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RESUMO

DETECCAO DE PLANTAS DANINHAS EM PRE-SEMEADURA COM BASE EM
DADOS ESPECTRAIS DE CAMPO

AUTOR: Luan Pierre Pott
ORIENTADOR: Telmo Jorge Carneiro Amado

Visto o conceito de agricultura de preciséo e as novas tecnologias para a agricultura, tem-se a
busca do aprimoramento de ferramentas de uma etapa de extrema importancia no manejo de
culturas agricolas, que é a identificacdo e controle de plantas daninhas. Para tanto, a
variabilidade espacial da distribuicdo das plantas daninhas ndo estd sendo consideradas na
decisdo de seus manejos na maioria dos casos. Neste sentido, objetivou-se com este trabalho:
(i) a utilizacdo de sensor hiperespectral para identificar bandas espectrais mais eficazes na
distincdo de plantas daninhas em relagdo a outros alvos (solo arenoso, solo argiloso e residuos
vegetais) em pré-semeadura; (ii) calcular indices de vegetacdo para avaliacdo da acuracia da
distingédo de plantas daninhas e outros alvos. Foram utilizados dois bancos de dados, o primeiro
provindo de experimento de campo realizado na Universidade Federal de Santa Maria para
calibracdo do modelo, e o segundo banco de dados foi construido com leituras em fazenda de
produtores rurais, para validacdo do modelo. Foi utilizado o espectrorradiébmetro HandHeld 2,
ASD®, com comprimentos de onda de 325-1075nm, para realizar leituras das curvas espectrais
de espécies de plantas daninhas e outros alvos: solo argiloso, solo arenoso, e residuos vegetais.
Posteriormente foram agrupados os comprimentos de onda em bandas espectrais, bem como
calculo de indices de vegetacdo para analise dos dados. Os resultados demonstraram que 0s
dados coletados no experimento de campo (calibracdo) e nas fazendas (validacdo) obtiveram
curvas espectrais similares, onde as bandas espectrais do vermelho e do infravermelho préximo
obtiveram maior acuracia comparado com as outras bandas. Os indices de vegetacdo utilizados
aumentaram a acuracia da discriminacdo em relacdo a bandas espectrais isoladas. O trabalho
fornece uma vélida ferramenta para distingdo de plantas daninhas de outros alvos com a
utilizacdo de sensor proximal em pré-semeadura de culturas agricolas baseado em curvas
espectrais.

Palavras-chave: Manejo Sitio-especifico de Plantas daninhas. Curvas espectrais. Bandas
espectrais. Indices de vegetacao.



ABSTRACT

PRE-PLANTING WEED DETECTION BASED ON GROUND FIELD SPECTRAL
DATA

AUTHOR: Luan Pierre Pott
ADVISOR: Telmo Jorge Carneiro Amado

According the concept of precision agriculture and new technologies for agriculture, there were
several studies to improve tools at an extremely important stage in crop management, which is
the identification and control of weeds. Therefore, the spatial variability of weed distribution is
not being considered in deciding their management in most cases. In this sense, the objective
of this study was: (i) the use of a hyperspectral sensor to identify more efficient spectral bands
in distinguishing weeds from other targets (sandy soil, clay soil and plant residues) in pre-
planting; (ii) elaborate vegetation indices to evaluate the accuracy of weed distinction and other
targets. Two databases were used, the first from a field experiment conducted at the Federal
University of Santa Maria as training data, and the second database was built with readings on-
farm as validation data. The HandHeld 2 spectrometer, ASD®, with wavelengths of 325-
1075nm, was used to perform spectral curves readings of weed species and other targets: clay
soil, sandy soil, and residues. Subsequently, the wavelengths were grouped into spectral bands,
as well as the calculation of vegetation indices for data analysis. The results showed that the
data collected in the field experiment (training data) and in the farms (validation data) obtained
similar spectral curves, where the red and near infrared spectral bands obtained higher accuracy
compared to the other bands. The vegetation indices used increased the discrimination accuracy
in relation to the isolated spectral bands. The work provides a valid tool for distinguishing
weeds from other targets using proximal sensor pre-sowing of crops based on spectral curves.

Keywords: Site-specific Weed Management (SSWM); Spectral curves, Spectral bands;
Vegetation indices.
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1. APRESENTACAO

1.1 REFERENCIAL TEORICO

A agricultura de precisdo (AP) revolucionou a producdo agricola no século XX e
continuaré a impactar o futuro da producdo agricola. Automatizou o gerenciamento de campos
agricolas usando a tecnologia da informac&o para integrar dados de varias fontes para modificar
insumos com base na variabilidade especifica do local (TORRES-SANCHEZ et al., 2013).

O gerenciamento de plantas daninhas de forma precisa é uma aplicacao da AP que leva
em conta a variabilidade de distribuicdo e densidade bem como seu manejo em sitio-especifico
(HUANG et al., 2016). Economicamente, plantas daninhas sdo plantas voluntarias que se
desenvolvem onde ndo sdo desejadas e ocasionam perdas consideraveis nas culturas de graos.
Essas perdas sdo representadas pela reducdo de produtividade da cultura econdmica e pelo
aumento do custo de producéo devido a utilizacdo de métodos de controle. O método quimico
com a utilizacdo de herbicidas é o mais comumente utilizado, devido sua rapidez de acdo, alta
eficiéncia e pela reduzida méo de obra demandada.

Estudo que analisou um total de 63 artigos sobre a lucratividade de sistemas que
adotaram algum tipo de ferramenta de agricultura de precisdo indicou que a aplicagdo sitio-
especifico de herbicidas mostrou-se vantajosa em 73% dos casos, 16% apresentaram resultados
mistos e em 11% deles foi desvantajosa (SHIRATSUCHI et al., 2003).

Em relacdo ao histérico das tecnologias utilizadas nas pulverizac6es agricolas terrestres,
marcador de espuma foi a primeira tecnologia a ser adaptada e utilizada em pulverizadores.
Consiste na marcacgéo de linhas nos limites da barra de pulverizagdo com o objetivo de orientar
0 operador, evitando areas sem aplicacdo e/ou areas com sobreposi¢cdo do agroquimico
(BALASTREIRE; BAIO, 2001). Na sequéncia, tecnologias que permitam ajustar doses de
aplicacdo, velocidade, visualizacdo do volume do tanque, e controle de secdes de barra
facilitaram o controle e eficiéncia das pulverizacbes (POTT et al., 2016).

Barra de luzes, tecnologia que substituiria os marcadores de espuma é um equipamento
utilizado para a orientacdo de um veiculo em faixas adjacentes, com o propdsito de diminuir a
sobreposicdo entre passadas consecutivas e otimizar a eficiéncia da operagédo agricola. Possui
um conjunto de LEDs (Light Emitting Diodes) verdes que se mantém ligados quando o veiculo
estd mantendo o alinhamento programado e um conjunto de LEDs vermelhosque se mantem
ligagos quando o veiculo estd se afastando do alinhamento programado (BALASTREIRE;
BAIO, 2001).
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A tecnologia DGPS (Differential Global Positioning System) possibilitou a implantagéo
das barras de luzes, o desenvolvimento do piloto automatico para a guia de méaquinas agricolas,
e o georreferenciamento de infestacGes de plantas daninhas (SHIRATSUCHI et al., 2003).

