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RESUMO

Contextualizacdo: A Amazdnia Legal ocupa uma é&rea equivalente a 60% do territorio
brasileiro, reunindo regiées com caracteristicas paisagisticas similares com o intuito de melhor
planejar o desenvolvimento local. Atualmente, essa area tem sofrido significativamente com o
desmatamento e degradacdo de seus recursos naturais. No entanto, as areas desmatadas por
meio de praticas agricolas, como corte e queima, mudanga de cultivo e criacdo de pastagens,
podem ser eventualmente abandonadas e cederem lugar a regeneracao natural da floresta. De
acordo com os dados levantados pelo TerraClass Amazonia 2014 do Instituto Nacional de
Pesquisas Espaciais (INPE) e da Empresa Brasileira de Pesquisa Agropecuaria (Embrapa),
houve um aumento de 7.200 ha de vegetacdo em regeneracdo na regido da Amazonia entre 0s
anos de 2004 e 2014. As florestas tropicais em regeneracdo sdo um importante sumidouro
terrestre de carbono atmosférico, que deve ser considerado nos estudos de mudancas e ciclagem
global de nutrientes. Nesse contexto, € importante realizar o diagnostico da floresta ap6s o
desmatamento para a avaliacdo dos respectivos impactos na diversidade de espécies, hidrologia
local e taxa de acumulacdo de biomassa, dentre outros. Os sensores remotos dpticos séo
comumente utilizados no mapeamento e monitoramento das florestas, no entanto, a cobertura
frequente de nuvens na regido amazénica dificulta a obtencéo de informacgdes com base nesses
sensores. Uma alternativa a essa limitacdo tem sido o uso de sensores de radar de abertura
sintética (SAR).

Objetivo: Discriminar éareas de vegetacdo secundaria, baseando-se em dados SAR, do
municipio de Colniza, Mato Grosso, considerada uma area de hotspot de desmatamento na
Amazonia Legal Brasileira.

Métodos: Esta pesquisa apresenta uma abordagem de classificacdo baseada nos algoritmos de
aprendizagem de maquina de Floresta Aleatoria (Random Forest - RF) e Maquina de Vetores
de Suporte (Support Vector Machine - SVM) aplicados a imagens SAR dos satélites COSMO-
SkyMed (banda X), Sentinel-1 (banda C) e ALOS-2/PALSAR-2 (banda L). Foi dada énfase as
técnicas de SAR polarimétrico (PoISAR), SAR interferométrico (INSAR) e geracéo de atributos
de textura baseados na matriz de coocorréncia de niveis de cinza (gray-level co-occurrence
matrix - GLCM).

Resultados: Os melhores resultados foram obtidos pelo algoritmo RF, tendo como parametros
de entrada a combinacdo da coeréncia interferométrica do COSMO-SkyMed com a
decomposicdo polarimétrica de Yamaguchi dos dados polarimétricos ALOS-2/PALSAR-2,
apresentando indice Kappa de 0,81 e acuracia global de 87,81%. A integracdo da coeréncia
interferométrica da banda X com os atributos polarimétricos da banda L teve impacto positivo
principalmente na discriminacdo das classes referentes a floresta primaria, vegetacao
secundaria e degradacéo.

Conclusdo: Os resultados demonstraram a viabilidade do uso do método de classificacdo
baseado em algoritmos de aprendizagem de méaquina aplicados a dados SAR, reforcando a
habilidade desses sensores no monitoramento florestal em épocas de cobertura de nuvens.

Palavras-chave: Vegetacdo secundaria. SAR. Amazonia. Random Forest. Support Vector
Machine.



ABSTRACT

Contextualization: The Legal Amazon occupies an area equivalent to 60% of the Brazilian
territory with similar characteristics in its landscape with the aim to facilitate local development
planning. Currently, this area has significantly suffered from deforestation and degradation of
its natural resources. However, deforested areas through agricultural practices involving slash
and burn, burning, and implementation of pastures may eventually be abandoned and followed
by natural forest regeneration. According to data produced by the TerraClass Amazon Project
of 2014, coordinated by the National Institute for Space Research (INPE) and Brazilian
Agricultural Research Corporation (Embrapa), there was an increase of 7.200 hectares of
regenerating vegetation in the Amazon region between 2004 and 2014. Regenerating tropical
forests are an important sink of atmospheric carbon, which should be considered in studies of
global nutrient change and cycling. In this context, it is important to carry out a monitoring of
the forest after deforestation in order to assess the respective impacts on the species diversity,
local hydrology, and the rate of biomass accumulation, among others. Optical remote sensing
data are commonly used in forest mapping and monitoring, however, the frequent cloud cover
in the Amazon region makes it difficult to obtain information based on these sensors. An
alternative to this limitation has been the use of synthetic aperture radar (SAR) data. The
applications of SAR data in tropical forests are diverse and exploit different sensors and
processing techniques. It is important to develop methodologies that can explore the potential
of different SAR techniques to contribute to forest monitoring systems.

Obijective: This work aims to discriminate areas of secondary vegetation based on SAR data in
the municipality of Colniza, Mato Grosso, considered an area of hotspot of deforestation in the
Brazilian Legal Amazon.

Methods: This research presents a classification approach based on the Random Forest and
Support Vector Machine algorithms in SAR images acquired by the COSMO-SkyMed (X-
band), Sentinel-1 (C-band), and ALOS-2/PALSAR-2 (L-band). We emphasized the
polarimetric (PoISAR) and interferometric (INSAR) techniques and the generation of textural
features based on the gray-level co-occurrence matrix (GLCM).

Results: The best results were obtained from the RF classification by combining COSMO-
SkyMed interferometric coherence with Yamaguchi polarimetric decomposition of ALOS-
2/PALSAR-2 polarimetric data, presenting a Kappa index of 0.81 and an overall accuracy of
87.81%. The integration of the X-band interferometric coherence with the L-band polarimetric
attributes had a positive impact mainly on the discrimination of the classes referring to primary
forest, secondary vegetation, and degradation.

Conclusion: The results demonstrated the feasibility of the classification method based on
machine algorithms applied to SAR data, reinforcing the ability of these sensors to monitor
forests under cloud cover.

Keywords: Secondary vegetation. SAR. Amazon. Random Forest. Support Vector Machine.
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1 INTRODUCAO

A Amazonia Legal € uma area instituida pelo governo federal a partir da Lei n° 1.806,
de 6 de janeiro de 1953 (BRASIL, 1953), que abrange nove estados brasileiros, o que
corresponde a aproximadamente 5,2 milhdes de km?2 de extensdo (equivalente a 59% do total
do territorio brasileiro), reunindo regides de idénticas caracteristicas em termos de paisagem,
com o intuito de melhor planejar o desenvolvimento socioecondmico da regiéo (IBGE, 2022).
Essa area contém aproximadamente 20% do bioma Cerrado e abriga todo o bioma Amaz6nia,
0 mais extenso dos biomas brasileiros, que corresponde a 1/3 das florestas tropicais Umidas do
planeta (IBGE, 2022). A Amazonia Legal tem sofrido significativamente com o desmatamento
e degradacéo de seus recursos naturais (FREITAS et al., 2018; GARRET et al., 2021). Nesse
contexto, € muito importante realizar o diagndstico da floresta apds o desmatamento para a
avaliacdo dos respectivos impactos na diversidade de espécies, hidrologia local e na taxa de
acumulacao de biomassa, dentre outros (KUPLICH, 2006; JAKOVAC et al., 2015; NOBRE et
al., 2016).

O desmatamento florestal é resultado de muitos fatores, como a expansao agricola,
extracdo de madeira, atividades de mineracdo, entre outras. Sabe-se que as areas desmatadas
por meio de praticas agricolas, como corte e queima, mudangca de cultivo e criacdo de pastagens,
podem ser eventualmente abandonadas e cederem lugar a regeneracdo natural da floresta
(FEARNSIDE, 2000). Entretanto, em areas sujeitas a perturbacdo antrdpica, a contribuicdo
relativa dessas diferentes fontes de regeneracdo frequentemente se altera (UHL et al., 1988).

De acordo com os dados levantados pelo projeto TerraClass Amazonia 2014 do
Instituto Nacional de Pesquisas Espaciais (INPE) e da Empresa Brasileira de Pesquisa
Agropecuaria (Embrapa) (INPE, 2022), houve um aumento de 7.200 ha de vegetacdo em
regeneracdo na regido Amazonia entre os anos de 2004 e 2014, sendo um terco desse total
derivado de areas de pastagem. A extensdo dessa area € maior do que os estados do Rio de
Janeiro, Sergipe e Distrito Federal juntos. Os dados do TerraClass apontam ainda que, da area
total desmatada na Amazonia Legal brasileira, 23% esta em processo de regeneracéo.

As florestas tropicais em regeneracdo sdo um importante sumidouro terrestre de
carbono atmosférico (dioxido de carbono - CO2), que deve ser considerado nos estudos de
mudancas e ciclagem global de nutrientes. Sendo assim, o impacto desses fatores para a

biodiversidade, para a hidrologia regional e para o ciclo de carbono faz com que seja necessaria
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uma avaliagdo do comportamento e desenvolvimento futuro da regeneragéo natural da floresta
(KUPLICH et al., 2005). Estudos demonstram que a estrutura da floresta, de acordo com o
estagio da regeneracdo florestal, esta diretamente relacionada ao fluxo de carbono e aos ciclos
de nitrogénio e fosforo da mesma (RODIG et al., 2018; HEINRICH et al., 2021).

Com a retirada da cobertura florestal original e com a perda da fertilidade do solo apds
alguns anos de uso, instala-se um processo de recolonizacao da area por espécies adaptadas a
esta condicdo, que sdo substituidas ao longo do tempo num processo conhecido por vegetacédo
ou sucessao secundaria (BISPO et al., 2019). Em torno dos primeiros 15 anos de regeneracéo,
a biomassa foliar atinge um valor méximo e depois sofre um leve decréscimo (BROWN;
LUGO, 1990; AMARAL et al., 1996).

Dessa forma, os sensores remotos épticos sdo comumente utilizados no mapeamento
e monitoramento das florestas, no entanto, a cobertura frequente de nuvens na regido amazénica
dificulta a obtencgéo de informacdes com base nesses sensores. Uma alternativa a essa limitagéo
tem sido o uso de sensores de micro-ondas ativos, que incluem o radar de abertura sintética
(SAR) (REICHE et al., 2015). As aplicacdes de dados SAR em florestas tropicais sdo diversas
e exploram diferentes sensores e técnicas de processamento. Sensores que operam em
comprimentos de onda mais elevados (bandas L e P) permitem maior penetracdo do sinal na
floresta (FURTADO et al., 2016; PEREIRA et al., 2018), ao passo que 0s sensores de onda
mais curta (bandas X e C), interagem mais superficialmente com a estrutura do dossel
(AZEVEDO et al., 2014; ULABY; LONG, 2014; TREUHAFT et al.; 2015).

Uma das técnicas utilizadas para monitoramento florestal é o uso de dados
polarimétricos SAR (PoISAR) a partir da aplicacdo de teoremas de decomposicao de alvos.
Essa técnica permite identificar os tipos de mecanismo de espalhamento que ocorrem durante
0 processo de interacdo entre as ondas eletromagnéticas e o alvo, facilitando a discriminacéo
de alvos (POSSA et al., 2018; WIEDERKEHR et al., 2020). Uma outra técnica muito utilizada
é a interferometria SAR (InSAR), que esta baseada na combinacdo de duas imagens SAR,
adquiridas sobre a mesma area, com uma geometria de aquisicdo ligeiramente diferente uma da
outra, para garantir o efeito de interferometria, ou diferenca de fase (WEGMULLER et al.,
2015; MIGUEL; SANO, 2019).

Por outro lado, os atributos extraidos do sinal de retroespalhamento, agregados a
métricas de textura da matriz de coocorréncia de nivel de cinza (GLCM) (HARALICK et al.,

1973), também sdo muito utilizados em dados SAR, pois aumentam a capacidade de discriminar
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diferentes alvos, de acordo com a intensidade do sinal retroespalhado em uma dada polarizagéo
(KUPLICH et al., 2005; ZAKERI et al., 2017).

As imagens SAR podem ser complementares as imagens derivadas de sensores
espectrais, pois apresentam a vantagem de serem independentes da iluminacdo solar e pouco
influenciaveis pela cobertura de nuvens e condi¢fes climaticas (CHANG; BAI, 2018;
PAVANELLI et al., 2018). Nesse contexto, 0 uso de dados SAR para 0 mapeamento do uso e
cobertura da terra na Amazonia € uma importante ferramenta para 0 monitoramento ambiental
dessa extensa area.

Assim, a escolha de métodos de classificagdo adequados é fundamental para o sucesso
de producdo de mapas de uso e cobertura da terra (LU; WENG, 2007; SOTHE et al., 2017;
THAN NOI; KAPPAS, 2017; KIYOHARA; SANO, 2022). Técnicas ndo paramétricas
conhecidas como Machine Learning (ML), que incluem os classificadores Random Forest (RF)
e Support Vector Machine (SVM), estdo entre os métodos mais utilizados devido a sua
excelente operacdo na classificacdo de imagens (BREIMAN, 2001). Esses algoritmos
apresentam grande capacidade de sintetizar funcdes de dados, com base em dados discretos ou
continuos (BREIMAN, 2001; SOTHE et al., 2017). Além disso, esses métodos sdo robustos,
podendo utilizar diversas varidveis de entrada, apresentando insensibilidade ao ruido e
capacidade de lidar com conjuntos de dados distintos e em equilibrio (PANEQUE-GALVEZ et
al., 2013; FURTADO et al., 2016; YU et al., 2017).

Nesse contexto, € importante desenvolver metodologias que possam explorar o
potencial de diferentes técnicas SAR para contribuir com os sistemas de monitoramento
florestal. Dessa forma, esta pesquisa apresenta uma abordagem de classificacdo a partir dos
algoritmos de aprendizado de maquina RF e SVM em imagens COSMO-SkyMed (banda X),
Sentinel-1 (banda C) e ALOS-2/PALSAR-2 (banda L), utilizando técnicas PoISAR, InSAR e
atributos de textura GLCM, visando contribuir na discriminagdo da vegetagdo secundaria no
municipio de Colniza, Mato Grosso, considerada uma area de hotspot de desmatamento na

Amazonia Legal Brasileira.

1.1 OBJETIVOS
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1.1.1 Objetivo geral

O objetivo geral do presente trabalho é explorar a capacidade dos atributos advindos
de sensores de diferentes bandas SAR: COSMO SkyMed (banda X), Sentinel-1 (banda C) e
ALOS- 2/PALSAR-2 (banda L), a partir da extracdo de textura GLCM, decomposicdes de
alvos, indices polarimétricos e interferometria, em discriminar areas de vegetacdo secundaria a
partir dos algoritmos de aprendizagem de maquina RF e SVM em uma area de hotspot de
desmatamento na Amazénia Legal Brasileira, localizada no municipio de Colniza, estado do

Mato Grosso.

1.1.2 Objetivos especificos

Os objetivos especificos do presente trabalho sdo:

Artigo 1: Avaliar o potencial de atributos derivados da decomposicao polarimétrica e
coeficientes de retroespalhamento de dados SAR de dupla polarizagdo (VV e VH) do Sentinel-
1 em relacdo aos atributos de textura GLCM e coeficiente de retroespalhamento de dados do
sensor COSMO-SkyMed (HH), para discriminar areas de vegetacdo secundaria a partir do
algoritmo SVM.

Artigo 2: Avaliar o potencial dos dados SAR de dupla polarizacdo do Sentinel-1
(banda C) e do ALOS-2/PALSAR-2 (banda L) adquiridos na estacdo chuvosa para discriminar
areas de vegetacdo secundaria. Os dados foram processados para obter coeficientes de
retroespalhamento e nove atributos texturais derivados da matriz GLCM. Em seguida, foram
classificados a partir dos algoritmos RF e SVM.

Artigo 3: Discriminar diferentes estagios de vegetacao secundaria e classes de uso da
terra a partir da combinacdo de dados polarimétricos na banda L do ALOS-2/PALSAR-2 e
dados de coeréncia interferométrica adquiridos pelo satélite COSMO-SkyMed na banda X. Os

algoritmos RF e SVM também foram aplicados a esses dados.

1.2 JUSTIFICATIVA E IMPORTANCIA

Além do exposto na Secdo 1 do presente trabalho, o diagndstico da vegetacédo
secundaria é muito importante para a avaliacdo dos respectivos impactos no ecossistema. As
florestas em regeneragdo acumulam rapidamente carbono na biomassa acima do solo, com taxas

de sequestro liquido de carbono do CO; atmosférico. A dindmica e a demografia das areas de
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vegetacdo secundéria influenciam diretamente a fertilidade do solo e a biodiversidade da
paisagem, reduzindo o escoamento superficial e o impacto da fragmentacao florestal no habitat
natural.

Esse estudo nasceu de uma bolsa de Desenvolvimento Técnico Industrial (DTI) da
autora no Centro Gestor e Operacional do Sistema de Prote¢cdo da Amazoénia (Censipam) junto
ao Conselho Nacional de Desenvolvimento Cientifico e Tecnologico (CNPQ), pois havia a
necessidade de se desenvolver metodologias aplicadas a dados SAR para 0 monitoramento
florestal e diagndsticos de areas de regeneracdo no municipio de Colniza, Mato Grosso. Essa
area é de extrema importancia, pois ela é considerada um hotspot de desmatamento da
Amazobnia Legal Brasileira e especulacdo do agronegocio.

A area de estudo ndo apresenta um inventario florestal, assim como grande parte da
Amazonia Legal Brasileira, por isso houve a necessidade de se fazer um levantamento das areas
de vegetacdo secundaria a partir de dados ja catalogados produzidos pelos projetos TerraClass,
PRODES e MapBiomas. Nesse contexto, este trabalho procurou explorar diferentes técnicas
relacionadas ao uso de dados SAR multi-bandas e mapeamento tematico a partir de algoritmos
de aprendizagem de maquina (machine learning).

A tese esta dividida em trés artigos, com mais um artigo suplementar em apéndice. O
primeiro artigo, descrito na Secdo 3, apresenta os resultados de testes executados durante o
periodo da bolsa no Censipam. Nele, foram utilizados dados SAR na banda C (satélite Sentinel-
1) e na banda X (satélite COSMO-SkyMed) para a classificacdo de areas de vegetacao
secundaria no municipio de Colniza. As areas de vegetacdo secundaria utilizadas nesse estudo
foram extraidas a partir da elaboracdo de um cddigo de extracdo de indice de vegetacdo por
diferenca normalizada (NDVI) e indice de vegetacdo realcado (EVI), extraidos a partir de
imagens do satélite Landsat na plataforma Google Earth Engine. Esse cddigo encontra-se
descrito no Apéndice C. O artigo foi aceito para publicacdo na Revista Ciéncia Florestal e
encontra-se em processo de edicédo de texto (Apéndice A).

