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Abstract

Theaim of this studywasto detectandlocalizeweedpatchesn orderto improve
the knowledgeon weed-cropcompetition. A remotecontrol aircraft provided with
a cameraallowed to obtainlow costand repetitive information. Differentsstages
of imageprocessingverenecessaryor the detectionof weedpatches.First a col-
orimetric baseshift allows to separatdhe soil and plant pixels. Then, a specific
algorithmincluding Gaborfilter wasableto detectecroprows on the vegetationim-

age. Weedpatchesverethendeducedrom the comparisorof vegetationandcrop
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images.Groundlocalizationandgeometriccorrectionsvererealizedusinggeorefer
encedandmarksFinally the developmentof a new acquisitiondevice is introduced
andits first resultsfor thediscriminationof weedsandcropsusingthespectralprop-
ertiesareshawn.

Keyword : weeddetection,spatialanalysis,spectralanalysis,Gaborfilter, neural

network, imageprocessing.

1 INTRODUCTION

Weeddetectionwasextensvely studiedasherbicideapplicationhasa relevantimpacton
economicsaandervironment. Developinga sprayingstratey in the context of precision
agricultureneedsto improve in-field detectionof weeds. Weeddetectionusing image
analysiswasdirectedthroughdifferentapproachedr-irst experimentalworks werebased
on the spectrakignatureof weedsandcrops.Vrindts etal. [1] determinedsomespecific
spectrabandsto achierze weedidentification. Statisticalanalysiswereconductedo find
spectrabropertieof eachspeciesin thesameway Polletetal. [2] developedanimaging
spectrographThis device gave animagewith the spatialdimensionon verticalaxisand
the spectraldimensionon horizontalaxis. Anotherexperimentalmethodwasbasedon
morphologicabropertiesxtractedfrom leaf shapeusingsimplegeometricshapeactors
(elongation,diametey ...)[3, 4]. In the sameway Manh et al. useddeformabletem-
platesto modelizeleaf shape[56]. In thesetwo last caseshigh resolutionimageswas
needed.Moreover computationtime wasvery importantandlimited this applicationto
smallareasin-field detectionof weedswasalsopossibleon stubble.For example Biller
etal. [7] achierzeda sensorto detectplantson baresoil. In this case two optical bands

asred (650nm) andinfra-red (850nm) were usedto find vegetation. The difference
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betweenthe two wavelengthswas determinedand controlledonline spraying. Finally,
lastapproactconcernedemotesensingmaging. For exampleaerialimagestaken with
four camerasquippedwith opticalband-paséilters wereusedby Rew etal. [8] to find
wild oatin triticale crop. They shavedtheincreasan normalizeddifferencevegetation
index (NDVI) with wild oatinfestation.All thesepreviousapproachewereconductedn
orderto discriminateweedsandcropsfrom their spectralsignatureor shape.The objec-
tive of this paperis to develop complementargpectraland spatialmethodsuponaerial

photographies orderto improve weeddetectionandlocalization.

2 ACQUISITION AND PREPROCESSING

2.1 Imageacquisition

A remotecontrol aircraft was customizedor this application. A Olympuspll! camera
wasplacedin the hold; the shotwas manuallytriggeredthroughthe remotecontrol. A
miniaturevideo cameraand an embeddedigh frequeny (HF) emitter provided online
imagesof the flying-over areaon a TV. Differentflight altitudesweretestedfrom about
ten metersup to few hundredmeters. The resultingresolutionwasfound to vary from
lessthan a centimeterper pixel up to somemetersper pixel. After developing, films
weredigitalizedusinga CanonCanoScarD660U scanner 1702by 1136 pixelsimages
onred, green,blue (R,G,B) channelsvereobtained. Thesesmageswerethensavedin
BMP formatto avoid compressioossesimagesanalyzedn this papercorrespondetb

weed/cropcompetitiontestfieldslocatedin INRA domainin Dijon (France).

