þ sclass2
ð1Þ

StatisticalanalysiswasconductedusingthesoftwareJMP(JMP10,SASInstitute Inc.,Cam-
pusDrive,Cary,NC,USA27513).TheselectedVI for eachcamerawassubsequentlyimple-
mentedin theOBIA algorithmfor bermudagrass,baresoil,andgrapevineclassification.

Image analysis: Bermudagrass mapping

OBIA algorithm. OncetheVIs thatbestseparatedbaresoilandbermudagrasswere
selected,anovelOBIA algorithmwasdevelopedto classifythegrapevines,baresoil,andber-
mudagrassusingCognitionNetworkprogramminglanguagewith theeCognitionDeveloper
9.2software(Trimble GeoSpatial,Munich, Germany).Thealgorithmis fully automaticand
requiresno userintervention.Besidesthis,thesamealgorithmwasusedto analyzetheortho-
mosaicsgeneratedbyeachcamera,with theonly differencebeingtheVI implementedby
selectingtheoptimalonefor each.Thesequenceof phasesthatcomposethisalgorithmis
detailedbelow:

Fig 4. Detailof RGB-orthomosaicof field A-2017showing:a)samplingframescoveringbermudagrassandbaresoilandb) manualclassification of bermudagrass(green
color)andbaresoil (browncolor)classesthatmadeup thegroundtruth data.

https://doi.org/10.1371/journal.pone.0218132.g004
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i. Vine classification: Height information containedin theDSMmodelwasusedto detectand
classifygrapevineobjects(Fig5B),asfully describedin apreviouswork [3], whichfirst con-
sistedof orthomosaic-imagesegmentationbasedon spatialinformation for objectgenera-
tion (chessboardsegmentation).Then,theDSMstandarddeviationwasusedto create"vine
candidates"thatwereanalyzedat thepixel levelto achieveamorerefinedgrapevineclassifi-
cation.Finally,thealgorithmclassifiedeverypixelasvineyardor not-vineyardbycompar-
ing their heightvaluefrom theDSMwith thatof theadjacentbaresoil.Therefore,spatial
information provedto beverysuitablefor grapevineclassification,avoidingerrorsrelated
to field slopebyconsideringaveragesoilaltitudeaswellasavoidingconfusiondueto spec-
tral similarities.Finally,theobjectsin theimageswereclassifiedasvineyardor not-vineyard
objects(Fig5C).

Table 1. Spectral vegetation indices and their equations used for both cameras.

Vegetation index Equation Cameraa

R/Bindex[34] R
B 1

R/G index(This study) R
G 1,2

NormalizedRedGreendifferenceindex[35] NRGDI ¼ G� R
GþR 1,2

Normalizedpigmentchlorophyllindex[36] NPCI ¼ R� B
RþB 1

Visibleatmospherically resistantindex[37] VARI ¼ G� R
GþR� B 1

Woebbeckeindex[38] WI ¼ G� B
R� G 1

ExcessBlue[39] ExB = 1.4B−G 1

ExcessGreen[40] ExG = 2G−R−B 1

ExcessRed[41] ExR = 1.4R−G 1,2

ExcessGreen-Red[42] ExGR = ExG−ExR 1

Color indexof vegetation[43] CIVE = 0.441R−0.811G+0.385B+18.78745 1

Vegetativeindex[44] VEG ¼ G
ðR0:667Þ�ðB1� 0:667Þ

1

Indicescombination1 [39] COMB1 = 0.25ExG+0.3ExGR+0.33CIVE+0.12VEG 1

Indicescombination2 [45] COMB2 = 0.36ExG+0.47CIVE+0.17VEG 1

Chlorophyllindexgreen[46] CI ¼ NIR
G � 1 2

Differencevegetationindex[47] DVI = NIR−R 2

Vegetationindexfaster[48] VIF ¼ NIR
NIRþR 2

Greennormalizeddifferencevegetationindex[49] GNDVI ¼ NIR� G
NIRþG 2

Ratiovegetationindex[50] RVI ¼ R
NIR 2

Modified normalized differencevegetationindex[51] MRVI ¼ RVI� 1

RVIþ1
2

Modified simpleratio [52] MSR ¼
NIR
R � 1ffiffiffiffiffiffiffiffi
NIR
R þ1

p 2

Modified soil-adjustedvegetationIndex[53] MSAVI ¼ 2NIRþ1�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð2NIRþ1Þ2 � 8�ðNIR� RÞ
p