O segundo artigo descrito na Secdo 4 apresenta uma metodologia de classificagédo de
areas de vegetacdo secundaria extraidas de dados dos projetos TerraClass Amazonia 2014 e
PRODES no periodo chuvoso na Amazonia, a partir dos dados do Sentinel-1 e ALOS-
2/IPALSAR-2, aplicado a técnicas de extracdo de textura GLCM e analise de componentes

principais. O artigo foi publicado na Revista Forests.
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O terceiro artigo, descrito na Secdo 5, foi submetido a revista International Journal of
Remote Sensing (Apéndice A) e encontra-se em revisdo. Nesse artigo, usaram-se dados
polarimétricos do satélite ALOS-2/PALSAR-2 e coeréncia interferométrica do satélite
COSMO-SkyMed para a discriminacdo de diferentes estadgios de vegetacdo secundaria,
extraidas a partir de dados do projeto MapBiomas.

O artigo suplementar foi publicado na Revista Brasileira de Geografia Fisica e
encontra-se no Apéndice B. Esse artigo abordou o uso de interferometria em uma area de estudo
de Cerrado, servindo como treinamento da autora em relacdo ao processamento de dados SAR
interferométricos do Sentinel-1 e classificacdo do uso e cobertura da terra.

Os artigos que compdem a presente tese estdo no idioma e formatagéo da respectiva

revista para as quais foram submetidos.
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2 FUNDAMENTACAO TEORICA

2.1 RADAR DE ABERTURA SINTETICA (SAR)

Os radares de abertura sintética (synthetic aperture radar - SAR) sdo sensores ativos
que operam na faixa espectral do micro-ondas. Esses sensores utilizam antenas que emitem a
prépria radiacdo eletromagnética a partir de uma série de pulsos de energia que sdo propagados
em direcdo ao alvo (superficie terrestre) pela antena. Quando o pulso de energia transmitido
atinge o alvo, parte dessa energia é retroespalhada de volta & antena. A intensidade dessa energia
retroespalhada depende tanto das caracteristicas de imageamento do sensor, em termos de
comprimento de onda, polarizacdo e angulo de incidéncia como das caracteristicas geométricas
e dielétricas do alvo (rugosidade, contetdo de agua no solo e na vegetacdo e estrutura da
vegetacdo) (JENSEN, 2014). A presenca e distribui¢do de dispersores da radiagdo transmitida
(e.g., edificios, arvores e arbustos e casas) no campo de visada do sensor determina o tempo de
retorno da radiacdo retroespalhada a antena para cada dispersor, constituindo-se em
informacdes de fase, presentes em dados disponibilizados na forma complexa (single look
complex, SLC) (CHANG; BAI, 2018).

Os pulsos de radiacdo eletromagnética enviados pela antena possuem um comprimento
de onda especifico. Os comprimentos de onda utilizados pelos radares sdo muito mais longos
que os comprimentos de onda nos espectros visivel e infravermelho de ondas curtas (Figura

2.1), comumente utilizados em sensores passivos (JENSEN, 2014) (Tabela 2.1).
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Figura 2.1. Espectro eletromagnético. Fonte: Adaptada de Richards (2009).
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Tabela 2.1. Faixas de comprimento de ondas em que operam os sistemas SAR. Fonte: Jensen (2014).

Bandas Comprimento de onda (cm) Frequéncia (GHz)
X 2,4-38 12,5-8,0
C 39-75 8,0-4,0
S 7,5-15,0 40-20
L 15,0-30,0 20-1,0
P 30,0 - 100,0 1,0-0,3

A banda X é a menor faixa de comprimento de onda utilizada para radares orbitais,
interagindo mais superficialmente com os alvos. Ja 0s sensores que operam em comprimentos
de onda mais elevados (bandas L e P) conseguem maior penetracao dos sinais transmitidos pela
antena nos alvos, pois a capacidade de penetracdo da onda nos alvos € diretamente proporcional
ao comprimento de onda (JENSEN, 2014).

Uma imagem SAR possui uma resolucdo em alcance (R,.), isto é, ao longo da direcéo
de iluminacédo do pulso de onda e outra em azimute (R,,), que é medida paralelamente a linha
de voo do radar e que é determinada pela largura angular do feixe e pela faixa do terreno que é
iluminada pelo feixe de radar. A regido imageada e localizada proxima ao nadir € denominada
de alcance préximo, engquanto a regido mais afastada ao nadir € conhecida como alcance
distante.

A resolucdo em alcance de uma imagem de radar depende do cosseno do angulo de
depressdo (B), que é complementar ao angulo de incidéncia, formado entre o pulso de radar e
a vertical ao plano da superficie onde o pulso toca o alvo e do tempo de duragdao do pulso (1)
(RICHARDS, 2009) (Eq. 2.1).

R — T.C (21)
" 2.cosB

em que:
¢ = velocidade da luz (3 x 108 m s™).

A largura angular do feixe é inversamente proporcional ao comprimento da antena
sintética (L). Isso significa que quanto maior o tamanho da antena do radar, menor seré a largura
do feixe e maior a resolucdo em azimute. Dessa forma, a resolucdo em azimute € definida de

acordo com a Eq. 2.2:
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S xA (2.2)

Ry, =——

em que:
S = distancia da antena ao ponto no alcance inclinado do terreno; e

A = comprimento de onda do sistema SAR.

Portanto, os parametros relacionados com a geometria de imageamento que devem ser
conhecidos séo a direcdo de azimute, direcdo de visada, angulo de depressao ou o seu angulo
complementar que é o angulo de incidéncia e o angulo azimutal. A direcdo de azimute refere-
se a direcdo de voo da plataforma. Ja a direcdo de visada, também conhecida como direcdo de
alcance, € a direcdo de iluminacgdo ao longo da propagacao do pulso. O &ngulo de depressdo é
formado entre a linha do azimute e a linha que define a direcdo de visada, sendo o seu
complemento o angulo de visada. O angulo de incidéncia local depende da declividade do
terreno, pois é formado pelo pulso de radar que toca o alvo no terreno e a vertical do plano da
superficie. Quanto maior for este &ngulo, maior sera o sombreamento na imagem (RICHARDS,
2009; JENSEN, 2014).

Os sistemas SAR podem operar em plataformas aéreas ou orbitais, sempre com uma
visada lateral (alcance inclinado). Consequentemente, h& a necessidade de conversdao dessas

imagens para um plano horizontal (alcance no terreno) (Figura 2.2).
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Figura 2.2 Geometria de imageamento de um sistema SAR. Fonte: Adaptada de Kuplich (2020).

A quantidade de energia retroespalhada pelo radar depende da rugosidade da superficie
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e da propriedade dielétrica do material. Quanto maior a constante dielétrica de um alvo, maior
a sua capacidade de reflexdo dos pulsos de energia transmitidos na faixa de micro-ondas. A
constante dielétrica possui relacéo direta com o teor de umidade dos alvos. O aumento do teor
de umidade provoca um aumento na constante dielétrica, consequentemente, hd um aumento
na intensidade de retroespalhamento da energia transmitida pela antena. Por isso, as imagens
SAR, obtidas em condicdes de solo Umido, apresentam tonalidade de cinza mais clara em
relacdo as obtidas sob condicGes de solo seco. A compreensdo de como a energia interage com
as diferentes condicdes da superficie terrestre fornece importantes subsidios para a correta
interpretacéo de imagens SAR (RICHARDS, 2009).

Os alvos terrestres apresentam diferentes caracteristicas de retroespalhamento da
energia transmitida. Alvos com superficie plana e lisa refletem especularmente quase toda a
energia emitida pelo radar, isto é, em um angulo diametralmente oposto ao angulo de
incidéncia, atuando como refletores especulares. J& os alvos que apresentam superficie rugosa
e irregular refletem a energia em diferentes direcdes e s&o denominados de refletores difusos.
Em regides onde o terreno é bastante irregular, por exemplo, em regides de serras e montanhas,
pode haver ocorréncia de distorcdes geométricas conhecidas como inversdao do terreno
(layover) e encurtamento de rampa (foreshortening) (WOODHOUSE, 2006).

As imagens de radar apresentam um tipo de ruido conhecido como speckle e que é
inerente ao proprio processo de formacdo de uma imagem SAR. Esse ruido apresenta um
aspecto granulado, que degrada a qualidade radiométrica da imagem. Ele é encontrado em todos
os sistemas SAR, sendo resultado de interferéncias entre os ecos coerentes dos dispersores
individuais dentro de uma célula. Os dispersores presentes dentro de cada unidade de resolugédo
(pixel) de uma imagem SAR causam interferéncias construtivas ou destrutivas, produzindo
pixels com tonalidades de cinza claras ou escuras, respectivamente. O ruido speckle pode ser
atenuado a partir de um processamento de multiplas visadas. Entretanto, quanto maior o nimero
de visadas, maior serd a degradacdo da resolucdo espacial da imagem (WOODHOUSE, 2006;
RICHARDS, 2009).

A equacdo do radar (Eq. 2.3) mostra a relagdo entre a poténcia da energia transmitida
(Pt; unidade em Watts) por uma antena e a poténcia da energia recebida (P.) pela mesma antena
e é funcdo dos parametros do sistema de imageamento e das caracteristicas biofisicas do alvo.
Como os parametros do sistema sdo bem conhecidos, os seus efeitos sdo normalmente
removidos das imagens de radar (JENSEN, 2014; ULABY; LONG, 2014).
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G2 x )2 (2.3)

P‘r = Pt(O'OXA)m

em que:

o° = coeficiente de retroespalhamento;

A = area efetiva da antena receptora do radar;

A = comprimento de onda do SAR,;

R = distancia entre o radar e o0 alvo na direcdo de alcance; e

G = ganho da antena (razdo entre a poténcia por unidade de area ao longo do eixo do feixe de

radar pela poténcia irradiada isotropicamente — valores tipicos variam entre 20 a 45 dB).

O o° é definido como a medida quantitativa da intensidade de energia retornada a
antena do radar, a partir de uma area unitaria no terreno. Os valores de 6° sdao expressos em
decibeis (dB), estando diretamente relacionados com as caracteristicas geométricas e dielétricas
do alvo (WOODHOUSE, 2006; JENSEN, 2014; ULABY; LONG, 2014). Os dados de
amplitude nos dados SAR estéo relacionados com o coeficiente de retroespalhamento (c°). O
sinal que chega ao radar pode ser expresso por um numero complexo, cuja parte real € a
amplitude e a parte imaginaria correspondente a fase do sinal recebido que também é registrada
(WOODHOUSE, 2006; RICHARDS, 2009).

2.1.1 Polarizacéo das ondas eletromagnéticas

Uma das principais caracteristicas dos sistemas SAR é o uso da energia polarizada. A
antena do radar envia e recebe energia polarizada no plano horizontal (H) ou vertical (V) em
relacdo a direcdo de propagacdo da onda transmitida (JENSEN, 2014). Assim sendo, uma

imagem SAR pode ser obtida com quatro op¢des de polarizacéo:
* VV: energia transmitida e recebida na polarizacéo vertical;
* HH: energia transmitida e recebida na polarizac¢éo horizontal,
» HV: energia transmitida na polarizagdo horizontal e recebida na polarizagao vertical;

« VH: energia transmitida na polarizacédo vertical e recebida na polarizagdo horizontal.
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A polarizacdo € um pardmetro particularmente importante do radar, pois as
propriedades de dispersdo da energia eletromagnética dos alvos da superficie da terra podem
ser diferentes de acordo com a polarizacdo incidente. Quando uma energia polarizada atinge o
alvo, ela é despolarizada, de modo que a energia retroespalhada pode ser novamente registrada
na polarizagdo V ou H (WOODHOUSE, 2006). O tipo de polarizacao refere-se ao vetor do
campo elétrico (Figura 2.3) ao invés do campo magnético, que é considerado invariavel para 0s
alvos naturais (RICHARDS, 2009).

a)

direcdo de
propagagio

—

b)

diregdo de
propagagido

Figura 2.3. a) Atributos da onda: comprimento (1), amplitude (a), fase (@) e campo elétrico vertical (Ev);
(b) Polarizacao da onda: para uma diferenca de fase dos dois componentes polarizados (Ag) de 1/4=n
resulta em uma onda com uma polarizacdo eliptica e campo elétrico horizontal (Eh). Fonte: Adaptada
de Woodhouse (2006).

As polarizacdes HH e VV geralmente estdo mais relacionadas com a rugosidade do
terreno (espalhamento superficial), enquanto as polarizacbes cruzadas HV e VH estéo
relacionadas com o espalhamento volumeétrico dos alvos. A capacidade de registrar diferentes
tipos de energia polarizada de um material no terreno resulta em valiosas informacdes sobre as
propriedades e feicOes dos alvos (JENSEN, 2014).

2.1.2 Interacdo dos mecanismos de espalhamento com a floresta
A penetracdo das ondas eletromagnéticas emitidas pelo radar na vegetacao depende do
teor de umidade e da densidade da cobertura do dossel, bem como do tamanho do comprimento

de onda (Figura 2.4). Comprimentos de onda mais longos penetram muito mais na vegetacéo
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do que comprimentos de onda mais curtos. Portanto, os comprimentos de onda curtos produzem
informacdes sobre as camadas superiores da vegetacdo, enquanto comprimentos de onda mais
longos produzem informac6es sobre as camadas inferiores e do proprio solo, dependendo da
densidade de cobertura vegetal (ULABY; LONG, 2014).

——Energia transmitida X
=== Retroespalhamenfo

Biomassa do dossel
Galhos e folhas
.
.
.
-

Biomassa acima do solo
(Caules, galhos e folhas)

-

.

.

oo}

Q

=

Q.

1+

—_

/\

Figura 2.4. Tipos de espalhamento da energia transmitida em micro-ondas em um dossel em funcéo do
comprimento de onda. Fonte: Adaptada de Omar et al. (2017).

Solo

As arvores de um dossel comportam-se como dispersores individuais, no entanto, 0s
seus tamanhos e orientagdes sdo caracterizados por distribuices de probabilidade aleatorias.
Dessa forma, as polarizagdes cruzadas HV e VH apresentam melhor contraste com a vegetacao
devido a orientacdo aleatoria de partes do dossel da vegetacdo (espalhamento volumétrico)
(ULABY; LONG, 2014).

A relacéo entre biomassa e saturacdo do sinal varia entre os diferentes tipos e estruturas
florestais, por isso é necessario entender as respostas do sinal retroespalhado do SAR (GREEN,
1998). De acordo com Omar et al. (2017), a sensibilidade do sinal retroespalhado depende da
estrutura, densidade e elementos da arvore (ou seja, tronco/caule, galhos e folhas) da floresta.
Como um dossel florestal € uma estrutura heterogénea, aleatdria, e possivelmente anisotrépica,
é necessario medir a perda de atenuacdo do sinal e atraso de fase, para estabelecer os valores
médios e as estatisticas associadas a essas caracteristicas (ULABY; LONG, 2014).

O retroespalhamento de um dossel florestal pode envolver diferentes tipos de
mecanismos de espalhamento (Figura 2.5). Segundo Richards (2009), esses mecanismos
envolvem desde o retroespalhnamento superficial (direto da copa das arvores), o

retroespalnamento  volumétrico (espalhamento dentro das copas das arvores), o
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retroespalhamento direto do tronco e direto do solo, alem do retroespalhamento resultante das

interacdes copa-solo e tronco-solo (espalhamento de canto, ou double bounce).

Figura 2.5. Interacdo dos mecanismos de espalhamento em um dossel florestal. Fonte: Adaptada de
Flores-Anderson et al. (2019).

Na literatura, é possivel encontrar diferentes indices de vegetacdo derivados dos
coeficientes de retroespalhamento nas respectivas polarizagdes. Kim e Van Zyl (2009)
propuseram um indice para separar as superficies de vegetacdo das superficies de solo exposto,

conhecido como Radar Vegetation Index (RVI), conforme mostra a Eq. 2.4:

8x O-IgV (24)

RVI =
ohy + o0y +2x03,

Pdpe et al. (1994) desenvolveram um indice de espalhamento volumétrico VSI
(Volume Scattering Index) que pode ser utilizado como um indicador da espessura da copa das

arvores de um dossel (Eq. 2.5):

ady (2.5)

VSl = ——2—
al, + BMI
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em que:
BMI € o indice de biomassa (Biomass Index) que esta relacionado a biomassa foliar (Eq. 2.6):

T + oy (26)

BMI =
2

O indice de estrutura do dossel CSI (Canopy Structure Index) é um indicador da
importancia das estruturas verticais em relacdo as estruturas horizontais no ambiente florestal

imageado (Eq. 2.7):

o0, .7)

CSI =
oYy + 0l

2.2 POLSAR

Grande parte dos alvos na superficie se encontra em ambientes dindmicos, suscetiveis
as variacOes espacial e temporal (LEE; POTTIER, 2009). Estes alvos sdo considerados
incoerentes, ou seja, sdo alvos ndo deterministicos que, ao interagirem com a onda provocam
retroespalhamento e polariza¢do (RICHARDS, 2009).

Nesse caso, as matrizes de covariancia [C] ou coeréncia [T] sdo comumente
empregadas, devido a natureza ndo deterministica dos espalhadores (CLOUDE; POTTIER,
1996; LEE; POTTIER, 2009). Essas matrizes viabilizam a anélise da relagdo entre o vetor do
campo elétrico emitido e o vetor espalhado, pois ambas apresentam informacgdes sobre
amplitude, fase e correlagfes, com autovalores reais e iguais, mas diferentes autovetores. Essas
informacdes sobre o processo de espalhamento podem ser extraidas a partir de técnicas

polarimétricas (PoISAR), como a decomposicéo de alvos.

2.2.1 Decomposicao de alvos
2.2.1.1 Cloude-Pottier

A decomposi¢do Cloude-Pottier (CLOUDE; POTTIER, 1996) é baseada nos
parametros entropia, angulo alfa e anisotropia, definida a partir da matriz de coeréncia [T5] (Eq.
2.8):



30

i= i=

3
[T3] = T3,: =
1

i=

1/1i(el-el) = Ay(e1.e1) + Ay(e;.e5) + A3(es.e3)

i=
em que:

[T5] = matriz de coeréncia 3x3;
A; = autovalor; e

e, = autovetor.

A entropia (H) é um numero real de 0 a 1, que indica o grau de aleatoriedade da
distribuicdo dos mecanismos de espalhamento (Eg. 2.9).

3 2.9)
H = —2i21pi10g3pi

A
22:1 Ak

emque: P; =

A anisotropia (A) é complementar a entropia e € um indicador da importancia relativa
dos mecanismos de espalhamento secundarios, sendo mais representativo quando ocorre média
entropia (Eq. 2.10):

Ay — 23 (2.10)

A=A,

A partir da matriz de coeréncia, cada autovetor pode também ser parametrizado em
termos de cinco angulos. Desses angulos, destaca-se o angulo alfa (), que varia de 0° a 90°.
Em 0° predomina o espalhamento isotrépico (odd bounce), em 45° predomina o espalhamento
do tipo dipolo e em 90° ha o predominio de espalhamento do tipo double bounce na polarizagdo
VV.