As plantas daninhas sdo frequentemente encontradas infestando lavouras, terrenos
baldios, calcadas, estradas, seja por sua caracteristica agressiva, seja por estar adaptada a povoar
ambientes perturbados. E reconhecivel que muitas espécies de plantas daninhas se localizam de
forma agrupada, em “reboleiras”, devido principalmente a caracteristicas de crescimento e
forma de dispersdo de propagulos (GERHARDS et al.,1996; LAMB; BROWN, 2000).

Mesmo com a distribuicdo desuniforme das plantas daninhas em areas agricolas,
técnicas aprimoradas de sistema de informacgdo geogréfica tornam possivel caracterizar esta
variabilidade espacial, obtendo como produto mapas tematicos de espécies de plantas daninhas,
sua densidade, diversidade, entre outros (SHIRATSUCHI et al., 2003; POTT et al., 2018; POTT
etal., 2019).

Um dos métodos convencionais para levantamento das plantas daninhas é método de
delimitacdo do perimetro das infestacdes, o qual consiste no caminhamento pelo campo e
demarcacgdo de pontos e poligonos com “reboleiras” de plantas daninhas, registrando a presenca
de espécies, densidade e diversidade da flora, utilizando a tecnologia GNSS (Global Navigation
Satellite System) (SHIRATSUCHI et al., 2003).

O método de amostragem em grade é amplamente utilizado para levantamento da
variabilidade espacial de acidez e fertilidade de solos para correcdo e adubacdo a taxa variada,
mas pode ser também utilizada para levantamento de plantas daninhas. O método consiste na
divisdo da area em pequenas unidades (grades), podendo variar em tamanho e forma
geométrica. A mais comumente utilizada é a grade quadriculada, em que ha um ponto central
georreferenciado, o qual serd utilizado como ponto de informacdo para interpolacdo em
software especializado, gerando mapas tematicos (SHIRATSUCHI et al., 2003;
SCHAFFRATH etal., 2017; POTT et al., 2019).

Em relacdo ao tamanho de grade a ser gerada para malha de coleta de informacéo, é
dependente da area agricola, disponibilidade de méo-de-obra, tempo destinado a esse servico,
entre outros. Na medida que diminui a grade amostral, aumentando o nimero de pontos por
area, mais confiavel e precisa é a informacéo. Porém, € notorio o maior trabalho e a onerosidade
deste servico (CHIBA; FILHO; VIEIRA, 2010).

Vérios tamanhos de grades foram analisados com o intuito de recomendac¢do de um

tamanho de grade que seja viavel e com bom nivel de precisdo. A grade de 6 x 6m2 foi
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considerado o tamanho maximo de uma grade, ja que grades maiores podem gerar mapas com
baixa resolu¢do, inviabilizando a técnica (LUTMAN; PERRY, 1999).

As areas minimas de coletas de dados para a realizacdo do mapeamento das plantas
daninhas ja foram testadas, chegando-se a quadrados amostrais de 0,06m?2 a 0,38m2 como 0s
minimos possiveis (DESSAINT et al., 1991; CARDINA et al., 1996; GEHARDS et al., 1996).

Outro método convencional de levantamento das plantas daninhas é atraves de
avaliacbes na largura da barra de pulverizacdo. Os pulverizadores existentes no mercado
possuem uma largura de barra com bicos de pulverizacdo que pode variar desde pulverizadores
costais de 1m até pulverizadores mecanizados terrestres e pulverizagdo aérea de 30 m ou mais
(SHIRATSUCHI et al., 2003).

Na maioria dos pulverizadores nestas larguras de trabalho o volume pulverizado é
considerado 0 mesmo, nao havendo variac6es de taxa de aplicacdo por bico ao longo da barra
de pulverizagdo. Como ao longo da barra da maioria dos pulverizadores do mercado a taxa de
aplicacdo é considerada constante, ndo ha tanta relevancia em analisar a variabilidade de plantas
daninhas ao longo da largura da barra. Porém, é de grande utilidade o levantamento da
variabilidade ao longo do deslocamento longitudinal do pulverizador, haja vista a possibilidade
de pulverizacéo a taxas variadas ser realizada em faixas, onde estas faixas serdo dependentes
da largura de trabalho do pulverizador (POTT et al., 2016).

Com o banco de dados da comunidade de espécies daninhas da area obtidos pelo
levantamento convencional, sdo gerados 0s mapas tematicos, sendo possivel visualiza-los ou
em forma de grade, com o tamanho de grade pré-estabelecido, ou como mapas tematicos
interpolados, nos quais sdo utilizadas as ferramentas da geoestatistica (SHIRATSUCHI et al.,
2003; CHIBA; FILHO; VIEIRA, 2010; SCHAFFRATH et al., 2017; POTT et al., 2019).

Os mapas de prescricdo de herbicidas tanto em pré ou pds-emergéncia devem levar em
consideracdo aspectos quantitativos e qualitativos da infestacdo (ANTUNIASSI et al., 2010).
Fatores importantes sdo: o historico da distribuicdo das plantas daninhas, atributos do solo como
pH, matéria organica do solo, e cobertura vegetal. Ainda, o processo de tomada de deciséo na
criagdo de um mapa de pulverizacdo deve levar em conta os erros do sistema de
posicionamento, a acurabilidade do mapeamento dos alvos, a movimentagéo das manchas de
plantas ao longo do tempo e as caracteristicas de desempenho do equipamento de pulverizacao
como o tempo de resposta, velocidade, tamanho da barra, entre outros (ANTUNIASSI et al.,
2010).

Os métodos convencionais de levantamento da comunidade infestante para posterior

prescricdo de pulverizacao de herbicidas, como os descritos anteriormente, saéo métodos muito
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trabalhosos e demandam muito tempo para o levantamento (SHIRATSUCHI et al., 2003; POTT
etal., 2016). Alternativas aos sistemas convencionais de levantamento de plantas daninhas vem
sendo amplamente estudadas, principalmente utilizando sistemas com sensores para detec¢édo
de plantas daninhas em campos de cultivos agricolas (WESTWOOD et al., 2017; POTT et al.,
2018).

Os sensores sdo 0s sistemas responsaveis pela conversdao da energia proveniente dos
objetos em um registro, que permita associar a energia captada com as caracteristicas fisicas,
quimicas, biologicas ou geométricas dos alvos (NOVO, 1989; JENSEN, 2009). A partir disto,
é possivel inferir sobre questdes agrondmicas como: estado nutricional das culturas,
caracteristicas do solo, estresse hidrico, sanidade, presenga de plantas daninhas, entre outras
(MOREIRA, 2001).