2

2

NIR±Gindex[54] NIR−G 2

NIR/G index[54] NIR
G 2

Non-linearvegetationindex[55] NLI ¼ NIR2 � R
NIR2þR

2

NormalizeddifferencevegetationIndex[56] NDVI ¼ NIR� R
NIRþR 2

Optimizationsoil-adjustedvegetationindex[57] OSAVI ¼ NIR� R
NIRþRþ0:16

2

Transformed vegetationindex1 [58] TVI1 ¼ NDVIþ0:5

ABSðNDVIþ0:5Þ
�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ABSðNDVI þ 0:5

p
Þ 2

Transformed vegetationindex2 [59] TVI2 = 0.5×(120×(NIR−G)−200×(R−G)) 2

a1:RGB;2:RGNIR

https://doi.org/10.1371/journal.pone.0218132.t001
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ii. Bermudagrass and bare soil classification: Oncethegrapevineswerecorrectlyclassified,the
orthomosaicwassegmentedusingamultiresolutionsegmentationwherethelayersRed,
Green,andBluefor theRGBcamera,andRed,Green,andNIR for theRGNIRcamera
wereweightedto 1,whereastheDSMlayerwasweightedto 0 in bothcases.Multiresolution
segmentationisabottom-upsegmentationalgorithmbasedon apairwiseregionmerging
techniquein which,basedon severalparametersdefinedby theoperator(scale,color/
shape,smoothness/compactness),theimageissubdividedinto homogeneousobjects.The
scaleparameterestablishedwas5,whereas0.3and0.5werechosenfor shapeandcompact-
ness,respectively.Thesevalueswerechosenafterperformingseveraltestsfor showinga
bettervisualadjustmentbydelineatingbermudagrasspatchesandbaresoil.Therefore,
thesevaluescouldalsobeusedin othervineyardswith similarcharacteristicswherebermu-
dagrassclassificationis required.

Subsequently,theno-vineyardobjects,consistingof baresoilandbermudagrasswereclassi-
fiedusingtheVI selectedfor eachcamerain theprevioussection.Theoptimum ratio valuewas
conductedusinganautomaticanditerativethresholdapproachfollowingtheOtsumethod[60]
implementedin eCognition,in accordancewith [61]. Finally,aclassifiedmapwasgenerated
wherebermudagrasspatches,baresoil,andgrapevineobjectsweredefined(Fig5D).

iii. Site-specific bermudagrass management maps: After vineyard±weed±baresoilclassifica-
tion, information relativeto bermudagrasspatcheswasavailablesuchasnumber,location
(X andY UTM coordinates),andareacoveredbyweedpatchesandvinesfrom theclassi-
fiedmap.Asanadditionalphaseof theprocess,thealgorithmhastheoption to design
site-specificbermudagrassmanagementmapsthatareuser-configurabledependingon
themanagementstrategy.For thispurpose,thealgorithmcreatedanewlevelbycopying
theclassifiedobjectlevelto anupperlevelandachessboardsegmentationwasappliedto
build auser-adjustablegrid frameworkfollowing thegrapevinerow orientation.In this

Fig 5. Several stages of the OBIA algorithm for an enlarged view belonging to field A-2016 and RGB camera. a)
theRGBbands,b) theDSMof theorthomosaic,c) vineline classification (grapevinesin greencolorandno-vineyard
objectsin whitecolor),andd) classifiedmap(grapevinesin greencolor,bermudagrasspatchesin redcolor,andbare
soil in yellowcolor).