Lapertureof 1: 2.8 andfocal of 35mm
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2.2 Georectification

In the caseof high resolutionimages,only low altitudesflights wererealized. Several
shotswerethenneededo getthewholefield. Landmarkgblackandwhite draughtboard)
wereplacedandgeoreferenceth thefield usingD-GPScoordinateg Trimble ProXRS)
to locateimagesandalsoto give black andwhite references A specificalgorithmwas
developpedto give the transformatiormatrix betweenmagecoordinatesand GPScoor

dinates.

3 IMA GE PROCESSING

3.1 Soiland plants discrimination

Two methodsare generallyemployed uponcolor imagesto solve this problem: texture
analysisor color discrimination. In mostcaseghe first methodis very efficient but ac-
curay dependson soil roughnesgdueto clods,tyresandimplementsprints) andneeds
high costtime algorithms. The secondmethodis basedon the color propertiesbetween
soil andvegetation.In this casethe R,G,B color baseis not adaptedo find accuratecol-
orimetricinformationonimagesacquiredundernaturallight. Indeed colorlevelsdepend
on lightnessthathasto be separatedrom chromaticvalues. The HSV (hue,saturation,
value)color baseallows this separatiorbut RGB-HSVtransformatiorappearso be non-
linear and unstablefor low RGB values. Stavard and Tian [9] describedanothercolor
basewhich is a linear conbinationof RGB valuesthat appearedo be more adaptedo

vegetationimages.
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The equationl describes baserotation. The threevectors(Vi, Vo, | )areunitary and
perpendicularsoinformationarefully independentl correspondso theluminosityvec-
tor including shadaevs andotherlightnessdefaultssuchasreflects.

(V1,V2) provide a colorimetricplane.V; is definedasthe differencebetweerredand
greenchannels.ThenV; is positive for vegetationpixels andnegative for soil pixels. In

this paperonly positive valuesof V;, wereconsidered.

3.2 Seedfrequencycharacterization

Previousimagetreatmentded to vegetationimagesincluding cropsandweeds.With the
assumptiorthat cropscorrespondedo repetitve structuresthe Fourier’s transformwas
tested.In this caseeachpixel wasindividually analyzedthroughhis spatialdistribution
andV; intensity TheFouriertransformresultcorrespondetb the periodandtherotation
angleof periodicstructuresFor furthertask,the seedirequengy wascharacterizedising

aspecificalgorithm.

3.3 Low frequenciesenhancement

First trials shaved thatthe seedfrequeng hadoftena very low valuegenerallymaking
thefiltering difficult. The size of the filter kerneldependon the frequeng, a low fre-
queny involvesa big kernel,with inaccurateesultsandvery long computatiortime. To

minimize this constrain,a dilation of the lowestfrequenciesnustbe achieved. The eas-
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iestway is an undersamplingof theimageby removing a line anda columnfrom two.
This stepis recursvely repeatedo obtaina frequeng which allows anaccuratdiltering.
In our casea valueof 1/10is neededvhich correspond$o about10 pixelsbetweentwo

rows.

3.4 Gabor filter

Thefilter is a directive band-paséilter alongthe axis[10. It wascenteredn w, ox and
oy setthe bandwidth respectiely alongthe R; axisandthe R, axis. Periodicstructures
with afrequeng nearw andarotationanglecloseto ¢ valuewereunchangedut other

strucutresveredeeplyfaded.

2 R R
96y = o e (—0—3—0—5 COS(2MRy) 2)
with
Ri = xcosp+ysing
R, = —xsin$ +ycosp

The spatialrepresentationf g(x,y) is shavn in figure 1-a,the FFT in figure1-b. It isa
directve bandpasdilter centeredn w, andorientedby ¢. Thewidth is definedby oy and
oy. After sampling,a maskcanbe defined.Thesizeof the maskis dependingon oy and
oy. We truncateg(x,y) on theinterval [—3¢, 3], where¢ is the maximumof (o, oy).

We keepa goodapproximatiorwith anacceptabldilter size.

