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Abstract1

Theaimof thisstudywasto detectandlocalizeweedpatchesin orderto improve2

theknowledgeon weed-cropcompetition.A remotecontrolaircraft provided with3

a cameraallowed to obtain low costandrepetitive information. Differentsstages4

of imageprocessingwerenecessaryfor thedetectionof weedpatches.First a col-5

orimetric baseshift allows to separatethe soil and plant pixels. Then, a specific6

algorithmincludingGaborfilter wasableto detectecroprows on thevegetationim-7

age.Weedpatcheswerethendeducedfrom thecomparisonof vegetationandcrop8 �
Authorwhomcorrepondenceshouldbesent
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images.Groundlocalizationandgeometriccorrectionswererealizedusinggeorefer-1

encedlandmarks.Finally thedevelopmentof a new acquisitiondevice is introduced2

andits first resultsfor thediscriminationof weedsandcropsusingthespectralprop-3

ertiesareshown.4

Keyword : weeddetection,spatialanalysis,spectralanalysis,Gaborfilter, neural5

network, imageprocessing.6

1 INTR ODUCTION7

Weeddetectionwasextensively studiedasherbicideapplicationhasa relevantimpacton8

economicsandenvironment. Developinga sprayingstrategy in thecontext of precision9

agricultureneedsto improve in-field detectionof weeds. Weeddetectionusing image10

analysiswasdirectedthroughdifferentapproaches.First experimentalworkswerebased11

on thespectralsignatureof weedsandcrops.Vrindts et al. [1] determinedsomespecific12

spectralbandsto achieve weedidentification.Statisticalanalysiswereconductedto find13

spectralpropertiesof eachspecies.In thesamewayPolletetal. [2] developedanimaging14

spectrograph.This device gave animagewith thespatialdimensionon verticalaxisand15

the spectraldimensionon horizontalaxis. Anotherexperimentalmethodwasbasedon16

morphologicalpropertiesextractedfrom leaf shapeusingsimplegeometricshapefactors17

(elongation,diameter, . . . )[3, 4]. In the sameway Manh et al. useddeformabletem-18

platesto modelizeleaf shape[5,6]. In thesetwo last caseshigh resolutionimageswas19

needed.Moreover computationtime wasvery importantandlimited this applicationto20

smallareas.In-field detectionof weedswasalsopossibleonstubble.For example,Biller21

et al. [7] achieveda sensorto detectplantson baresoil. In this case,two opticalbands22

as red
�
650nm� and infra-red

�
850nm� were usedto find vegetation. The difference23
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betweenthe two wavelengthswasdeterminedandcontrolledonline spraying. Finally,1

lastapproachconcernedremotesensingimaging. For exampleaerialimagestakenwith2

four camerasequippedwith opticalband-passfilters wereusedby Rew et al. [8] to find3

wild oat in triticale crop. They showedthe increasein normalizeddifferencevegetation4

index (NDVI) with wild oatinfestation.All thesepreviousapproacheswereconductedin5

orderto discriminateweedsandcropsfrom their spectralsignatureor shape.Theobjec-6

tive of this paperis to developcomplementaryspectralandspatialmethodsuponaerial7

photographiesin orderto improveweeddetectionandlocalization.8

2 ACQUISITION AND PREPROCESSING9

2.1 Imageacquisition10

A remotecontrol aircraft wascustomizedfor this application. A OlympusµII1 camera11

wasplacedin the hold; the shotwasmanuallytriggeredthroughthe remotecontrol. A12

miniaturevideo cameraandan embeddedhigh frequency (HF) emitterprovided online13

imagesof theflying-over areaon a TV. Differentflight altitudesweretestedfrom about14

ten metersup to few hundredmeters.The resultingresolutionwasfound to vary from15

lessthan a centimeterper pixel up to somemetersper pixel. After developing, films16

weredigitalizedusinga CanonCanoScanD660Uscanner. 1702by 1136pixels images17

on red,green,blue (R,G,B) channelswereobtained.Thesesimageswerethensaved in18

BMP formatto avoid compressionlosses.Imagesanalyzedin this papercorrespondedto19

weed/cropcompetitiontestfieldslocatedin INRA domainin Dijon (France).20

1apertureof 1 : 2 � 8 andfocalof 35mm
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2.2 Georectification1