https://doi.org/10.1371/journal.pone.0218132.g005
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experiment,acustomizable1 x 0.5m grid sizewasselectedaccordingto thespecifications
of theintra- andinter-row weederusuallyusedin organicvineyards[62]. A hierarchical
structurewasgeneratedin theinter-row areabetweenthegrid super-objects(upperlevel)
andthebermudagrassandbare-soilsub-objects(lowerlevel).Next,theweedcoverage(%
of bermudagrass)wasautomaticallycalculatedfrom theratio of bermudagrasscoverage
to totalareapergrid, asit isconsideredasoneof themainvariablesin theweedcontrol
decision-makingprocess[25]. Thus,basedon theinformation relatedto weed-freezones
andweed-infestedzones,site-specifictreatmentmapswerecreated.

Bermudagrass map validation. Theaccuracyof thealgorithmwasassessedbycomparing
theGT datacorrespondingto bermudagrassinfestationandbaresoil (manualweedcoverage
andbaresoilarea)with theoutputof everyimageclassificationprocess(estimatedbaresoil
andweedcoverage)throughaconfusionmatrix.Ascommentedbefore,75%of theGT full
datasetscorrespondingto field A for both2016and2017wereusedto assesstheclassification
accuracy.In thecaseof field B-2017,theGT full datasetwasused,sothissetof exampleswas
usedonly to assesstheperformance(i.e.,generalization)of thedevelopedalgorithm.Thecon-
fusionmatrix providedoverallaccuracy(OA) (Eq2) of eachorthomosaicclassification,which
representedthepercentageof correctlyclassifiedarea(baresoilandbermudagrass);andthe
producerÂsaccuracy(PA) that indicatedtheprobabilitythataclassifiedobjectactuallyrepre-
sentsthatcategory,i.e.,thecategoryof thegroundtruth data[63]. Theomissionerror, i.e.,the
complementaryvalueto PA,wasalsocalculatedfrom theconfusionmatrix andquantifiedthe
proportion of bermudagrasscoveragemisclassifiedasbaresoil.

Overall classification accuracy %ð Þ ¼ 100�
Area correctly classified
Total area classified

ð2Þ

Themethodologyto identify vinerowsbasedon DSMinformation hasbeenvalidatedin a
previousstudy[3], whereahigh levelof precisionwasreached.

Results and discussion

Spectral analysis: Vegetation index selected

Spectralinformation from everyorthomosaicwasevaluatedto selecttheVI thatbestdiscrimi-
natedbetweenthebermudagrassandbaresoil,asaffectedby thespectralrangeof eachcamera,
i.e.,RGBandRGNIR.Significantdifferencesbetweenbothclasseswereobservedin all theVI
calculated.Theseresultsconfirmedthepotentialof discriminatingbermudagrassfrom bare
soilbyusingUAV-imagestakenat thevegetativestagewith anyof thecameras(RGBand
RGNIR)onboardtheUAV, whenbermudagrassplantsshowedaverydifferentgreencolor
from thebrownof thebaresoil.Thebestresultsobtainedwith theM-statisticfor imagestaken
with eachtypeof camerawererankedandareshownin Table2.

