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Resumo geral

As zonas riparias tém sofrido grandes alteragdes por atividades antropicas, dentre elas,
a introducdo de espécies invasoras. O monitoramento das invasGes nestas areas pode ser
complexo por serem ambientes alagados e muitas vezes pouco acessiveis, como o0 caso do
monitoramento das invasdes da espécie Hedychium coronarium. Neste estudo foi proposta uma
metodologia integrada de baixo custo e de facil aplicacdo para a deteccdo precoce e
mapeamento desta espécie, por meio de uma tecnologia com a capacidade de prover dados de
alta resolucdo temporal e espacial. Foram escolhidas duas areas distintas onde imagens foram
capturadas (espectro de luz visivel RGB) em duas épocas do ano por um veiculo aéreo ndo
tripulado (VANT). As imagens geradas foram classificadas utilizando-se algoritmos de
aprendizagem de maquina presentes no plugin Dzetsaka ML: o Gaussian Mixture Model, K-
Nearest Neighbors and Random Forest. Para comparar a eficiéncia dos classificadores em
funcdo da forma de amostragem, foram empregados diferentes tipos de amostras, variando o
tamanho dos poligonos (6-8m? e 12-16m?) e o nimero de classes (5 e 8 classes). A avaliago
da acuracia da classificacdo demonstrou que a melhor performance foi para o algoritmo K-
Nearest Neighbors nas amostras classificadas em 5 classes, com um indice Kappa de 78,8% e
80% em junho e novembro, respectivamente, na primeira area e um indice Kappa de 72,6% na
segunda area. A melhor época para a classificagdo das imagens foi 0 més de Novembro,
possivelmente devido a melhor distincdo entre a espécie e a vegetagdo. Demonstramos
resultados promissores na criacdo de mapas de areas invadidas utilizando a metodologia
adotada, podendo subsidiar modelos dindmicos geoespaciais para a identificagdo de padrdes de
distribuicdo da espécie estudada e dos danos causados. E possivel também subsidiar estudos

semelhantes sobre outras espécies invasoras.

Palavras-chave: Plantas invasoras. UAV. mapeamento.



Abstract

The riparian zones have undergone great changes due to anthropic activities, among
them, the introduction of invasive species. The invasions monitoring in these areas can be
complex due to flooded environments and often not reachable, such as the case of monitoring
invasions of the species Hedychium coronarium. In this study, a low-cost and easy-to-use
integrated methodology for early detection and mapping of this species was proposed, using a
technology with the capacity to provide high temporal and spatial resolution data. Two distinct
areas were chosen where the images were captured (visible RGB light spectrum) at two times
of the year by an unmanned aerial vehicle (UAV). The generated images were classified using
machine learning algorithms present in the Dzetsaka ML plugin: the Gaussian Mixture Model,
K-Nearest Neighbors and Random Forest. To compare the efficiency of the classifiers
according to the form of sampling, different types were used, varying the size of the polygons
(6-8 m? and 12-16 m?) and the number of classes (5 and 8 classes). Classified in 5 classes, with
a Kappa index of 78.8% and 80% in June and November, respectively, in the first area and a
Kappa index of 72.6% in the second area. The best time for the classification of images was the
month of November, possibly due to the better distinction between species and vegetation. We
demonstrate promising results in the creation of maps of invaded areas using an adopted
methodology, which can subsidize dynamic geospatial models to identify distribution patterns
of the studied species and the damage caused. It is also possible to subsidize studies on other

invasive species.

Keywords: Invasive plants. UAV. mapping.
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1 Invasao Bioldgica

As invas0es bioldgicas ocorrem quando espécies nativas sao transferidas de seus limites
geograficos para locais onde ndo ocorrem naturalmente, porém encontram condi¢des favoraveis
para que suas populagdes apresentem altas taxas de crescimento, resultando em impactos neste
novo ambiente (BLACKBURN et al., 2014). Darwin (1809-1882; apud KOWARICK; PYSEK,
2012) alertou sobre a necessidade de um enfoque maior em estudos sobre estas invasdes, mas
a preocupacao apenas concretizou-se quando Elton (1958) publicou o livro “A ecologia da
invasdo de animais e plantas”. As invasdes bioldgicas comecaram a ter uma maior significancia
historicamente, com as migracdes e atividades humanas, como por exemplo o paisagismo,
cultivo de plantas medicinais, atividades agricolas e pastoril, que sdo as principais
disseminadoras de espécies exaticas e de invasoras pelo mundo. Por esse motivo, Elton (1958),
em seu livro, chamou a atengdo para a necessidade de se conhecer melhor essas espécies e

estabelecer estratégias de controle.

Atualmente, a introducdo de espécies exoticas, causadas por atividades antropicas,
continuam modificando diversos ecossistemas naturais. Estes impactos podem ter grande
magnitude nos diferentes niveis de organizacdo ecoldgica (individuos, populaces,
comunidades e ecossistemas) e em distintas escalas espaciais e temporais. Entre os impactos
causados por espécies invasoras destacam-se: a extincdo de espécies nativas; alteracdes na
composicdo genética das populagdes nativas; mudancas nos padrdes de comportamento,
riqueza e abundéncia de espécies e na diversidade filogenética e taxondmica; modificacbes nas
redes tréficas, na produtividade de ecossistemas, na ciclagem de nutrientes; e impactos na
hidrologia, estrutura do habitat e nos regimes de perturbacdo (SIMBERLOFF; REJIMANEK,
2011). Essas mudancas sdo muitas vezes indiretas e podem envolver intera¢fes sutis ou pouco
estudadas, mas que podem produzir efeitos consideraveis ao longo do tempo (BLACKBURN
etal, 2014). Na escala da paisagem, plantas invasoras podem modificar a fisionomia, resultando
em uma “homogeneizacao bidtica massiva da superficie da Terra” (MOONEY; HOBBS, 2000)
em consequéncia da exclusao de espécies nativas e, até mesmo, extin¢oes locais, resultando em
perda direta de biodiversidade (SILVA et al., 2014; EHRENFELD, 2010; PYSEK et al 2012).

O manejo das espécies invasoras € necessario ndo apenas para sustentar a
biodiversidade, mas também para salvaguardar os setores produtivos, pois pode afetar a
produtividade econémica nos setores agricola, florestal e pesqueiro, além de muitas das

espécies serem vetores de doengas humanas representando uma ameaga a satide pablica (VILA,;
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HULME, 2017). E necessario adotar medidas de controle, pois as espécies invasoras se
dispersam e alteram os ecossistemas de forma irreversivel, de modo que o custo de controle e
de restauracdo dos ecossistemas invadidos aumenta exponencialmente com o tempo
transcorrido entre o inicio da invaséo e a implementacdo das aces (SAMPAIO; SCHMIDT,
2013).

Assentamentos humanos e expansao de areas agropastoris muitas vezes se formam ao
longo de rios, e podem ser fontes de introducdo de propagulos de espécies invasoras na zona
riparia. Os rios, por sua vez, podem ser um meio de dispersdo destes propagulos, podendo
desencadear o estabelecimento e disseminacédo de plantas invasoras (WISSMAR; BESCHTA,
1998; TICKNER et al. 2001).

1.1. Zonas riparias e plantas invasoras

Neste estudo, “zona riparia” esta sendo considerada como sendo o espago tridimensional
que contém vegetacdo (floresta riparia), solo e rio; floresta riparia é a vegetacdo com
particularidade floristica, em funcdo das cheias periddicas e, ecossistema ripario refere-se aos
processos (funcbes da comunidade) nesse espaco (KOBIYAMA, 2003). Estas defini¢bes sdo
importantes pois a espécie estudada, Hedychium coronarium, popularmente conhecida como
lirio-do-brejo, trata-se de uma macrofita anfibia (DUARTE et al., 2015), podendo ocorrer nas
margens de lagos, corregos e canais de drenagem, area de interface entre o ambiente terrestre e
0 aquatico, onde se estabelece rapidamente em ambientes riparios.

Considerando a relevancia ecolégica dos corpos hidricos na paisagem, € importante
ressaltar o papel da floresta riparia para as zonas riparias e 0s riscos que a introducdo de uma
espécie invasora pode acarretar. Florestas riparias preservadas apresentam alta diversidade
ambiental devido a sua variabilidade floristica, estrutural, funcional e também de interagdo com
os processos geomorfoldgicos fluviais, que propiciam o suporte ecoldgico para o
desenvolvimento do ecossistema ripario (OLVEIRA FILHO, 1994). Sendo assim, apesar das
florestas riparias ocuparem apenas uma pequena porcentagem da area de uma bacia
hidrografica, trata-se de um componente de extrema importancia na compreensdo do
funcionamento do ecossistema (EDE; AINSWORTH; HUNT, 2010), e da paisagem onde estao

inseridas.

As florestas riparias exercem diversas fungdes de grande importancia ecoldgica, como

na qualidade da &gua, pois a vegetacdo confere maior protecdo contra 0 aquecimento da agua,
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devido & menor exposicao dos canais a luz solar direta; contribui na regularizagéo do fluxo de
agua; e também funciona como um filtro de materiais, pois impede que nutrientes e sedimentos
fluam demasiadamente para os cursos d’agua por escoamento, o que pode comprometer a
qualidade dos recursos hidricos (SOPPER, 1975) Além disso, as funcdes de retencdo de
sedimentos e nutrientes das florestas riparias podem estar associadas as condi¢des do solo em
funcdo do estégio de preservacdo da vegetacdo. Assim, a presenca de solos bem desenvolvidos
e estruturados, tipico de matas mais preservadas, evita 0 processo erosivo e, consequentemente,
o0 transporte de nutrientes e sedimentos no canal de drenagem (KOBIYAMA, 2003; EDE;
AINSWORTH; HUNT, 2010).

As zonas riparias sdo mais propensas a invasdo por plantas exoticas do que as
comunidades de terras altas adjacentes, provavelmente devido aos intensos regimes de
perturbacao que séo expostas (STOHLGREN et al., 1998; HOOD; NAIMAN, 2000; BROWN;
PEET 2003). Além disso, tem-se evidenciado que a diversidade e abundancia de plantas

exoticas aumentaram nas zonas riparias em todo o mundo (RICHARDSON et al. 2007).