In the caseof high resolutionimages,only low altitudesflights wererealized. Several2

shotswerethenneededto getthewholefield. Landmarks(blackandwhitedraughtboard)3

wereplacedandgeoreferencedin thefield usingD-GPScoordinates( TrimbleProXRS)4

to locateimagesandalsoto give black andwhite references.A specificalgorithmwas5

developpedto give thetransformationmatrix betweenimagecoordinatesandGPScoor-6

dinates.7

3 IMA GE PROCESSING8

3.1 Soil and plants discrimination9

Two methodsaregenerallyemployed uponcolor imagesto solve this problem: texture10

analysisor color discrimination. In mostcasesthe first methodis very efficient but ac-11

curacy dependson soil roughness(dueto clods,tyresandimplementsprints)andneeds12

high costtime algorithms.Thesecondmethodis basedon thecolor propertiesbetween13

soil andvegetation.In this casetheR,G,Bcolor baseis not adaptedto find accuratecol-14

orimetricinformationonimagesacquiredundernaturallight. Indeed,color levelsdepend15

on lightness,thathasto beseparatedfrom chromaticvalues.TheHSV (hue,saturation,16

value)colorbaseallows this separationbut RGB-HSVtransformationappearsto benon-17

linear andunstablefor low RGB values. Steward andTian [9] describedanothercolor18

basewhich is a linear conbinationof RGB valuesthat appearedto be moreadaptedto19

vegetationimages.20
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Theequation1 describesa baserotation. The threevectors
�
V1 � V2 � I � areunitaryand1

perpendicular, soinformationarefully independent.I correspondsto theluminosityvec-2

tor includingshadowsandotherlightnessdefaultssuchasreflects.3 �
V1 � V2 � provide a colorimetricplane.V1 is definedasthedifferencebetweenredand4

greenchannels.ThenV1 is positive for vegetationpixelsandnegative for soil pixels. In5

this paperonly positivevaluesof V1 wereconsidered.6

3.2 Seedfr equencycharacterization7

Previousimagetreatmentsled to vegetationimagesincludingcropsandweeds.With the8

assumptionthat cropscorrespondedto repetitive structures,theFourier’s transformwas9

tested.In this caseeachpixel wasindividually analyzedthroughhis spatialdistribution10

andV1 intensity. TheFouriertransformresultcorrespondedto theperiodandtherotation11

angleof periodicstructures.For furthertask,theseedfrequency wascharacterizedusing12

aspecificalgorithm.13

3.3 Low fr equenciesenhancement14

First trials showedthat theseedfrequency hadoftena very low valuegenerallymaking15

the filtering difficult. The sizeof the filter kerneldependson the frequency, a low fre-16

quency involvesabig kernel,with inaccurateresultsandvery long computationtime. To17

minimize this constrain,a dilation of the lowestfrequenciesmustbeachieved. Theeas-18
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iestway is anunder-samplingof the imageby removing a line anda columnfrom two.1

Thisstepis recursively repeatedto obtaina frequency whichallowsanaccuratefiltering.2

In our casea valueof 1� 10 is neededwhich correspondsto about10 pixelsbetweentwo3

rows.4

3.4 Gabor filter5

Thefilter is a directive band-passfilter alongtheaxis[10]. It wascenteredon ω, σx and6

σy setthebandwidth respectively alongtheR1 axisandtheR2 axis. Periodicstructures7

with a frequency nearω anda rotationanglecloseto ϕ valuewereunchangedbut other8

strucutresweredeeplyfaded.9

g
�
x � y� � 2

πσxσy
exp � � R2

1

σ2
x

� R2
2

σ2
y � cos

�
2πωR1 � (2)

with10 ��� �� R1 � xcosϕ � ysinϕ

R2 � � xsinϕ � ycosϕ

Thespatialrepresentationof g
�
x � y� is shown in figure1-a,theFFT in figure1-b. It is a11

directivebandpassfilter centeredonω, andorientedby ϕ. Thewidth is definedby σx and12

σy. After sampling,a maskcanbedefined.Thesizeof themaskis dependingon σx and13

σy. We truncateg
�
x � y� on the interval � � 3ϕ � 3ϕ � , whereϕ is the maximumof