Accordingto [64], two classesexhibitmoderateseparabilitywhenM exceeds1andgood
discriminationwhenit exceeds2.In thisexperiment,mostof theVIs extractedfor eachcam-
eraachievedM valueslargerthan2,thereforeshowinghighdiscriminatorypowerto separate
bermudagrassfrom baresoil.ExGRshowedthebestspectralseparabilityin theanalysisof the
RGB-range,reachinganM valueof 3.50,whereasGNDVI wastheselectedindexfor the
RGNIR-rangespectralanalysis,asobtainedby thehighestM value(2.27).Asaresultof the
spectralanalysis,ExGRandGNDVI weretheoptimum VIs selectedto carryout thediscrimi-
nationbetweenbothclassesfor theRGB-andRGNIR-orthomosaic, respectively,thus,thecor-
respondingindexwasimplementedin theclassificationalgorithmdeveloped.
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ExGRisacombinationof redness(ExR)andgreenness(ExG)indiceswidelyusedfor vege-
tation identificationwith visiblespectral-indexbasedmethodsundertheassumptionthat
plantsdisplayahighdegreeof greennessdueto chlorophyllin theleaves.In thiscontext,
[39,65]usedExGRto separatetheplantsfrom thesoilandresiduebackgroundin theRGB
images.On theotherhand,GNDVI hasbeenusedto measureseveralplantparametersinclud-
ing N status[66,67],plantbiomass[68], andearlydiseasedetection[31] dueto thehighsensi-
tivity to thechlorophyllconcentrationvariationof thisvegetationindex.Thus,basedon that
premiseandtheresultsobtainedin thespectralanalysisin this investigation,GNDVI showed
high robustnessin theability of separatingbaresoil (no chlorophyll)from bermudagrassat the
vegetativestage(in greencolordueto thehighconcentrationof chlorophyllpigment)asapart
of thedevelopedalgorithmfor theimageanalysis.Theseresultsshowedtheimportanceof the
timing for thisanalysis,asit is feasiblewhenBGplantsareatvegetationphenologicalstage
andgreen.On theotherhand,theseVIs wouldnot besuitablefor bermudagrassdiscrimina-
tion in anotherseason,e.g.in winter whenbermudagrassisdormant(light brown) andshows
asimilarspectralresponseto baresoil.At that time, it would thereforebenecessaryto applya
differentanalysissuchasthisonebasedon texturecharacteristics[69].

Image analysis

Classified maps. After thespectralanalysiswascarriedout, thestudyfocusedon image
analysis.An OBIA algorithmwasdevelopedto parsetheorthomosaicsasaffectedbykind of
sensorfor thesuitablediscriminationof bermudagrasspatches.Next,thealgorithmautomati-
callymappedgrapevines,bermudagrass,andbaresoilbyclassifyingeveryimageobjectaccord-
ing to thesethreeclasses.Thus,aclassifiedmapfor eachfield,year,andcamerawascreated
(Figs6 and7),wherecleardifferencesin grapevinesizewereobservedwhenanalyzingthetwo
yearsstudied.Moreover,thedevelopedmethodologywasableto mapbermudagrasswithin
thegrapevinerowsin thefirst studyyear(2016)sinceat that time thevineswereataninitial
stageof growthsothat thecanopywasnot closedandit waspossibleto getinformation down
to groundlevel.Nevertheless,thegrowthof thegrapevinesin thesecondyear(2017)madeit
unfeasibleto obtainthat information up to groundlevelwithin therow asthevinesshowed
overlappingcrowns.Consequently,usingthedevelopedUAV-basedOBIA algorithmat the
propertiming of grapevinegrowthwouldenableaccuratemappingof weedswithin vinerows.

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

Indicescombination1(COMB1) 3.48

ExcessRed(ExR) 3.16

Color indexof vegetation(CIVE) 3.06

ExcessGreen(ExG) 2.87

RGNIR Green normalized difference vegetation index (GNDVI) 2.27

Differencevegetationindex(DVI) 2.15

ChlorophyllindexGreen(CI) 2.14

NIR/G 2.14

NIR-G 2.10

Lettersin boldcorrespond thespectralvegetationindicesthatshowedthehighestM valuesandwerethenusedin the

further OBIA algorithm.

https://doi.org/10.1371/journal.pone.0218132.t002
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Thetotalareaoccupiedbygrapevinesandbaresoilaswellastheareainfestedbybermuda-
grasswasquantifiedandextractedfrom theseclassifiedmaps(Table3).