As macrdfitas aquaticas invasoras, por exemplo, capazes de se reproduzir clonalmente
(SIMBERLOFF, 2009), e cujo principal vetor de dispersdo € o fluxo de dgua (BARRAT-
SEGRETAIN, 1996), tém uma distribuicdo espacial que se correlaciona com a conectividade
hidrolégica de habitats ao nivel de paisagem (THOMAS; MIDDLETON; GIBSON, 2006). O
crescimento excessivo de macréfitas aquaticas ocasiona no aumento de biomassa e
consequentemente no aumento nas taxas de decomposicao de detritos (BIANCHINI Jr et al.,
2010) ocasionando alteracbes na ciclagem de nutrientes, como alteracdo nos ciclos
biogeoquimicos. reducdo na diversidade vegetal (MEYERSON et al., 2000) e alteracdo as

relacOes tréficas destes ecossistemas (BATZER, 1998).

Tendo em vista os impactos ocasionados pelas invasdes de plantas exdticas, sao
necessarios esforgos para a recuperacdo das zonas riparias. Para isto, cada vez mais
pesquisadores, gestores e tomadores de decisfes tém utilizado varios métodos e técnicas para
avaliar, comparar e prever a vulnerabilidade e amplitude da alteracdo dos ecossistemas
invadidos (LODGE et al. 2006; HULME, 2009; EHRENFELD, 2003, 2010). Componentes das
zonas riparias, como a composicao floristica e a ecologia das comunidades arbdreas se
mostraram fundamentais para alicercar iniciativas que visem proteger, enriquecer, recuperar ou
reconstituir a vegetacdo (OLIVEIRA FILHO, 1994).
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1.2. Geotecnologias e andlises espaciais aplicadas ao monitoramento de invastes

bioldgicas

Mesmo com o crescimento dos esforcos de realizar o0 manejo de plantas invasoras, 0s
consequentes impactos na biodiversidade em todo mundo tém sofrido um expressivo aumento.
Isto porque, a invasdo bioldgica é um processo dinamico que pode ser rapido, podendo uma
espécie invasora espalhar-se por toda a paisagem, tornando dificil ou quase impossivel o seu
controle (REJIMANEK; PITCAIRN, 2002; PLUESS et al., 2012). Por isso, a detec¢io precoce
das populagdes possibilita um melhor custo-beneficio e maior probabilidade de sucesso no
manejo da espécie invasora (REJMANEK 2000, NIELSEN et al. 2005; PYSEK; HULME
2005; Vila; IBANEZ 2011).

Do mesmo modo, informacGes sobre o préprio processo de invasdo e sua relagdo com
as condigcOes ambientais e estruturas da paisagem sdo importantes para um manejo eficiente e
para a adequacdo de medidas a serem implementadas (ANDREW; USTIN, 2010; MINOR,;
GARDNER, 2011). O monitoramento de forma rapida, precisa e regular contribui para a
eficiéncia do gerenciamento das invasdes (HULME et al., 2009). Tais requisitos podem ser
alcangados pela utilizagdo do sensoriamento remoto para acompanhar o processo de invasao
bioldgica, além de ser uma alternativa mais econdmica (KOKALY et al., 2003,
UNDERWOOD; USTIN; DIPETRO, 2003; REJMANEK, 2000). Este monitoramento
estruturado tem importancia estratégica no acompanhamento das interacGes das espécies com
0 meio ambiente, além de poder auxiliar na tomada de decisdes em a¢des de politicas publicas
e de manejo. (RANGEL, 2019).

A aplicacdo de analises espaciais de plantas invasoras tém sido uma area da pesquisa
em grande expansdo. Alguns estudos de distribuicdo de plantas invasoras tém sido
desenvolvidos para modelar correlagdes ambientais & invasdo nas escalas de paisagem (VILA,;
IBANEZ, 2011). Sendo assim, as técnicas de sensoriamento remoto demonstram grande
potencial para detectar, mapear e predizer a disseminacdo de plantas invasoras (BRADLEY
2014). Ferramentas de sensoriamento remoto no mapeamento de plantas invasoras podem
oferecer muitas outras vantagens, como por exemplo 0 mapeamento de uma regido inteira, que
ao contrario dos mapeamentos de campo, pode permitir o estudo de populagdes de espécies em
areas inacessiveis ou longe de estradas. Podem, também, permitir a entrada instantanea de
distribuicdo de espécies em um Sistema de Informacdo Geografica (SIG), para auxiliar no
planejamento de atividades de controle, por exemplo (OLMSTEADE; USTIN; ERNST, 2005).
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Neste contexto, € importante ressaltar que o controle ou erradicacdo de plantas invasoras bem-
sucedido tem uma dependéncia da disponibilidade de dados precisos de mapas de campo de

distribuicéo espécie nas areas de manejo (REJMANEK, 2000).

A tecnologia dos veiculos aéreos ndo tripulados (‘'Unmanned Aerial Vehicle' - UAVS) é
uma inovacao utilizada em diversos cenarios e tem sido utilizada em vérias areas de pesquisa
atualmente. Uma de suas aplicacdes € realizar o monitoramento da biodiversidade, permitindo
0 conhecimento de seu estado presente e proporcionando informac@es precisas para tomada de
decisdes (RANGEL, 2019).

Podemos considerar que houve um grande avanco no uso de imagens provenientes de
sensores remotos para deteccdo de alvos especificos e classificacdo de uso e ocupacéo da terra
presentes em uma paisagem. No passado as fotografias aéreas eram processadas de forma
exclusivamente visual e manual devido a baixa resolucdo espacial e abordagens baseadas em
pixel de classificacdo por computacdo eram ausentes (MAHEU-GIROUX; De BLOIS, 2005;
MULLEROVA et al. 2005; MORGAN; GERGEL; COOPS, 2010). Tal processamento era
trabalhoso e sujeito a muitos erros, com a necessidade de muito tempo para ser realizado e
sendo pouco factivel para grandes areas. O desenvolvimento de técnicas automaticas ou semi-
automaticas para classificar imagens caracterizou-se como um grande avan¢o para estudar

padrdes em escalas maiores, como € o caso da distribuicdo espacial de espécies.

Os modelos de distribuicdo de espécies na Biologia da Conservacdo podem ser
utilizados a fim de orientar pesquisas de campo para detectar populacdes de espécies conhecidas
(BOURG; MCSHEA,; GILL, 2005; GUISAN et al., 2006); delimitar a ocorréncia das espécies
(RAXWORTHY et al., 2007); e predizer a invasdo de espécies (HIGGINS; RICHARDSON,
1999; PETERSON, 2003; THUILLER et al., 2005). Na construcéao de tais modelos, sdo usados
dados georreferenciados de ocorréncia de espécie associados a dados ambientais e outras

variaveis que influenciam a distribuicéo de espécies.

Os modelos de distribuicdo de espécies exemplificam como o tratamento de um
conjunto de dados, a partir de técnicas estatisticas, permite uma descri¢cdo compacta dos padrbes
existentes e possibilita realizar previsdes a partir deles. Uma ferramenta promissora quando se
trata de modelagem e previsdo de distribuicdo de espécies sdo os algoritmos de Machine
Learning (ELITH; KEARNEY; PHILLIPS, 2006).

O uso de UAVs aliado a classificacdo baseada em pixels tem sido explorado em estudos
sobre invasbes (WAN et al. 2014; ZAMAN; JENSEN; MCKEE, 2011). As invasdes em
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ecossistemas aquéticos sdo pouco monitoradas, uma vez que uma grande extensdo das zonas
riparias € inacessivel, em alguns casos, tais estudos apresentam riscos de seguranca,
especialmente em ambientes inundados (MICHEZ et al., 2016). Assim, as informacdes
fornecidas por este trabalho sdo cruciais para a geracao de cenarios atuais e futuros de invasao,
principalmente por se tratar de areas menos acessiveis. esses estudos demonstraram que um
trabalho integrado de sensoriamento remoto e modelagem geoespacial melhoram o
entendimento da dindmica espacial de espécies de plantas invasoras e pode levar a um manejo

eficaz, reduzindo futuras invasoes.

2 Caracterizacdo da espécie estudada

De acordo com Lorenzi (2008), Hedychium coronarium J. Konig, Zingiberaceae,
conhecida pelo nome popular de lirio-do-brejo, gengibre-branco, jasmim-borboleta, é uma
planta herbéacea rizomatosa, entouceirada e originaria da Asia tropical. Ainda segundo o autor,
sua altura é de 1,5 a 2,0m e vegeta em lugares brejosos, a pleno sol apresentando crescimento
agressivo. As inflorescéncias sdo terminais com flores brancas, (KISSMANN; GROTH, 1995)

e, segundo Souza e Correa (2007) ha maior predominancia entre os meses de janeiro a abril.

A espécie ocorre em forma de manchas (STONE; SMITH; TUNISON, 1992). E
relativamente tolerante a sombra e se desenvolve bem em locais expostos (TUNISON, 1991),
geralmente em &guas pouco profundas (INSTITUTO HORUS, 2020).

No Brasil, a espécie tem ampla distribui¢do, é encontrada no Cerrado, em florestas
costeiras da Serra do Mar, florestas umidas de Araucérias, florestas do interior da Bahia,
Caatinga, Floresta Atlantica do Alto Parana e florestas costeiras da Bahia (ZENNI; ZILLER,
2011), estando presente inclusive em unidades de conservagdo federais (SAMPAIO;
SCHMIDT, 2013).

Pode ser utilizada para varios fins comerciais, como ornamentais, alimenticios,
medicinais e despoluicao de esgoto sanitario (KISSMANN; GROTH, 1995; MARTINS, 1949;
GUIMARAES et al., 2000; JOY; RAJAN; ABRAHAM, 2007; LU et al., 2009), o que

caracteriza a grande popularidade da espécie.
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Fonte: Lilian Arantes Fonte: autora

Figure 1 —Detalhes das estruturas de Hedychium coronarium: rameta com flor.

A auto-propagacdo, o comércio de mudas e 0 uso ornamental sdo algumas das vias de
dispersdo (INSTITUTO HORUS, 2020). E considerada uma planta invasora, formando densas
populacGes em areas pantanosas e baixadas Umidas, margens de lagos, riachos e canais de
drenagem sendo mais frequente em planicies litoraneas do sul e sudeste (LORENZI, 2000;
CASTRO et al., 2016). Seu manejo ou controle é dificultado devido a sua reproducéo clonal
extremamente eficiente através de fragmentos dispersos pela dgua (STONE; SMITH,;
TUNISON, 1992). Os rizomas apresentam alta plasticidade em relagdo a umidade do solo, o
que pode contribuir para a invasividade dessa planta em zonas riparias (ALMEIDA, 2015). A
espécie apresenta uma alta tolerancia ambiental e a habilidade de ajustar o padrdo de
crescimento clonal as condi¢des ambientais locais, possivelmente relacionado a dominancia

dessa espécie em ambientes riparios (PINHEIRO, 2018).
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Figure 2 — Area invadida por Hedychium coronarium no municipio de Sdo Carlos. Fonte:autora.