2.2.1.2 Van zZyl

A decomposi¢do de van Zyl (VAN ZYL, 1989) apresenta trés componentes
responsaveis pela descricdo dos tipos de espalhamentos, baseados na matriz de covariancia [Cs]
para terrenos naturais, que apresentam reflexdo simétrica e na situacdo de imageamento
monoestatico. As componentes de espalhamento descritas pela decomposigéo de van Zyl séo:

i) even number of reflections (nimero inteiro de reflexdes divisivel por 2);
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ii) odd number of reflections (nimero inteiro de reflexdes sem divisao exata por 2); e

iii) espalhamento difuso (LEE e POTTIER, 2009).

De acordo com o estudo de van Zyl (1989), o espalhamento difuso esta mais associado
a areas de vegetacdo, enquanto a componente even number of reflections esta mais associada a

areas urbanas. Ja a componente odd number of reflections € predominante em &reas oceanicas.

2.2.1.3 Freeman-Durden

Freeman e Durden (1998) relataram que uma das principais limitacGes do teorema de
van Zyl é a descri¢do puramente matematica do espalhamento, sem contar com a descrigdo do
tipo fisico de espalhamento predominante. Dessa forma, baseados na decomposi¢éo de van Zyl,
Freeman e Durden (1998) apresentaram um novo modelo desenvolvido principalmente para a
compreensdo do retroespalhamento em alvos florestais. Dessa forma, a decomposicdo de
Freeman-Durden é muito Util na discriminacdo entre areas florestadas e nao florestadas, floresta
inundada e ndo inundada (FREEMAN; DURDEN, 1998; LEE, POTTIER, 2009).

A decomposicdo Freeman-Durden modela a matriz de covariancia [C5] como sendo a
contribuicdo de trés mecanismos de espalhamento (FREEMAN; DURDEN, 1998; LEE,
POTTIER, 2009):

i) espalhamento volumétrico: por exemplo, os dosseis sdo modelados como um
conjunto de espalhadores do tipo dipolo orientados aleatoriamente; a poténcia que corresponde
a esse espalhamento é dada por (Eq. 2.11):

P, = g 3 (2.12)

ii) double bounce: espalhadores modelados como refletores do tipo diedro; a poténcia
correspondente a esse espalhamento ¢é dada por (Eq. 2.12):

Py = fa(1 + |Spp + Syvl?) (2.12)

iii) superficial: espalhadores do tipo Bragg, que ocorrem em superficies ligeiramente
rugosas e em superficies onduladas; a poténcia correspondente a esse espalhamento é dada por
(Eq. 2.13)

Py = fs(1 + [Syy + Spnl®) (2.13)

em que:

P = poténcia;
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f = contribuicdo de cada componente de espalhamento;
Snn = elemento complexo de espalhamento na polarizagdo HH; e

Sy = elemento complexo de espalhamento na polarizagéo VV.

2.2.1.4 Yamaguchi

A decomposicdo de Yamaguchi é baseada em uma modelagem da matriz de
covariancia [C3] e é constituida de quatro componentes de espalhamento: double bounce,
superficial, volumétrico e hélice. Os trés primeiros componentes baseiam-se nos seus
correspondentes da decomposicao de Freeman e Durden (1998).

O que difere desse modelo é a introducdo do quarto componente, que modela o
espalhamento do tipo hélice. Esse espalhamento refere-se a alvo com forma e/ou estrutura
artificial, como um refletor ndo simétrico capaz de gerar polarizagdes circulares para a esquerda
ou para a direita, sendo mais adequado para descrever alvos ndo naturais (YANG et al., 2015).
Além dessa modificagdo, Yamaguchi et al. (2005) realizaram uma modificacdo na funcéo de
densidade de probabilidade referente ao modelo de Freeman e Durden (1998) no espalhamento
volumétrico, considerando-se 0 aspecto da orientacdo dominante de troncos e ramos de arvores

em ambientes florestais.

2.3 INSAR

A técnica de interferometria SAR (INSAR) estd baseada na combinacdo de duas
imagens SAR adquiridas sobre a mesma area com uma geometria de aquisicdo ligeiramente
diferente uma da outra (Figura 2.6) para garantir o efeito de interferometria, ou diferenca de
fase (TEMPORIM et al., 2017). A comparacao entre as diferencas de fase de duas imagens de
uma mesma regido, obtidas a partir de antenas com ligeira diferenca de geometria, torna
possivel encontrar as localizagGes dos pixels em trés dimensdes: latitude, longitude e altitude
(RICHARDS, 2009).
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Figura 2.6. Esquematizagdo da técnica INSAR. Fonte: MundoGEO (2022).

A diferenca de fase entre pixels de mesma coordenada nas imagens esta relacionada a
distancia entre as duas trajetorias de pulsos de energia eletromagnética durante as aquisicdes
(linha-base) e a altitude correspondente no solo. Por meio destes dados, também se podem-se
gerar imagens de coeréncia interferométrica, muito Gteis para fins de classificagdo
(WEGMULLER et al., 2015; OLESK et al., 2016; POSSA et al., 2018). A coeréncia

interferométrica (y) de duas imagens SAR complexas é definida como (Eq. 2.14):

= __ Bwl} (2.14)
VE(uZE{v?]}
em que:
E = valor esperado;
u e v = duas imagens complexas corregistradas; e
v= = complexo conjugado de v (WEGMULLER et al., 2015).

Cada pixel de uma imagem de coeréncia representa a informagdo do mddulo do
coeficiente de correlacdo complexa de um par interferométrico. Este tipo de produto pode
contribuir para a estratificacdo tematica da paisagem, considerando que, em regides florestadas,
uma das fontes comuns de descorrelacdo € o espalhamento volumétrico. Nesse contexto, é
esperado o decréscimo da coeréncia com o aumento da quantidade de vegetagdo em razdo da
instabilidade dos componentes florestais. J& outras tipologias de uso e cobertura da terra, como
a pastagem, solo exposto e regides de vegetacao esparsa, apresentam maior coeréncia (OLESK
etal., 2016; POSSA et al., 2018).
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2.4 MISSOES SAR

2.4.1 ALOS-2/PALSAR-2

Lancado em 24 de maio de 2014 pela Agéncia de Exploracdo Aeroespacial do Japéao
(JAXA), no centro espacial de Tanegashima, Japéo, o satélite ALOS-2 (Figura 2.7) corresponde
ao segundo satélite da missdo ALOS. O sistema foi desenvolvido com o intuito de fomentar
pesquisas cientificas e aplicacdes na area de sensoriamento remoto de radar, fornecendo
imagens capazes de apoiar estudos relacionados com desenvolvimento sustentavel,
monitoramento de desastres naturais, monitoramento ambiental e outras aplicagdes e pesquisas
(EMBRAPA, 2020).

=3 -
™

Figura 2.7. llustragdo do satelite ALOS-2/PALSAR-2. Fonte: JAXA (2020).

O sensor PALSAR-2 a bordo do satélite ALOS-2 é um SAR cuja antena transmite
pulsos de radiacdo eletromagnética na faixa de micro-ondas na banda L, que é menos afetada
por nuvens e chuvas por causa do seu comprimento de onda mais longo. Essa capacidade de
observacao em qualquer clima é adequada para monitorar desastres rapidamente. Além disso,
a radiacdo transmitida na banda L pode atingir os solos sob dosséis vegetais ndo muito densos
(JAXA, 2020).

2.4.2 Sentinel-1

A missdo Sentinel-1 é composta por uma constelagdo de dois satélites denominados
de Sentinel-1A, langado em 3 de abril de 2014 e Sentinel-1B, langcado em 25 de abril de 2016
(Figura 2.8), pela Agéncia Espacial Europeia (ESA), obtendo imagens SAR na banda C. Ambos

os satélites possuem um tempo de vida Util previsto de sete anos e operam em uma Orbita de
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693 km de altitude, sincrona com o Sol e quase-polar. Os satélites compartilham a mesma érbita
plana com uma diferenca de fase de 180°, em um ciclo de 12 dias e 175 orbitas por ciclo (ESA,
2020).

Os dados adquiridos por esta missdo sdo disponibilizados gratuitamente no portal
Copernicus Sci-Hub da ESA, de modo a promover o aumento da investigacao cientifica baseada
em imagens de radar e o crescimento de ofertas de servigos de observacao da Terra. Os satélites
possuem uma frequéncia de repeticédo (ascendente/descendente) de trés dias na linha do equador
e menos de um dia no Artico. O sistema tem a capacidade de operar nos modos de dupla
polariza¢do (HH/HV ou VV/VH) e polarizacdo tnica (HH ou V), apresentando quatro modos
de aquisicéo distintos: SM (Stripmap), IW (Interferometric Wide), EW (Extra-Wide) e WV
(Wave) (ESA, 2020).

I g /é-_b..-n.,

Figura 2.8. llustragdo do satelite europeu Sentinel-1. Fonte: ESA (2020).

2.4.3 COSMO-SkyMed

A missdo COSMO-SkyMed (Constellation of Small Satellites for the Mediterranean
basin Observation) (Figura 2.9), lancada entre 2007 e 2010, é uma constelagdo composta por
quatro satelites concebida pela Agéncia Espacial Italiana (ASI) e financiada pelo Ministério de
Pesquisa e pelo Ministério da Defesa da Italia (E-GEQS, 2020).
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Cada um dos quatro sateélites é equipado com um instrumento SAR que opera na banda
X, sendo capaz de adquirir imagens em alta resolucdo espacial na maioria das condicdes de
visibilidade. O objetivo geral da missdo € a observagdo global da Terra e a exploracdo de dados
relevantes para as necessidades das comunidades militar e civil (TELESPAZIO, 2020). A
Telespazio ¢ a principal responsavel pelo desenvolvimento do centro de controle da constelacédo
e dos segmentos terrestres, adquirindo, processando e distribuindo os dados coletados pelos
satélites para o usuario final (TELESPAZIO, 2020).

2.5 TEXTURA GLCM

A matriz de coocorréncia de niveis de cinza (GLCM - Gray Level Coocurrence
Matrix) trata de um método estatistico para descri¢do de texturas que é baseada na ocorréncia
repetida da configuragdo dos niveis de cinza e descreve a frequéncia espacial com que as
transicbes de nivel de cinza entre os pares de pixel ocorrem (HARALICK et al., 1973). Os
métodos baseados em estatisticas de segunda ordem tém demonstrado um alto indice de
capacidade de discriminagdo em uma grande variedade de imagens, pois permite a identificagcdo
de padrdes de areas texturizadas (DUARTE, 2017).

Conforme descrito por Haralick et al. (1973), para a geracdo da matriz de coocorréncia,
sdo necessarios um angulo 8 e uma distancia d. O angulo 0 representa a dire¢cdo em que sera
calculada a matriz, de acordo com a ocorréncia das coordenadas de um pixel, podendo ser 0°,
45°,90° e 135° (Figura 2.10). Ja a distancia d representa o intervalo entre a ocorréncia de um

pixel x para um pixel y.

135° 90° 45°
% ¢ vl
2|3 |4
L2 PRl

Figura 2.10. Orientaces referentes aos &ngulos para a geragao da matriz de coocorréncia. Fonte: Duarte
(2017).
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Dessa forma, efetuando-se o calculo da matriz de coocorréncia, por meio de alteracGes
na orientacao do angulo e da distancia d entre os pares de pixels vizinhos, podem ser obtidas
14 medidas estatisticas que séo utilizadas para anélise da textura (HARALICK et al., 1973). Na
Tabela 2.2, estdo listadas algumas das principais medidas estatisticas propostas por Haralick et
al. (1973).

A textura de uma imagem é uma propriedade Util e que pode ser utilizada como
parametro na classificacdo de imagens de radar, particularmente se o objetivo for discriminar
classes que apresentam diferentes tonalidades na imagem (ULABY; LONG, 2014). Para
minimizar o efeito escalar entre os valores dos atributos de textura, a matriz GLCM ¢
comumente padronizada em um intervalo de zero a um (TSO; MATHER, 2009).

Na literatura, é possivel encontrar estudos que utilizaram atributos de textura derivados
do método estatistico GLCM para discriminar diferentes classes em areas florestais. Kuplich et
al. (2005) relacionaram medidas de textura GLCM em imagens JERS-1 (banda L) com a
biomassa para o diagndstico de areas em regeneracdo em uma area de floresta amazénica. De
acordo com os autores, como a estrutura do dossel e a biomassa mudam com o tempo, isso pode
influenciar na rugosidade da superficie do dossel e consequentemente na textura de imagem
SAR. Uma alta correlacdo foi encontrada entre a medida de textura contraste e a biomassa,
potencializando a precisdo com o que 0s dados SAR do JERS-1 podem ser usados para estimar

a biomassa em florestas tropicais.
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Tabela 2.2. Principais medidas de textura propostas por Haralick et al. (1973). Fontes: Adaptadas de
Zakeri et al. (2017) e Azevedo et al. (2014).

Medidas de Textura Formula Descricao
Entropia Mede a desordem contida
P - Z pnlogipan}
W na textura
Homogeneidade z 1 P Indica a homogeneidade da
1+ @@=z imagem
Correlacdo Ng—1 ZNQ Ng » Mede a dependéncia linear
U)) .
Zn_ o n i entre 0s tons de cinza
- li—jl=n
Dissimilaridade . Similar ao contraste
Cpapli—Jl
L]
Contraste . i7a-
z Py — J)? Caracteriza-se pela
Lj diferenca entre os tons de
cinza
Média . istribuica
Z i) Distribuico textural da
ij imagem

Energia Mede a uniformidade
Z{P(u)z} : ,
T textural da imagem a partir

de pares de pixels repetidos

Variancia . Variacéo local de niveis
Z(l — 1) paj ¢
i) de cinza
Segundo momento Expressa a uniformidade
{Pa}
angular i da textura

p;;j = valor de entrada na matriz de co-ocorréncia de niveis de cinza normalizada; N, = diferentes niveis
de cinza da imagem e p = média dos niveis de cinza.
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2.5.1 Técnica de Anélise de Componentes Principais

A Anélise de Componentes Principais (APC) é um método estatistico muito utilizado
para reduzir a dimensionalidade de um conjunto de dados que se apresenta altamente
correlacionado. Esta andlise é possivel de ser executada, pois alguns dados podem ndo ser
relevantes para o reconhecimento de padrfes; assim, pode-se identificar o minimo de dados ou
atributos suficientes para descrever uma regido ou discriminar um objeto na imagem
(SCHWARTZ, 2005; SILVA et al., 2015).

A APC pode ser entendida como uma transformacdo linear que usa a distancia
euclidiana a partir de n caracteristicas originais como uma medida de dissimilaridade entre p
novas caracteristicas e estas sdo ordenadas de acordo com a sua relevancia. Dessa forma, é
calculada a correlacdo entre os dados de entrada, a partir dos autovalores e autovetores, sendo
gue 0s primeiros componentes apresentam a maior variacdo das varidveis de entrada
(MOREIRA, 2007).

Os autovalores sao medidos em unidade de variancia e caracterizam os comprimentos
dos eixos das componentes principais. Para cada componente, existe um vetor unitario chamado
autovetor que representa a direcdo dos eixos das componentes principais (DPI, 2020). Para que
a APC possa apresentar algum significado, é necessario que as variaveis sejam correlacionadas.
Se as matrizes de covariancia e de correlacdo forem diagonais, a aplicacdo desta técnica
simplesmente vai desenvolver, em alguma ordem, as proprias variaveis originais (SILVA et al.,
2015). Nesse contexto, € comum utilizar o teste de esfericidade de Bartlett, que indica a
presenca ou auséncia de correlacdo entre as variaveis, avaliando a hip6tese de que a matriz de
correlagbes pode ser a matriz identidade com determinante igual a 1 (MINGOTI, 2007,
MOREIRA, 2007).

Outro teste também utilizado é o Kaiser-Meyer-Olkin (KMO), que é uma estatistica
da proporcéo da variancia dos dados que pode ser considerada comum a todas as variaveis, ou
seja, pode ser atribuida a um fator comum. Quanto mais proximo de 1, melhor seré o resultado,
ou seja, mais adequada é a APC (MINGOTI, 2007). O teste KMO pode ser descrito de acordo
comakEg. 2.8:

Yi#jin] (2.8)

KMO =
Yi#juri+Xi#jYa}

em que:
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r;; = coeficiente de correlagéo entre as variaveis; e

a;j = coeficiente de correlagdo parcial.

2.6 CLASSIFICADORES RANDOM FOREST E SUPPORT VECTOR MACHINE

O aprendizado de maquinas € um método de analise de dados que automatiza o
processo de tomada de decisfes por meio de aprendizagem de padrdes a partir da insercdo de
dados em modelos analiticos. Dois algoritmos de aprendizagem de maquinas sdo muito
utilizados para a classificacdao supervisionada em imagens: o0 Random Forest (RF) e o Support
Vector Machine (SVM).

O RF é um algoritmo de aprendizagem supervisionado que melhora a preciséo das
arvores de classificacdo e regressdo por meio da combinagdo de um grande nimero de
subconjuntos aleatorios de arvores. Cada arvore contribui com apenas um voto, e a classificacdo
final é determinada pela maioria dos votos, levando em consideracdo todas as arvores de
decisdo (SOTHE et al., 2017). O RF também é conhecido como um algoritmo ensemble (de
conjunto) e bagging (ensacamento). Ensemble porque retune e emprega um conjunto de
classificadores do tipo arvores de regressdao. Bagging porque as arvores de decisdo sdo criadas
a partir de subconjuntos do mesmo conjunto amostral, com reposicdao (BREIMAN, 2001;
BELGIU; DRAGUT, 2016). A ideia principal do método de bagging é que a combinac&o dos
modelos de aprendizado aumenta a acurdcia do resultado final da classificac&o.

O algoritmo de RF usa arvores de decisdo para aumentar a precisdo da classificacdo
por meio de um grande numero de combinacdes de subconjuntos aleatorios de arvores
(BREIMAN, 2001; BELGIU; DRAGUT, 2016). A precisdo da classificagdo RF é avaliada
usando uma abordagem definida como out-of-bag (OOB). Nesta abordagem, o algoritmo RF
coleta aproximadamente 75% dos dados como treinamento e o restante € deixado de fora (25%),
dai o nome OOB. Em seguida, essas amostras OOB sédo direcionadas para arvores que ainda
ndo foram utilizadas pelo classificador. Portanto, a diferenca entre a classe esperada e a real €
usada para estimar os erros de classificacdo (BREIMAN, 2001). Este método é considerado
imparcial, pois a medida que o namero de arvores aumenta, o erro tende a diminuir até um
determinado limite. Além disso, a importancia de cada variavel no processo de classificagéo,

em valores brutos e normalizados, é calculada a partir das amostras OOB.
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O algoritmo SVM é um algoritmo que é treinado para encontrar um hiperplano de
classificacdo 6timo, minimizando o limite superior do erro de classificacdo e maximizando a
distancia dos pontos de dados de cada classe ao hiperplano linear de separacgéo ideal dos eixos
criados a partir de cada variavel (PETROPOULOS et al., 2011). O modelo SVM é otimizado
para procurar um hiperplano néo linear em um espago multidimensional usando uma fungéo
Kernel (KARATZOGLOU et al.,, 2006). As funcdes Kernel mais utilizadas sao: linear,
polinomial, funcdo de base radial (RBF) e sigmoide (HUANG et al., 2002).