Similarresultsof theclassifiedareawereobtainedbyusinganyof thesensors,e.g.,24.4%
and24.5%for thevineclassin field A-2017whenemployingtheRGB-sensorandRGNIR-sen-
sororthomosaic,respectively;andsimilarly,for baresoil in field A-2016,reporting82.8%and
81.7%of theclassifiedarea,whichdemonstratedthealgorithmrobustness.

An increaseof approximately21%in thevineyardwasobservedin thecomparisonof 2016
and2017orthomosaicsfor bothsensors.Thesedifferencesin grapevinesizeweretheresultof
usualgrowthasarelevantrateof developmentwasexperiencedbyvinesin thoseyears[70].

Thesurfaceinfestedbybermudagrassalsoaugmentedin thecontextof that temporalcom-
parison,obtaininganincreasedvalueof 7.5%whentheRGBimagerywasanalyzed,despite
uniform weedmanagementin theinter-row spaceswascarriedout,Thismanagement

Fig 6. Classifiedmapsdevelopedby theOBIA-algorithm usingRGB-imageryfor field A in: a)2016andb) 2017.

https://doi.org/10.1371/journal.pone.0218132.g006
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Fig 7. Classifiedmapsdevelopedby theOBIA-algorithm usingRGNIR-imageryfor field A in: a)2016andb) 2017.

https://doi.org/10.1371/journal.pone.0218132.g007

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 (%)a

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

aPercentageof surfaceoccupiedfor eachclassrespectto total field area.

https://doi.org/10.1371/journal.pone.0218132.t003
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consistedof biannualtillageandmanualmowingusingabrushcutter;no syntheticchemicals
wereusedasboth fieldswereorganic.Thus,theincreaseof bermudagrasscoveragecouldbe
dueto inefficientweedmanagementsinceperennialweedsestablishedbyrhizomesor stolons
areconsideredthemostdifficult to managein organicorchards,andin fact,theycanbecome
apermanentcontrol targetastheremovalof aerialpartsdoesnot eliminateweedsandpor-
tionsof stolonsor rhizomesmayre-growandcolonizenewareas[71]. Accordingto [72],
amongtherecommendationsfor bermudagrassmanagement,mowingshouldbeminimized
asstolonscancauseweeddispersion.Theyadvisedasingledeepcultivation(up to six inches),
avoidingverymoistsoils,whichbringsmostshootsto thesurfaceto dry themout,andpointed
out that thisweedmanagement(tilling anddrying) did not eradicateseedsin thesoil.In addi-
tion, deepcultivationrisksdamagingtheroots,trunks,andarmsof thegrapevines[19]. Other
alternativesfor weedcontrol includetheuseof covercropssuchasperennialor annualgrasses
(Festuca arundinacea orHordeum vulgare, respectively)or legumes(Medicago rugosa), which
competewith thebermudagrassandreduceits infestation[17].

Furthermore,areductionin theareaoccupiedbybaresoilwasfoundusinganyof thesen-
sors,whichwasquantifiedas28.5%for theRGB-orthomosaicimageand25.9%for the
RGNIR-orthomosaic.

Bermudagrass mapping accuracy. Asmentionedin theOBIA algorithmdescription,the
vineclasswasfirst separatedfrom therestof classesusingDSMheightinformation as
describedin [3], whereoverallaccuracyvalueshigherthan93.6%wereachievedin thevine
classification.Theclassificationstatisticsof thebaresoilandbermudagrassclassesobtainedin
theconfusionmatrix (OA andPA) for theorthomosaiccorrespondingto eachsensor,field,
andyearareshownin Table4.Thematrix indicatedanoverallaccuracyhigherthan97.7%in
all of thecasesstudied,wellabovetheminimum acceptedvaluestandardizedat85%by [73].
Theseconsistentresultsprovedthesuitabilityof theVIs selectedin thepreviousspectralanaly-
sisanddemonstratedthat theVI-basedOBIA algorithmcorrectlyidentifiedandmappedthe
bermudagrasspatchesin theinter-rowsof thevineyardsin bothyearsof thestudy.Moreover,
highdegreesof producer'saccuracywith valuescloseto or even100%wereachievedin all the
studiedcases,whichcorrespondedto null or verylow valuesof omissionerror.