A producdo de folhagem densa e alta pode sombrear as camadas inferiores de vegetacéo,
diminuindo assim o desenvolvimento de espécies nativas. Também produz uma grande
guantidade de serrapilheira, de lenta decomposicdo podendo afetar os processos de
decomposicdo (CASTRO et al. 2016). Seus compostos secundarios influenciam negativamente
o crescimento de plantulas de espécies nativas e organismos aquaticos, como algas, macrofitas,
claddceros, insetos e peixes, podendo causar alteragdes na dindmica de cadeias troficas em
ecossistemas aquaticos em areas invadidas (COSTA, 2018, COSTA et al., 2019a; COSTA et
al., 2019b).

3 Caracterizacdo das areas de estudo

O estudo foi realizado no municipio de Séo Carlos - SP (47°30” a 48°30° Longitude
Oeste e 21°30° a 22°30’ Latitude Sul). A 4rea do municipio ¢ de 1.137 km2 e a populagdo de
221.950 habitantes no censo de 2010 (IBGE, 2020).

O clima, de acordo com o sistema de Koppen, é classificado como tipo Cwa, isto €,
mesotérmico Umido subtropical de inverno seco, com uma estacdo seca (maio a setembro), com
consequente deficiéncia hidrica e uma chuvosa (outubro a abril) (LORANDI, 2001). A
vegetacdo da regido encontra-se fragmentada, porém o tipo predominante € de Cerrado com
suas diferentes fisionomias, floresta estacional semidecidua, mata riparia e capoeira (SOARES;
SILVA; LIMA, 2003).
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As areas do estudo situam-se na bacia hidrografica do Cérrego do Monjolinho, um dos
principais mananciais do municipio de S8o Carlos para a captacdo de agua para consumo
domiciliar. Atualmente, parte da bacia estd ocupada predominantemente por pastagens e de

maneira secundaria por cerrado, mata ciliar e reflorestamento. (LORANDI, 2001).

A primeira area de estudo (Area 1) esta localizada em um trecho proximo ao Jardim
Municipal de Sdo Carlos (47 © 52'21,3 ’O e 21 © 59'13,2” S), enquanto a segunda area de estudo
(Area 2) esta localizada na Represa Fazzari, no Campus da Universidade Federal de S&o Carlos
(47°53'17,770 e 21 ° 58'17,4” S), (Figura 3).
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Figure 3 — Localizacdo das areas de estudo no municipio de Sdo Carlos, Sao Paulo, Brasil (Datum: SIRGAS
2000). Fontes: Instituto Brasileiro de Geografia e Estatistica (IBGE):

ftp://geoftp.ibge.gov.br/organizacao_do_territorio/malhas_territoriais/malhas_municipais/municipio_2015/ -
Google™ Earth Pro (data da imagem: 11 de abril de 2020)

Figure 4 — Invasdo por Hedychium coronarium as margens do Horto Municipal de S&o Carlos. Fonte: Lilian

Arantes
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Figure 5 — Invasdo por Hedychium coronarium na Represa do Fazzari, no campus Séo Carlos da Universidade

Federal de Sao Carlos. Fonte: Lilian Arantes

4 Aquisicdo, processamento e analise dos dados

Aquisicdo de imagens aéreas

As imagens aéreas foram obtidas usando um UAV Phanton® 4. Conforme descrito no
manual técnico do equipamento (FULLCOMPASS, 2020), sua plataforma de voo é composta
por quatro hélices (Quadricdptero), pesando 1380g (incluindo bateria e hélices), um tempo
maximo de voo de aproximadamente 28 minutos e uma velocidade maxima de 20 m/s. O UAV
foi equipado com uma camera digital de luz visivel (RGB) compacta de 12,4 MP para capturar
dados de alta resolucéo espacial. A cdmera possui GPS integrado e tamanho maximo da imagem
de 4000 x 3000 px. Estes UAVs com cameras RGB acopladas possuem um custo de
investimento relativamente baixo. Seu valor bastante acessivel aliado ao facil manuseio e a
captacdo de imagens de alta resolucdo espacial pode contribuir para sua adogao a varios tipos

de aplicagoes.



21

Figura 7 — Imagens capturadas pelo UAV Phanton® 4 com camera digital (RGB). a) Area 1 e b) Area 2, voo em

junho; c) Area 1, véo em novembro.

Processamento de imagem

Ortomosaicos das areas de estudo foram criados a partir das imagens capturadas usando
0 AgiSoft PhotoScan®. Obteve-se a Distancia Amostral do Solo (GSD) com 1,9 cm / px, ou
seja, um pixel da imagem representa 1,9 cm linearmente no solo, 3,61 cm2. O
georreferenciamento do ortomosaico foi realizado de acordo com o sistema de referéncia de
coordenadas EPSG: 4326 - WGS 84 / SIRGAS 2000.



22

Analise de dados dos ortomosaicos

No passado, as fotografias aéreas eram processadas manualmente e produzidas com
baixa resolucédo espacial, eram procedimentos trabalhosos e necessitavam alto investimento de
tempo. Atualmente, existem técnicas de processamento de imagens automaticas e semi-
automaticas.

Um plugin de cddigo aberto de classificacdo automatica, bastante recente, pode ser
utilizado para a classificacdo da vegetacdo nos ortomosaicos gerados, o Dzetsaka ML esta
disponivel no software QGIS versdo 3.10. Este plugin foi desenvolvido por Nicolas Karasiak
com a finalidade de classificar a vegetacdo no Parque Amazénico da Guiana, na Guiana
Francesa.

Neste plugin estdo disponiveis algoritmos de Aprendizagem de Maquina, que séo
métodos de inteligéncia artificial. Estes algoritimos possibilitam que as maquinas aprendam e
reconhecam padrGes de forma supervisionada, onde o especialista fornece ao algoritmo

exemplos rotulados para todas as classes.

A partir deste software foram selecionados 3 algoritmos de classificacdo para analisar a
invasora Hedychium coronarium: Modelos de Mistura Gaussiana (GMM), Classificador K-
Nearest Neighbors e Random-Forest

g Imagem RGB —>| Ground Truth
2T (VAV)
5 ¢
[J]
= )
£ Geracao QO Georreferenaa.ment
2 Ortomosaico o Ortomosaico
<
, Classificacdo
Areas de ——>| Supervisionad
treinamento 3
)
G)
° 0
Mapa de .
e —_ > M Final
Classificacao aparina

Figura 8 - Fluxograma de trabalho para processamento e analise das imagens do UAV.
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5 Objetivo e hipdteses

5.1. Objetivo
Considerando a necessidade de prevencdo do estabelecimento e manejo de populacdes
da invasora Hedychium Coronarium em zonas riparias, o objetivo deste estudo foi desenvolver
uma metodologia eficiente e de baixo custo para 0 mapeamento de areas invadidas a fim de

subsidiar acOes para estes propdsitos.
Objetivos Especificos
Os objetivos especificos sdo:

a) Classificar a vegetacéo utilizando imagens capturadas por UAV;

b) Mapear a invasao de H. Coronarium, identificando as areas de ocorréncia desta
espécie nas areas riparias;

c) Avaliar o custo-beneficio do uso de UAV e sensor imageador associado no

mapeamento das areas invadidas por H. coronarium.

5.2. Hipoteses

a) E possivel detectar as invasdes de Hedychium coronarium em éreas abertas de zonas
riparias por meio de imagens obtidas por UAV usando cadmeras de baixo custo do
tipo pancromatica RGB, as quais operam apenas no espectro visivel e desprovida de
bandas espectrais;

b) Considerando aspectos técnicos como: tamanho do alvo, efeitos de sombra e angulo
de visada, disposi¢do do alvo, efeito de fundo da vegetacdo (background) é possivel
classificar as imagens adquiridas por UAV para a identificacdo dos alvos sobre
investigagdo por meio de um plugin em software open source com classificadores

baseados em algoritmos de Aprendizagem de Maquina.
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Assessment of the Hedychium coronarium invasion in riparian forests using machine
learning algorithms and low cost UAV images
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Abstract:

The spread of invasive exotic plant Hedychium coronarium J. Koénig, (Zingiberaceae)
has significantly increased in Brazilian riparian forests. Damage to ecosystems can be
irreversible without control or eradication of this species. However, detection of invasive
species and quantification of invaded area is the first step for any management action. Aiming
to evaluate invasion of H. coronarium in areas with difficult to access, this paper presents a
methodology that integrates images captured by visible spectrum camera (RGB) of Unmanned
Aerial Vehicles (UAVs) and their classifications based on Machine Learning algorithms.
Gaussian Mixture Model, K-Nearest Neighbors and Random Forest algorithms were used to
evaluated invasion of H. coronarium in two areas in the municipality of Sao Carlos where UAV
images were captured two times. The training phase was performed with different types of
samples, varying the size of polygons (6-8m? and 12-16m?) and the number of classes (5 and 8
classes). In the test phase, evaluation of accuracy concerning different configurations shown
that the best performance was achieved by K-Nearest Neighbors algorithm in sampling
classified in 5 classes, with a Kappa’s index of 78,8% and 80% in June and November,
respectively, in the first area and a Kappa’s index of 72,6% in second area. The best time of
image capture and the classification of this images was November when it makes possible a
better distinction between especies and vegetation. The excellent results in one of the areas
show that the integrated method of remote sensing by UAVs and the classification based on
Machine Learning algorithms revealed as an accessible low-cost technique that produces high
resolution images allowing the detection of H. coronarium. Nevertheless, additional studies in
other areas with different forest covers and at different times are needed to validate the proposed
methodology.

Keywords: Hedychium coronarium, invasive alien species, UAV, Machine Learning.
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Introduction

Introduction of exotic species by anthropogenic activities is modifying natural
ecosystems causing large environmental impacts (Blackburn et al. 2014). This occurs when
native species are transferred from their geographical limits to places where they would not
occur naturally. The impacts can be of great magnitude at different levels of ecological
organization, individuals, populations, communities and ecosystems, and at different spatial
and temporal scales (Simberloff and Rejmének 2011). At the landscape scale, invasive plants
can modify their physiognomy, causing local extinctions and resulting in a direct loss of

biodiversity (Silva et al. 2014; Ehrenfeld 2010; Pysek et al 2012; McNeely et al. 2001).