A discriminacdo de alvos por sensores Opticos que captam sinais eletromagnéticos,
pode-se identificar e entender o objeto com unicidade de comportamento (JENSEN, 2009). De
todos os comprimentos de onda do espectro eletromagnético, as regibes do visivel e do
infravermelho préximo sdo as mais utilizadas para aplicacdes no meio agricola (400-3.000
nanémetros) (MOREIRA, 2001; JENSEN, 2009; MOLIN et al., 2015).

Devido ao comportamento espectral especifico de cada alvo, é possivel através da
reflectancia nos comprimentos de onda inferir sobre alvos agricolas. Os sensores épticos que
mensuram a interacdo da energia com alvos sdo denominados radidmetros e variam em funcéo
das bandas espectrais e dos comprimentos de onda com os quais trabalham (NOVO, 1989;
JENSEN, 2009).

Hé& radidmetros que operam em poucas bandas espectrais, que sdo caracterizadas por
diferentes intervalos de faixas do espectro eletromagnético. Dessa forma, recebem o nome de
sensores multiespectrais, ja que mensuram mais do que uma banda do espectro eletromagnético.
Ja sensores hiperespectrais operam em indmeros comprimentos de onda. Sendo a diferenca
entre eles a resolucéo espectral que o sensor opera (JENSEN, 2009).

Sensores Opticos possuem capacidade para detec¢do sem contato, processo de medicéo
simples, rapida resposta, alta confiabilidade e baixo consumo de energia, sendo desta forma um
método de aplicacao simples e facil procedimento que pode ser usado em sistemas de aplicacdo
em tempo real (MOREIRA, 2001).

No que diz respeito a detecgdo e localizacdo de plantas daninhas em culturas, foram
desenvolvidas varias abordagens que podem ser primeiramente distinguidas com base na
plataforma (satélite, aéreo, sistema de aeronave remotamente pilotada (SARP) ou proximal), e

tipo (imageador e ndo-imageador) utilizado para aquisicao de seus produtos. Na ultima década,
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SARPs tornaram-se uma plataforma muito popular para transportar sistemas de aquisicéo e,
assim, monitorar os campos agricolas (ZHANG; KOVACS, 2012).

Comparado ao satélite ou tripulado aéreo, as principais vantagens dos SARPS sdo seus
resultados rapidos, alta resolucéo espacial e temporal e, portanto, sua capacidade operacional.
Nos Ultimos anos, varios trabalhos abordaram o uso de SARPs para detec¢do e mapeamento de
plantas daninhas (LOUARGANT et al., 2018).

Em comparacdo com veiculos terrestres, o sensoriamento remoto usando SARPs é uma
abordagem mais eficaz para fornecer um mapa de plantas daninhas em grandes areas. No
entanto, o0 sensoriamento remoto para detectar e mapear necessidades requer: (1) diferencas
suficientes na reflectancia espectral ou textura entre plantas daninhas e solo ou culturas e (2)
uma resolucdo espacial e espectral apropriada para a aquisicdo sistema (LAMB; BROWN,
2001).

Varios autores demonstraram que plantas e culturas cultivadas podem ser discriminadas
usando sua assinatura espectral (HUANG et al., 2016; HERRMANN et al., 2013; SHAPIRA et
al., 2013; GIRMA et al., 2005; VRINDTS et al., 2002; FEYAERTS; VAN GOOL, 2001). No
entanto, quando os dados sdo capturados em campo por pequenos SARPs, a capacidade de
distingdo espectral encontra dificuldades como: utilizacdo de limitadas bandas espectrais pela
limitacdo de carga, a informacdo espectral coletada podera ter influéncia de condicbes de
insolacdo, cobertura de nuvens, sombra e poeira e a reflectancia espectral possui interferéncia
em plantas com estresse fisiologico (CARTER; KNAPP, 2001).

Diversos estudos demonstraram que a escolha de pelo menos quatro bandas espectrais
forneceu melhores resultados do que o uso de cameras RGB padréo, especialmente quando se
utilizou informagcdes de infravermelho proximo (NIR) (TORRES-SANCHEZ et al., 2013;
PENA et al., 2015).

Em particular, a utilizacdo de informacdo NIR melhora a separacdo entre a vegetacao e
e solo no pré-processamento de imagens (LOTTES et al., 2017). Em estudos recentes, foi
utilizado camera multiespectral de seis bandas (banda centrados em 530, 550, 570, 670, 700 e
800 nm) (PEREZ-ORTIZ et al., 2016; PENA et al., 2013). Também em estudos com cdmera
multiespectral foram utilizadas seis bandas (banda centrados em 450, 530, 670, 700, 740 e 780
nm) (LOPEZ-GRANADOS et al., 2016).

1.2 JUSTIFICATIVA
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Planta daninha é toda e qualquer planta superior que interfira nos interesses do homem
e no meio ambiente seja em meio social ou agricola, este Gltimo ocasionando interferéncia na
produtividade de culturas (PITELLIR. A., 2015).

A ocorréncia de plantas daninhas em lavouras anuais ocasiona tanto interferéncias
diretas como indiretas. Para a cultura da soja (Glycine max (L.) Merrill), a interferéncia de
plantas daninhas resulta em perdas de produtividade de graos de 20 a 70%, conforme o nivel
de infestacdo (GAZZIERO et al., 2012).

Logo, o controle de plantas daninhas € de suma importancia em atividades agricolas.
Entre os métodos de controle, se destaca 0 método quimico, com o emprego dos herbicidas, o
qual € o mais utilizado devido sua rapidez de acéo e elevada eficiéncia. Porém, agroquimicos
de modo geral possuem alto custo, onerando a producdo agricola, além do impacto ambiental
causado pelo uso intensivo destes produtos na fauna e flora do ambiente.

A pulverizacdo, seja ela em época de pré-semeadura (dessecacdo), pré-emergéncia ou
pos-emergéncia, é rotineiramente realizada em éarea total, ndo levando em consideracdo a
variabilidade espacial da comunidade infestante, de sua densidade de infestacdo, ou ainda a
variabilidade de atributos de solo que interferem no efeito dos produtos.

Pulverizagcbes de forma dirigida, com o intuito de controlar plantas daninhas,
proporcionam, além de uma maior economia de produto, uma harmonizacdo das questdes
ambientais. Nuspl et al. (1996), e Heisel et al. (1996) obtiveram economia na quantidade de
herbicida de 30% a 80% e 66% a 75%, respectivamente, devido a pulverizacdo dirigida,
comparada a pulverizacdo em area total.

Uma alternativa para controle de plantas daninhas de forma dirigida é a utilizacdo de
sensores opticos para detecgdo e controle em tempo real (WESTWOOD et al., 2017; POTT, et
al., 2018). Sensores sdo 0s sistemas responsaveis pela conversdo da energia proveniente dos
objetos em um registro na forma de imagem ou grafico, que permita associar a energia captada
com as caracteristicas fisicas, quimicas, bioldgicas ou geométricas dos alvos.

O sensoriamento tem sido avaliado para distingdo de espécies, ou grupo de espécies de
plantas daninhas partindo da premissa que cada espécie possui certas caracteristicas que podem
ser utilizadas para diferencia-la de outra, geralmente forma, tamanho e reflectancia da folha
(EVERITT etal., 1992; BROWN et al., 1994; VILELA et al., 2006).