Similarclassificationaccuracywasachievedusingimagesfrom bothcameras,provingthat
it ispossibleto mapbermudagrassat thevegetativestagebasedon RGB-imageryandRGNIR-
imagerytakenbyUAV. Forexample,99.6%and99.9%of PAwereobtainedfor thebermuda-
grassclassusingtheRGBandRGNIRcamerasin field A-2017,respectively;andmoreover,
OA valuesof 98.7%and97.7%werereachedfor thoserespectivecamerasandfield in 2016.
Therefore,dueto thesimilar resultsaswellasthehandlingandcheapercostsof theconven-
tional camera,asapreliminaryconclusionof thisexperiment,werecommendtheuseof an

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

Year Field Camera Producer´s Accuracy (%) Overall Accuracy (%)

Bga Bs

2016 A RGB 98.3 99.9 98.7

RGNIR 95.7 99.9 97.7

2017 A RGB 99.6 100 99.7

RGNIR 99.9 99.9 99.9

B RGB 99.9 100 99.9

RGNIR 99.9 100 99.9

aBg:Bermudagrass;Bs:Baresoil.Thealgorithmwasexecutedwith theselectedVI for eachcamerain theprevioussection,i.e.ExGRfor RGB-orthomosaicandGNDVI

for RGNIR-orthomosaic.

https://doi.org/10.1371/journal.pone.0218132.t004
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RGBsensorfor bermudagrassmappingat thevegetativestageduring earlysummerin vine-
yards.Thereby,only resultsfor thiscameraareshownthroughouttherestof themanuscript.

Thehighlyaccurateresultsachievedin theimageanalysisprovedthat thecombinationof
UAV imageryandOBIA isasuitabletool to maptheusualclassesincludingweedsin vine-
yards.In thiscontext,[25] usedasimilar image-basedUAV technologyto discriminateweeds
in maize(Zea mays L.) fieldsin theearlyseasonobtaining86%of OA in theconfusionmatrix;
however,theprecisionof theOBIA algorithmwasevaluatedbycomparingweedcoverage
overgrid units,not overobjects.Consequently,theOA wasrelatedto thepercentageof frames
correctlyclassified(thenumberof correctframesasapercentageof thetotalnumberof sam-
pling frames)andunsuitablespatialaccuracymeasuresfor OBIA wereperformed.In our
research,theshapeandlocationof weedswereevaluated,asfirst proposedby [74], who
obtainedahigh levelof agreementin thecomparisonbetweenthemanualweedclassification
in herbaceouscropsandthatautomaticallyperformedby theOBIA algorithm;however,no
matrix confusionwascalculatedin thatexperiment.Furthermore,althoughaconfusionmatrix
wasperformedin thepreviouspaperfor the3D characterizationof vineyards[3], thematrix
evaluatedtheprecisionin thegrapevinevsthenon-grapevineclassification(composedby
inter-row covercropsandbaresoil),sothismethodologyremainednon-validatedfor weed
detectionin theinter-row of thevineyards.