Riparian forests have a high environmental diversity and their interaction with the
fluvial geomorphological processes provides ecological support for development of riparian
ecosystem (Oliveira Filho 1994; Sgrott 2003). These ecosystems are considered more
vulnerable to invasion by exotic plants than adjacent terrestrial communities, probably due to
the intense disturbance regimes that riparian communities are exposed to (Stohlgren et al. 1998;
Hood and Naiman 2000). Human settlements are often formed along rivers and can be the
source of introduction of propagules of invasive species in the riverside area, where rivers act
as the way of dispersing these propagules and can trigger the establishment and dissemination
of invasive plants (Décamps et al. 1995; Wissmar and Beschta 1998; Hood and Naiman 2000;
Tickner et al. 2001). Therefore, diversity and abundance of exotic plants have increased in
riparian zones worldwide (Richardson et al. 2007). Aquatic macrophytes pose a great risk of
invasion as their dispersion vector is the water flow (Barrat-Segretain 1996), associated with
the characteristic of their clonal reproduction (Simberloff 2009), exhibiting a spatial
distribution that correlates with hydrological connectivity of habitats at the landscape level

(Thomas et al. 2006).
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Researchers, managers and decision makers have used various methods and techniques
to assess, compare and predict the vulnerability and extent of alteration in invaded ecosystems
(Blackburn 2014; Lodge et al. 2006; Hulme et al. 2009, Ehrenfeld 2010). Early detection of
populations allows a better cost-benefit and successful in the management of invasive species
(Rejméanek 2000; Nielsen et al. 2005; Hulme et al. 2009; Vila and Ibafiez 2011). Such
requirements can be achieved by using remote sensing to monitor the biological invasion
process, which is a cheaper alternative (Kokaly et al. 2003; Underwood et al. 2003; Rejmanek

2000).

Remote sensing tools for mapping invasive plants allow expanded tracking coverage
into the region, which, unlike field mapping, allow the study of species populations in areas that
are difficult to access. Data from remote sensing make possible instant input of species
distribution data in a Geographic Information System (GIS), allowing assistance to planning
control activities (Olmsteade 2005). Among several possibilities for using remote sensors, the
most economically accessible satellite images often do not have high enough spatial and
spectral resolutions to detect isolated individuals, or even small populations, and the images
captured by manned aircraft are often an expensive method, especially when many repetitions

are required (Lehmann et al. 2017).

According to Vivaldini et. al (2019), remote sensing technology using Unmanned Aerial
Vehicle (UAVSs) provides better resolutions, fast scanning of large areas, and lower data
acquisition costs in comparison to a manned aircraft and satellites and achieves similar goals.
The UAVs are an innovation used in different scenarios and it has been applied in several
research areas allowing the knowledge of its present state and providing accurate information
for decision making (Bendig et al. 2012; Zhang and Kovacs 2012; Nevalainen et al. 2017;
Torres-Sanchez, 2015; Vivaldini et al. 2019). Based on this context, the UAVs can be used as

a tool in studies of conservation or forest management. Unlike homogeneous crop fields, it is



33

a challenge to map populations of plants heterogeneously distributed, as is the case of invasive

plants in forests.

Several studies involving remote sensing techniques applied on detection, mapping
and prediction of spatial propagation of plant invaders have been identified using high-
resolution multispectral or hyperspectral sensors (Huang and Asner 2009; Bradley 2014).
However, one of the frequently used sensors is the conventional visible spectrum - RGB (single
sensor red, green, blue) due to its low cost and easy handling. Nevalainen et al. (2017) used the
UAYV (hexacopter model - Tarot 960) to acquire RGB images in order to identify tree species
in boreal forests. Zortea et al. (2018) with the using of UAVSs to capture images of visible RGB
spectral for identification and counting of citrus trees. Jin et al. (2017), also through this
integration, to develop a method to estimate the density of wheat in the harvest and Bah, Hafiane
and Canals (2018) for classification of weeds. In these studies, the main challenge was to
achieve reliably classifications and acquired spatial resolution to distinguish individual plants.
In spite of the good results obtained by multiband sensors, they require sophisticated
calibrations and corrections requiring more work and skilled labor, the classification methods
also dispense with spectral knowledge of the targets, demanding even more specialization.

Models of species distribution can be used to guide field research to detect populations
of known species (Guisan et al. 2006) and predict species invasion (Peterson et al. 2003;
Thuiller et al. 2005). In the construction of such models are used geo-referenced data of species
occurrence associated with environmental variables data that influence species distribution.
Species distribution models exemplify how the treatment of a data set using statistical
techniques allows a compact description of the existing patterns and makes it possible to make
predictions from them. As pointed by Elith et al. (2006), Machine Learning algorithms are

promising tools for modeling and predicting species distribution.
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The uses of UAVs combined with pixel-based classification have been explored in
studies on invasions (Wan et al. 2014; Zaman, Jensen, and McKee 2011). Due to invasions in
aquatic ecosystems are probably not reported and are poorly monitored, since a large expanse
of riverside areas is inaccessible, in some cases, such studies present security risks, especially
in flooded environments (Michez et al. 2016), informations about these less accessible areas
are crucial for generating current and future invasion scenarios. These studies demonstrated that
an integrated work between remote sensing and geospatial modeling improves the
understanding of spatial dynamics of invasive plant species and may lead to an effective
management, reducing future invasion, as H. coronarium stands located in inaccessible riparian

areas, are a great challenge for ecological studies and management.

Due to invasive macrophyte species Hedychium coronarium is dominating large areas
of riparian ecosystems affecting diversity and ecosystem functioning (Castro et al. 2016). In
this paper, the main objective is to classify vegetation using images captured by an UAV to
obtain a distribution map of this species. Therefore, we integrate images captured by visible
spectrum camera (RGB) of UAVs and their classifications based on Machine Learning
algorithms in an open-source plugin available for Quantum Geographic Information System
(QGIS) in a heterogeneous area to test its efficiency and provide a low cost-benefit

methodology to be applied in studies about plant invasion.
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Material and methods
Study area

The study was carried out in Sdo Carlos municipality, S&do Paulo state, Brazil (47 ° 30 ’to
48 ©30” W and 21 ° 30 ’to 22 ° 30’ S), The municipality of Sdo Carlos occupies an area of
1,137 km? and has about 221,950 inhabitants (IBGE 2020). Sdo Carlos climate, according to
Koppen’s system, is classified as type Cwa, which is humid subtropical mesothermal with a dry
winter. Two climate seasons are clearly distinct: a dry season (May to September), with water

deficiency, and a rainy season (October to April) (Lorandi 2001).

The chosen areas are located on Monjolinho River basin. This landscape was formerly
covered by Cerrado (the Brazilian Savanna), Seasonal Semideciduous Forest and Riparian
Forest (Soares 2003). This basin is one of the main water sources for human consumption in
the city of S&o Carlos. Currently, part of the basin is occupied predominantly by pastures and
fragments of Cerrado, riparian forest and secondary vegetation (Lorandi 2001), in addition to

the extensive urban occupation.

The first study area (Area 1) is located more specifically on the banks of the Monjolinho
River in a stretch close to the Municipal Garden of S&o Carlos, at 47°52°21.3” W and
21°59°13.2” S, while the second study area (Area 2) is located in Fazzari Dam on the Campus

of the Federal University of S&o Carlos —at 47°53°17.7” W and 21°58°17.4” S (Figure 1).

Studied species

According to Lorenzi (2008), Hedychium coronarium J. Konig, (Zingiberaceae) is a
perennial macrophyte native from tropical Asia. Its height is 1.5 to 2.0m and vegetates in
swampy places and full sun conditions, showing aggressive growth. Inflorescences are terminal

with white flowers, formed practically all year round, and, according to Souza and Correia
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(2007), with greater predominance between January and April, corresponding to a hot and
humid season. H. coronarium is considered an invasive plant in Brazil, forming dense
populations in swampy areas and humid lowlands, lakesides, streams and drainage channels
(Lorenzi 2000). Its control is hampered due to its extremely efficient vegetative reproduction

through fragments dispersed by water (Stone et al. 1992).

Processing and analysis of UAV images

Figure 2 gives an overview of the steps of images processing and analysis used in this

study. This workflow diagram shows the software modules used in each fase.

Acquisition of aerial images

Aerial images had been obtained using a Phanton® 4 UAV. As described in the
equipment's technical manual (Fullcompass 2020), their flight platform consists of four
propellers (Quadricopter), weighing 1380g (including battery and propellers), a maximum
flight time of approximately 28 minutes and a maximum speed of 20 m/s. The UAV also has
an image stabilizer (Gimbal) with a three-axis Cardan and their geolocation at the time of image
acquisition is provided by a global receiver satellite navigation system that could receive signals
from the GPS and GLONASS satellite constellations. The remote control for the UAV operates
at a frequency of 2.400 GHz to 2.483 GHz. The UAV was equipped with a 12.4 MP compact
built-in visible light digital camera (RGB) to capture high spatial resolution data. The camera
has built-in GPS and 94° Field of View (FOV) lenses with a focal length of 20mm (35mm
format is equivalent), 1SO 100, /2.8 lens aperture and 8s -1/8000s shutter speed and maximum
image size of 4000x3000 px. The flight plan was designed on the DroneDeploy app loaded on
an iPhone XR®. The study areas for capturing images through UAV was delimited from the

occurrence of Hedychium coronarium in open spaces and with forest occurrence.
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The capture of images was carried out in both areas on June 12th, 2019, in the
morning, the sky with a moderate amount of clouds. On November 6th, 2019, images were
captured only next to the Municipal Garden, with a cloudless sky and good light conditions in
the morning too. The flight height was 40 m, other than the altitude, latitude and longitude
information collected for each generated image. For the first area were captured 78 and 65

images, on the respective dates, and for the Fazzari Dam were captured 166 images.

Image processing

Three orthomosaics of study areas (Figure 3) were created from the captured images
using AgiSoft PhotoScan®. A Ground Sample Distance (GSD) was obtained with 1.9 cm/px,
that is, a pixel in the image represents 1.9 cm linearly on the ground, 3.61 cm?. Orthomosaics
georeferencing was performed according to the coordinate reference system EPSG:4326 - WGS

84/SIRGAS 2000.