�
σx � σy � .14

Wekeepagoodapproximationwith anacceptablefilter size.15

3.5 Gain computing16

After filtering, cropswould have high value. A thresholdingcanbe considered,but the17

resultsarenot satisfying. On vectorV1, cropsandweedshave spreadvalues. So after18
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Figure1: Spatialandspectralrepresentationof Gaborfilter

filtering a low valueobtainedcanbedueto a weedpixel with high value,or a croppixel1

with a low value. Thenwe decidedto computethe gain of eachpixel for an accurate2

thresholding(table1). Thegainis definedfor eachvegetationpixel as:3

G � x � y�! pg � x � y�
pv1 � x � y� (3)

In thisequation,pg � x � y� is themoduleof thepointafterfiltering,andpv1 � x � y� thevalueof4

this point on thevectorV1. If thegain is near1, thepoint belongsto a periodicstructure5

definedby the coefficients of Gaborfilter. For thresholding,a level of " 3dB � 0 # 707�6

is generallychosen. A lowest thresholdincreasesthe bandwidth, a higher threshold7

diminishesit.8

Table1: Exempleof gaincomputationfor cropandaweedpixels
Beforefiltering : pV1 After filtering : pg Gain: G

Crop 0 # 5 0 # 45 0 # 9
Weed 0 # 5 0 # 05 0 # 1
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3.6 Results1

We first decidedto testthis algorithmon synthesisimagesto confirmthevalidity of the2

method. After this step,we tried it on imagesof variouscrops. Resultsdependedon3

speciesandvegetationstages.Cropswith animportantspreadingout asrapeandbarley4

gavebadresults.Indeedthespacebetweentwo rowswasrapidlyhiddenby foliageduring5

thevegetationgrowth. Sothediscriminationwasimpossiblewith only this method.The6

FFT did not give theseedlingfrequency, so theGaborfilter cannot be tuned. On other7

speciestheidentificationgavebetterresults,andweedscanbefoundat earlystage.8

3.6.1 Low altitude image9

Thefigure2-ashowsanimageof acornfield ( 6 per3 meterswith a resolutionof around10

5mm perpixel ). Someweedscanbenoticedbetweentwo rows. After theprocessing,11

cropsareshown in redandweedsappearin blue(figure2-b). Theendof somecropfoils12

aredetectedasweeds. This default is probablydueto the foil shapeelongationwhich13

correspondsto high frequency signal.14

3.6.2 High altitude image15

Using sometestfield of INRA, we alsoaquieredhigh altitudeimagesof weedpatches.16

Thepicturehave a sizewasabout20 per16 meterswith a resolutioncloseto 10cm per17

pixel. Thecropwascorn(zeamaïs) volontaryinfestedwith greenfoxtail (setariaviridis)18

patchesatvariousdensities.Themainweedpatcheswerewell recognised,but somecorn19

foils werestill detectedasweeds.20
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3.6.3 Partial conclusion1

The algorithm for crop row detectionwas efficient from a quantitative point of view.2

Cropswerewell recognized,only somefoil extremitiesweremisclassified.Weedswere3

alsoglobalywell classified.But, weedslocatedin croprows werestill detectedascrops.4

This resultled usto completethis previousspatialanalysisusingaspectralapproach.5

4 FIRST WORKS ON SPECTRAL PROPERTIES6

4.1 Developmentof a new acquisition device7

Previous works have shown possibilitiesof spectralinformation for the crop/weeddis-8

crimination[1, 11, 12]. In moststudies,thevisible band(red,green,blue) is completed9

with oneor several infra-redwavelengths.In the sameway, we built a new acquisition10

devicebasedon aCCD sensorequippedwhith a rotatingdischoldingfour filter. Two fil-11

tersarebandpass,onein blue(bandwidth: 50nm, centralwavelength: 500nm) andthe12

otherin thegreen(bandwidth: 75nm, centralwavelength: 550nm). Thetwo otherfilters13

arehigh-passat 675nm (red) and750nm (infra-red)asdescribedelsewhere([13]).The14

exposuretimecanbesetat differentvaluesdependingon thefilter bandwidth.First trials15

of thisdevicewererealizedin laboratorywith onioncropsandvariousweeds.16

4.2 Cropsand weedsseparationusing PCA17

Statisticaltools are usually appliedwith multicomponentimages. The principal com-18

ponentanalysis(PCA) is often usedto find the basewhich gives the bestdecorrela-19

tion betweendata. In our case,we can considereachpixel as a 4 componentvec-20
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tor : pi $ j �
%&&&&&&&' V1