Caracteristicas espectrais de ramos e folhas de varias culturas e plantas daninhas foram
estudadas usando espectrdmetro e sensores opticos que, através da reflectancia e caracteristicas
de comprimento de onda formam indices baseados na coloragdo e contribuem para 0 modelo

de classificacdo para deteccao de plantas daninhas (WANG et al., 2007).
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Deste modo, informagdes geradas a partir de experimentos que selecione comprimentos
de onda para confeccéo de sensores especificos capazes de diferir plantas daninhas de outros
alvos juntamente com a automacéo agricola vinculada com sistemas de pulverizagdes capacita

o controle dirigido de plantas daninhas em pré-semeadura.

1.3 HIPOTESES

Caso haja diferenca espectral de alvos de plantas daninhas de outros alvos no momento
de pulverizacdo de pré-semeadura, entdo é possivel construir modelo para diferenciacdo de
plantas daninhas de outros alvos.

Se bandas espectrais possuem eficiéncia de distingdo de plantas daninhas de outros
alvos, entdo possibilita a utilizagdo de sensores multiespectrais.

Se indices de vegetacdo incrementam a eficiéncia de distin¢do de plantas daninhas de

outros alvos, entdo sua utilizacdo no modelo pode ser priorizada.

1.4 OBJETIVOS

Fornecer conhecimento técnico/cientifico sobre utilizacdo de sensor dptico para
diferenciacdo de plantas daninhas de outros alvos em pré-semeadura.

Conhecer caracteristicas espectrais dos alvos encontrados na atividade de pulverizacao
em pré-semeadura.

Confeccionar bandas espectrais pra diferenciagdo de plantas daninhas de outros alvos
encontrados em pulverizacao de pré-semeadura.

Calcular indices de vegetacdo para agregar em eficacia para a distingéo.

1.5 MATERIAL E METODOS

Para realizar o trabalho foram utilizados dois banco de dados, o primeiro em
experimento de campo (dados de treinamento), realizado na cidade de Santa Maria na
Universidade Federal de Santa Maria, 4rea chamada Area Nova, durante safra de 2016/2017 e
0 segundo banco de dados (dados de validagédo) foi adquirido com dados de agricultores nas
cidades de: Ndo-Me-Toque, Lagoa dos Trés Canto, Tapera, Cruz Alta e Itaara do estado do Rio
Grande do Sul.
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Para o primeiro banco de dados, o estudo compreendeu oito especies (sete plantas
daninhas e uma cultura comercial): Amaranthus hybridus L., Bidens pilosa L., Urochloa
plantaginea (Link) R. D. Webster., Euphorbia heterophylla L., Glycine max (L.) Merr. (soja),
Ipomoea grandifolia (Dammer) O'Donell, Panicum maximum Jacq. e Sida rhombifolia L.

O delineamento experimental foi inteiramente casualizado, com quatro repeti¢des. As
dimensoes da parcela foram de 3 x 2 m. Todas as espécies foram semeadas em 10 de novembro
em um arranjo de quatro linhas com 0,5 m entre linhas.

Para realizar as leituras de residuos da cultura (cobertura morta), o milho (Zea mays L..),
a soja e a aveia preta (Avena sativa L.) foram cultivadas durante a safra 2016/17 e, apés a
colheita, as medicOes foram realizadas.

Foram coletadas amostras de solo com 0,10 m de profundidade para identificar a textura
do solo, para solo argiloso e arenoso.

Para o segundo banco de dados (dados de validagéo) foram realizadas leituras com
sensor em plantas daninhas nas cidades citadas acima. As avaliagdes foram realizadas nesses
campos de fevereiro de 2016 a marco de 2018. As leituras do radiémetro das ervas daninhas
foram coletadas em dois anos, nas culturas de verdo e inverno, para compor o conjunto de dados
para validacdo. Além disso, foram coletadas leituras de radidmetro a partir de amostras de solo
arenoso, residuos e solo argiloso.

As avaliacdes foram realizadas através da coleta de reflectancia medida utilizando o
espectrorradidmetro FieldSpec® HandHeld 2TM ASD Inc. (sensor passivo com avaliacdes
coletadas na posicdo do zénite, a 0,3 m do alvo) variando de 325 a 1075 nm, com precisao de
+ 1 nm e resolu¢do <3 nm a 700 nm. O sensor possui um campo de visao de angulo conico total
de 25 graus, capaz de coletar dados espectrais de 277,71 cm? para cada medida. As leituras
foram realizadas em pontos somente em dias ensolarados, na auséncia de nuvens ao meio-dia
(12h).

As plantas daninhas tanto do experimento de campo, como na coleta de informacgdes
nos agricultores apresentavam-se em diferentes estadios fenologicos de desenvolvimento,
aumentando a variacdo dos dados.

Para os dados do experimento de campo, foram coletadas 393 leituras de plantas
daninhas por radiémetro e, para os campos de agricultores 248 leituras de plantas daninhas.
Além disso, foram coletadas 75 leituras de radidmetro de residuos de culturas (soja, milho e
aveia preta), 30 leituras de solo argiloso e 39 leituras de solo arenoso em experimento de campo

e em agricultores.
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As analises deram-se utilizando Linear Discriminant analysis (LDA) com todos 0s
comprimentos de onda, posteriormente foram agrupadas em bandas espectrais, azul costal (400
—450 nm), azul (450 — 510 nm), verde (510 — 580 nm), amarelo (585 — 625 nm), vermelho (630
— 690 nm), limite do vermelho (705 — 745 nm) e infravermelho préximo (770 — 900 nm).

Utilizando as bandas espectrais foram empregas arvore de decisdo bem como o
algoritmo Random Forest, para aferigdes de eficiéncia das bandas espectrais para diferenciacdo
das plantas daninhas de outros alvos.

Ao final foram calculados os indices de vegetacdo: enhanced vegetation index (EVI),
enhanced vegetation index 2 (EV12), optimized soil adjusted vegetation index (OSAVI), soil
adjusted vegetation index (SAVI), normalized difference vegetation index (NDVI), diferenca
entre vermelho e infravermelho proximo (NIR-RED), e simples razdo entre NIR e RED
(NIR/RED). Foram treinadas e posteriormente testadas com os bancos de dados de treinamento

e validag&o respectivamente utilizando programa R (R CORE TEAM, 2019).

20



2.  ARTIGO - PRE-PLANTING WEED DETECTION BASED ON GROUND
FIELD SPECTRAL DATA

Artigo originalmente em revisao para revista Pest Management Science. Todos direitos

reservados a revista Pest Management Science, Wiley Online Library.

Luan Pierre Pott, Telmo Jorge Carneiro Amado, Rai Augusto Schwalbert, Elodio Sebem,

Mithila Jugulam, Ignacio Antonio Ciampitti

ABSTRACT
BACKGROUND: Site-specific weed management (SSWM) demands higher resolution data

for mapping weeds in fields, but the success of this tool relies on the efficiency of optical
sensors to discriminate weeds relative to other targets (soils, and residues) before cash crop
establishment. The objectives of this study were to i) evaluate the accuracy of spectral bands to
differentiate weeds (target) and other non-targets; ii) access vegetation indices (VIs) to assist in
the discrimination process; and iii) evaluate the accuracy of the thresholds to distinguish weeds
relative to non-targets for each VI using training and validation data sets.