A funcdo Kernel escolhida mais amplamente utilizada é a RBF. Esta funcdo possui
dois parametros predefinidos: custo (C) e gama (g). Ambos os parametros dependem do
intervalo e da distribuicdo dos dados e diferem de uma classificagdo para outra.
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3ARTIGO 1

EVALUATION OF POLARIMETRIC DATA AND TEXTURE ATTRIBUTES
IN SAR IMAGES TO DISCRIMINATE SECONDARY FOREST IN AN AREA OF
AMAZON RAINFOREST

Abstract: This study aims to evaluate the ability of Sentinel-1 polarimetric and backscatter
attributes in relation to COSMO-SkyMed (CSM) texture and backscatter features to
discriminate secondary vegetation areas in an Amazon Forest domain area, located in Mato
Grosso state. In this study, we used polarizations VV and VH from Sentinel-1 Synthetic
Aperture Radar (SAR) image and HH from CSM SAR image, both in Single Look Complex
format. In the Sentinel-1 image, a covariance matrix was generated and the H-Alpha target
decomposition theorem was applied, allowing to obtain the attributes Entropy and Angle alpha.
In the CSM image, we obtained the following Gray-Level Co-Occurrence Matrix (GLCM)
texture attributes: dissimilarity, contrast, homogeneity and second moment. The Support Vector
Machine (SVM) algorithm was used for classification. The Sentinel-1 polarimetric attributes
achieved a Kappa index of 0.70 and an overall accuracy of 79.58%, performing better than
those derived from CSM, with a Kappa index of 0.56 and an overall accuracy 63.67%.
However, the Sentinel-1 and CSM attributes did not present satisfactory results to discriminate
the different stages of secondary forest.

Keywords: Amazon; Secondary Vegetation; Remote Sensing

3.1 INTRODUCTION

The Amazon biome has a rich biodiversity, which corresponds to an area with more
than 5 million km? of the Brazilian territory (IBGE, 2022). This biome has been significantly
from degradation resulting from deforestation (BERNARD; PENNA; ARAUJO, 2014;
GARRET et al., 2021). However, according to TerraClass Amazon data from 2014, there was
an increase of 72.713 km? of secondary vegetation in the Amazon region between 2004 and
2014. From the deforested full area in Amazon, 22.8% are in regeneration process
(TERRACLASS, 2022). Thus, the secondary vegetation diagnosis after the disturbance is very
important for the evaluation of the respective impacts on the ecosystem, such as species
diversity, local hydrology, and biomass accumulation rate (KUPLICH et al., 2006; JAKOVAC
etal., 2015; NOBRE et al., 2016).

Forest regeneration in Brazilian Amazon increased in extent during the 1970s and
1980s and is known to be a net sink of atmospheric CO> (KUPLICH et al., 2005; CARVALHO
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et al., 2019; HEINRICH et al., 2021). Optical remote sensors are used for the assessment and
characterization of the secondary forest stage (LUCAS et al., 2000; SOTHE et al., 2017), but
frequent cloud cover in the Amazon region often makes it difficult to obtain information based
on these sensors. An alternative to this limitation has been the use of active microwave sensors,
which include synthetic aperture radar (SAR) (DING and WEN, 2017). The SAR data
applications in tropical forests are diverse, and they exploit different sensors, with different
polarization options and processing techniques (LI et al., 2012). Sensors that operate at higher
wavelengths (L and P bands) allow greater signal penetration in the forest (CARTUS et al.,
2014; FURTADO et al., 2016), while the shorter microwave sensors (X and C bands) interact
more superficially with the canopy structure (KUGLER et al., 2014; TREUHAFT et al., 2015).

One of the techniques used for forest monitoring is the SAR polarimetric data, often
explored through target decomposition theorems (CLOUDE and POTTIER, 1996). This
technique allows identifying the scattering mechanism types that occur during the interaction
process between electromagnetic microwaves and the target, improving their discrimination
(WIEDERKEHR et al., 2020). However, the attributes extracted from the backscatter signal,
associated with Gray-Level Co-occurrence Matrix (GLCM) texture features (HARALICK et
al., 1973) are also used, due to improvement in the identification and ability to discriminate
different targets, according to the backscattered signal strength from a respective polarization
(KUPLICH et al., 2005).

The Brazilian Government established several programs to monitor Amazon
deforestation using optical data like PRODES (Programa de Monitoramento do
Desflorestamento na Amazonia Legal) and DETER (Sistema de Detec¢do do Desmatamento
em Tempo Real) projects from INPE (Instituto Nacional de Pesquisas Espaciais). In 2016, the
Censipam (Centro Gestor e Operacional do Sistema de Protecdo da Amazonia), an agency of
the Brazilian Ministry of Defense, developed the first program using SAR data. Through the
AmazoniaSAR project, Censipam monitors the forest change process in the Brazilian Amazon,
with images from the COSMO-SkyMed (Constellation of Small Satellites to Observe
Mediterranean Beaches) SAR sensor, band X (~ 2.4 - 3.8 cm), in periods of great cloudiness
(SIPAM, 2021).

Currently, with the free availability by European Space Agency (ESA), the Sentinel-
1A satellite, which operates in the C band (~ 3.9 — 7.5 cm) has become an important tool widely
used for forest monitoring (REICHE et al., 2018; ESA, 2019). Given this, it is important to
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develop methodologies that can exploit the potential of this free distribution data to contribute
to forest monitoring systems.

Therefore, this study aims to evaluate the potential of attributes derived from
polarimetric decomposition and backscatter coefficients of Sentinel-1 double polarization (VV
and VH) SAR data in relation to texture and backscatter coefficient attributes of single
polarization data from the CSM sensor (HH) to discriminate secondary forest (SF) areas. The

research area will be the municipality of Colniza, located in Mato Grosso state.

3.2 METHODOLOGIES

3.2.1 Study area

The study area comprises the eastern portion of Colniza, located in the north of Mato
Grosso state, between 9° 56' 26.47 and 9° 12’ 23.69 south latitudes and between 59° 16° 577
and 59° 00° 52 west longitudes, in an area of approximately 1.600 km? (Figure 3.1). The study
area comprises a region with large deforestation area, imaged by the CSM and Sentinel-1
sensors. The Colniza presented areas that were abandoned after deforestation and are in natural
regeneration process now, in different ecological successional stages (IBGE, 2012;
MAPBIOMAS, 2022). The vegetation consists of dense and high forests typical of the Amazon,
and Cerrado areas, presenting small trees, tortuous, isolated or grouped on a grass-covered soil.
The climate, according to Koppen’s classification, is Aw, humid tropical, with a mean
temperature of 30°C. The average annual rainfall is 2.000 mm (SANTOS et al., 2000).
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Figure 3.1. Localization of the study area. The color composite (July 12, 2017) includes the Sentinel 2
bands 11, 8 and 4 in red, green and blue, respectively.
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Source: Authors (2022).

3.2.2 Radar image processing

The methodological procedures adopted in this study are shown in Figure 3.1. The
Sentinel-1 image used in this study was acquired on September 3, 2017, in IW (Interferometric
Wide swath) mode, which has a spatial resolution of 5x20 m, with processing level L1 - Single
Look Complex (SLC), being complex images composed by amplitude and phase information,
with double polarization: VV and VH. The image was processed in the Sentinel Application
Platform 7.0 (SNAP) software. Firstly, the image went through the Terrain Observation with
Progressive Scans (TOPSAR) split and orbit correction process, selecting a smaller subarea to
minimize the computational effort. Then, the procedure of TOPSAR deburst and radiometric
calibration was applied. The Covariance matrix [C2] was generated and resampled by a spatial
average (Multilook process), a 3x3 pixel window size was performed, with the pixel spacing

being converted to 14.05 m in range and azimuth directions.
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Figure 3.2. Flow diagram of SAR images processing and classification procedures.
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To reduce speckle noise and preserve the details, the Sentinel-1 image was filtered
with the Refined Lee filter (LEE et al., 1999) with a 5x5 pixel window size. This filter was
chosen because it presents good results according to the studies of Pdssa et al. (2018) and
Wiederkehr et al. (2020) with polarimetric attributes. After filtering, the backscattering
coefficients were obtained in the VV (ovwv), VH (ovh), and cross-polarization ratio (VV/VH)
(CPRA). The H-Alpha polarimetric decomposition (CLOUDE and POTTIER, 1997) was
performed to extract the attributes of entropy (H) and alpha-angle («). Finally, the geometric
correction of the attributes through geocoding was applied. The last procedure consisted of the
attributes geometric correction through geocoding, using the digital elevation model (DEM)
Shuttle Radar Topography Mission (SRTM).

The CSM image used in the study was sensed on 28 October 2017, in StripMap mode,
sub-mode HIMAGE, in SLC format. The same preprocessing steps were performed to better
compare the results of both sensors images. First, the image was calibrated at HH (oHH)
polarization, followed by a multilook process with a 3x3 pixel window size, converting to 3 m
spatial resolution in the range and azimuth directions, respectively. Then an image was filtered
with the Refined Lee filter, 5x5 pixel window. GLCM was obtained to retrieve various texture
metrics from the HH image, with a 3x3 pixel window size (HARALICK et al., 1973). Four
texture metrics were computed: dissimilarity, homogeneity, second moment, and contrast.
Previous studies conducted by Kuplich et al. (2005) and Sothe et al. (2017) showed that
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homogeneity, contrast, second moment (energy) and dissimilarity were considered the most
important ones for identifying vegetation successional stages in a patch of forest, which justifies
their use in the present work. All processing steps were performed using Envi 5.5 software and

your extension SARscape.

3.2.3 Attribute selection

The SF samples used in this study were extracted from crossing PRODES
deforestation data and areas classified as secondary vegetation of the 2014 TerraClass
Amaz0nia, a project of the National Institute for Space Research (INPE). As PRODES does not
contemplate the revisit and reclassification of the mapped areas as deforested, it was possible
to identify and vectorize the areas under the regeneration process. These samples were
previously validated in Google Earth Engine through temporal analysis of the EVI and NDVI
indices of the Landsat satellite image catalog.

The selection of the other reference samples representative of the thematic classes was
based on the stratified random sampling method using an R11G8B4 color composition of a 10
m resolution Sentinel-2 image dated 12 July 2017, Level 1C geocoded. This composition was
chosen because it better identifies the vegetation areas, due the high reflection of vegetation in
the near infrared (NIR) region in relation to the marked absorption of chlorophyll in the red
region of the electromagnetic spectrum (PONZONI and REZENDE, 2004).

To obtain samples set with the best representation of each class thematic, the selected
samples were well distributed throughout the study area, where 180 polygons were vectorized.
We sought to follow a proportion of 75% training samples and 25 % validation samples,
respecting the size of each identified class (Table 3.1) (CONGALTON and GREEN, 2009).

Thus, 9 different land cover types were considered for the classification: Primary
Forest (PFO) — Unchanged forests, Advanced Secondary Forest (SF3) - Natural regeneration
with over 15 years, Intermediate Secondary Forest (SF2) - Natural regeneration from 5 to 15
years, Initial Secondary Forest (SF1) - Natural regeneration with less than 5 years, Croplands
(CRO) - Areas with agriculture cover, Degraded Forest (DEG) — Forest areas with
deforestation, Bare Soil (BSO) — Prepared areas to receive the cropland, Pasture (PAS) -
Managed pasture areas, with grass cover and Water Bodies (WAT) — Rivers and lakes (Figure
3.3).



Table 3.1. Number of pixel for each class.
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LULC Training samples  Validation samples
(pixel) (pixel)

PFO 14687 4896
SF1 2083 694
SF2 3796 1265
SF3 4030 1343
CRO 9089 3030
DEG 2026 675
BSO 6785 2262
PAS 5342 1781

WAT 234 78

Source: Authors (2022)

Figure 3.3. Samples set of study area. The color composite (July 12, 2017) includes the Sentinel 2 bands
4,3 and 2 in red, green and blue, respectively.
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An exploratory analysis of attributes derived from polarimetric decomposition,

texture, and backscatter metrics was performed to assess the potential for discrimination of SF
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samples about other thematic classes. Boxplots were made for each attribute from the training
samples, considering for the discriminatory understanding of radiometric component
information extracted to express the configuration of the different thematic classes. In the
attribute selection stage, a Principal Component Analysis (PCA) was performed. The PCA
objective is to promote a linear transformation in the data so that the data resulting from this
transformation have its most relevant components in the first dimensions (JAFARPOUR et al.,
2012).

From the selection of attributes for the secondary vegetation samples, the Land Use
and Land Cover (LULC) classification was performed by applying the Support Vector Machine
(SVM) classifier. In this work, the radial basis function kernel was chosen, for its superiority in
relation to the other functions has been demonstrated in several studies (DURO et al., 2012,
SOTHE et al., 2017). With the classification results and the test samples set, the confusion
matrix was generated, to determine the accuracy of the classification that was based on Kappa
index and overall accuracy (CONGALTON and GREEN, 2009).

3.3 RESULTS

3.3.1 Exploratory analysis of the attributes

The exploratory analysis of the Sentinel-1 H-alpha polarimetric decomposition
attributes (Figure 3.4) showed similar values between the different typologies, and some
sensitivities could be observed in certain typologies. However, both H and o showed a good
ability to discriminate the PFO areas from SF areas in their different stages.
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Figure 3.4. Boxplots representing the thematic classes distribution over the attributes derived from the
H-alpha decomposition: entropy H (a) and alpha angle « (b). Attributes representing the thematic classes
distribution over VV polarization (ovv) (¢), VH polarization (ovv) (d) and the cross-polarization ratio
(CPRA) (e) attributes derived from backscatter.
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The average values of H were relatively lower for the PFO class (H = 0.74), allowing
to differentiate it from SF3 (H = 0.79), SF2 (H = 0.77) and SF1 (H = 0.76). Moreover, it is
possible to observe that among the different stages of secondary forest, SF3 presented a higher
average value of discrimination about SF2 and SF1. The same occurred for the a attribute, but
the a scores were relatively higher in the PFO class (e = 68.5 °), with more biomass and
complex plant structure compared to SF3 (o = 66.2 °), SF2 (a = 67.1 °), SF1 (a = 67.7 °). The
SF3 class presented higher discrimination sensitivity compared to the SF1 and SF2 classes,
indicating radiometric similarity between these stages.
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The ovn attribute showed greater sensitivity to discriminate most thematic classes. The
PFO class presented lower average backscatter values in relation to the SF areas (ovn = -16.5
dB), SF3 (ovn =-15.8 dB), SF2 (ovH = -16.1 dB) and SF1 (ovH = -16.4 dB).

On the other hand, the ovv attribute showed very close average values between the
PFO (ovv = -10.5 dB), SF3 (ovv = -10.4 dB), SF2 (ovv = -10.4 dB), SF1 = (ovv = -10.5 dB)
classes and CRO (ovv = -10.5 dB), indicating high radiometric similarity for this attribute, and
it is not possible to discriminate these respective classes from each other. The CPRA attribute
also presented a low discrimination capacity between SF3 (5.41), SF2 (5.73), and SF1 (5.9)
classes.

The onn attribute of the CSM image (Figure 3.5) exhibited very similar mean
backscatter values between the PFO (onn = -11.7 dB), SF3 (onn = -11.3 dB), SF2 (onn = -11.2
dB), SF1 (oHn=-11.2 dB), and CRO (onH = -11.4 dB) classes.

The dissimilarity attribute obtained by GLCM texture metrics also showed very similar
mean values between PFO and SF3, 0.203 and 0.209 respectively. This attribute achieved
greater discrimination between SF3 class and SF2 class, with fewer biomass classes that
presented lower values.

The second moment GLCM texture attribute proved high capability to discriminate
complex vegetation structure areas from more simple vegetation structures, but failed to
discriminate the SF stages from each other.

The homogeneity attribute had the lowest average values for the PFO class (0.90). The
SF classes presented high radiometric similarity among themselves, SF3 (0.92), SF2 (0.93) and
SF1 (0.92), and cannot be discriminated according to the regeneration stage by this attribute.

Finally, the contrast showed very low average values for all thematic classes analyzed,
with the median very close to zero. The SF classes presented very high similarity, SF3 (0.007),
SF2 (0.005) and SF1 (0.007), and cannot be discriminated by this attribute.
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Figure 3.5. Boxplot representing the thematic classes distribution over HH polarization (cHH) (a) and
the GLCM texture metrics: Dissimilarity (b), Second moment (c), Homogeneity (d), and Contrast (e).
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According to the PCA described in Table 3.2, it is clear that there is a reduction in
variance explained by the first 2 components. From the data derived from Sentinel-1, it
can be observed that the first two CP present very close values between the secondary
vegetation stages, with 71.1% for SF1, 71.7% for SF2, and 72.8% for SF3 of explained
variance. Regarding the data derived from the CSM, the values between PC1 and PC2
present a greater difference between the values, of which the sum between the two first
components is 70.9%, 69.9%, and 59.9% for SF1, SF2, and SF3 respectively. Therefore,
it is observed that a better grouping between PC1 and PC2.
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Table 3.2. Percentage of variance explained on each PC [%].

PCA dimension PC1 PC2 PC3
SF classes SF1  SF2 SF3 SF1 SF2 SF3 SF1 SF2 SF3
Sentinel-1 395 388 387 316 329 341 27.0 270 252
CSM 509 499 399 20.0 20.0 20.0 184 18.7 19.2

Source: Authors (2022).

Figure 3.6 shows the polarimetric attributes H and alpha angle from Sentinel-1, which
presented the largest information in the main components (PC1 and PC2). For the three SF
stages, the accumulated percentage of information variance was 72.79% for SF3, 71.15% for
SF2, and 71.09% for SF1. For the attributes extracted from the CSM, the GLCM homogeneity,
dissimilarity, and contrast textures presented the highest information in PC1, with a cumulative
total variance percentage of 79.18%, 88.58%, and 89.27% for SF3, SF2, and SF1, respectively.

PC1 is simultaneously the direction of the highest variance and the best straight line
that minimizes the average distance between values, followed by PC2. Thus, the SVM
classification was generated through the combination of the attributes H and alpha angle for the

Sentinel-1 and GLCM textures homogeneity, dissimilarity, and contrast for the CSM image.
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Figure 3.6. Contribution of each attribute extracted from Sentinell and CSM in PC1-2 to SF1 (a), SF2
(b), and SF3 (c) classes. Homo: Homogeneity GLCM; Dissi: Dissimilarity GLCM; Contr: Contrast
GLCM; SM: Second moment GLCM.
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3.3.2 SVM classification results

The best result was obtained by SVM classification in Sentinel-1-derived from
polarimetric data, with an overall accuracy of 79.58%, and a Kappa index of 0.70. This result
is considered good according to the scale proposed by Landis and Koch (1977). According to
the confusion matrix (Table 3.3), the classification demonstrated a high ability to discriminate
BSO and PFO classes, with an accuracy of 88.3% and 83.1% respectively. Concerning
secondary forest areas, the classifier presented a relative high capacity in classifying SF3 areas,
with 78.4% producer’s accuracy, however, the SF2 and SF1 classes presented lower
classification accuracy of 0.1% and 8.2% respectively.