The flight coverage for each area was 17,849m? (Area 1 — first flight), 17,093m? (Area

1 —second fligt), and 41,747m? (Area 2).
Orthomosaics data analysis

In order to perform the classification of the three orthomosaics, the open-source plugin
Dzetsaka ML was used in the QGIS software version 3.10. From this software, developed by
Nicolas Karasiak, 3 supervised classification algorithms were selected to analyze invasive

macrophyte Hedychium coronarium:

1) Gaussian Mixture Models (GMM): generic methods that solve problems of
probabilistic classification and regression (Scikit-learn 2014). It is the fastest algorithm
available in Dzetsaka that accounts for the sum of several Gaussian processes. The closer the

pixel is, the greater weight it will have (Karasiak 2017).
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2) K-Nearest Neighbors classifier: based on the k nearest neighbors, where k is a
specified integer value (Scikit-learn 2014). The classification is fast and needs only one

parameter: the number of neighbors (Karasiak 2017); and

3) Random-Forest: algorithm based on randomized decision trees, where it repeatedly
divides the data set into separate branches and maximizes the information gain allowing the
algorithm to learn non-linear relationships (Potic 2017). It can be applied in several works,

mainly for the classification of tree species (Karasiak 2017).

Sampling

A prior knowledge of the studied sites and vegetation types, as the use of UAV, and
previous analysis the sensor images are necessary and fundamental for the achievement of an
adequate classification, as well as the subsequent validation of the model in the field, we
performed a training sampling. So, field recognition was carried out in the study localities,
identifying areas invaded by H. coronarium. In addition, these areas also were visually
identified in the RGB images captured by the UAV. The samples of the features were chosen

by sampling directly in the orthomosaic generated from images of each area.

For the training phase, the training areas were delimited by sampling polygons to
represent the chosen class. For the test phase, classification was performed covering a set of
polygons for each class and two class types were defined (called 't and 'T' types), as shown in
Table 1. To evaluate the classification methods, in addition to the two class types, two different

sizes of polygons were also tested, and samples were defined according to Table 2.

After the training phase, a map of the distribution of H. coronarium was generated
according to the application of each of the 3 algorithms for each sample. Classification accuracy
was evaluated based on the determined classes and through the confusion matrix and the

Kappa’s agreement index, which measures the agreement between the classification performed
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in the image and its real values. A Kappa value of 1 represents perfect agreement (Perroca and
Gaidzinski 2003), as shown in Table 3. In addition, the Global Accuracy Index was calculated,

which indicates the probability that classified categories correspond to reality.

Metrics

To evaluate the results the metrics Confusion matrix, Kappa’s agreement index and the

Global Accuracy Index are adopted.

The Kappa coefficient cited by Cogalton (1991), widely used in remote sensing,
measures the performance in a pattern recognition system, where the expected agreement is
applied, a posteriori (Ponti-Junior, 2004). For this, a confusion matrix is generated by each
classifier with labels of the sampling is provided in the classification. The values that fall on
the diagonal of the matrix are the correctly predicted labels and with the values outside the main

diagonal are possible to analyze a confusion between the classes.

Results

Figures 4 to 6 show the classifications performed in orthomosaics using 3 algorithms
adopted (Gaussian Mixture Model, K-Nearest Neighbors classifier and Random Forest
classifier) and the 4 types of samples resulted in 12 coverage maps of Hedychium coronarium
for each orthomosaic. Confusion matrix, Kappa’s agreement index and the Global Accuracy

Index results are described in Tables 4 to 9.

The accuracy assessment shows that the K-Nearest Neighbors classifier obtained a
better performance for all samples (Table 4 to 9 and Figure 4 to 6). In Area 1, Municipal Garden
represented by orthomosaics 1 and 2, the best result was for a smaller number of classes and

smaller polygons (Sample A), as it demonstrates in the Table 5 and Figures 4 and 5.
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Respectively to orthomosaics 1 and 2 was obtained a Kappa’s index of 78,8% and 80%, a f1
score of 85,9% and 88.5%, Global Accuracy of 84,1% and 84.8% (Table 5). In Area 2, Fazzari
Dam represented by orthomosaics 3, the best result was obtained for a smaller number of classes
in bigger polygons (Sample C) with a Kappa’s index of 72,6% and f1 score of 79,3%, with
Global Accuracy of 78,5% (Table 5). The 3 algorithms performed better for the samples which
have the lowest number of types (type t) than the samples which have a greater number of types
(type T), as shown in Tables 4 to 6 and in Samples A and C of Figures 4 to 6.

For the samples B and D, with a greater number of classes (type T), the classifiers had
lower performance, but still at “good” or “very good” level (Table 3), as shown in Samples B
and D (Figures 4 to 6), where the Kappa’s index was between 57,5% and 67,0%.

In general, the algorithms performed better in Area 1 than in Area 2. In Area 1, the
image captured in November was the best performing. In Area 1, to the orthomosaics 1 and 2,
the worst results were for the Sample D (with larger polygons and a greater number of classes),
with the Kappa’s index of 57,9% and 61,8% respectively, as indicated in Table 7 and 9, using
the Gaussian Mixture Model and Random Forest algorithm (Figures 4 and 5).

According to Tables 4 to 9, the image classifications of Area 1 showed that samples (C
and D) with larger polygons (between 12 and 16m?) were less effective than smaller polygons,
probably due to the increase in the diversity of features in each polygon. As can be observed,
the greater number of classes (type T, samples B and D) also decreased the effectiveness of the
classification in relation to the samples A and C due to greater confusion of pixels between H.
coronarium and the forest classes created (Table 7 to 9). However, in Area 2, the performance
of the algorithms was worse in Sample B, contrasting the results obtained for Area 1, with the
Kappa’s index of 57,5% for the Random Forest algorithm, as indicated in Table 9 and showed

in Figure 6.
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In area 1, the images classified from orthomosaicl, the area occupied by H.
coronarium varied from 16 to 19% of the total area and the area occupied by all classes of forest
varied from 34 to 45% (Table 10). In area 1, from orthomosaic 2, the area occupied by H.
coronarium varied from 15 to 24% of the total area and the area occupied by forest varied from
31 to 43% (Table 11). Finally, in Area 2 the area occupied by H. coronarium varied from 4 to
12% of the total area, the area occupied by forest varied from 43 to 61% (Table 12).

These results show a great variation in the Gaussian Mixture Model algorithm in the
prediction of the invaded area, as is the case of Area 1, orthomosaicl, however other classifiers
remained similar in the prediction of occupation in this Area. The results show that the relative
areas invaded in Area 2 are smaller than Area 1.

Analyzing the best performance algorithm, the K-Nearest Neighbors classifier, in
Area 1, for orthomosaic 1 and 2 (sample A) and in Area 2 (Sample C), the area invaded by H.

coronarium was 3,251m2, 2,405m2 and 3,544m2 , respectively.

Discussion

In the present study, the integrated technologies using spatial high-resolution images
captured by UAVs and the generated orthomosaic enabled the visual detection of H.
coronarium. In addition, the use of ML open source classifiers was effective in producing
distribution maps for different vegetation types. Dzetsaka plugin algorithms available in QGIS
are effective in classifying species and vegetation types after images were captured at different
times of the year. The K-Nearest Neighbors classifier algorithm was the best one to classify the
invasive H. coronarium in open areas, using the images captured by UAVs. Therefore, the
sample whose training used lowest class details was the most appropriate method to classify H.

coronarium.
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The low performance of the classification in Area 2 showed that the level of
heterogeneity of the vegetation can be influence the results. The size of the populations of H.
coronarium and/or time of the images capture can also influence the classification of the species
using this method. For a better analysis of this result, it would be interesting to perform image
capture in November in this area, due to the better distinction between species and vegetation

observed in the analysis of the images obtained.

The methodology used is a low-cost remote sensing tool UAVs together with the open
source techniques of geographic information systems. Thus, our study demonstrates that UAVs
can avoid the large expenditure of time as in field-based surveys of invasive species, especially
in areas of low accessibility (Wan et al. 2014; Hill et al. 2016; Mullerova et al. 2017). In our
case, the mapping of H. coronarium is restricted to open areas, while its detection under the
forest canopy is not possible. However, the probability of occurrence of the species is higher in
open areas due to its adaptation to open habitats. Light is considered a key limiting factor for
aquatic macrophytes in general (Dhir 2015). H. coronarium normally forms dense stands under
full light in riverside forests adjacent to watercourses or forest edges (Joly and Brandle 1995,
Castro et al. 2016). The growth and survivorship of its rhizomes decrease under constant
darkness (Pinheiro, 2018), which indicate that this species is less likely to be dominant in the

understory of riparian forests with high canopy closure.

The major difficulty in the classification strategies used was found in the distinction
between standing Hedychium coronarium and the adjacent forest. Pixels contained in training
areas must be sufficient to allow reasonable estimates obtained by the elements of the
conditional average of the class and the vector covariance matrix (Richards and Jia 2006). The
number of potential samples (pixels, clusters of pixels, polygons and clusters of polygons) in a
remote sensing image, commonly apply 2% or even 5% of a sample (Congalton and Green

2009).
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Few training areas can mask certain features due to a lack of precision. However, a
greater number of training areas tend to minimize errors and increase the accuracy of modeling.
So, according to our results, in Area 1, where the classification was more efficient, the larger
polygons sampling tends to cluster different features in the same class generating poor
distinction between H. coronarium stand and forest. Thus, these results show that adopting the

smaller polygons as sampling is more efficient in the classification.

In a previous study developed by Potic (2017) applied to monitor the changes in the land
cover, the comparison between algorithms available on Dzetsaka plugin, obtained the best
performance for Random Forest with 96.35 and 100% accuracy in two different time periods.
In our study, the best accuracy obtained for K-Nearest Neighbors classifier (80,0%, according
to Table 5) was higher than for the Random Forest algorithm. Through the classification of
segmented satellite images with the objective of detecting and identifying populations of
Hovenia dulcis, an arboreal invader, Lima (2019) used the K-Nearest Neighbors algorithm of
eCognition® and obtained 91% accuracy for segmentation scale of 100.

According to the results obtained in this study, we may consider that UAV flight altitude
was adequate for the species' high visibility in the landscape. The time when the UAV images
captured in November (rainy season), in addition to greater species visibility, showed a better
performance of the algorithms suggesting that this is the best time for capturing images. The
rainy season is a time of great vegetative growth of H. coronarium, providing a better
distinction of the species in relation to other types of vegetation. As the phenological stages can
be relevant in the acquisition of data (Huang and Asner 2009) and influence the structure of the
canopy (Jones et al. 2011; Dorigo et al. 2012; Somodi et al. 2012), the images capture in June
was more difficult to distinguish H. coronarium from the other types of vegetation. As June is
almost in the middle of the dry season, the species presents itself with shade and texture close

to the rest of vegetation. During the flowering phase of H. coronarium, from January to April,
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we could obtain different results considering that in Area 1, in June, we still observed a small

number of flowers, which may have favored the species classification on this date.