RESULTS: The main outcomes of this study for effectively distinguishing weeds from other
non-targets are: (i) training and validation data exhibited similar spectral curves; (ii) red and
near-infrared (NIR) spectral bands presented greater accuracy relative to the other bands; (iii)
the tested VIs increased the discrimination accuracy related to single bands, with an overall
accuracy above 95% and a kappa above 0.93.

CONCLUSION: This study provided a novel approach to distinguish weeds from other non-
targets utilizing a ground-level sensor before cash crop planting based on field spectral data.
However, the limitations of this study are related to the spatial resolution to distinguish weeds
that might be closer to the one this study presented, and also related to the soil and crop residues
conditions at the time of collecting the readings. Overall the results presented contribute to an
improved understanding of spectral signatures from different targets (weeds, soils, and

residues) before planting time supporting SSWM.

Keywords: site-specific weed management (SSWM); spectral curves, spectral bands;

vegetation indices.
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INTRODUCTION
Weeds reduce crop growth and yield by competing with field crops for environmental

resources such as light, water, and nutrients.!?>? The cash crop yield reduction is increased when
weed competition occurs in early growth stages. In overall, weed infestation contribute to the
largest potential yield losses (34%) relative to other plant pests such as insects or pathogens.*>

Generally, the distribution of weeds in a crop field are in patches;®” however, herbicides
are applied uniformly across fields. Chemical methods such as the use of herbicides is the most
effective for weed control in modern agriculture.” The concept of site-specific weed
management (SSWM) has the bias to cope with the heterogeneity occurring within fields by
treating only weed patches.!® The SSWM may result in lower use of herbicides with reduction
in environmental hazard, and can save input costs, depending on the level of weed infestation.'°
Previous studies reported that with SSWM, herbicide savings range from 53 to 75% relative to
uniformly applied herbicide across the field. "1

Conventional weed mapping operations are costly in commercial large-scale farms and
time-consuming in small farms.'*!* Use of remote sensing, more specifically, sensor-based
systems can offer an alternative (e.g., SSWM) to conventional weed mapping. Use of the
ground-level hyperspectral systems to scout weeds presents benefits such as non-contact
detection, fast response, high reliability, and low power consumption, making this method a
simple and easy real-time procedure.'>!?

Distinguishing weeds relative to other non-targets, such as crop residues and types of soil
(e.g., textural classes), for pre-planting applications is of great interest to improve weed
identification and therefore, effective weed control in site specific management. Previous
studies have found that the use of spectral bands help to differentiate plants from other non-
targets.”’ Huete et al. reported the spectral response of a plant canopy with different soil
backgrounds.?! Langner et al. utilizing a camera, reported a special vegetation index (VI),
which has a red threshold criterion aggregate in the normalized difference vegetation
index (NDVI) calculation.?? Scotford and Miller investigated the utilization of spectral
reflectance techniques using vegetation and soil spectral curves.'® Therefore, testing spectral
bands and/or VIs and setting thresholds for distinguishing weeds using ground-level sensors is
a key strategy to improve identification of weedy patches.!?

Plant leaves and canopy, in general, are mainly affected by plant pigments including
chlorophyll (e.g., chlorophyll a and b), carotenes and xanthophylls in visible light reflectance.*-
25 The combination of chlorophyll, a strong scattering of light, and internal cellular plant

structure affect the red-edge band reflectance.?*?® In the near infrared (NIR) band, internal leaf
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structure and multiple leaf layers influence the reflectance properties of the canopy.?**?’ In

senescent plants, the chlorophyll can gradually show a decrease in the content which has greater
reflectance in blue and red bands.?>2%2°

Recording hyperspectral information about different targets when scouting for weeds can
be a challenge, due to the high amount of auto correlated data. For that reason, in recent years,
multivariate analyses, such as linear discrimination, have been employed to discriminate crops
versus weeds.>*? Decision tree-based analyses are another class of algorithms that have the
potential for helping researches to interpret hyperspectral data. Conditional inference tree is a
decision tree algorithm for recursive binary splitting. It embeds the framework in a well-defined
statistical environment based on permutation tests, attempting to distinguish between
significant and insignificant improvements.’> Random forests algorithm is one of the most
powerful machine-learning techniques.** Recent studies utilized random forest in remote
sensing with multiple applications such as land cover classification, tree species mapping, and
vegetation classification.?”3>3¢ Therefore, these techniques can greatly contribute to the
identification of spectral bands for discriminating weeds versus other non-targets such as soil
and plant residue.

The objectives of this study were to: i) evaluate the accuracy of spectral bands to
discriminate weeds and other targets (soils and residues) in pre-planting applications utilizing
ground-level sensing; i1) access VIs to assist in the discrimination between weeds and other
non-targets; iii) evaluate the accuracy improvement of the thresholds to distinguish the weeds

relative to other non-targets for each VI using training and validation data sets.

MATERIALS AND METHODS
Training dataset

Two sources of data were collected and used in this study, i) field trials (herein termed as
‘training data’), and ii) on-farm (herein termed as ‘validation data’) data. Training data were
collected from a field trial carried out during the 2016/17 soybean growing season (November
2016 to April 2017) at the Federal University of Santa Maria, Rio Grande do Sul, Brazil. The
study comprises of eight species (seven weeds and one cash crop): Amaranthus hybridus L.,
Bidens pilosa L., Urochloa plantaginea (Link) R. D. Webster., Euphorbia heterophylla L.,
Glycine max (L.) Merr. (soybean), Ipomoea grandifolia (Dammer) O'Donell, Panicum
maximum Jacq., and Sida rhombifolia L. The experimental design was completely randomized

with four replications. The plot dimensions were 3 x 2 m. All species were sown on November
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10" in a four-row arrangement with 0.5 m between rows. The plant density was adjusted to
300,000 plants ha* for each specie trough manual plant thinning.

In order to perform the crop residue (mulch) readings, corn (Zea mays L.), soybean, and
black oat (Avena sativa L.) were all grown during the 2016/17 season, and after crop harvest,
the measurements were done. Measurements in all three types of crop residues were collected
to form the target residue. In the field trials, we collected soil samples at 0.10 m depth to identify
the soil texture, and classified as sandy soil (clay 18%, silt 22% and sand 60%), according to

the United States Department of Agriculture (USDA) soil texture triangle.®’

Validation dataset

The validation data set was built by collecting radiometer readings at five on-farm sites
located in a radius of 200 km (N&o-Me-Toque, Tapera, Cruz Alta, Julio de Castilhos and Itaara
counties) (Fig. 1). Evaluations were carried in those fields from February 2016 until March
2018. The radiometer readings of weeds were collected over two years, in both summer and
winter crops, to compose the data set for validation. In addition, radiometer readings were
collected from sandy soil sample, residues as well as a different soil type (clay 58%, silt 22%,
and sand 20%), classified as clay soil, based on the soil texture triangle.®’

1 Field trial 5 On-farm sites

« Santa Maria Field 1 » Nao-Me-Toque 28°28'37"S 52°4923"W
20°43'06"S 53°44'12"W Field 2 « Tapera 28°36'06"S 52°51'38"w
|I| Field 3 « Cruz Alta 28°3828"S 53°33'08"W
Field 4 < Julio de Castilhos 29°11'31"S 53°41'41"W
500 0 500 km Ficld 5 « Itaara 29°32'52"S 53°45'35"W

Fig. 1 - Field trials were located in the South of Brazil, the Rio Grande do Sul, comprising a
training (one field study, Santa Maria) and validation data sets (five on-farm fields).