The main classification errors of SF2 and SF1 classes were commissioned for DEG
and SF2 classes respectively. About the other classes, the lower classification performance was
found for the CRO and DEG classes. The accuracy of the CRO, DEG, BSO, PAS, and WAT
classes was 38.1%, 26.8%, 88.3%, 79.4% and, 53.0% respectively.



Table 3.3. Confusion matrix of the image classification derived from Sentinel.
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Reference [%0]

User’s

PFO SF3 SF2 SF1 CRO DEG BSO PAS WAT acc[(%imy

PFO | 831 7.8 0.0 0.0 0.2 0.0 0.0 0.0 54 96.3
'O\E' SF3 44 784 138 0.4 94 0.0 0.0 4.4 17.4 80.3
'E' SF2 0.0 0.5 0.1 740 87 4.3 0.1 3.9 0.1 0.1
-8 SF1 28 146 09 82 422 01 0.0 4.7 0.4 0.9
:_5 CRO 8.2 2.8 0.0 09 | 381 00 0.0 0.1 0.1 53.4
% DEG 0.0 00 959 18 00 268 0.6 0.0 0.0 16.7
O BSO 0.0 0.1 0.0 0.7 00 563 883 73 1.0 78.3

PAS 0.0 5.0 11 140 12 123 108 794 22.6 88.6

WAT | 1.4 0.7 0.0 0.0 0.0 0.0 0.0 0.0 53.0 26.2
Producer’s 831 784 01 8.2 381 268 883 794 53.0

accuracy [%]

Source: Authors (2022).

Overall accuracy: 79.58% - Kappa index: 0.70

The combination of GLCM texture attributes presented an overall accuracy of 63.67%

and a Kappa index of 0.56, considered as moderate on the scale proposed by Landis and Koch

(1977). According to the confusion matrix (Table 3.4), the classification showed a high capacity

to classify the PFO class, with 95% accuracy, however the SF3 and SF2 regeneration classes

presented low classification accuracies of 55.4% and 29.4% respectively. However, the SF1

class had the lowest percentage of accuracy in relation to the other classes, with about 1.6%.

The main classification errors were commissioned for the PFO and SF3 classes. As to the other

classes, the classification presented a low capacity to discriminate DEG, WAT and CRO, and

high capacity to discriminate PAS and BSO. The accuracy of the CRO, DEG, BSO, PAS, and

WAT classes was 60.9%, 6.5%, 78.6%, 79.2%, and 45.3%, respectively.
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Table 3.4. Confusion matrix of the image classification derived from CSM.

(0) User’s
Reference [%0] accurany ]

PFO SF3 SF2 SF1 CRO DEG BSO PAS WAT
PFO | 95.0 4.7 52.8 26.6 221 0.0 0.0 0.0 39.7 68.5
= SF3 4.2 554 142 371 139 1.8 0.2 6.8 3.8 41.0
%' SF2 0.2 0.4 29.4 0.0 0.0 0.0 0.0 0.0 1.0 96.4
-8 SF1 0.0 2.7 0.4 1.6 15 0.0 0.0 1.8 0.0 124
g CRO | 01 8.9 3.0 324 | 60.9 0.0 0.0 14 0.2 51.6
% DEG | 0.0 11 0.0 0.0 0.0 6.5 74 41 8.0 14.8
@) BSO 0.0 0.3 0.0 0.0 0.0 73.1 | 78.6 6.3 0.7 61.5
PAS 0.1 25.8 0.1 2.2 15 177 136 @ 79.2 1.2 78.3
WAT | 0.2 0.7 0.0 0.0 0.0 0.7 0.0 0.1 45.3 49.3
Producer’s 95.0 554 294 1.6 60.9 6.5 78.6 79.2 453
accuracy [%]

Overall accuracy: 63.67% - Kappa index: 0.56
Source: Authors (2022).

Figure 3.7 shows the potential of the Sentinel-1 H-alpha decomposition attribute group

and CSM-derived GLCM texture attributes to produce LULC maps from the SVM classifier.

Figure 3.7. SVM classification results.
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We note a predominance of PFO and BSO classes in the study area. The SF classes
occupy less than 15% of the study area from Sentinel-1 attributes and are distributed throughout
the study area in relatively small areas. However, in the classification derived from the CSM
attributes, the SF classes represent 37% of the total area, distributed together with the PFO
class. The classes DEG and WAT are the smallest classes in the study area, in both classification
maps (Table 3.5).

Table 3.5. LULC areas derived from SVM classification results (km2).

LULC Sentinel-1 CSM
PFO 294.5 196.1
SF1 29.3 79.2
SF2 31.4 69.5
SF3 66.6 176.7
CRO 166.7 78.9
DEG 27.6 21.1
BSO 182.6 244.3
PAS 96.5 14.2
WAT 54 0.6

Source: Authors (2022)

3.4 DISCUSSION

Attributes derived from Sentinel-1 H-alpha polarimetric decomposition technique
showed good discrimination potential for the SF3 class. However, the potential to distinguish
SF1 and SF2 classes was not as good. The H attribute presented high average values for the
forest classes in different successional stages, indicating that the different scattering
mechanisms contributed similarly to the signal returned to the sensor, only distinguishing the
SF3 class from the other SF classes, according to the SVM classification results.

According to exploratory analyzes using boxplot and PCA, the attributes extracted
from the Sentinel-1 H-alpha decomposition exhibited the best capacity to discriminate
secondary forest classes from other classes than from backscatter coefficients, however, the

values are still similar. Entropy measures the degree of random distribution of backscatter
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mechanisms and the alpha angle makes it possible to identify and describe the type of target
backscatter mechanism (CLOUDE and POTTIER, 1996).

As for the analysis of GLCM texture attributes from CSM, the discrimination between
regeneration areas was low. The values of the classes are directly related to the types of canopies
structured in the different regeneration stages. The canopy of the early and intermediate
succession stages is usually smaller in size and density than those in the more advanced stage
of secondary forest. The PFO and SF3 classes presented a higher general discrimination
capacity than the other classes with lower vegetation cover. However, despite the pre-
processing filtering, the CSM image presented a grainy appearance (speckle effect) that difficult
the interpretation and classification. This effect is magnified due to the short wavelength of the
X-band (KUCK et al., 2021).

The confusion matrix of Table 3.3 shows the low classificattion performance of the
different successional stage classes derived from the CSM GLCM texture attributes. The X
band has more interaction with the top of the canopy than the C-band, without a wide range of
target penetration. It detects the still conserved structures, although they may be degraded by
burns, for example, thus generating a spectral confusion between the classes (AZEVEDO et al.,
2014).

Azevedo et al. (2014) in their study on LULC of an area in the Amazon with CSM
data concluded that the inclusion of textural information did not indicate significant
improvement in thematic performance, being statistically similar to that achieved by the group
of attributes formed only by the intensity images. The authors suggest that the use of L-band
data associated with X-band data allows the aggregation of information from backscattering of
structures located inside the canopy, or even soil information, better characterizing the plant
typology present in the study area.

Wiederkehr et al. (2020) used polarimetric decomposition techniques in ALOS
PALSAR-2 L band images for LULC classification in the Tapajos Forest. In this study, the best
attributes for discriminating secondary vegetation classes were anisotropy, derived from the
decomposition Cloude-Pottier, and volumetric scattering derived from the Freeman-Durden
decomposition. Li et al. (2012) analyzed data from the ALOS PALSAR-1 L band and
RADARSAT C band for LULC classification in Altamira, Para Brazil, through the combination
of radiometric and textural images. The authors claim that L-band data provided a much better

classification than C-band data. However, neither L-band nor C-band data can accurately
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separate detailed forest. L-band data provided reasonably good classification accuracies for a
coarse set of classes such as forest and secondary succession.

In this study, the attributes derived from Sentinel-1 and CSM were not able to
discriminate the different stages of secondary forest. According to Pereira et al. (2016), one
factor that can contribute to these results is the high complexity of forest cover presented by
these classes. Because of this complexity, differences in vegetation structure cannot be evident,
mainly regarding classes of sequential stages of regrowth. Future research suggests exploring
L-band SAR data with different polarimetric decompositions to discriminate areas of secondary
vegetation. Additionally, it is suggested to perform tests with interferometry techniques, as it
provides additional information on the three-dimensional structure of the targets in the image.
This technique has already been employed in large-scale mapping and forest monitoring, as it

increases the classification accuracy (GAMA et al., 2010).

3.5 CONCLUSIONS

This study shows the difficulties presented by working with SAR data and secondary
forest different stages. C-band data provided reasonably good classification accuracies for a
coarse set of classes such as primary forest, secondary forest advanced, with overall accuracy
and Kappa coefficient of 72.2% and 0.64, respectively. The attributes derived from the H-Alpha
polarimetric decomposition present better capacity to discriminate secondary forest classes
from other classes, however, the values are still similar, it is not possible to discriminate the
classes of secondary vegetation from each other.

However, X-band provided overall accuracy andKkappa coefficient of only 63.67%
and 0.56 for the SVM classification. According to the analysis of boxplots and PCA, the
attributes extracted by the backscattering coefficients in the VV and VH polarizations of
Sentinel-1 and the HH polarization of CSM sensor in the proposed LULC classification did not
show good results for the SF classes’ discrimination.

PCA was used in this study to reduce the dimensions of the original variables without
loss of information by summarizing the data containing many variables by a smaller set of
variables. Given the results obtained, the PCA proved to be effective, allowing the removal or
disposal of three attributes derived from Sentinel-1 backscattering and two attributes related to

GLCM texture and backscattering, attributes that showed low variability or were redundant



60

because they correlated with one another. Those of major importance were concentrated in main
components, namely in the 1st and 2nd dimensions. Thus, fewer attributes were required to
explain the overall variation, resulting in time and resource savings.

Preliminary results from this study suggest that Sentinel-1 IW data may be an
important source of information for the mapping of land cover in the domain of tropical forests,
as they can properly distinguish between those of primary structural and physiognomic
configuration. The advanced successional phase of the other typological features of the
vegetation cover, as well as exposed soil and cultivated area presented confusion. The results
presented in this research aims at contributing to improve LULC mapping with the use of X-
band and C-band data. It is suggested the association of SAR interferometry could contribute
to the discrimination of forest classes with the use of interferometric coherence and even with
altimetric information. Also, as future research it is suggested to explore L-band SAR data with

different polarimetric decompositions techniques.
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Abstract: The re-suppression of secondary vegetation (SV) in the Brazilian Amazon for agriculture
or land speculation occurs mostly in the rainy season. The use of optical images to monitor such re-
suppression during the rainy season is limited because of the persistent cloud cover. This study aimed
to evaluate the potential of C- and L-band SAR data acquired in the rainy season to discriminate
SV in an area of new hotspot of deforestation in the municipality of Colniza, northwestern of
Mato Grosso State, Brazil. This is the first time that the potential of dual-frequency SAR data was
analyzed to discriminate SV, with an emphasis on data acquired during the rainy season. The L-band
ALOS/PALSAR-2 and the C-band Sentinel-1 data acquired in March 2018 were processed to obtain
backscattering coefficients and nine textural attributes were derived from the gray level co-occurrence
matrix method (GLCM). Then, we classified the images based on the non-parametric Random Forest
(RF) and Support Vector Machine (SVM) algorithms. The use of SAR textural attributes improved
the discrimination capability of different LULC classes found in the study area. The results showed
the best performance of ALOS/PALSAR-2 data classified by the RF algorithm to discriminate the
following representative land use and land cover classes of the study area: primary forest, secondary
forest, shrubby pasture, clean pasture, and bare soil, with an overall accuracy and Kappa coefficient
of 84% and 0.78, respectively. The RF outperformed the SVM classifier to discriminate these five
LULC classes in 14% of overall accuracy for both ALOS-2 and Sentinel-1 data sets. This study
also showed that the textural attributes derived from the GLCM method are highly sensitive to the
moving window size to be applied to the GLCM method. The results of this study can assist the future
development of an operation system based on dual-frequency SAR data to monitor re-suppression of
SV in the Brazilian Amazon or in other tropical rainforests.

Keywords: secondary vegetation; rainy season; ALOS-2; sentinel-1; random forest; support
vector machine

1. Introduction

Regardless of global importance of tropical forests in terms of biodiversity conservation
and carbon and water cycling maintenance, the Brazilian Legal Amazon is losing, on
average, about 13.8 thousand km? per year of primary forest by clear-cut deforestation
since 1988 [1]. The main purposes of such deforestation are beef production, crop plantation,
land speculation, and the installation of hydroelectric plants, among other activities [2-5].
Some authors have pointed out the recent increase of the deforestation rate [6,7], raising
from 5000 km? of clear-cut deforestation in 2014 to 13,000 km? in 2021 [1].

Some of the clear-cut deforested areas are abandoned, entering in the process of
natural regrowth through secondary succession. This regrowing vegetation is known as
secondary vegetation (SV) [8,9]. According to the Global Forest Resources Assessment
report of 2020 [10], the world has 3.7 billion ha of SV. The TerraClass project, coordinated
by the National Institute for Space Research (INPE) and the Brazilian Agricultural Research
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Corporation (Embrapa Agricultura Digital and Embrapa Amazoénia Oriental) [11], showed
that SV has increased from 10 million ha to 17 million ha in the Brazilian Legal Amazon
between 2004 and 2014 [12]. The natural regeneration of forests is an effective low-cost
mechanism of carbon sequestration, particularly in tropical regions [13]. Although the net
carbon uptake from atmosphere is up to 20 times higher than that from old-growth forests,
this tend to be neglected in most of the carbon balance studies in the Brazilian Amazon [14].
Besides its particular interest as source of carbon sink, SV can be seen as having great
potential for agriculture and livestock expansion [15] or for biodiversity conservation and
ecosystem service [16].

Nunes et al. [17] highlighted different aspects related to the growing pressure to
suppress already-deforested SV found in the Brazilian Amazon. For example, landowners
face difficulty to find ways to monetize climate change mitigation and other ecosystem
services provided by SV. The Brazilian Federal Law No. 12651, known as the Brazilian
Forest Code, does not protect or regulate land use in areas occupied by regenerating forests.
On the other hand, the same Brazilian Forest Code places severe restrictions for deforesting
native forests located in the Brazilian Amazon biome. Landowners must keep 80% of
their rural properties preserved by native forests [18], encouraging the use of existing
regrowing lands.

The current deforestation monitoring system of the Brazilian Amazon such as the
Project of Monitoring Deforestation of the Brazilian Amazon Forestby Satellite (PRODES) [1],
Near Real-Time Deforestation Detection System (DETER-B) [19], and Deforestation Alert
System (SAD) [20] do not monitor SV since they track only clear-cut deforestation, selec-
tive logging, and degradation by fire that occurs in primary forests, masking previously
deforested areas as well as non-forest native vegetation formations. The TerraClass Ama-
zon project [11] is the only project aimed at monitoring secondary vegetation every two
years. In this project, clear-cut deforested areas detected by the PRODES are inspected by
Landsat-like satellite images (i.e., typically, 30 m spatial resolution and 16 day repeat-pass)
after two years to determine the corresponding land use and land cover (LULC) class, for
example, pasture, cropland, or SV. More recently, Nunes et al. [17] assessed the extent, age,
net carbon balance, and annual dynamics of the SV in the Brazilian Amazon by using the
LULC maps derived from Landsat time series and produced by the MapBiomas project [21]
from 1985 to 2017. The SV area has increased over time, reaching 12 million ha in 2017, 44%
of which was under 5 years old. Indeed, most of the estimations of the extent of the SV is
often conducted based on remote sensing data derived from optical sensors e.g., [22,23].

Long time series of optical satellite data such as the Landsat historical data provide
important information on the spatial and temporal patterns of deforested areas in the
process of regeneration in the Brazilian Amazon. However, because of the constraints
related to the persistent cloud coverage in tropical regions, optical remote-sensing-derived
information of SV will be mostly related to the peak of the dry season, which is from July
to September in the Brazilian Amazon. Thus, studies involving the seasonal variations
of SV, similar to the one conducted by [24] in an Amazon tropical evergreen forest, or
re-suppression monitoring of SV, which typically occurs during the end of the wet season,
will be limited. Although the Brazilian Forest Code does not provide any governance
regarding SV, the Para State, which hosts most areas with regrowing vegetation in the
Brazilian Amazon (~64,000 km? in 2014), has approved administrative procedures for
suppressing SV in the initial state of regeneration (Normative Instruction No. 8, 28 October
2015) [25].

Synthetic aperture radar (SAR) observations are available regardless of cloud condi-
tions, enabling the monitoring of the dynamics of the SV throughout the year. The SAR data
acquired by the Advanced Land Observing Satellite (ALOS)/Phased Array Type L-band
Synthetic Aperture Radar (PALSAR) satellite launched by the Japan Aerospace Exploration
Agency (JAXA) [26] have been used by several authors to detect deforestation over the
Brazilian Amazon e.g., [27,28], or to estimate the above-ground biomass of SV over the
Central Amazon [29]. The common sense is that the differences in the backscattering coeffi-
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cients between forest and non-forest lands are much more enhanced in the L-band than
in shorter wavelengths (X- and C-bands) [30]. However, the constellation of two C-band,
5 m spatial resolution Sentinel-1A and Sentinel-1B satellites launched by the European
Space Agency (ESA) is unique because they comprise the only updated SAR data that
are freely available on the internet [31], allowing for low-cost studies of near real-time
deforestation and degradation detections [32-34]. Some authors have combined L-band
ALOS data with the Landsat data to obtain better classification results of different stages of
SV in the Brazilian Amazon [35,36]. Despite their promising results, such combinations are
always dependent on the availability of cloud-free optical images.

Monitoring the near real-time re-suppression of SV in the Brazilian Amazon using
SAR data, especially in those areas with an advanced stage of regeneration, is crucial for
environmental law enforcement procedures by the Brazilian Institute of Environment and
Renewable Natural Resources (IBAMA) and by the state environmental agencies. The
only L-band, SAR-based, early deforestation monitoring system available for the Brazilian
Amazon is the [ICA-JAXA Forest Early Warning System in the Tropics (JJ-FAST), which
started in November 2016. This system is based on the ALOS/PALSAR-2 ScanSAR images,
which operate with a 60 m pixel size, every 42 days, and a minimum mapping unit (MMU)
of 2 ha [27,28]. More recently, Doblas et al. [37] proposed the DETER-R system, a fully
automated forest disturbance detection system for the Brazilian Amazon based on times
series of C-band, Sentinel-1 data processed in the Google Earth Engine platform, with a
MMU of 1 ha. Both JJ-FAST and DETER-R were developed with the aim of monitoring
clear-cut deforestation. In other words, approximately 25% of the total clear-cut areas in the
Brazilian Amazon that have been converted into SV [38] are not taken into consideration.
The objective of this study was to evaluate the potential of combined C- and L-band SAR
data to discriminate SV in the Brazilian Amazon. To our best knowledge, this is the first
time that the potential of dual-frequency SAR data is analyzed to discriminate SV, with an
emphasis on data acquired during the rainy season. The results of this study can assist the
future development of a dual-frequency SAR system to monitor the re-suppression of SV
in the Brazilian Amazon. Besides the L-band ALOS/PALSAR-2, currently in operation, we
will have the launch of ALOS+4, the NASA-ISRO SAR (NISAR) mission, and TanDEM-L in
the next few years [39], ensuring the availability of L-band SAR data for the next years.