3.5 Gain computing

After filtering, cropswould have high value. A thresholdingcanbe consideredput the

resultsare not satisfying. On vectorV;, cropsandweedshave spreadvalues. So after

6
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(a) Spatialrepresentationf Gaborfilter (b) Fourriertransformof Gaborfilter

Figurel: Spatialandspectrakepresentationf Gaborfilter

filtering alow valueobtainedcanbe dueto a weedpixel with high value,or a croppixel
with a low value. Thenwe decidedto computethe gain of eachpixel for an accurate

thresholdingtablel). Thegainis definedfor eachvegetationpixel as:

G(X7 y) = v (3)

In thisequation py(X, y) is themoduleof thepointafterfiltering, andpy, (X, y) thevalueof

this pointon thevectorV,. If thegainis nearl, the point belongsto a periodicstructure
definedby the coeficients of Gaborfilter. For thresholding,a level of —3dB (0.707)

is generallychosen. A lowestthresholdincreaseghe bandwidth, a higherthreshold
diminishest.

Tablel1: Exempleof gaincomputatiorfor cropandaweedpixels
| | Beforefiltering : py, | After filtering : py | Gain: G |

Crop 0.5 0.45 0.9
Weed 0.5 0.05 0.1
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3.6 Results

We first decidedto testthis algorithmon synthesigmagesto confirmthe validity of the
method. After this step,we tried it on imagesof variouscrops. Resultsdependedn
speciesandvegetationstages.Cropswith animportantspreadingout asrapeandbarley
gave badresults.Indeedthespacéetweertwo rowswasrapidly hiddenby foliageduring
the vegetationgrowth. Sothediscriminationwasimpossiblewith only this method.The
FFT did not give the seedlingfrequeng, sothe Gaborfilter cannot be tuned. On other

speciegheidentificationgave betterresults,andweedscanbefoundat early stage.

3.6.1 Low altitude image

Thefigure2-ashavs animageof acornfield ( 6 per3 meterswith aresolutionof around
5mm perpixel ). Someweedscanbe noticedbetweentwo rows. After the processing,
cropsareshown in redandweedsappeatn blue (figure 2-b). Theendof somecropfoils
are detectedasweeds. This default is probablydueto the foil shapeelongationwhich

correspondso high frequeng signal.

3.6.2 High altitude image

Using sometestfield of INRA, we alsoaquieredhigh altitudeimagesof weedpatches.
The picturehave a sizewasabout20 per 16 meterswith a resolutioncloseto 10cm per
pixel. Thecropwascorn(zeamaig volontaryinfestedwith greenfoxtail (setariaviridis)
patchestvariousdensities.Themainweedpatcheswerewell recognisedbut somecorn

foils werestill detectechsweeds.
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3.6.3 Partial conclusion

The algorithm for crop row detectionwas efficient from a quantitatve point of view.
Cropswerewell recognizedpnly somefoil extremitiesweremisclassified Weedswere
alsoglobalywell classified.But, weeddocatedin crop rows werestill detectedascrops.

Thisresultled usto completethis previous spatialanalysisusinga spectralapproach.

4 FIRST WORKS ON SPECTRAL PROPERTIES

4.1 Developmentof a new acquisition device

Previous works have shavn possibilitiesof spectralinformationfor the crop/weeddis-
crimination[1, 11, 12]. In moststudiesthe visible band(red, green,blue)is completed
with oneor severalinfra-red wavelengths.In the sameway, we built a nenv acquisition
device basedn a CCD sensorequippedvhith arotatingdisc holdingfour filter. Two fil-

tersarebandpassonein blue (bandwidth: 50nm, centralwavelength: 500nm) andthe
otherin thegreen(bandwidth: 75nm, centralwavelength: 550nm). Thetwo otherfilters
are high-passat 675nm (red) and 750nm (infra-red) as describedelsavhere([13]). The
exposuretime canbe setat differentvaluesdependingn thefilter bandwidth.Firsttrials

of this device wererealizedin laboratorywith onioncropsandvariousweeds.