V2

V3

V4

(*)))))))+ with i � j the coordinatesof the pixel andV1 ,-,-, V4 the valuesof this

1

pixel on thefour wavelengths.Wecandefinethecovariancematrixof this imageas:2

C � 1
N ∑

i $ j � Pi $ j � P� � � Pi $ j � P� T (4)

whereN is the numberof pixel in the imageandP the meanvectorof Pi $ j . The eigen-3

vectorsof thematrixC give thebasewherethedecorrelationis maximum.Theprincipal4

componentanalysiswasevaluatedto find somedifferencebetweencropsandweeds.It5

wascomputedonly on the vegetationpixel to improve the discrimination. As a result6

someslightvariationswerefoundbut thesevariationscannotbedetectedby a threshold-7

ing. Wedecidedto testanotherclassifierwith non-linearcapabilities.8

4.3 Cropsand weedsseparationusing a neural network9

Consideringthevariability of this kind of naturalimages,a learningclassifiercanbean10

interestingsolution[14]. In this case,few pixels areclassifiedby the operatorandthe11

systemlearnstheprincipal characteristicsof this train set. For first trials, a very simple12

neuralnetwork wasdeveloped.Theinputvectoris thevalueof thepixel onthefour wave-13

lengths.The input layerwascomposedof 8 cellswith a linearactivation function. The14

internallayerhadthesamenumberof neuronsbut with asigmoidfunctionwhichallowed15

a non-linearclassificationof data.Then,theoutputlayerwascomposedof 2 neuronsfor16

weedandcrop(W andC) with alsoasigmoidfunction.Thefollowing learningruleswere17

used.Thevalueof 0 � 1 and0 � 9 werepreferedthanrespectively 0 and1 for a betterlearn.18
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Table2: Learningrule
NeuronW NeuronC

Crop 0 � 1 0 � 9Weed 0 � 9 0 � 1Soil 0 � 1 0 � 1
With thesevaluesa betterconvergenceis obtained.So, the learningphaseis fasterand1

moreaccurate.2

Two trainingsetsweretested,bothhave tenpixelsof cropsandtenpixelsof weeds,3

but only onesetincludedtenpixelsof soil. Only thepixelsof vegetationwereclassified4

with thenetwork. Theresultswereslightly betterwhensomesoil pixelswereconsidered5

for learning. In this case,the edgepixels werebetterclassified. The figure 4-a shows6

the infra-redbandof the sourceimage. The figure 4-b and4-c show the result of the7

two neurons.A simplethreshold(equalto 0 � 5) wasappliedto obtainthesesimages.The8

network is thenableto distinguishthe two classeseven if thereareclose. For example,9

on thetop right corner(fig 4-a)a field bindweed2 leaf is coveredby anonionleaf. After10

classification,bothplantsarewell classified.11

5 CONCLUSION AND ENHANCEMENT12

A specificalgorithmwasdevelopedin orderto discriminateweeddirectly from anaerial13

photography. First resultsshowed that weedlocalizationwaspossibleusingspatialin-14

formationgivenafter frequency analysis.Theresultsdependedon cropsandvegetation15

stages.Nevertheless,thismethodappearedto beunefficientwhenseedlineswerenomore16

visible. Moreover, weedslocatedin croprowsweregenerallydetectedascrops.17

In orderto improve thesepreviousresults,speciesdiscriminationwastestedthrough18

2ConvolvusarvensisL.
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spectralinformation. A specificCCD camerawasdevelopedusing four optical filters.1

With theassumptionthata correlationcanbesuggestedbetweenspectrometricinforma-2

tion andvegetation,variousclassificationtoolsweretested.Principalcomponentanalysis3

did not allow a classification.This wasprobablydueto a non-linearcombinationof data4

(color andspecie).Theneuralnetwork gave betterresultsdueto its non-linearfunction5

of activation.6

At present,theCCD camerais destinatedto beembeddedin thedrone. So,suchan7

equipmentwill allow to acquirespectralinformationat a field scaleandalsocombina-8

tion with spatialinformation.Otherkind of informationasimagetexture,shapeanalysis9

would beconsidered.Thecombinationof all thesesinformationwill be achievedusing10

merging toolsasfuzzy logic.11
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Figure2: Sourceimage
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(b) Resultimage

Figure3: High altitudeimage
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NIR Image
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Figure4: Crop/Weedclassificationusinganeuralnetwork
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