The use of the sensors embedded in the camera was efficient, with no need for the use
of infrared sensors for the detection of the invader. Similar results were observed in the studies
on the detection of Acacia mangium (Lehmann et al. 2017) and Jacobaea vulgaris (Tay 2018).
In Area 1, the population of H. coronarium is larger and more homogeneous, being more easily
detected. Further tests will be necessary in more heterogeneous areas such as Area 2 at a more
favorable time (flowering period), in order to achieve a better detection of H. coronarium. The
visual interpretation in our study, on the other hand, performed well and was used to analyze

the classification based on pixels in the comparison with the distribution map.

Despite the good results achieved by studies using UAV, the number of strategies that
applying this technology by ecosystem managers is still relatively low, possibly due to high
acquisition costs, technical complexities, or lack of operational skills (Lehmann et al. 2017). In
addition, the lack of specialized knowledge in image processing and analysis are also factors
that hinder the adoption of these practices Considering the cost-benefit of this study we

recommend it use in the detection of invasive stands.

It has been observed that the invasion of H. coronarium in native forests trigger many
impacts on riparian forests and on their ecosystem services (Almeida 2015; Castro 2019; Costa
2018; Pinheiro 2018; Zanatta 2019). Due to this scenario, the detection and constant mapping
allow monitoring the evolution of invasion, besides helping in the decision of the best time for
its management. Therefore, the early detection of the spread of invasive plants is essential and
the use of UAVs combined with the high accuracy of the classification can be a very efficient

mechanism to outline control and/or eradication actions. The early detection of the invasion
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process, especially in inaccessible habitats, can also contribute to the control of the invader in

the early stages, reducing time and investments in their management.

The mapping generated using images captured by UAVs and adopting open source
classification tools can support researchers, decision makers to adopt regulations and
management actions related to the invasive plants, collaborating with the recovery of invaded
riparian forests. Considering the crucial role played by riparian forests, such methodology
provides an important contribution to the maintenance of biodiversity and all other ecosystem

services provided by them. We believe that this methodology can be promising for this purpose.
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Table 1: Class types used on the training process of Machine Learning algorithms.

't" type classes description

"T' type classes description

Class Area 1/Area2 Class Area 1 Area 2
1 H. coronarium 1 H. coronarium H. coronarium
2 River 2 River River
3 Road 3 Road Road
4 Grass 4 Grass 1 Grass
5 Forest 5 Grass 2 Forest 1
6 Forest 1 Forest 2
7 Forest 2 Bush 1
8 Palm Tree Bush 2
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Table 2: Configuration of the 4 samples tested, considering the size of polygons used and the

class types described in Table 1.

Polygon Size Class type
Sample A 6-8m? t
Sample B 6-8m? T
Sample C 12-16m? t
Sample D 12-16m? T




Table 3: Qualitative grouping of Kappa’s coefficient. Source: Fonseca (2000).

KAPPA INDEX Performance
<0 Terrible
0 <K <0,2Bad
0,2 <K <£0,4 Moderate
0,4 <K <0,6 Good
0,6 <K <0,8 Very Good
0,8 <K < 1,0 Excellent
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Table 4: Results of confusion matrix for Gaussian Mixture Model Classifier

Classes H. coronarium River Road Grass Forest Kappa (%) f1(%) 0. A. (%)
A C A C A C A C A C A C A C A C
H. coron. 41315 74080 7 0 0 0 244 491 7958 18476
River 10 7 7414 10290 0 1 799 1307 584 221
1 76,6 72,5 | 843 | 82,7 | 825 | 79,6
Road 0 21 0 7 19997 | 38913 24 592 287 467
Grass 621 2603 724 1163 51 238 23587 | 46155 3933 8362
Forest 7576 18330 1325 704 61 2059 3030 6086 36246 68900
H. coron. 81313 | 143821 0 7 0 0 1323 372 19781 | 43215
River 0 0 24943 | 45787 703 11744 2 117 1 3
2 796 | 755 | 86,9 | 832 | 845 | 813
Road 1 20 458 2198 35636 | 62051 0 256 0 13
Grass 1626 4060 268 334 1 763 54269 | 109747 | 5851 8968
Forest 6640 24013 17 167 0 0 6351 14833 | 38556 | 122264
H. coron. 10421 | 15228 0 0 0 0 2345 1231 4348 5098
River 0 8 37970 | 70270 0 0 0 0 47 120
3 706 | 71,8 | 782 | 77,1 | 77,7 | 781
Road 10 34 0 0 19973 38594 334 341 41 114
Grass 7041 11936 0 0 165 637 46792 | 69147 11514 14361
Forest 11711 29643 83 36 17 15 9348 10017 | 48165 68832




Table 5: Results of Confusion Matrix for the K-Nearest Neighbors Classifier

Classes H. coronarium River Road Grass Forest Kappa (%) f1(%) O.A. (%)
A C A C A C A C A C A C A C A C
H. coron. 42848 77024 15 0 0 0 307 818 8052 18150
River 9 9 8022 10588 0 1 769 1255 665 228
1 788 | 755 | 859 | 84,8 | 84,1 | 818
Road 0 15 0 4 20076 | 40914 19 371 335 514
Grass 592 2202 435 657 0 190 23580 | 46011 3470 7072
Forest 6073 15791 998 915 33 106 3009 6176 36486 | 70462
H. coron. 73218 | 137393 0 6 0 0 300 357 16741 | 28846
River 1 1 25132 | 44725 437 3323 26 21 27 7
2 80,0 | 796 | 885 | 87,1 | 84,8 | 844
Road 2 2 401 3277 35903 | 70663 0 240 5 27
Grass 1614 3889 120 278 0 566 56447 | 114368 | 6429 10675
Forest 14745 | 30629 33 207 0 6 5172 10339 | 65484 | 134908
H. coron. 13844 | 25486 0 0 0 6 3644 3632 6938 13606
River 0 6 38052 | 70306 0 0 0 0 109 180
3 71,1 | 726 | 79,4 | 793 | 77,9 | 78,5
Road 11 60 0 0 20065 38861 381 426 47 127
Grass 6369 10176 0 0 79 348 46057 | 68728 | 11236 | 14445
Forest 8959 21121 1 0 11 31 8737 7950 45785 60167
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Table 6: Results of Confusion Matrix for Random Forest Classifier

Classes H. coronarium River Road Grass Forest Kappa (%) F1 (%) 0. A. (%)
A C A C A C A C A C A C A C A C
H. coron. 41520 | 74218 17 8 0 3 428 1366 8416 19861
River 15 8 7797 10365 0 3 671 1168 784 430
1 76,5 | 72,5 | 845 | 83,0 | 824 | 79,6
Road 0 11 0 2 19973 | 40724 14 373 249 412
Grass 616 2209 646 938 6 261 23097 | 44603 3582 7283
Forest 7371 18595 1010 851 130 220 3474 7121 35977 68440
H. coron. 69531 | 133380 1 17 0 1 868 1834 18810 | 35246
River 2 14 25175 | 44520 469 3250 50 94 27 45
2 76,5 | 76,2 | 86,7 | 852 | 821 | 818
Road 1 4 349 3488 35870 | 70714 0 342 2 32
Grass 1749 3946 119 265 0 573 54585 | 110877 | 6726 11840
Forest 18297 | 34570 42 203 1 20 6442 12178 | 63121 | 127300
H. coron. 13033 25452 0 0 2 25 4627 6156 8218 17463
River 0 4 38039 | 70289 0 0 0 0 62 109
3 679 | 692 | 773 | 77,2 | 754 | 759
Road 8 51 0 0 19977 | 38776 325 454 32 93
Grass 6236 9705 0 0 155 398 43131 | 62983 11405 13748
Forest 9906 21637 14 17 21 47 10736 | 11143 | 44398 | 57112
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Table 7: Results of Confusion Matrix for Gaussian Mixture Model Classifier.
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Classes H. coronarium River Road Grass 1 Grass 2 Forest 1 Forest 2 Palm Tree Kappa (%) f1 (%) 0. A (%)
B D B D B D B D B D B D B D B D B D B D B D
H.coron. [ 39180 | 78472 | 17 0 0 0 386 2031 | 0O 1 1602 | 2578 | 11861 | 19247 | 10116 | 17026
River 20 14 7033 | 14840 | 0 0 633 1354 | 12 119 3 361 25 27 9 57
Road 3 2 1 8 21308 | 27833 | 121 23 132 163 72 330 62 12 48 29
L] orass1 1841 | 3423 522 753 62 148 16661 | 46235 | 325 827 1057 | 1960 | 3025 | 10319 | 1189 | 4238 PB4 | 57,9 645 | 644 | 653 | 649
Grass2 | 24 76 10 390 52 1 247 125 12302 | 24726 | 3077 | 6298 | 54 295 72 338
Forestl | 3563 | 6446 151 922 27 97 609 1837 | 361 950 12483 | 26835 | 4437 | 10404 | 2666 | 6350
Forest2 | 2626 | 5277 6 2 0 0 1572 | 4659 | 0 1 1876 | 2423 | 6831 | 12984 | 4714 | 8545
PalmTree | 948 2143 3 5 38 19 91 232 3 3 577 1649 | 1196 | 2417 | 1405 | 3140
H. coron. | 78920 | 153933 | 0 0 0 0 301 577 0 0 11074 | 27127 | 14146 | 34487 | 9273 | 20481
River |0 0 24160 | 46463 | 1247 | 13218 | 0 1 336 348 0 0 0 0 0 0
Road 0 0 527 4165 | 37611 | 63624 | O 0 62 822 0 0 1 3 0 0
, | Grassi | 633 3946 0 41 0 1 31015 | 90565 | 952 2571 | 638 1212 | 3300 | 5995 | 2625 | 4653 652 | 620 | 706 | 665 | 708 | 681
Grass2 | 4 75 46 175 5 79 837 2376 | 22413 | 44724 | 1 2 8 14 1 15
Forest1 | 2877 | 5354 0 0 0 0 24 136 0 0 13166 | 22246 | 6539 | 11857 | 8903 | 19690
Forest2 | 2735 | 6000 0 0 1 1 2831 [ 5453 |5 0 8034 | 14020 | 20001 | 38419 | 5743 | 9508
PalmTree | 2031 | 4034 0 0 0 0 1728 | 3090 |0 2 4603 | 12131 | 5747 | 9995 | 10023 | 17497
H.coron. [ 11687 | 18100 | 0 0 0 0 2931 | 1989 | 4512 | 6611 | 1450 | 1523 | 76 53 61 23
River 0 8 37980 | 70269 | O 0 0 0 48 117 2 5 2 63 0 7
Road 10 21 0 0 19945 | 38438 | 329 322 23 45 3 10 71 823 17 25
3 Grass1l [ 7a56 | 12155 |0 0 158 461 47601 | 69368 | 8642 | 10748 | 8308 | 9400 | 146 691 2608 | 3004 | ¢14 | 634 | 633|647 675/ 691
Grass2 | o382 | 24392 | 73 37 0 0 5120 | 6111 | 27175 | 50210 | 9038 | 22541 | 2758 | 3349 | 4493 | 4896
Forestl | 1 455 0 0 0 0 2 884 3 1123 | s 2036 | 0 4 0 886
Forest2 [ 171 484 0 0 49 315 128 188 4040 | 2301 | 172 284 16797 | 22647 | 447 880
PalmTree | 476 1234 0 0 3 32 2708 | 1874 | 5015 | 3456 | 3067 | 3326 | 784 1226 | 14960 | 15494