Data collection
Reflectance was measured utilizing the FieldSpec® HandHeld 2™ ASD Inc.

spectroradiometer (passive sensor with evaluations collected in the zenith position, 0.3 m from
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the target) ranging from 325 to 1075 nm, with an accuracy of +1 nm and a resolution of <3 nm
at 700 nm. The sensor has a 25-degree full conical angle field-of-view, capable of collecting
spectral data of 277.71 cm? for each measure. The readings were performed in points only on
sunny days, in the absence of clouds at noon (12 pm). Before starting the measurements, and
every half hour the sensor was properly calibrated with Spectralon® board following the
manufacturer recommendations.®

In the field trials (training data), all weeds and crops were evaluated at three different
phenological growth stages according to the BBCH scale:*® stage 13 (3 leaves); stage 17 (7
leaves); and stage 51 (inflorescence or flower buds visible). For all the on-farm sites, plants
phenological growth stages ranged from 11 (1 leaf) to 59 (first flower petals visible).

For the field research data, 393 radiometer weed readings were collected, and for the on-
farm fields, 248 weed readings. Additionally, 75 radiometer readings were collected from crop
residues (soybean, corn, and black oats mulch), 30 readings from clay soil, and 39 readings
from sandy soil in field research and on-farm fields (Table 1). The readings were collected

taking full (100%) of field-of-view of each target/non-target.

Table 1 - The number of readings for each target evaluated in field trial and on-farm fields (5
total).

Target Field trial Fieldl Field2 Field3 Field4 Field5
Amaranthus hybridus 52 - - - - 9
Avena sativa - - - - 9 -
Avena strigosa Schreb. - - - - 9 -
Bidens Pilosa 52 - - - - -
Urochloa plantaginea 48 - - - - -
Brassica napus L. - - - - 9 -
Conyza bonariensis L. - 9 9 - - -
Echium plantagineum L. - - - - 9 -
Euphorbia heterophylla 52 - - - - -
Glycine max 34 - - 41 - -
Ipomoea grandifolia 52 - - - - -
Lollium multiflorum Lam. - - - - 36 -
Panicum maximum 51 - - - - -
Polygonum convolvulus L. - 9 - - - 9
Raphanus silvestris Lam. - - - - 9 -
Richardia brasiliensis Gomes - - 9 - - -
Sida rhombifolia 52 9 - - 9 -
Solanum americanum Mill. - 9 - - 9 18
Sonchus oleraceus L. - - - - 9 -
Triticum aestivum L. - - - - 9 -
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Total Weeds 393 36 18 41 117 36

Residues 25 - - 50 - -
Clay soil - 20 10 - - -
Sandy soil 39 - - - - -

Field trial: Santa Maria; On-farm fields, Field 1: Ndo-Me-Toque; Field 2: Tapera; Field 3:
Cruz Alta; Field 4: Julio de Castilhos; Field 5: Itaara.

Data analyses

The LDA (only using training data) was executed to separate classes among the targets
evaluated in this study when using the full electromagnetic spectrum. Discriminant analysis, a
multivariate technique, was utilized to separate groups based on the measured k variables in
each sample, finding one or more linear combinations of the selected variables.*° The ade4

package was used to perform the analysis within the R environment.*42

Field trial On-farm
Weeds Weeds
Sandy soil Sandy soil
Residues Clay soil
Residues

T
Training data Validation data

[ |1 Selecting more efficient spectral bands to

Linear discriminant ' discriminate weeds and other targets;
analysis

2 Ability of vegetation indices to discriminate
weeds and other targets;

Grouping wavelengths . , .
in gpefu.a] - [ |3 Using differents datasets to compare the
. accuracy.
Conditional
inference tree
analysis
Selection of spectral
bands
Use the spectral Use the spectral
bands (o calculate : bands to calculate
vegelation indices : vegelation indices

Testing the vegetation indices
for accuracy
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Fig. 2 - Theoretical framework for the study.

Considering that most of the spectral sensors developed for agricultural purposes (e.g.,
GreenSeeker®, WeedSeeker®, OptRx®, WEEDIt®) have a limited radiometer resolution,
recording only a few bands (usually two or three) relative to the FieldSpec, individual
wavelengths (recorded by FieldSpec) were grouped in order to form spectral bands (Table 2).
The definition of the spectral bands were based on the spectral bands from WorldView-2, which
agrees with the critical spectral bands identified for future spectral capabilities to satellites.*

Table 2 - Separation of wavelengths in spectral bands. Centered refers to the medium

wavelength of each spectral band.

Band Centered Range
Coastal blue 425 400-450
Blue 480 450-510
Green 545 510-580
Yellow 605 585-625
Red 660 630-690
Red edge 725 705-745

Near infrared (NIR) 835 770-900

All spectral bands (only using training data) were subjected to conditional inference tree
analysis within the partykit package in R in order to select spectral bands that allow a more
evident separation between weeds and other targets.** These analysis are based on
hierarchically ordered and recursively repeated binary splits, where the strength of each
association is measured by a P-value. The terminal nodes account for the final subset of density
points in each target. One of the main advantages of this technique is the possibility of
exploration of complex interactions with control over overfitting issues.*®

Random forest analysis (using both training and validation data) was performed using
randomForest package in R to analyze the separation capacity of the targets by the selected
bands.*® Mean decrease accuracy (MDA) was assessed to select the most important spectral
bands to accomplish VIs. The MDA utilizes permuting out-of-bag (OOB) samples to compute
the importance of the variable. The OOB sample is the set of observations which are not used
for building the current tree. It is used to estimate the prediction error and to evaluate variable
importance.*®4” The OOB is the mean prediction error on each training sample, using only the

trees that did not have in their bootstrap sample.*’
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To test if the data collected in the field trial is comparable with the one gathered from the
on-farm sites, the average, minimum and maximum spectral curves were plotted.

Lastly, the VIs: enhanced vegetation index (EVI), enhanced vegetation index 2 (EVI12),
optimized soil adjusted vegetation index (OSAVI), soil adjusted vegetation index (SAVI),
normalized difference vegetation index (NDVI), difference between NIR and RED (NIR-
RED), and ratio between NIR and RED (NIR/RED) (Table 3) were determined to test the
potential of combination of the different spectral bands as well as to improve the accuracy in
weed discrimination relative to the other targets. As a criterion, overall accuracy and kappa

coefficients were performed using the caret package.*®

Table 3 - Vegetation indices and their respective equations evaluated in this study.