Theomissionerrors(OE),ascomplementaryto PAs,areshownin Table5,wherevalues
lowerthan0.4wereobtainedin 2017for bothfieldsand1.7in 2016for field A. Thus,only1.7%of
thebermudagrassobjectsweremisclassifiedasbaresoil,whereaslessthan0.4%of weedpatches
weremisclassifiedin therestof thecases,beingfarbelowthoseobtainedby[25],whoreported
valuesof 17%for framesatmoderateweedcoverage,andby[26],whoobtaineda12%omission
error in theclassificationof grass(Bouteloua eriopoda Torrey)usingUAV andOBIA techniques.
Moreover,no errorswerequantifiedin thebaresoilclassification.Fromanagronomicperspec-
tive,akeyissuefor successfulmanagementis to report low OEvaluesasit increasesthechanceof
controllingall of theweedpatchesandalsoreducestherisk of allowingweedsto gountreated
[75].Therefore,bermudagrassmapsobtainedfrom theautomaticVI-basedOBIA algorithmcan
beanaccurateandsuitabletool for farmersto control thisspeciesin vineyards.

Site-specific weed management. Thebermudagrassmapscouldhelpfarmersimprove
weedcontrol througharational-programmedstrategybasedon site-specificweedmanage-
ment(SSWM),targetingsuitablecontrol measuresonly wheretheyareneeded,eitherintra-
or inter-rows.In addition,thesemapscouldalsobeusedto bothdesignacontrol management
strategyfor organicvineyardsthroughsprayingorganicherbicidessuchascloveoil, aceticand
citric acidproducts[76,77],andusingherbicidesin thecaseof non-organicvineyards,accord-
ing to theweedcoverage.In thiscontext,site-specificbermudagrasstreatmentmapswere
designedby theOBIA algorithm(Fig8) basedon theweedmapsasexplainedin theMaterials
andMethodssection,throughdelineatingsite-specifictreatmentzonesaccordingto thesev-
eralweedcoverthresholds.Threeuser-adaptabletreatmentthresholdswereselectedin this

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

Year Field Omission error (%)

Bga Bs

2016 A 1.7 0.0

2017 A 0.4 0.0

B 0.1 0.0

aBg:Bermudagrass;Bs:Baresoil.

https://doi.org/10.1371/journal.pone.0218132.t005
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experiment:0,2.5,and5%,where0%impliesthatherbicidesmustbeappliedin thetreatment
zonejustwhenthereis thepresenceof bermudagrass,and5%that theherbicidemustbe
appliedwhenweedcoverageisequalor higherthan5%.

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://doi.org/10.1371/journal.pone.0218132.g008
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Thepotentialherbicidesavings,calculatedin termsof untreatedareas,extractedfrom the
SSWMmapsareshownin Table6.Sincesavingspercentageswerecalculatedbasedon bermu-
dagrasscoverage,savingsvaluesvariedfor eachscenario,e.g.,thepotentialsavingsfor field A-
2016consistedof 48.3%from themoreconservativeprescriptionmaps,sinceanygrid with the
presenceof bermudagrasswasconsideredatreatmentarea,whilepotentialsavingsof 23.4%
wouldbeobtainedfor field B-2017underthesameconservativecircumstance.Furthermore,
asexpected,higherpotentialsavingswereobservedfor highertreatmentthresholds[25]. In
thatsense,abouta14%raisein potentialsavingswasachievedusinga5%weedthreshold
whencomparedto themoreconservativeonefor thethreecasesanalyzed.Consequently,the
reductionin thebaresoilarearesultedfrom thegrowthof grapevinesandtheincreasein the
areainfestedbybermudagrass.

In summary,thecombinationof UAV imageryandtheVI-OBIA algorithmdevelopedpro-
videsautomaticandaccuratebermudagrassmapping.Theseweedmapscouldbeusedto
designsite-specificbermudagrassmanagementin organicvineyardsaswellasto createsite-
specificprescriptionmapsaccordingto weedcoveragefor non-organicvineyards.Thesepre-
scriptionmapscouldaid in controllingbermudagrassin severalagriculturalseasonssothat
thespeciescouldbeeradicated.ThisPV-basedapproachcouldleadto herbicidereductions,
andalsooptimizefuel,field operatingtime andcost[74].