2. Materials and Methods
2.1. Study Area

The study area comprises a region of approximately 24,000 ha in the eastern portion
of the municipality of Colniza (Figure 1), in the northwestern part of the Mato Grosso State,
between 9° 36’ 23.7" and 9° 45’ 26.5” south latitude and between 59° 10’ 52" and 59° 19’ 57"
west longitude. The vegetation consists of dense ombrophilous forests [40]. The climate,
according to the Koppen'’s climate classification system, is Am, that is, tropical (hot and
humid) with a short dry season. The rainy season corresponds to the months of October to
May, with the mean annual rainfall varying from 2100 to 2500 mm [41].

The municipality of Colniza presents approximately 80% of its territory still covered by
primary forest [42]. About 25% of its land is covered by three indigenous lands. However,
together with the neighboring municipality of Aripuana, it is the current deforestation
hotspot of the Brazilian Amazon, especially along the BR-174 highway, in the eastern part
of the municipality, and where our study area is located nearby. Colniza is already facing
intense landscape fragmentation [43].
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Figure 1. Location of the study area in the Brazilian Legal Amazon (a) and in the municipality of
Colniza, Mato Grosso State (b). Study area over a Sentinel-2 true color composition image from
27 July 2018 (c).

2.2. Satellite Images

We selected Single Look Complex (SLC) Level 1.1, L-band ALOS/PALSAR-2 satellite
images acquired on 24 March 2018 at the StripMap mode, with a spatial resolution of 6.25m,
HH and HV polarizations (hereafter refered to L-HH and L-HV polarizations, respectively),
and an incidence angle of 36.6°. Another SLC SAR image selected for this study was the
one acquired by the C-band Sentinel-1A satellite on 2 March 2018, with the Interferometric
Wide (IW) acquisition mode, a spatial resolution of 14.05 m, VV and VH polarizations
(hereafter referred to as C-VV and C-VH polarizations, respectively), and an incidence
angle of 40.8°.

Two dry-season optical images, acquired by the Sentinel-2 Multispectral Instrument
Image (MSI) and the China-Brazil Earth Resources Satellite (CBERS-4) data were also
selected. The Sentinel-2 image was acquired on 27 July 2018, with the spatial resolution
of 10 m. In this study, we selected the spectral bands 2, 3, and 4 (blue, green, and red
bands, respectively). The CBERS-4 data were acquired by the wide-scan multispectral and
panchromatic camera (WPM) on 9 July 2018, with the spatial resolutions of 10 m and 5 m,
respectively. Drusch et al. [44] and INPE [45] provide technical details of Sentinel-2 and
CBERS-4 satellites, respectively.

2.3. Methods

Figure 2 shows the main steps of the methodological approach considered in this
study. The ground truth data were obtained from the data provided by the TerraClass and
PRODES projects with the support of visual interpretation of the CBERS-4 image. The
SAR images acquired by the ALOS-2 and Sentinel-1 satellites were pre-processed using the
ESA’s Sentinel Application Platform (SNAP) 7.0 software and classified by the Random
Forest (RF) and Support Vector Machine (SVM) classifiers, after we performed texture
attribute selection based on the Principal Component Analysis (PCA). The accuracies of
the classifications were analyzed through the confusion matrix.



69

Forests 2022, 13,1457 50f18
SAR SLCimages Trainingsamples
ALOS/PALSAR-2 Sentinel 2 image
Sentinel-1 CBERS-4Aimage
l TerraClass & PRODES projects
SARimage pre-processing Principal Component Analysis
Radiometric calibration —> o throat bt
Multilook filtering
Speckle filtering
Conversion to Sigma0 \ 4
Orthorectification Image classification
Random Forest
l Support Vector Machine |
SEgmpiinaanen: 4 GLCM windows x 2 PCs x 2
ALOS/PALSAR-2HH & HV CAP eonson

Sentinel-1 VV & VH

I |

. Accuraty assessment
Featureselection LA g
G 5 Confusion matrix
ray-level co-occurrence matrix
Overall accuracy

(9 textural features & 4 window [~

= Kappa coefficient

Figure 2. Flowchart showing the main steps of the methodological approach considered in this study.

2.3.1. Pre-Processing

The radiometric calibration of each L-HH- and L-HV-polarized image was carried out
to obtain the backscattering coefficients (o) in the ground range (Equation (1)):

%= 10log1o(>+ Q*)+CFH — A 1)

where [ and Q are the real and imaginary parts of the complex images; CF is the radiometric
calibration factor (—83 dB); A is the conversion factor (32 dB) [46].

The ALOS-2 images were also filtered with the GammaMap filter to reduce speckle [47,48]
using a5 x 5 window size. The geometric correction was performed through geocoding,
using the digital elevation model (DEM) produced by the Shuttle Radar Topography
Mission (SRTM) and made available at the 90 m spatial resolution.

The C-VV- and C-VH-polarized images were pre-processed through the Terrain Obser-
vation with Progressive Scans (TOPSAR) split and orbit correction algorithm and selecting
a smaller subarea to minimize the computational effort. Then, the procedures of deburst
and radiometric calibration were applied in this software. Subsequent speckle filtering
by the GammaMap filter was applied also using a5 x 5 window size. The last procedure
consisted of geometric correction through geocoding, using the same process performed
for the ALOS-2 image.

2.3.2. Feature Selection

The identification of SV in the study area was based on the Gray Level Co-occurrence
Matrix (GLCM), which provides textural information based on second-order statistics. The
GLCM is a matrix of relative frequency P(i,j,d,0) that considers two neighboring pixels
separated by the distance d and with orientation 6 from each other in a sub-region of the
image, one being gray scale pixel i and the other the gray scale pixel j. Four adjacencies are
defined: horizontal (0°), vertical (90°), and two diagonals (45° and 135°) [49,50]. From each
matrix, it is possible to extract the following textural features, which are widely used in the
literature [51]:

Entropy (Entr) =}, . pplog{pa,} @

Homogeneity (Homo) = Z 3)

1
i) ml’(u)
Variance (Vari) = Zi,j (i— }‘)zp(i,j) @)
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where pj; is the input value in the normalized GLCM; N; represents the different gray
levels of the image.

These textural analyses were applied to the both ALOS/PALSAR-2 and Sentinel-1
data. According to the previous studies [52-54], the selected window size in the GLCM
textural analysis can impact the results of LULC classifications. Small windows can amplify
the amount of noise in the texture image, while larger windows can smooth the texture
variation, degrading the quality of texture attributes [53,55]. Thus, four different window
sizes were tested for each set of texture attributes at the 64-bit quantization level (5 x 5,
7x7,9%x9, and 11 x 11).

2.3.3. Principal Component Analysis

PCA is a technique that reduces data dimensionality by concentrating as much vari-
ance as possible in the first components based on a linear transformation [56]. In this
study, in order to reduce the number of variables to be considered in the machine learning
classification, we applied the PCA technique for the GLCM texture attributes. Then, we
selected the first principal component (PC1) and the second principal component (PC2)
to run the RF and SVM algorithms, which corresponds to same methodology applied by
Wiederkehr et al. [57]. A total of 10 experiments were carried out with the SAR images
(Table 1).

Table 1. Parameters of the classification experiments with SAR data.

Sensor Experiment Data Composition GLCM Window Size
Al HH + HV -
A2 HH + HV + GLCMpc; + GLCMpc, 5x5
ALOS/PALSAR-2 A3 HH + HV + GLCMpc; + GLCMpc2 7x7
A4 HH + HV + GLCMpc + GLCMpc 9x9
A5 HH + HV + GLCMp¢; + GLCMpcy 11 x 11
S1 VV +VH -
S2 VV + VH + GLCMpc; + GLCMpc, 5x5
Sentinel-1 S3 VV + VH + GLCMpc; + GLCMpc, 7x7
S4 VV + VH + GLCMpc + GLCMpc 9x9
S5 VV + VH + GLCMpc) + GLCMpc2 11 x 11

The texture attributes have different ranges of values among themselves. To avoid over-
valuing the attributes presenting higher values, we normalized all attributes in the [0—1]
interval, according to the approach described by Soares et al. [58] and Azevedo et al. [55].

2.3.4. Reference Data and Sample Selection

Initially, a set of 122 irregular polygons were manually delimited based on the LULC
classes mapped by the TerraClass project (year: 2014) and the deforestation data produced
by the PRODES project (period: 2015—2018), in order to perform the image classification.
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The TerraClass project is composed of 17 classes; however, only the following classes that
are found in the study area were considered:

e  Primary Forest (PF): areas of upland, broadleaf rainfall forests and gallery forests along
drainages with no evidence of human activities;

e  Secondary Vegetation (SV): clear-cut forests that are regrowing as consequence of
abandonment (see more details in the Introduction section);
Clean Pasture (CP): well-managed pastures for beef production;
Shrubby Pasture (SP): poorly managed pastures for beef production, with the presence
of weeds; and

e  Bare Soil (BS): relatively small areas without vegetation cover, mostly along the roads.

The number of samples for each LULC classes was defined taking into consideration
the proportion of size of each class, following the recommendations of Stehman [59]
and Olofsson et al. [60], who indicated four different approaches for sample allocation:
proportional, equal, optimal and power allocation. Thus, a set of 122 polygons was
manually drawn in the ArcGIS™ software by overlaying the TerraClass and PRODES
maps in the RGB color composite of bands 6, 7, and 8 of the CBERS-4A satellite fused
with the 5 m panchromatic band by the Gram-Schmidt technique available in the ENVI
5.0™ image processing software. In terms of the number of Sentinel-1 pixels, 2844 pixels
were selected in the PF class; 1782 pixels in the SV; 2296 pixels in the CP; 834 pixels in
the SP; 168 pixels in the BS (Figure 3). In terms of ALOS/PALSAR-2 pixels, 5771 pixels
were selected in the PF class; 3454 pixels in the SV; 4633 pixels in the CP; 1588 pixels in
the SP; 298 pixels in the BS. These different sets of pixels correspond to the approximate
proportion of LULC classes mapped in the study area by the TerraClass project: SV = 18%;
CP = 31%; SP = 11%; BS = 2%. Seventy-five percent of the sampling points were used to
train the image classifiers while the remaining points were used to validate the results of
the classification.
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Figure 3. Set of 122 samples based on the LULC classes mapped by the TerraClass project and the
deforestation data produced by the PRODES project. The RGB color composite corresponds to the
ALOS/PALSAR-2 data (R: HH/HV; G: HH; B: HV).

Images from the panchromatic band onboard the CBERS-4 satellite were used as a
reference. A true composite was performed with the multispectral bands (10 m resolution)
that were later merged through the Gram-Schmidt fusion technique with the panchromatic
band with a 5 m spatial resolution.
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2.3.5. Machine Learning Classifications

In this study, the image classifications were performed using the RF and SVM classifiers
available in the EnMAP-Box software [61]. They were less sensitive to the speckle-affected
SAR data, showing good classification results involving LULC dynamics in forests [62].
The RF algorithm uses decision trees to increase classification accuracy through many
combinations of random subsets of trees [63]. It constitutes an ensemble and bagging
algorithm, ensemble because it gathers and employs a set of regression trees classifiers
and bagging because decision trees are created from subsets of the same sample set, with
replacement [64]. In this study, we carried out preliminary tests with 100, 500, and 1000 trees.
Although the classification accuracy increased with the increasing number of trees, we opted
to use 500 trees in all classifications because of the best compromise between computational
effort and model accuracy. Previous studies also have recommended 500 trees [64,65].

We evaluated the accuracy of the RF classification using an approach in which the RF
algorithm collects approximately 75% of data as a training set while the remaining is left out,
a procedure known as out-of-bag (OOB). The OOB samples are then directed to trees that
have not been used by the classifier yet. The difference between the expected and the real
class is used to estimate the classification error [63]. This method is considered unbiased
because, as the number of trees increases, the error tends to decrease to a certain threshold.
The importance of each variable in the classification process, in raw and normalized values,
is calculated from the OOB samples. We considered the number of variables as the default
value, which corresponded to the square root of the total number of input variables [64].

The SVM algorithm is a nonlinear classifier that is trained to find an optimal classifica-
tion hyperplane. It minimizes the upper bound of the classification error and maximizes
the distance of the data points of each class to the ideal separation linear hyperplane of the
axes created from each variable [66]. The SVM model is optimized to look for a non-linear
hyperplane in a multidimensional feature space using a kernel function [67]. The most
used kernel functions are the linear, polynomial, radial basis function (RBF), and sigmoid
functions [68]. In this study, we selected the RBF function, which has two predefined
parameters, the cost (C) and the gamma (y). Both parameters depend on the data range and
distribution and differ from one classification to the other. In order to find the optimum C
and y parameters, a two-dimensional grid search with internal validation was performed
within the EnMAP-Box software, for each classification [69].

2.3.6. Accuracy Analysis

The classification results from the experiments were analyzed through the confusion
matrices (user’s and producer’s accuracies), Kappa coefficient, and overall accuracy (OA),
with a level of significance of 5%. For the best classification result with the RF algorithm,
the ranking of predicted variables showing the most important features was calculated.

3. Results
3.1. C- and L-Band Backscatter Coefficients

Figure 4 shows the average values and corresponding standard deviations of the
backscattering coefficients of C-VV, C-VH, L-HH, and L-HV data sets obtained from the
calibration sites. Co-polarized signals (L-HH and C-VV) were higher than those from
the cross-polarized signals (L-HV and C-VH). This was somewhat expected since the
backscattering process, involving cross-polarized energy, is mainly related to the volumetric
scattering from the canopy, attenuating the SAR signal returned to the antenna [70]. In the
case of co-polarized energy, most of the backscattering process is related to the stronger
signal returns from trunks, branches, and leaves located in the upper part of the canopy.
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Figure 4. Backscattering coefficients of primary forest (PF), shrubby pasture (SP), secondary vegeta-
tion (SV), bare soil (BS), and clean pasture (CP), derived from L-HH (A), L-HV (B), C-VV (C), AND
C-VH (D) polarizations.

3.2. Most Relevant Texture Attributes of SAR Images

Figure 5 presents the ranking of the percentage of contribution of most important
texture attributes of each SAR images considered in this study. The total contribution
of first two principal components varied from 74.2% (L-HH polarization) to 98.4% (C-
VV polarization). For the L-HH polarization, the variations explained by the first two
principal components were 48.9% and 25.3%, respectively. For the L-HV polarization, the
variations in PC1 and PC2 were 71.4% and 17.6%, respectively. For the C-VV polarization,
the variations explained by PC1 and PC2 were 87.6% and 10.8%, respectively while for the
C-VH polarization, the variations in PC1 and PC2 were 63.7% and 20.5%, respectively. The
order of the importance of textural attributes varied according to the polarization. These
texture features are considered the most important among all texture attributes analyzed
for the SV samples and were grouped according to the results of each polarization. Table 2
shows how each set of texture features that was used in the experiments was organized. The
ALOS/PALSAR-2 images had more texture attributes included in relation to the Sentinel-1
images, mainly regarding the HV cross-polarization.

Table 2. Organization of texture features used in each experiment, after PCA analysis.

Satellite

Experiments Data Composition No. Images

ALOS/
PALSAR-2

Al
A2, A3,

and A5

L-HH + L-HV 2
L-HH + L-HH(mean) + L-HH(vari) + L-HH(ener) + L-HH(entr) +
L-HH(homo) + L-HV + L-HV(corr) +L-HV (entr) + L-HV (ener) + 15
L-HV(diss) + L-HV(homo) + L-HV(contr) + L-HV(ASMO) + L-HV(vari)

, A4,

Sentinel-1

S1

S2, S3,54,
and S5

C-VV + C-VH 2
C-VV + C-VV(homo) + C-VV(vari) + C-VV(ener) + C-VV(ASMO) +
C-VV(corr) + C-VH + C-VH(ener) + C-VH(entr) + C-VH(corr) + 11
C-VH(ASMO)
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Figure 5. Contributions of the texture variables to the PC1 and PC2 components for ALOS/PALSAR-
2 HH polarization (a), ALOS/PALSAR-2 HV polarization (b), Sentinel-1 VV polarization (c), and
Sentinel-1 VH polarization (d). The red dashed line indicates the mean value at which the contribu-
tions were uniform.

3.3. Random Forest and Support Vector Machine Classification Results for the SAR Data

Table 3 shows the user’s accuracy, producer’s accuracy, OA, and Kappa coefficient
for each experiment performed with the RF algorithm. In general, the performance of the
ALOS/PALSAR-2 data was higher than that from Sentinel-1 data. The best result of the RF
classification involving ALOS/PALSAR-2 data was achieved by the Experiment A5 (overall
accuracy of 84.20%; Kappa coefficient of 0.78), while for the Sentinel-1 data, the best result
was obtained by the Experiment S5 (overall accuracy of 81.07%; Kappa coefficient of 0.73).
We can note an improvement when texture attributes were added to the backscatter values
in both the ALOS-2 and Sentinel-1 data.

Table 3. Overall accuracy (OA) and Kappa coefficient for the Random Forest classification experi-
ments involving ALOS/PALSAR-2 and Sentinel-1 data sets. PF = primary forest; SV = secondary

vegetation; CP = clean pasture; SP = shrubby pasture; BS = bare soil. See details of the experiments in
Table 1.

. User’s Accuracy (%) Producer’s Accuracy (%)
Experiment OA % Kappa
PF SV cP SP BS PF SV cP SP BS
Al 6752 5987 7552 5299 40.00 81.00 4429 8655  32.05 8.60 67.75 0.54
A2 7079 7244 7472 6370 75.00 90.50 4359 9459 2099 3.23 72.16 0.60
A3 7458 7343 8074 7468 60.00 9158 5353 9253 3995 9.68 76.29 0.66
A4 7750 7787 8460 7631 7059 9194 5869 9377 5598 1290  79.62 0.71
A5 8260 8452 86.63 8264 9167 9515 6832 9516 6772 1183  84.20 0.78
S1 59.11 6218 6574 5769 2857 7228 53.33 7252 27.03 8.00 61.35 0.45
S2 5745 6622 5836 7241 80.00 72.28 4356 7595 1892 3200 59.74 0.42
S3 6462 80.72 6735 7556 7143  82.88 59.56 7557 30.63 4000 68.72 0.55
S4 6660 7828 79.07 7358 9167 85.05 68.89 Z 35.14 4400 7286 0.61
S5 7582 8116 8889 8431 9000 9299 7602 8541 4257 4737  81.07 0.73
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Table 4 shows the user’s accuracy, producer’s accuracy, OA, and Kappa coefficient
for each experiment performed with the SVM algorithm. Again, the performance of the
ALOS/PALSAR-2 data was higher than that from Sentinel-1 data in terms of the OA and
Kappa coefficient. For the SV discrimination, the ALOS/PALSAR-2 presented a better
performance in terms of user’s accuracy (75.66%) and producer’s accuracy (66.97%) than
that from the Sentinel-1 data (user’s accuracy and producer’s accuracy of 60.80% and
53.06%, respectively). Figure 5 shows the overall accuracy (OA) and Kappa coefficient for
each experiment performed with the RF algorithm and for the SVM algorithm, respectively.