4.2 Cropsand weedsseparationusing PCA

Statisticaltools are usually appliedwith multicomponenimages. The principal com-
ponentanalysis(PCA) is often usedto find the basewhich gives the bestdecorrela-

tion betweendata. In our case,we can considereachpixel asa 4 componentvec-
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tor: pi,j = with i, j the coordinatesf the pixel andV; - - -V, the valuesof this

pixel onthefour wavelengths We candefinethe covariancematrix of thisimageas:

1

C= g2 (Rj=P.R =P @

1)

whereN is the numberof pixel in theimageandP the meanvectorof B, j. Theeigen-
vectorsof the matrix C give the basewherethe decorrelations maximum. The principal
componentnalysiswasevaluatedto find somedifferencebetweencropsandweeds. It

was computedonly on the vegetationpixel to improve the discrimination. As a result
someslight variationswerefound but thesevariationscannot be detectedy athreshold-

ing. We decidedo testanotherclassifierwith non-linearcapabilities.

4.3 Cropsand weedsseparationusing a neural network

Consideringthe variability of this kind of naturalimages,a learningclassifiercanbe an
interestingsolution[14]. In this case,few pixels are classifiedby the operatorandthe
systemlearnsthe principal characteristic®f this train set. For first trials, a very simple
neuralnetwork wasdeveloped.Theinputvectoris thevalueof the pixel onthefour wave-
lengths. The input layer wascomposedf 8 cellswith alinear activation function. The
internallayerhadthesamenumberof neuronsout with asigmoidfunctionwhich allowed
anon-linearclassificatiorof data. Then,the outputlayerwascomposeaf 2 neurondor
weedandcrop (W andC) with alsoa sigmoidfunction. Thefollowing learningruleswere

used.Thevalueof 0.1 and0.9 werepreferedthanrespectrely 0 and1 for a betterlearn.

10
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Table2: Learningrule
| | NeuronW | NeuronC |

Crop 0.1 0.9
Weed 0.9 0.1
Saoll 0.1 0.1

With thesevaluesa betterconvergenceis obtained. So, the learningphaseis fasterand
moreaccurate.

Two training setsweretested both have ten pixels of cropsandten pixels of weeds,
but only onesetincludedten pixelsof soil. Only the pixelsof vegetationwereclassified
with the network. Theresultswereslightly betterwhensomesoil pixelswereconsidered
for learning. In this case,the edgepixels were betterclassified. The figure 4-a showvs
the infra-red band of the sourceimage. The figure 4-b and 4-c shav the result of the
two neurons A simplethreshold(equalto 0.5) wasappliedto obtainthesesmages.The
network is thenableto distinguishthe two classesvenif thereareclose. For example,
on thetop right corner(fig 4-a)afield bindweed leaf is coveredby anonionleaf. After

classificationpothplantsarewell classified.

5 CONCLUSION AND ENHANCEMENT

A specificalgorithmwasdevelopedin orderto discriminateweeddirectly from anaerial
photography First resultsshaved that weedlocalizationwas possibleusing spatialin-

formationgiven afterfrequeng analysis. The resultsdependean cropsandvegetation
stagesNeverthelessthismethodappearedo be uneficientwhenseedlinesverenomore
visible. Moreover, weeddocatedin croprows weregenerallydetectedascrops.

In orderto improve thesepreviousresults,speciegdiscriminationwastestedthrough

2ConvolvusarvensisL.
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spectralinformation. A specificCCD camerawas developedusing four optical filters.

With the assumptiorthata correlationcanbe suggestetetweerspectrometriecnforma-

tion andvegetationyvariousclassificatiortoolsweretested.Principalcomponenganalysis
did notallow a classification.This wasprobablydueto a non-linearcombinationof data
(color andspecie).The neuralnetwork gave betterresultsdueto its non-linearfunction

of activation.

At presentthe CCD camerais destinatedo be embeddedn the drone. So, suchan
equipmentwill allow to acquirespectralinformationat a field scaleand alsocombina-
tion with spatialinformation. Otherkind of informationasimagetexture,shapeanalysis
would be considered.The combinationof all thesesnformationwill be achiezed using

meiging toolsasfuzzy logic.
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(a) Sourcemage

Weeds : BLUE / Crops : RED
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(b) Resultimage

Figure2: Sourcemage
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(a) Sourcelmage

Weeds : BLUE / Crops : RED

(b) Resultimage

Figure3: High altitudeimage
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NIR Image

(c) W neuronoutput(Weeds)

Figure4: Crop/\\eedclassificatiorusinga neuralnetwork
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