Conclusions
Basedon thehighcompetitioncausedbybermudagrassinfestationin theinter-row of vine-
yards,thepossibilityof mappingthisweedusingUAV-imagerywasevaluatedto facilitatesite-
specificweedmanagementin thecontextof PV.Aerial imagesof severalfieldswerecaptured
usingtwo sensors(RGBandRGNIR)attachedto theUAV thatallowedusto obtainultra-high
spatialresolutionimageryandoperateon demandaccordingto thenecessitiesof thegrape-
vines.First,thespectraldataanalysesshowedsignificantdifferencesbetweenthebaresoiland
bermudagrass,thenExGRandGNDVI weretheoptimum VIs selectedto carryout thedis-
crimination betweenbothclassesfor theRGB-andRGNIR-orthomosaic, respectively.Second,
anaccurateandfully automaticVI-basedOBIA algorithmwasdevelopedto mapbermuda-
grassinfestingtheinter-row of vineyards,wheretheoptimum VI for eachcamerawasimple-
mented.Grapevinesweremappedusingphotogrammetric-basedDSMs,thusavoiding
misclassificationdueto thespectralsimilarity betweenthevinesandbermudagrass.High val-
uesof mapclassificationaccuracy(>97.7%)wereachievedwith eachof thecameras,proving
that it ispossibleto mapbaresoil,grapevines,andbermudagrassat thevegetativestagebased
on RGB-andRGNIR-imagery.Thus,dueto thesimilar resultsandhandlingandcheapercost
of theconventionalcamera,theuseof anRGBsensorwasrecommendedfor thatobjective.

Theanalysisof theclassifiedareafrom mapsallowedusto quantifygrapevinegrowthin
thoseyearsandrevealedtheareainfestedbybermudagrass.Thus,thesebermudagrassmaps

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 33.5 38.7

B 23.4 31.9 36.5

Thesevaluescorrespond to a1 x 0.5m grid cellsize.

https://doi.org/10.1371/journal.pone.0218132.t006
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generatedby theVIs-basedOBIA algorithmcouldhelpfarmersimproveweedcontrol in
organicvineyardsthroughawell-programmedstrategybasedon site-specificweedmanage-
ment(SSWM).Moreover,site-specificbermudagrasstreatmentmaps,accordingto theweed
coverageof thefield,weredesignedby thealgorithmto sprayherbicidesto beusedfor non-
organicvineyardsin thecontextof precisionviticulture.Usingtheseprescriptionmapscould
aid in controllingbermudagrassacrossseveralagriculturalseasonsanderadicatingthis
species.

ThisPV-basedapproachcouldreduceherbicideuse,andoptimizefuel,field operating
time,andcosts.
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4. Arnó Satorra J, Casasnovas M, Antonio J, Ribes Dasi M, Polo R, Ramon J. Review. Precision viticul-

ture. Research topics, challenges and opportunities in site-specific vineyard management. Span J Agric

Res. 2009; 7: 779–790. https://doi.org/10.5424/sjar/2009074-1092

5. Bramley R, Pearse B, Chamberlain P. Being Profitable Precisely -A case study of Precision Viticulture

from Margaret River. Aust N Z Grapegrow Winemak Annu Tech Issue. 2003; 473a: 84–87.

Mapping bermudagrass in vineyard by UAV

PLOS ONE | https://doi.org/10.1371/journal.pone.0218132 June 11, 2019 17 / 21

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0218132.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0218132.s002
https://doi.org/10.1111/j.1755-0238.2002.tb00209.x
https://doi.org/10.1111/j.1755-0238.2004.tb00006.x
https://doi.org/10.3390/rs10040584
https://doi.org/10.5424/sjar/2009074-1092
https://doi.org/10.1371/journal.pone.0218132


6. Schieffer J, Dillon C. The economic and environmental impacts of precision agriculture and interactions

with agro-environmental policy. Precis Agric. 2015; 16: 46–61. https://doi.org/10.1007/s11119-014-

9382-5
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