Table 4. Overall accuracy (OA) and Kappa coefficient for the Support Vector Machine classifi-
cation experiments involving ALOS/PALSAR-2 and Sentinel-1 data sets. PF = primary forest;
SV = secondary vegetation; CP = clean pasture; SP = shrubby pasture; BS = bare soil. See details of
the experiments in Table 1.

. User’s Accuracy (%) Producer’s Accuracy (%)
Experiment OA % Kappa
PF SV CcP SP BS PF SV CP SP BS
Al 4740 6533 5324  0.00 000 7418 2178 69.08 226 0.00 50.76 0.27
A2 50.17 6633 5842 5000 8333 7853 2889  67.56 090  40.00 54.69 0.33
A3 5541 7059 6642 6957 8462 8207 4267 6947 1441  44.00 61.25 0.44
A4 6550 75.66 7189 6346 81.82 8152 6356 7710 2973  36.00 69.32 0.56
A5 7032 7220 8633 6557 100.00 83.02 6697 8541 3960 57.89 75.23 0.65
Sl 4592 5312 5325 000  100.00 60.16 3506  75.08 0.00 1.04 49.89 0.28
S2 4882 5680 5479 000 5714 6645 3882 7152 0.00 12.50 52.31 0.32
S3 50.03 60.80 57.00  0.00 4250 6958 4271  69.58 0.00 17.71 54.04 0.34
S4 5247 5766  60.02 000 3889 7203 4647  70.09 0.00 14.58 55.73 0.37
S5 5679 5989 6483 1000 3654 7060 53.06 80.26 0.25 19.79 59.74 0.43

Figure 6 presents the ranking of importance of each feature in the classification process
based on the RF algorithm performed, considering the A5 and S5 experiments, which
showed the highest overall accuracy in the previous test. In both classifications, the GLCM
correlation related to the cross-polarizations (HV and VH, respectively) contributed more
to the RF classification.

a) RF algorithm Classification ALOS/PALSAR-2

Features

EntrHv
HomoHV
ASMCHV
EnerHV
DrssHV
VariHv
HV
EntHH
ContHV
HH
VarHH
EnerHH
HomeHH
MeanHH
ConHV

0 2 4
Importance value
b) RF algorithm Classification Sentinel-1

VH
ASMOWY
Vaivy
Homowv
8 Enevv
£ Enevd
$  EntvH
ASMOVH
Corvy
w
CorivH

Q

2

Importance value

Figure 6. Ranking showing the most important features for the RF classification for the A5 (a) and S5
(b) experiments.
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Figure 7 illustrates the result of the best accuracies found with the ALOS/PALSAR-2
(Experiment A5, RF) and Sentinel-1 (Experiment S5, RF) data. We note a predominance of
PF in the western part of the study area and the CP in the rest of the study area. The SV
and SP occupy less than 25% of the study area (Figure 8) and are distributed throughout
the study area in relatively small areas. The small extension of BS occurs in the western
part of the study area.
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Figure 7. Best classification results obtained by the Random Forest classifier considering the
ALOS/PALSAR-2 (a) and Sentinel-1 (c) data sets. (b,d) correspond to the ALOS/PALSAR-2 and
Sentinel-1 images acquired at HV and VV polarizations, respectively, for illustration purposes.
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Figure 8. Area (%) occupied by each land use and land cover class considered in this study, estimated
by the Random Forest algorithm based on the ALOS-2 and Sentinel-1 images. PF = primary forest;
CP = clean pasture; SV = secondary vegetation; SP = shrubby pasture; and BS = bare soil.

4. Discussion

Overall, the backscattering coefficients obtained in this study are in agreement with
previous values reported by other studies conducted in different sites of the Brazilian
Amazon: —7.53 dBand —12.59 dB for primary forest and ALOS-2 L-HH and L-HV images,
respectively [71]; —7.53 dBand —12.45 dB for secondary forestand ALOS-2 L.-HH and L-HV
images, respectively [72]; —14.81 dB and —22 dB for cultivated pastures and ALOS-2 L-HH
and L-HV images, respectively [71]. The lower values of the backscattering coefficients for
bare soils and clean pastures are related to the lack or low levels of biomass. None of the
SAR configurations showed a clear possibility of discriminating the SV from other LULC
classes based solely on SAR amplitude (backscattering coefficients) data. This indicates the
need of additional data such as the use of textural information for classifying SV.

The experiments with the ALOS/PALSAR-2 image presented a better performance
than those involving Sentinel-1 data, reaching a maximum performance (OA of 84.2%;
Kappa coefficient of 0.78) when texture attributes with 11 x 11 window size were added
to the radiometric information (backscattering coefficient). These findings agree with the
results found by Li et al. [73] who analyzed radiometric images and their textures obtained
by the L-band ALOS/PALSAR-1 and C-band RADARSAT (C-band SAR) satellites for LULC
classification in Altamira, Para, Brazil. They concluded that the L-band data provided
better LULC classification than the C-band data, regardless of the classification algorithm.
Mercier et al. [74] and Nicolau et al. [75] also found significant confusion in discriminating
secondary vegetation and forest based on Sentinel-1 data sets acquired over the study areas
located in the municipality of Paragominas, Para State, Brazil, and Madre de Dios region,
Peru, respectively.

In this study, we noted that the largest window size presented the best classification
results. According to Zhou et al. [76], textural attributes derived from the GLCM method
are highly sensitive to the moving window size and the best criterion to set the value of the
moving window size is still not fully understood. Coburn and Roberts [77] reported that
large window sizes are more suitable when landscape is heterogeneous, and vice-versa.
This last statement may explain our best results for the largest window size.

The use of SAR textural attributes improved the discrimination capability of different
LULC classes found in the study area. Zhu et al. [78] reported an improvement from 31%
to 72% in classification accuracy when texture metrics were added to the ALOS/PALSAR
data in an urban and peri-urban environment (Boston, Massachusetts, USA). In the study
conducted by Pavanelli et al. [79], the addition of these metrics to the ALOS/PALSAR-2
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data sets increased the classification from 30.0% to 44.6%. According to these authors,
this relatively low accuracy was due to the much higher number of classes selected for
classification (17) than in the other studies. Here, it is important to note that textural images
do not assure improvements in all LULC classes because it varies with the landscape
characteristics and image acquisition modes [73]. Another important aspect pointed out
by these authors is the selection of a suitable size of the moving window. As the sizes of
LULC patches vary greatly, typically less than 1 ha for bare soil to hundreds of hectares of
pastures and PF in our study area, no window size will be perfect to discriminate all LULC
classes at once.

In this study, the RF outperformed the SVM classifier to discriminate the five LULC
classes by 14% of overall accuracy for both ALOS-2 and Sentinel-1 data sets, considering
the five experiments. The performance of discriminating SV was also higher for the RF
algorithm: 3.6% and 16% higher in terms of OA for ALOS-2 and Sentinel-1 data sets,
respectively. Previous studies highlight the low sensitivity to feature selection, simple
parameterization, and short calculation time as being the main advantages of the RF
classifier method [64,74,80].

One of the most difficult aspects of this study was the gathering of reliable ground
truth data for training and validation of two selected non-parametric, machine learning
algorithms. The field campaign was very complicated to be conducted due to the poor road
accessibility during the rainy season. Besides, there was no forest inventory available in
the study area. We tried to use the best ancillary data, available from the TerraClass project,
however, there was a four-year delay between the last LULC map produced by this project
(2014) and the satellite overpasses (2018). This may contribute to reducing the accuracy of
our final classifications.

5. Conclusions

This study evaluated the potential of C- and L-band SAR data acquired in the rainy
season to discriminate SV in a region considered to be the new hotspot of clear-cut defor-
estation in the Brazilian Amazon. The approach used in this research brings some important
contributions to the development of a SAR-based system to monitor the near-real time re-
suppression of SV in the Brazilian Amazon. First, we demonstrated the better potential of
L-band ALOS/PALSAR-2 data in comparison with the C-band Sentinel-1 data for discrimi-
nating different LULC representative classes of the Brazilian Amazon. Second, the ability
of the RF classifier to discriminate SV was higher when compared to the SVM classifier.
Third, the use of both amplitude and texture attributes is highly recommended to improve
the accuracy of the classification. Further research is needed to test the performances of
other classification methods such as the U-NET that is based on semantic segmentation,
the deep learning-based Convolutional Support Vector Machine (CSVM) or the Convolu-
tional Neural Network-Multilayer Perceptron (CNN-MLP) data augmentation technique.
Future research is also demanded to test the different polarimetric decompositions and
interferometric techniques to discriminate between areas of secondary vegetation.
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5 ARTIGO 3

COMBINING ALOS-2/PALSAR-2 FULL-POLARIMETRIC AND COSMO-
SKYMED INTERFEROMETRIC COHERENCE DATA TO DISCRIMINATE
SECONDARY VEGETATION AND LAND USE CLASSES IN A REGION OF
DEFORESTATION HOTSPOT IN THE BRAZILIAN AMAZON

Abstract: This work aimed to evaluate the potential of ALOS-2/PALSAR-2 full-polarimetric
images processed by decomposition techniques and polarimetric indexes to discriminate land
use and land cover (LULC) classes in an area of deforestation hotspot in the Brazilian Legal
Amazon. Interferometric coherence data from COSMO-SKyMed data were also added in the
analysis to increase classification accuracy. These polarimetric data were classified using the
Random Forest (RF) and Support Vector Machine (SVM) algorithms. The validation of
accuracy was performed using the overall accuracy, Kappa index, and confusion matrix. The
results showed good potential of interferometric coherence combined with the Yamaguchi
decomposition for discriminating representative LULC classes of the study area, presenting a
Kappa index of 0.81 and an overall accuracy of 87.8% for the RF algorithm. Even considering
the small increment brought by the coherence in the classification performance, this
interferometric attribute derived from the COSMO-SkyMed satellite proved to be important,
especially in the discrimination of different stages of secondary vegetation (SV). The results of
this study can assist the future development of a full-polarimetric SAR system to monitor the
re-suppression of SV in the Brazilian Amazon.

Keywords: Synthetic aperture radar; secondary vegetation; Random Forest; Support Vector
Machine.

5.1 INTRODUCTION

The Brazilian Legal Amazonia occupies an area of more than 5 million km2 (~60%)
of the Brazilian territory (IBGE, 2022). This region presents high levels of deforestation and
degradation due to clear-cut, selective logging, and burning activities (Moran, 1993; Garret et
al., 2021). Some of the deforested areas are abandoned, entering in the process of natural
regrowth (Kiyohara and Sano, 2022). There was an increase of 72.000 km? of secondary
vegetation (SV) in the Brazilian Amazon between 2004 and 2014 (TerraClass, 2022). INPE
(2022) estimated that 22% of deforested area in this region is in process of natural regeneration.
Monitoring forest regeneration after the disturbance is important, for example, for evaluating
the magnitude of reduction of environmental impacts on the ecosystem (Uhl et al., 1988;

Kuplich, 2006; Carvalho et al., 2019). Regenerating forests increase carbon sequestration of
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atmospheric CO2 (Bongers et al., 2015; Chazdon et al., 2016; Nunes et al., 2020; Heinrich et
al., 2021). Secondary vegetation, compared to clear-cut areas, improves soil fertility, increases
landscape biodiversity, and reduces surface runoff and the impacts of forest fragmentation on
the natural habitat (Feldspausch et al., 2004; Nunes et al., 2020; Heinrich et al., 2021).

Previous studies have used optical remote sensing data for assessing secondary
vegetation succession in the Brazilian Amazon (Nelson et al., 2000; Vieira et al., 2003; Ponzoni
and Rezende, 2004; Sothe et al., 2017), though frequent cloud cover in this region makes
difficult to obtain images based on these sensors (Asner, 2001). An alternative is the use of
synthetic aperture radar (SAR) data. The use of SAR data in tropical forests includes different
frequencies, polarizations, and processing techniques (Hagensieker and Waske, 2018). One of
the most commonly used techniques is the polarimetric decomposition. This technique
facilitates the interpretation of polarimetric SAR images in the classification process, as it
separates scattering mechanisms in covariance and coherence matrices (Lee and Pottier, 2009;
Pdssa et al., 2018; Wiederkehr et al., 2020). Another technique is the interferometry, which is
based on the combination of two SAR images acquired over the same area with slightly
different geometry of acquisition to ensure differences in phase (Temporim et al., 2017). It is
possible to maximize interferometric coherence by combining interferometry and polarimetry
processes, which corresponds to the measure of the correlation between the two images used in
the interferometric processing. This product can contribute to the thematic stratification of the
landscape, considering that forested regions have low interferometric coherence due to the
instability of forest components when compared to other land use and land cover (LULC)
classes such as pasture, bare soils, and sparse vegetation (Wegmdller et al., 2015; Olesk et al.,
2016; Mohammadimanesh et al., 2018).

Several studies have used SAR data to discriminate SV in the Brazilian Amazon. For
example, Wiederkehr et al. (2020) used ALOS/PALSAR-2 polarimetric images classified by
the Random Forest (RF) and Support Vector Machine (SVM) algorithms to discriminate
different forest successional stages, forest degradation, and land use in the Tapajos National
Forest, Para State. The RF classification presented superior performance in relation to the SVM
algorithm. Indeed, the choice of a suitable classification method is fundamental for the success
of LULC maps (Lu et al., 2007; Sothe et al., 2017; Than Noi and Kappas, 2017). Non-
parametric techniques known as machine learning that include RF and SVM classifiers are

among the most used methods due to their promising performance in image classification
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(Breiman, 2001). These algorithms have great capacity for synthesizing data functions based
on discrete or continuous data (Sothe et al., 2017). These ML methods are robust, can accept
several input variables, and are relatively insensitive to noise (Paneque-Galvez et al., 2013;
Furtado et al., 2016; Yu et al., 2017).

The objective of this research is to discriminate secondary vegetation and land uses
classes in a region of deforestation hotspot in the Brazilian Amazon by combining L-band,
polarimetric ALOS-2/PALSAR-2 data, X-band and interferometric coherence data acquired by
the COSMO-SkyMed satellite. The RF and SVM algorithms were applied to these data. We
expect the results to support the understanding of the different SAR frequencies and techniques

applied in forest tropical mapping, contributing to recommendations for future applications.

5.2 MATERIAL AND METHODS

5.2.1 Study area

The study area comprises an area of approximately 600 km? in the eastern portion of
the municipality of Colniza, located in northwestern of Mato Grosso State (Figure 5.1). It
comprises a region with large areas of deforestation that were abandoned after deforestation
and is currently undergoing a natural regeneration process (Halbgewachs et al., 2022). The
vegetation consists of typical dense rainfall forest found in the Brazilian Amazon (IBGE, 2012).
The climate, according to the Koppen’s climate classification system, is Am, that is, tropical
(hot and humid), with short dry season. The rainy season corresponds to the months of October
to May, where the annual rainfall varies from 2100 mm to 2500 mm (Santos, 2000).
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Figure 5.1. Location of the study area in the Brazilian Legal Amazon (A) and in the municipality of
Colniza, Mato Grosso State (B). The RGB color composite (C) corresponds to the ALOS/PALSAR-2

data (R: HH/HV; G: HH/VV; and B: VV/VH).

5.2.2 SAR Pre-processing

We selected full-polarimetric ALOS-2/PALSAR-2 satellite images from 16 May
2016, acquired in StripMap mode by the Japan Aerospace Exploration Agency (JAXA). The

images are made available in Single Look Complex (SLC) processing level (Table 5.1).

Table 5.1. Characteristics of the ALOS-2/PALSAR-2 images selected for this study.

Parameters Characteristics
Acquisition mode StripMap
Orbit Ascendent
Pixel size 6.25 m
Overpass 16 May 2016
Polarization HH, HV, VV, and VH
Incidence angle 25.5°

We also selected two scenes acquired by the COSMO-SkyMed (CSK) satellite
(Telespazio, 2022). CSK is a constellation of four medium-size satellites that operate with X-
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band SAR sensor. The scenes were acquired in StripMap mode, HIMAGE submode, and SLC
processing level (Table 5.2).
Table 5.2. Characteristics of the COSMO-SkyMed images selected for this study.

Parameters Characteristics
Acquisition mode StripMap/HIMAGE
Orbit Descendent
Pixel size 3m
Overpasses 11 May 2016 and 3 June 2016
Polarization HH
Incidence angle 40.0°

The optical data used in this research was acquired by the Sentinel-2 Multispectral
Instrument (MSI) sensor, which is operated by the European Space Agency (ESA). The cloud-
free Sentinel-2 image was acquired on 27 July 2016, downloaded from the United States
Geological Survey (USGS) website (earth explorer platform).

5.2.3 Methods

Figure 5.2 shows the main steps of the methodological approach considered in this
study. The ground truth data were obtained from the data provided by the TerraClass project,
coordinated by the National Institute for Space Research (INPE, 2019) and the Brazilian
Agricultural Research Corporation (Embrapa Agricultura Digital and Embrapa Amazonia
Oriental) (Almeida et al., 2016) and MapBiomas (Brazilian Annual Land Use and Land Cover
Mapping Project) (Neves et al., 2020; MapBiomas, 2022) with the support of visual
interpretation of the Sentinel-2 image and high spatial resolution images available in the Google

Earth platform.
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Figure 5.2. Flowchart showing the main steps of the methodological approach considered in this study.

5.2.3.1 Pre-processing

The radiometric calibration of each full-polarimetric ALOS-2 intensity images was

carried out to obtain the backscattering coefficients (c°) in the ground range (Eq. 5.1):

0°=10 log,o(I2 + Q2) + CF, — A (5.1)

where:

I and Q = real and imaginary parts of the complex images;
C = radiometric calibration factor (-83 dB); and

A = conversion factor (32 dB) (JAXA, 2022).

The multilooking process was applied to the ALOS-2 and the CSK images to improve
the spatial resolution of the images (Goldstein et al., 1988). The images were also filtered with
the GammaMap filter to reduce speckle noise (Kiyohara and Sano, 2022; Hagensieker and
Waske, 2018) using a 5 x 5 window size. The geometric correction was performed through
geocoding, using the digital elevation model produced by the Shuttle Radar Topography
Mission (SRTM) and made available at the 30 m spatial resolution.

The interferometry coherence (y) of two complex SAR images is defined according to

Eqg.5.2:



where:

E = expected value;

_ E{uv*}

Y= JEumEien

u and v = two co-registered complex images; and
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(5.2)

vx = complex conjugate of v (Wegmiller et al., 2015). The coherence range window size was

set to 10 and the coherence azimuth window size was set to 1.

SAR interferometry technique requires pixel-to-pixel match between common features

in the pairs of images. Thus, we added the co-registration step between the two SAR images

for the accurate determination of phase difference and for noise reduction. All ALOS-2 and

CSK pre-processing steps were performed in the ESA"s Sentinel Application Platform (SNAP)

7.0 software.