Table 8: Results of Confusion Matrix for K-Nearest Neighbors Classifier
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Classes H. coronarium River Road Grass 1 Grass 2 Forest 1 Forest 2 Palm Tree Kappa (%) f1 (%) O.A. (%)
B D B D B D B D B D B D B D B D B D B D B D
H.coron. | 38544 | 78983 | 21 2 0 0 578 2375 |1 9 1805 | 3391 | 9272 | 16521 | 7252 | 12872
River 12 20 7115 | 14853 | 0 0 427 1252 | 27 180 101 435 41 30 16 89
Road 2 8 0 11 21388 | 27986 | 94 39 100 195 136 435 47 24 63 40
L] orass1 1630 | 3467 411 627 4 27 16773 | 45280 | 119 258 844 1737 | 3041 | 9413 | 959 3615 038 | 628 | 715 | 70,7 | 69,7 ) 690
Grass2 | g 24 35 256 83 34 333 168 12317 | 24753 | 800 1911 | 47 136 24 100
Forest1 | 1488 | 2207 153 1126 | 12 51 555 1658 | 571 1363 | 13546 | 28786 | 2712 | 6031 | 1485 | 3658
Forest2 | 4644 | 8005 7 3 0 0 1380 | 5064 | 0 15 2928 | 4427 | 9375 | 18400 | 4413 | 8678
PalmTree | 1876 | 3139 1 42 0 0 180 660 0 17 587 1312 | 2956 | 5150 | 6007 | 10671
H. coron. | 76002 | 145744 | 0 0 0 0 157 308 0 3 7049 | 12907 | 10682 | 21464 | 6279 | 12308
River |0 0 24300 | 46556 | 409 6163 | 3 4 292 362 2 1 2 16 0 0
Road 0 3 405 4167 | 38454 | 70693 | 0 0 31 414 0 1 9 8 0 0
, | Grassi | 693 3637 0 0 0 0 31997 | 92277 | 913 2719 | 804 1623 | 3353 | 6253 | 2631 | 4989 670 | 652 | 725 | 600 | 721 | 705
Grass2 | 6 56 28 121 1 67 631 1928 | 22521 | 44960 | 1 4 15 16 2 8
Forest1 | 3670 | 8736 0 0 0 0 223 925 1 3 13901 | 28443 | 7410 | 17497 | 7776 | 20487
Forest2 | 4365 | 10565 | O 0 0 0 2769 | 5222 | 10 4 9094 | 18794 | 22221 | 45484 | 7589 | 13737
PalmTree | 2464 | 4601 0 0 0 0 956 1534 | 0 2 6665 | 14785 | 6050 | 10032 | 12291 | 20315
H. coron. | 15049 | 27974 | 0 0 0 2 4080 | 4148 | 6891 | 14004 | 2278 | 4881 | 72 156 191 419
River 0 6 38053 | 70306 | O 0 0 0 96 145 4 7 11 74 0 10
Road 9 26 0 0 20054 | 38730 | 374 382 28 50 10 18 75 948 26 44
3 Grassl | 6717 | 10027 | 0 0 75 271 46148 | 67494 | 8333 | 10047 | 7287 | 9201 | 148 438 1958 | 2410 | 616 | 644 | 657 | 676 | 67,5 | 697
Grass2 | 6115 | 14570 |0 0 1 3 3590 | 3971 | 23674 | 38075 | 7124 | 14000 | 3373 | 2561 | 4157 | 3143
Forest1 | 645 2484 0 0 0 2 1692 | 2424 | 2516 | 6231 | 2414 | 7605 | 102 76 1263 | 2716
Forest2 | 104 512 0 0 17 204 43 192 3101 | 2670 | 118 311 16011 | 23350 | 235 929
PalmTree | 544 1250 0 0 8 34 2892 | 2125 | 4819 | 3389 | 2810 | 3102 | 842 1253 | 14756 | 15544




Table 9: Results of Confusion Matrix for Random Forest Classifier
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Classes H. coronarium River Road Grass 1 Grass 2 Forest 1 Forest 2 Palm Tree Kappa (%) f1 (%) 0.A. (%)
B D B D B D B D B D B D B D B D B D B D B D
H.coron. [ 35387 | 71708 | 20 7 0 0 788 2743 | 6 17 1821 | 3479 | 8284 | 14871 | 6535 | 11544
River | g 25 7035 | 14565 | 0 0 371 1144 | 21 237 87 585 37 52 13 135
Road 1 5 0 8 21327 | 27845 | 64 31 112 169 102 340 37 17 32 38
L] orass1 1514 | 3402 481 937 25 24 15886 | 41992 | 174 299 857 1836 | 2750 | 8350 | 945 3405 610 1 591 1 701 | 68,8 | 67,3 | 657
Grass2 | g 31 31 265 86 71 289 229 12049 | 24305 | 756 1883 | 38 154 24 122
Forestl | 1715 | 2674 145 989 35 154 726 1851 | 740 1622 | 12869 | 26602 | 2897 | 5921 | 1587 | 3473
Forest2 | 5973 | 10981 | 19 44 5 0 1752 | 6509 | 12 74 3007 | 5149 | 9521 | 18469 | 4513 | 8779
PalmTree | 3604 | 7027 12 105 9 4 444 1997 | 21 67 1248 | 2560 | 3927 | 7871 | 6570 | 12227
H. coron. | 69898 | 136248 | 0 0 0 0 354 1529 |5 17 6452 | 12647 | 9809 | 20841 | 5988 | 12165
River |0 0 24261 | 46591 | 430 6206 | 2 3 258 349 1 0 6 9 0 0
Road 0 2 397 4074 | 38430 | 70575 | 0 0 25 375 0 1 7 3 0 0
Grass1 | 696 3451 0 0 0 0 30248 | 87793 | 979 3031 | 859 1790 | 3140 | 6162 | 2406 | 4593
2 63,2 | 61,8 | 70,1 | 67,7 | 68,8 | 67,5
Grass2 | 15 59 75 178 4 141 821 2512 | 22482 | 44667 | 2 3 17 21 4 13
Forest1 | 5089 | 10363 |0 0 0 0 589 1498 |0 3 12701 | 24806 | 8365 | 18355 | 7647 | 18336
Forest2 | 7150 | 14987 | 0 1 0 1 3008 | 5800 | 17 15 9779 | 19977 | 20412 | 41327 | 8469 | 15594
PalmTree | 4352 | 8232 0 0 0 0 1714 | 3063 | 2 10 7722 | 17514 | 7986 | 14052 | 12054 | 21143
H.coron. | 13508 | 25667 | 0 0 2 13 4791 | 6091 | 7014 | 14733 | 2488 | 5632 | 153 358 413 957
River 0 5 38038 | 70286 | 0 0 0 0 59 98 3 4 5 46 0 8
Road 6 30 0 0 19975 | 38373 | 327 370 25 40 8 17 55 828 21 58
3 Grass1 | 6248 | 9108 0 0 140 326 41664 | 60140 | 7364 | 8914 | 6284 | 8107 | 175 458 2339 | 2476 | 57,5 | 60,4 | 632 | 648 | 639 | 66,1
Grass2 | 6745 | 15244 | 15 13 3 14 5411 | 6556 | 21895 | 34689 | 6765 | 13023 | 3583 | 2558 | 4560 | 3581
Forestl | 1779 | a707 0 0 1 6 3740 | 4824 | 4617 | 9502 | 3403 | 8397 | 241 250 2112 | 3143
Forest2 [ 199 597 0 7 26 474 116 333 3517 | 2901 | 244 413 15604 | 23051 | 477 1112
PalmTree | 707 1491 0 0 8 40 2770 | 2422 | 4967 | 3734 | 2850 | 3532 | 818 1307 | 12664 | 13880
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Table 10: Area calculated for each class from the images classified by the 3 algorithms. Data related to the Area 1, orthomosaic 1.

Algorithm

Classes

Sample A Sample C
Gaussian Mixture K-Nearest Gaussian Mixture K-Nearest
Model Neighbors Random Forest Model Neighbors Random Forest
m? % m? % m? % m? % m? % m? %

H. coronarium

3,135.57 18

3,251.82 18

3,413.29 19

2,855.29 16

3,022.83 17

3,205.90 18

River 287.57 2 432.28 2 401.20 2 167.25 1 183.37 1 191.88 1
Road 1,064.27 6 1,031.37 6 907.77 5 1,226.70 7 1,295.43 1,244.38
Grass 5,592.57 31 5,421.49 30 5,331.38 30 5,600.23 31 5,269.68 30 5,108.03 29
Forest 7,768.97 44 7,711.98 43 7,795.31 44 7,999.46 45 8,077.63 45 8,098.75 45
Total 17,848.94 | 100% 17,848.94 100 17,848.94 100 17,848.94 100 17,848.94 100 17,848.94 100
Sample B Sample D
Algorithm Gaussian Mixture K-Nearest Gaussian Mixture K-Nearest
Model Neighbors Random Forest Model Neighbors Random Forest
Classes m? % m? % m? % m? % m? % m? %

H. coronarium
River

Road

Grass 1

Grass 2

Forest 1
Forest 2

Palm Tree

3,416.18 19

237.03 1
1,116.56 6
5,971.59 33

986.80 6

3,842.28 22
1,848.59 10
429.92 2

3,361.99 19

214.34 1
1,090.06
5,716.03 32

668.39 4

2,957.33 17
2,458.13 14
1,382.69 8

3,218.58 18

198.11 1
1,044.89 6
5,375.09 30

613.32 3

2,867.48 16
2,693.59 15
1,837.89 10

3,069.35 17
196.94

884.37
6,467.59 36
1,171.26 7

3,685.79 21
1,896.60 11
477.04 3

3,094.47 17

21451 1

821.04
5,941.65 33

779.75 4

2,929.14 16
2,576.05 14
1,492.34 8

2,930.25 16

215.33 1

784.00
5,460.21 31

754.52 4

2,775.71 16
2,870.40 16
2,058.54 12

Total

17,848.94 100

17,848.94 100

17,848.94 100

17,848.94 100

17,848.94 100

17,848.94 100
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Table 11: Area calculated for each class from the images classified by the 3 algorithms. Data related to the Area 1, orthomosaic 2.