Index Equation Reference
EVI 2.5(RNIR — RRred) / (RNIR + 6RRed -7.5RBiye + 1) Huete et al. %°
EVI2 2.4 (RNIR — RRed) / (RNIR + RRed + 1) Jiang et al. %°
OSAVI 1.16(RNIR — RRred) / (RNIR — Rred + 0.16) Rondeaux et al. °!
SAVI 1.5(RN|R - RRed) / (RN|R — RRed + 0.5) Huete 2
NDVI (RNIR — RRred) / (RNIR + RRed) Rouse et al. %3
NIR - RED RNIR - RRed Vogelmann et al. >
NIR / RED RNIR / RRed Vogelmann et al. >*

R = reflectance.

RESULTS
Spectral curves

Reflectance readings (average) and its variation (minimum to maximum) for each target,
i.e., weeds, residue, clay, and sandy soils were recorded (Fig. 3). The living plants (weeds)
presented the highest reflectance in the green band (501-565 nm) and absorption peaks at blue
(441-485 nm) and red (626-690 nm) bands in the visible light. The red edge (691-750 nm) band
presented a broad rate of variation (minimum to maximum) in the spectral curves. The NIR
band presented the highest reflectance for weeds, with a broad range of variation, relative to the
soil texture (clay and sandy) and residue types (Fig. 3). The crops residues and soil types
presented the narrowest variation on the spectral reflectance curves, with the reflectance rising
as the wavelength increases from 400 nm onwards (to 900 nm). Among the soils type, sandy

soil texture presented the highest reflectance values compared to clay soil.
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Fig. 3 - Spectral reflectance curves (mean, minimum and maximum) for weeds, residue, and

soil type (clay, sandy) classes for the range of wavelength from 400 to 900 nm for the field trial.

Comparison between field trials and on-farm fields

The reflectance for weeds, crop residues, and sandy soil were greater for the field trial

relative to the on-farm sites, but overall there was an overlap between the curves without

reflecting a significant difference in mean values of the spectral curves for the classes between

these two data sources evaluated in this study (Fig. 4). The target clay soil was collected only

in on-farm fields.
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Fig. 4 - Comparison of training (data from one field trial) and validation (data from five on-
farm sites) spectral curves, portraying minimum and maximum spectral curves, for the weeds

class (A), residues (B), and sandy soil (C).

Linear discriminant analysis (LDA)
The LDA was able to differentiate all the targets (weeds, residue, and sandy soil) (Fig. 5).
There was no overlapping among classes, indicating a high degree of separation when

considering the full-electromagnetic spectrum.

-4

=

Weed

%

Scores and classes

Fig. 5 - Linear discriminant analysis (LDA) for all the classes evaluated in this study for the
field research (residue, sandy soil, and weeds). Ellipses represent the confidence regions around

the mean of canonical scores at the 95% confidence level.

Conditional inference tree analysis

Conditional inference tree analysis resulted in four inner nodes (1, 2, 5, and 7) and five
terminal nodes (3, 4, 6, 8, and 9) (Fig. 6). The spectral bands differentiating classes were: red,
NIR, red edge and green (Fig. 6). The class for weeds was identified and separated by the bands
red (inner node 1) and NIR (inner node 2). The conditions applied to classify the target as weeds
were: red < 0.13 and NIR > 0.233. Following these conditions (nodes), a total of 99.5% of all
the radiometric readings from the weeds were obtained in the terminal node 4. For the sandy
soil, three spectral bands were used: red (inner node 1), red edge (inner node 5) and green (inner
node 7). For this soil texture, the classification conditions were red > 0.13, red edge > 0.266
and green < 0.144, obtaining 100% of the total sandy soil database in the terminal node 8.

Residues were obtained overlapping of targets in their classification (nodes 3, 6 and 9). For
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most of the crop residue (77.3%), the classification occurred with the bands: red > 0.13 and red
edge < 0.266, terminal node 6 (Fig. 6).
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Fig. 6 - Conditional inference tree analysis using the bands: coastal blue, blue, green, yellow,
red, red edge, and near-infrared. Bars at the bottom of the figure represent the density of points

for each target. The values of conditions for classification are reflectance values.

Random forest analysis (training and validation data)

For the random forest analysis confirmed for both data sets that the red and NIR bands are
of great relevancy when identifying weeds versus other targets, as reported by the MDA (Fig.
7). After removing the red spectral band, the model accuracy decreased to the value 31.0%
followed by the spectral band NIR with the accuracy 19.8% (Fig 7). The other spectral bands

presented lower impacts on model performance relative to both red and NIR bands.
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Vegetation indices

The VIs: EVI, EVI2, OSAVI, SAVI, NDVI, NIR-RED, and NIR/RED improved the
discrimination of weeds relative to the other targets in comparison with the utilization of the
isolated spectral bands. The values of each index had no overlap between weeds and the other
targets (Fig. 8) for the training data.
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Fig. 8 - Boxplot representing data distribution for different bands and indices for training data.

The lower and upper hinges correspond to the first and third quartiles (the 25th and 75th
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percentiles). The upper whisker extends from the hinge to the largest value no further than 1.5
* inter-quartile range (IQR) from the hinge. The lower whisker extends from the hinge to the
smallest value at most 1.5 * IQR of the hinge. Data beyond the end of the whiskers are

considered outliers. NIR/RED values were divided by 15 to better fit in y axis.

Conditional inference trees with training data were developed for each index separately in
order to compare their capacity of discriminating weeds from other targets and to establish VI-
specific thresholds (Fig. 9). The EVI had 0.138 as a threshold value, EVI2 had 0.221, OSAVI
had 0.166, SAVI had 0.162, NDVI had 0.197, NIR - RED had 0.137, and NIR/RED had 1.485.
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Fig. 9 - Condition inference tree of EVI (A), EVI2 (B), OSAVI (C), SAVI (D), NDVI (E), NIR
— RED (F) and NIR/RED (G).

The thresholds from the training data were applied over the validation data in order to
calculate the overall accuracy and kappa coefficients from the confusion matrix. The OSAVI
had 100% of overall accuracy and kappa equal 1, and the other indices: EVI, EVI2, SAVI,
NDVI, NIR — RED and NIR/RED also presented high values of accuracy, with overall accuracy

> 95%, and kappa > 0.93 (Table 4).

Table 4 - Statistics of training threshold when analyzed the validation data.
Index Statistics

EVI Overall accuracy

98.5%
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Kappa 0.97
Overall accuracy 98.1%

EVI2 Kappa 0.97

0,
OSAVI Overall accuracy 100%

Kappa 1

Overall accuracy 99.2%

SAVI Kappa 0.98
Overall accuracy 95.6%

NDVI Kappa 0.93
Overall accuracy 98.1%

NIR - RED Kappa 0.97
Overall accuracy 95.3%

NIR/RED Kappa 0.93

DISCUSSION
Remote sensing of weeds relative to other targets before soybean planting is a newer

approach with potential of weed management improvement by reducing environmental risk and
cutting cost. To full perform SSWM, it is necessary to discriminate accurately weeds from other
targets in order to allow only target spraying (applying herbicide only where it is necessary).®
Discrimination of weeds relative to other targets can be assessed at pre-planting and, in early
and late during the growing season, at post-emergence applications. Researchers have been
studying alternatives to discriminate plants relative to soil targets, such as the use of different
VIs from multispectral cameras.?>°%°2 More recently, remote sensing was used to distinguish
weeds relative to cash crops, such as corn, cabbage (Brassica olearacea var. capitata), sugar
beet (Beta vulgaris L.) and soybean.'>1827:325556 Several studies have provided insights for
developing sprayers based on the SSWM approach, with limitations mainly related to identify
weeds and the spatial resolution for discriminating other non-target.67273

Considering the scientific literature on spectral information for different targets before
planting, an important outcome of this study was related to the similarity of spectral curves
between training (field trial) and validation (on-farm) data sets, to assess weeds, soil texture,
and crop residues. This relevant finding shows that hyperspectral data collected in experimental
and on-farm conditions (training and validation data) can be used to develop models to
discriminate weeds from other targets in field condition. Plant canopy reflectance is governed
by the concentration and distribution of biochemical compounds, internal structure of the tissue,
as well as the leaf surface properties.?’” Daughtry reported that spectral curves of three different
crop residues and five soil types had similar behavior but differ only in their amplitude of

reflectance.® The reflectance of soils and crop residues rising as the wavelength increase from
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400 nm onwards to 900 nm. Thus, the reflectance is generally lower in the visible range (400-
690 nm) and higher in the NIR region (691-900 nm) in these selected targets.>® Soil texture has
high reflectance for sandy soils, most likely due to the high amount of quartz in the sand
fraction, increasing the intensity of spectral reflectance.>®°

The second outcome of this study was connected to perfect discrimination among weeds
and the other non-targets - residues, sandy and clay texture soils - using all wavelengths reported
by the LDA approach. Spectral curves often carry a more detailed information compared to
wavelength aggregated in spectral bands.?” The LDA has been recently used for hyperspectral
data target classification.*2 Conditional inference tree and random forest analyses reported
that red and NIR bands were the most important spectral bands to discriminate weeds relative
to other targets. Similar results were reported by Rondeaux et al. in a study with vegetation
and soil reflectances.®® According to Langner et al. the reflectance of green vegetation is very
low in the red band, in contrast with the high reflectance in NIR.?? Soils on the other hand, have
a reflectance with minimum difference between red and NIR bands. The results are in line with
the commercial sensors that use the red and NIR spectral bands to weed identification.°

The selection of VIs was defined related to their relevancy for agricultural purposes,
composing the spectral bands which had the greater values to distinguish weeds relative to other
targets (spectral bands: red and NIR).5! Using VIs relative to the individual spectral bands
improved the performance (overall accuracy and kappa coefficient) for discriminating weeds.
The third outcome of this study was related to the ability of the indices: EVI, EVI2, OSAVI,
SAVI, NDVI, NIR - RED and NIR/RED to discriminate weeds from other targets. The Vls are
related to several properties of plants and those VIs are frequently used to other aims as disease
detection, plant stress, nutrition, yield forecast and phenology.®°

From all the VIs tested on this study, OSAVI presented the greatest accuracy when
comparing training and validation data sets. The OSAVI was built to optimized soil-adjusted
vegetation index (SAVI) with the aim of reducing the sensitivity of the NDVI to soil
background and atmospheric effects.>>%2 Recently, the OSAVI has also been used for canopy
stress detection, chlorophyll content estimation, monitoring nitrogen (N) status and estimating
vegetal biomass and canopy coverage.®”-"* However, all the VIs tested on this study presented
high values of accuracy, effectively distinguishing weeds relative to other targets before
planting (with 277.71 cm? of spatial resolution).

One of the constraints of this study was related to the spatial resolution utilized with the
sensor for collecting the spectral data, limiting the extrapolation of this information to lower

scale of spatial resolution. Another limitation is related to the soil and crop residues conditions
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at the time of collecting the readings. The spectral curves of soil and residues were determined
by the cumulative property resulting from heterogenic combinations of mineral and organic
material and their moisture.’*"> Daughtry showed that crop residues and soil have similar
behavior for the spectral curves under different water content, but both targets presented an
increase in the reflectance values when the presented contrasting moisture levels (dry vs. wet
conditions).>” This complex interaction between the targets and the environmental conditions

should be explored in future studies.

CONCLUSIONS
The results of this research provided useful pre-planting data source for distinguishing

weeds related to other targets using high spatial resolution ground-sensing. The findings could
support further field applications of spectral data in the field for improving SSWM.

The main outcomes of this study were that: (i) spectral curves of weeds, sandy soil, and
crop residues were similar for both training and validation data sets permitting evaluate a large
database for discriminating weeds relative to other targets; (ii) spectral bands, red and NIR had
greater values of accuracy to discriminate weeds relative to crop residues, sandy and clay
texture soils; (iii) the Vis: EVI, EVI2, OSAVI, SAVI, NDVI, NIR - RED and NIR/RED had
the greater values of accuracy to discriminate weeds relative to others targets when compared
with single spectral bands.

The thresholds of Vs defined in this study might provide values of classification of weeds
relative to other targets in the fields using multiples alternatives sensors according with the
presented results.

The next step on SSWM studies will be to aggregate different spatial resolutions with
multiples platforms (such as satellites, unmanned aerial vehicle (UAV) and proximal sensors)
to analyze the influence the VIs when considered several weed densities in pre-planting cash
crop. In addition, future investigations should look into the performance of the remote sensing
tools for identifying weeds when considering more environmental and soil factors as variables

to be included in the analyses.
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3.  CONCLUSAO

Os sensores Opticos sdo capazes de diferir alvos agricolas e ndo-agricolas através da
distingdo em curvas espectrais, possibilitando controle de plantas daninhas em sitio-especifico,
em pré-semeadura de culturas agricolas.

A distingdo pode ser realizada utilizado bandas espectrais mais eficientes na
diferenciacédo de plantas daninhas de outros alvos, bem como indices de vegetacao que utilizam
bandas espectrais para sua confeccéo.

A tilizacdo de ferramentas de agricultura de precisdo como sensores Opticos
possibilitam a maior eficiéncia na identificagdo e tornam-se uma ferramenta para manejo de
plantas daninhas em sitio-especifico, podendo obter maior eficiéncia na utilizacdo de
herbicidas, bem como atenuando questdes ambientais.

Futuros estudos com sensores de plantas daninhas devem focar em investigagdes sobre
diferengas de resolucdo espacial e suas interferéncias na reflectancia dos alvos com diferentes
densidades de plantas daninhas, bem como exploracdo de maiores niveis de variacao de solos,

condicdes de umidade do solo e residuos vegetais, entre outros.
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