) Sample A Sample C
Algorithm Gaussian Mixture K-Nearest Gaussian Mixture K-Nearest
Model Neighbors Random Forest Model Neighbors Random Forest
Classes m?2 % m?2 % m? % m?2 % m? % m? %
H. coronarium 4,026.47 24 2,405.11 14 2,642.31 15 2,939.88 17 2,423.18 14 2,853.03 17
River 363.43 2 560.46 3 604.30 4 322.08 2 322.84 2 312.76 2
Road 1,119.06 7 1,061.02 6 1,029.33 6 1,283.59 8 1,290.57 8 1,302.48 8
Grass 6,274.54 37 6,018.34 35 5,832.34 34 6,402.66 37 6,280.36 37 6,053.04 35
Forest 5,309.99 31 7,048.55 41 6,985.21 41 6,145.27 36 6,776.53 40 6,572.18 38
Total 17,093.48 100 | 17,093.48 100 17,093.48 100 17,093.48 100 17,093.48 100 17,093.48 100
Sample B Sample D
Algorithm ™G4 issian Mixture K-Nearest Gaussian Mixture K-Nearest
Model Neighbors Random Forest Model Neighbors Random Forest
Classes m? % m? % m? % m? % m? % m? %
H. coronarium 3,307.26 19 2,633.49 15 2,470.57 14 3,846.75 23 2,785.66 16 2,730.18 16
River 229.49 1 235.66 1 207.92 1 295.58 2 425.72 2 427.55 3
Road 1,134.57 7 1,163.45 7 1,129.89 1,156.27 7 1,021.53 6 992.89 6
Grass 1 5,165.24 30 4,969.32 29 4,726.76 28 5,396.94 32 5,262.44 31 4,958.82 29
Grass 2 948.66 6 989.73 6 1,061.94 6 901.12 5 920.32 5 971.53 6
Forest 1 1,949.12 11 2,266.79 13 2,290.00 13 1,797.36 11 2,477.19 14 2,312.05 14
Forest 2 2,881.29 17 3,254.43 19 3,247.82 19 2,120.07 12 2,743.80 16 2,808.16 16
Palm Tree 1,477.85 9 1,580.63 9 1,958.58 11 1,579.40 9 1,456.81 9 1,892.29 11
Total 17,093.48 100 | 17,093.48 100 17,093.48 100 17,093.48 100 17,093.48 100 17,093.48 100




Table 12: Area calculated for each class from the images classified by the 3 algorithms. Data related to the Area 2, orthomosaic 3.

) Sample A Sample C
Algorithm Gaussian Mixture K-Nearest Gaussian Mixture K-Nearest
Model Neighbors Random Forest Model Neighbors Random Forest
Classes m?2 % m? % m?2 % m? % m? % m? %
H. coronarium 1,717.24 4 2,877.01 7 3,463.45 8 1,336.12 3 3,544.18 8 4,911.04 12
River 7,474.66 18 7,717.90 18 7,425.47 18 7,722.18 18 7,969.70 19 7,777.06 19
Road 352.41 1 408.67 1 367.91 1 402.98 1 468.75 1 442 .91 1
Grass 7,170.90 17 6,983.70 17 6,960.02 17 6,953.32 17 6,882.10 16 6,529.09 16
Forest 25,031.78 60 | 23,759.72 57| 23,530.15 56 | 25,332.41 61 22,882.27 55| 22,086.89 53
Total | 41,747.00 100 | 41,747.00 100 | 41,747.00 100 | 41,747.00 100 41,747.00 100 | 41,747.00 100
Sample B Sample D
Algorithm "G5 issian Mixture K-Nearest Gaussian Mixture K-Nearest
Model Neighbors Random Forest Model Neighbors Random Forest
Classes m? % m? % m? % m? % m? % m? %
H. coronarium 2,222.96 5 3,539.24 8 3,735.59 9 1,841.54 4 4,253.27 10 4,711.49 11
River 7,492.55 18 7,717.17 18 7,439.98 18 7,720.10 18 7,901.42 19 7,748.28 19
Road 334.21 1 386.90 1 351.99 1 331.14 1 359.06 1 335.24 1
Grass 1 7,381.75 18 7,037.65 17 6,481.03 16 6,502.77 16 6,059.78 15 5,492.70 13
Forest 1 19,397.56 46 17,064.98 41 16,081.69 39 20,349.78 49 15,922.82 38 14,660.17 35
Forest 2 1.74 0 1,220.01 3 2,638.45 6 488.33 1 2,237.07 5 3,458.92 8
Bush 1 1,613.16 4 1,334.53 3 1,612.54 4 1,813.87 4 2,285.75 5 2,561.32 6
Bush 2 3,303.07 8 3,446.52 8 3,405.74 8 2,699.48 6 2,727.83 7 2,778.89 7
Total | 41,747.00 100 | 41,747.00 100 | 41,747.00 100 41,747.00 100 41,747.00 100 | 41,747.00 100
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Figure 1 - Localization of studies areas in Sdo Carlos municipality, state of S&do Paulo, Brazil
(Datum: SIRGAS 2000). Prepared by the authors.

Source: Brazilian Institute of Geography and Statistics (IBGE):
ftp://geoftp.ibge.gov.br/organizacao_do_territorio/malhas_territoriais/malhas_municipais/munici

pio_2015/ - Google™ Earth Pro (April 11", 2020)
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Figure 2 — Workflow diagram for UAV imagery processing and analysis.
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Figure 3 - Georeferenced orthomosaics of studies areas, processed with AgiSoft PhotoScan
software (Datum: SIRGAS 2000. Prepared by the authors).
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Figure 4 - Distribution maps for the Area 1 on June 12", 2019, created using different ML
algorithms (GMM-Gaussian Mixture Model, KNN-K-Nearest Neighbors and RFT-Random

Forest) in Sample A, B, C and D. Prepared by the authors.
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Figure 5 - Distribution maps for the Area 1 on November 6™, 2019, created using different ML
algorithms (GMM-Gaussian Mixture Model, KNN-K-Nearest Neighbors and RFT-Random

Forest) in Sample A, B, C and D. Prepared by the authors.
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Figure 6 - Distribution maps for the Area 2 created using different ML algorithms (GMM-Gaussian
Mixture Model, KNN-K-Nearest Neighbors and RFT-Random Forest) in Sample A, B, C and D.
Prepared by the authors.
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Considerac0es finais

Hedychium coronarium é uma espécie com um grande potencial de invaséo, seja pelo seu
mecanismo de reproducédo, de dispersdo ou de competicdo com as espécies nativas, além dos
impactos relatados na ciclagem de nutrientes e no provisionamento de agua. Estes fatores
demonstram a necessidade e urgéncia de diagnosticar as areas invadidas, incluindo aquelas de

dificil acesso.

A classificacdo pode ser realizada por software open source, através de classificadores de
Aprendizagem de MAquina e trouxe resultados satisfatorios. No entanto, € necessario validar a
efetividade da metodologia com novos testes em outras &reas em época mais favoravel, em
novembro, ou na época de floracdo, para uma melhor distincdo da planta na paisagem.
Identificamos que a definicdo de menores numeros de classes nas &reas de treinamento dos
algoritmos podem ter melhores resultados e que o algoritmo K-Nearest Neighbors classifier
mostrou-se mais eficiente para a classificacdo da vegetacdo. Esta técnica, de classificacdo digital
através do plugin Dzetsaka, é consideravelmente simples, esta disponivel em um Sistema de
Informacdo Geogréafica de acesso livre e tem potencial para viabilizar o processamento das imagens

obtidas por UAVSs neste contexto.

Como citado em pesquisas anteriores, Hedychium coronarium tem se mostrado um grande
risco para areas de florestas nativas, principalmente quando se trata de areas protegidas. No Brasil,
a falta de manejo de espécies exoticas invasoras em areas protegidas é o fator de maior preocupagéo
em relagdo ao avango das invasdes biologicas (ZILLER; DECHOUM, 2013), por isso é de suma

importancia o diagnostico contendo uma analise da distribuicdo espacial da espécie e sobre os
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decorrentes impactos na estrutura da paisagem, rotas de dispersao e estimativa da suscetibilidade

dos ambientes.

O manejo das espécies invasoras € necessario para a conservacao da biodiversidade. Desta
forma, este é um método que poderd auxiliar na detec¢do precoce das invasdes, pois as espéecies
invasoras se dispersam e alteram o0s ecossistemas de forma irreversivel, além dos custos
aumentarem de forma exponencial com a expansdo da invasdo. Muitas vezes as plantas invasoras
ocupam areas de dificil acesso, seja em lugares alagados como 0s ecossistemas riparios ou em
outras areas desfavoraveis ao deslocamento e a obtencéo de dados. Desta forma, esta metodologia,
baseada no sensoriamento remoto, pode suplantar estas dificuldades e viabilizar o mapeamento

destas areas que que estdo sendo impactadas sem um monitoramento adequado.

Finalmente, neste estudo, foi possivel detectar populacdes de Hedychium coronarium em
areas abertas de florestas riparias atraves de imagens no espectro visivel (RGB) capturadas a partir
de UAVs, possibilitando a classificacdo das imagens por meios digitais de uma forma acessivel. A
versatilidade e baixo custo de obtencdo destas imagens de alta resolucdo espacial podem facilitar

processos de monitoramento de areas invadidas em florestas.

Este estudo poderd, ainda, subsidiar outras pesquisas que venham a ser realizadas
futuramente, as quais podem estabelecer referéncias de apoio a politicas publicas que coloquem a
espécie invasora Hedychium coronarium como um risco para as areas naturais ou possibilitando
acOes para 0 manejo adequado de florestas riparias. De forma mais geral, esta metodologia tem um
grande potencial para 0 mapeamento de outras espécies invasoras, como as gramineas africanas
por exemplo, contribuindo assim para 0 mapeamento, manejo e prevencao das invasdes biologicas

de forma mais ampla.