5.2.3.2 Polarimetric decomposition processing

The polarimetric decompositions were generated from the filtered coherence [T] and

covariance [C] matrices, using a 5 x 5 window size, resulting in four groups of attributes (Table

5.3).

Table 5.3. Characteristics of the attributes extracted from the ALOS/PALSAR-2 full-polarimetric data.

Attributes Description Citation
Indicates the number of active scatterin
Entropy (H) mechanisms. ’
Indicates the importance of secondary scattering
Alpha angle () mechanisms. Cloude and Pottier

Anisotropy (A)

Dominant scattering mechanism.

(1996)

Surface scattering
Double-bounce

Volumetric scattering

Helix scattering

Modeled surface scattering using bragg scatterers,
which occur on slightly rough/wavy surfaces.
Modeled double-bounce scattering using two

orthogonal surfaces.

Modeled volumetric scattering using a cloud of
cylindrical and thin scatterers with random
distribution.

Modeled helix-type reflector, which generates left
and right circular polarizations. Best suited for
describing artificial targets.

Yamaguchi et al.,
(2005)

Surface scattering

Modeled surface scattering using bragg scatterers,
which occur on slightly rough/wavy surfaces.
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Double-bounce Modeled double-bounce scattering using two Freeman and Durden
orthogonal surfaces. (1998)
Volumetric scattering Models volumetric scattering using a cloud of
cylindrical and thin scatterers with random
distribution.
Surface scattering Portion of surface scattering. van Zyl (1989)

Double-bounce Portion of double-bounce scattering.

Volumetric scattering Portion of volumetric scattering.

In addition to the polarimetric decompositions, we extracted the backscatter-derived
indices known as the backscatter coefficient (¢°) (van der Sanden, 1997). The attributes
extracted from the backscattering coefficient present only the information of the real part
(amplitude) of the complex scattering matrix (Table 5.4).

Table 5.4. Characteristics of the indices extracted from the ALOS/PALSAR-2 full-polarimetric data.

Indexes Description Equation Citation

Radar Vegetation Index Sensitive index to the volume of gy/, = ; BGOEIV _ Kim and Van Zyl

(RVI) biomass. CHHYOVV 29y (2009)
Canopy Structure Index Relative measure of the csl = OJSVO

(Csh) importance of vertical plant OvvtOHH

structures.
Volume Scattering Measure of the degree of
Index (VSI) depolarization of the VS| = — Gy Pope et al. (1994)

backscattered signal, being used ohv +BMI

as an indicator of the density and
thickness of canopies.

Biomass Index (BMI) Indicator related to the amount
and presence of woody material g = SHEtovy
in relation to the leaf material of 2
the vegetation cover.

5.2.3.3 RF and SVM classifications

In this study, the images were classified using the RF and SVM algorithms available
in the EnMAP-Box software (van der Linden et al., 2015). RF algorithm uses decision tree to
increase classification accuracy through many combinations of random subsets of tree. In this
study, 500 trees were used in all classifications, based on results obtained by Sothe et al. (2017),
Wiederkehr et al. (2020) and Kiyohara and Sano (2022) and on the best compromise between
computational effort and model accuracy (Belgiu and Dragu, 2016; Sheykhmousa et al., 2020).

The accuracy of the RF classification was evaluated based on a split od data consisting

in 75% of training samples and 25% of validation samples, known as out-of-bag (OOB)
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samples. The OOB samples are then directed to trees that have not been used by the classifier
yet. The RF model is considered unbiased because, as the number of trees increases, the error
tends to decrease to a certain threshold (Breiman, 2001). The importance of each variable in the
classification process in normalized values, is calculated from the OOB samples (Kiyohara and
Sano, 2022).

The SVM algorithm is a nonlinear classifier that is trained to find an optimal
classification hyperplane and is optimized using a kernel function (Karatzoglou et al., 2006;
Petropoulos et al., 2011). In this study, we selected the radial basis function, which has two
predefined parameters, the cost (C) and the gamma (g). Both parameters depend on the data
range and distribution and differ from one classification to the other. In order to find the
optimum C and g parameters, a two-dimensional grid search with internal validation was
performed within the EnMAP-Box software, for each classification (Huang et al., 2002; van
der Linden et al., 2014).

5.2.3.4 Feature and samples selection
A set of samples were gathered based on the LULC classes mapped by the TerraClass
Amazonia project (year: 2014) (TerraClass 2022) and the secondary vegetation stages data
produced by the MapBiomas project (MapBiomas 2022) to perform the image classification.
Seventy-five percent of the sampling points were used to train the image classifiers, while the
remaining points were used to validate the results of the classification (Table 5.5). Although
the legend of the TerraClass project is composed of 17 classes, in this study, only the following
classes found in the study area were considered:
e Primary Forest (PFO): areas with no evidence of human activities;
e Secondary Vegetation (SV1, SV2, and SV3): clear-cut forests that are
regrowing as a consequence of abandonment in stage 1 (initial, ~5 years); 2
(intermediate, ~5-15 years); and 3 (advanced, + 15 years);
e Clean Pasture (CPA): well-managed pastures for cattle beef production;
e Shrubby Pasture (SPA): poorly managed pastures with the presence of weeds,
shrubs, and trees;
e Degradation forest (DEG): degraded forest;
e Water Bodies (WAT): Aripuana river.
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Table 5.5. Distribution of training and validation samples for each LULC class.

LULC class Training samples (pixel)  Validation samples (pixel)
PFO 10.167 3.389
SVv3 1.240 413
SV2 654 218
Sv1 1.484 495
CPA 5.531 1.844
SPA 1.316 439
DEG 439 146
WAT 599 200

The number of samples for each LULC class was defined according to the size of each
class (Congalton and Green, 1999) and based on visual analysis of the samples spatial
distribution in study area (Figure 5.3). Images from the Sentinel-2 MSI satellite were used as
reference. A true composite was performed with the 10-m resolution multispectral bands
(R4G3B2). We also used high spatial resolution images from Google Earth platform to support
the inspection of each sample in the Sentinel-2 image.
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Figure 5.3. Set of samples based LULC classes. The RGB color composite corresponds to the Sentinel-
2 MSI data (R: band 4; G: band 3; B: band 2) acquired on 27 July 2016.
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5.2.3.5 Accuracy assessment

The classification results from the experiments were analyzed through the user’s
accuracy (UA), producer’s accuracy (PA), overall accuracy (OA) and Kappa index, with a level
of significance of 5%. For the best classification result, we calculated the ranking of predicted

variables showing the most important features.

5.3 RESULTS

5.3.1 SAR Data Analysis

Figure 5.4 shows the average values and corresponding standard deviations of the
backscattering coefficients of Alos-2 full-polarimetric data (L-HH, L-HV, L-VH, and L-VV)
obtained from the calibration sites. Co-polarized signals (L-HH and L-VV) were higher than
those from the cross-polarized signals (L-HV and C-VH) (Kiyohara and Sano, 2022).

In the case of co-polarized signal, most of the backscattering process is related to the
stronger signal returns from the vegetation classes derived from trunks, branches, and leaves
located in the upper part of the canopy. Thus, the cross polarizations HV and VH present better
contrast with the vegetation classes, due to the random orientation of parts of the canopy and
because the volumetric scattering acts by attenuating the SAR signal returned to the antenna
(Lewis and Henderson 1998).
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Figure 5.4. Backscattering coefficients of clean pasture (CPA), degradation forest (DEG), primary forest
(PFO), shrubby pasture (SPA), initial secondary vegetation (SV1), intermediate secondary vegetation
(SV2), advanced secondary vegetation (SV3) and water bodies (WAT), derived from L-HH (a), L-HV
(b), L-VV (c), and L-VH (d) polarizations.

Figure 5.5 presents the boxplot with the interferometric coherence distribution from
CSK data pattern for the different LULC classes in the study area. The coherence values for the
PFO and SV3 classes were low compared to the other classes. This result was expected because
one of the common sources of decorrelation in forests is the volumetric scattering. Thus, a
decrease in coherence values is expected with the increase in the amount of vegetation, while
for other spectral classes with higher stability, such as the shrubby pasture and water, coherence
is higher (Pdssa et al., 2018).



95

o

RESRERS]

CPA DEG PFO

CSK Coherence values
>

SPA sV1 sv2 sv3 WAT
LULC Class
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5.3.2 Classification Results

Table 5.6 shows the classification results obtained for different decompositions and
polarimetric indices, with or without addition of interferometric coherence, from the RF and
SVM classifiers. The best performances were obtained with the Yamaguchi decomposition,
combined with CSK interferometric coherence, using the RF classifier (OA of 87.81% and
Kappa index of 0.81). All classifications from the decompositions and polarimetric indices of
ALOS-2/PALSAR-2 showed an increase in OA and Kappa index when associated with
coherence. However, the Yamaguchi decomposition presented the highest improvement, using
the RF algorithm. It is worth mentioning that this technique has one more component than other

techniques, such as Cloude-Pottier, Freeman-Durden, and van Zyl techniques.

Table 5.6. Performance of the RF and SVM classifiers.
Polarimetric Attributes Classifier OA%  OA CL 95%

Kappa KappaCL

95%
Cloude_Pottier RF 85.38 84.94-8581 0.77 0.76 - 0.78
SVM 8420 83.75-84.65 0.75 0.74-0.76
Cloude—Pottier +y RF 86.07 85.65-86.50 0.78 0.78-0.79
SVM 85.13 84.69-8557 0.77 0.76 - 0.77
Yamaguchi RF 87.81 87.08-88.54 081 0.80-10.82
SVM 8498 8454-8541 0.76 0.76 —0.77
Yamaguchi +y RF 90.59 89.94-91.24 0.86 0.85-0.87
SVM 86.23 85.80-86.65 0.79 0.78-0.79
Ereeman-Durden RF 8451 84.07-9496 0.76 0.75-0.77
SVM 82.40 81.93-8286 0.72 0.71-0.73
RF 86.03 85.60-86.46 0.78 0.77-0.79

Freeman-Durden +y SVM 8524 8481-8568 0.77  0.76-0.78

van Zyl RF 85.49 85.06-85.93 0.77 0.77-0.78
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SVM 83.62 83.16-84.07 0.74 0.73-0.75

RF 8611 85688653 078  0.78-0.79

van Zyl +y SVM 8605 8563-8648 078  0.77-0.79
ope and RVI indexes RF 8108 8060 8157 069  0.69-0.70
SVM 8129 8081-8177 070 0.69—0.71

RF 8291 82458337 072 072-074

PopeandRVLindexes+y gy goga  g237-8330 073 072073

As for the classifications related to polarimetric indices, the best classification
performance was obtained with the SVM classifier, obtaining a Kappa index of 0.70. This group
of attributes integrated to the interferometric coherence data resulted in a Kappa index of 0.73,
with no statistically significant difference. However, the classifications containing the
polarimetric indices were the ones with the lowest accuracy, in relation to the entire set of
decompositions.

Figure 5.6 presents the values related to UA and PA for the RF classification. It is
possible to observe that the UA values in all analyzed groups were above 75% for most LULC
classes. Only the SV2 and SV3 classes showed lower values of 48% and 45%, respectively, for
the Yamaguchi decomposition, with an increase of approximately 10% when coherence was
added.

Regarding the PA values, we can see different patterns in the analyzed groups. The
contribution of interferometric coherence was statistically significant mainly for the SV classes
in the classifications related to the Yamaguchi and Freeman-Durden components, and the
polarimetric indices. This metric is related to the sensitivity of the classifier, that is, the ability
to correctly distinguish a given class, which shows that the coherence reduced the omission
error for SV areas. The PFO, CPA, and WAT classes presented high UA and PA values (above
80%) for all analyzed groups, showing that these classes presented greater reliability and less

confusion among the other classes.
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Figure 5.6. User’s and producer’s accuracy based on Random Forest algorithm.

Figure 5.7 presents the values related to UA and PA for the SVM classification. There
is high similarity between the graphs in relation to the classification with the RF algorithm.
There was a contribution of interferometric coherence to the SV classes in almost all groups of
attributes analyzed, being statistically significant for the Yamaguchi decomposition, mainly for
SV2 and SV3, which showed an increase of more than 15% when associated with coherence.
Only the van Zyl technique did not obtain similar performance, with a decrease in the SV1
class.

Among all attribute groups, the group of polarimetric indices that presented the lowest
PA was the DEG, SPA, SV1, SV2, SV2, and SV3 classes, indicating that there may have been
confusion among these classes by the SVM classifier. DEG presented approximately 50% lower
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values of accuracy from the Yamaguchi attributes in relation to the RF classification. This

difference indicates that the RF classifier presented better performance to identify this class.
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Figure 5.7. User’s and producer’s accuracy based on the Support Vector Machine algorithm.

Comparing Figures 5.6 and 5.7, there is a positive impact of interferometric coherence

in the discrimination of classes containing vegetation cover in both classifications. The increase

in PA in almost all groups of polarimetric attributes of the SV classes is noted. This result

indicates that interferometric coherence contributed to an improvement in the discrimination of

vegetation typologies, considering different stages of SV.

Figure 5.8 illustrates the result of the best accuracies experiment using the Yamaguchi

decomposition technique on ALOS-2/PALSAR-2 data, with interferometric coherence
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integration. Note the predominance of PFO and CPA classes in the study area (Figure 8),
attributing to these classes 46.2% and 25.4% of the total area, respectively. The smallest areas
correspond to DEG, SV2, SV3, and WAT. If added together, they represent 6% of the total

study area.
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Figure 5.8. Best classification results obtained by the Random Forest algorithm, considering the
Yamaguchi technique from full-polarimetric ALOS-2 data with COSMO-SkyMed coherence
interferometric addition.

When comparing the integration of coherence with the components of the Yamaguchi
technique (Figure 5.9), we can observe that there was a decrease of approximately 3% of the
total area of PFO (from 49.2% to 46.2%). The SPA class also showed a decrease in its area with
the coherence (11.0% to 9.4%) while the SV showed an increase in their territorial extension,
mainly for the SV3 class, which increased from 0.3% to 2.1% with the integration of coherence.
This result leads to the conclusion that previously classified PFO and SPA areas were integrated
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to SV areas when interferometric coherence was added, contributing to the improvement of the
discrimination of these classes.
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Figure 5.9. Area (%) occupied by each land use and land cover class considered in this study, estimated

by the Random Forest algorithm based on the Yamaguchi technique with COSMO-SkyMed
interferometry coherence.

Figure 5.10 shows the comparison of two fragments of the classifications
corresponding to the Yamaguchi technique using the RF classifier, with and without coherence
integration. Two random areas were chosen, one containing predominantly the PFO class and
the other containing areas of CPA and SPA. We can see by zooming these areas that there was

an increase in the SV areas when coherence is added to the polarimetric components.
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Figure 5.10. Comparison of two fragments of classifications corresponding to the Yamaguchi technique
using the Random Forest classifier, with and without coherence integration.

Figure 5.11 presents the ranking of importance of each feature in the classification
process based on the RF algorithm performed for each polarimetric decomposition technique
and its respective components. It is possible to observe that interferometric coherence was the
second variable that most contributed to the RF classification in all polarimetric decomposition
techniques. Regarding the polarimetric indices, coherence was the third variable that
contributed most to the classification, after the BMI and CSI indices.
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Figure 5.11. Random Forest’s predictor variables importance.

5.4 DISCUSSION

The results showed good potential of CSK interferometric coherence for RF
classification combined with the Yamaguchi decomposition from ALOS-2/PALSAR-2
polarimetric data, showing a Kappa index of 0.86 and overall accuracy of 90.59%. This result
is in agreement with other studies that integrated coherence in thematic mappings based on L-
band SAR data. For example, Luckman et al. (2000) evaluated the potential of interferometric
coherence imaging, combined with JERS-1 L-band and ERS-1 and ERS-2 C-band SAR data
for biomass estimates in an Amazonian Forest site. The results indicated that the interferometric

coherence facilitated the identification of areas of deforestation. They also highlighted that
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some surfaces were identifiable in the coherence image, however, they were not visible in the
SAR intensity data.

Gaboardi (2002) compared the application of interferometric coherence information
and amplitude data acquired by the ERS-1 satellite for mapping the LULC classes of a region
in the Brazilian Amazon. The author concludes that interferometric coherence increased the
accuracy in relation to intensity data, presenting a Kappa index higher than 0.6.

In our study, the polarimetric decomposition techniques proved to be more efficient in
distinguishing the different stages of the SV class, when compared to the RVI and Pope’s
polarimetric indices. However, when integrating CSK coherence data, there was an
improvement in the accuracy of these classes in all analyzed groups. Pdssa et al. (2018) used
polarimetric attributes derived from ALOS/PALSAR for thematic mapping of an area in the
Brazilian Amazon. In their study, the Cloude-Pottier decomposition theorem associated with
the interferometric coherence attribute of TanDEM-X presented better classification
performance (Kappa = 0.72 and global accuracy = 78.79%). With the integration of
interferometric coherence, they also observed that the forest succession classes showed a
considerable improvement in accuracy.

The RF algorithm performed better than the SVM algorithm, indicating its superiority,
as previous studies have already shown, mainly in forest areas (Mercier et al. 2019;
Sheykhmousa et al. 2020; Wiedekehr et al. 2020; Kiyohara and Sano, 2022). Jin et al. (2014)
used interferometric coherence to classify LULC classes of an area in the New York State, U.S.
The authors used multitemporal ALOS/PALSAR data acquired in 2010 and classified by the
RF algorithm. The results indicated a 7% increase in mapping accuracy when including

interferometric coherence combined with intensity data.

5.5 CONCLUSIONS

The results of the present study showed good potential of CSK interferometric
coherence combined with the Yamaguchi polarimetric decomposition from ALOS-2/PALSAR-
2 polarimetric data for RF classification, presenting a Kappa index of 0.86 and overall accuracy
of 90.59%. In this study, the RF algorithm presented overall better performance than the SVM
algorithm. The SVM algorithm presented a slight better accuracy only the classification related

to the RVI and Pope polarimetric indexes.
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In this study, the integration of interferometric coherence contributed in a statistically
significant way to the polarimetric information presented by the Yamaguchi group. This group
has one more component, and this technique probably was advantageous over the others.
However, interferometric coherence also contributed to an improvement in sensitivity using
both RF and SVM algorithms and in the other groups as well: Freeman-Durden, Cloude Pottier,
van Zyl, and polarimetric indexes, increasing the thematic discrimination of LULC classes.

The integration of the X-band interferometric coherence to the L-band polarimetric
attributes had a positive impact mainly on the discrimination of classes referring to primary
forest, secondary vegetation, and degradation. Even considering the small increment in the
classification performance by the coherence, this interferometric attribute derived from the X-
band is promising in LULC mappings in areas with different forest typologies. The results of
this study can assist the future development of a full-polarimetric SAR system to monitor the

re-suppression of SV in the Brazilian Amazon.
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6 CONSIDERACOES FINAIS

O presente trabalho apresentou trés artigos sequenciais, todos com inovacdes técnicas,
que buscaram atender aos respectivos objetivos geral e especificos da tese ao aplicar algoritmos
de aprendizado de maquina para a discriminacéo de areas de vegetacdo secundaria baseada em
dados SAR, a partir da exploracdo de diferentes técnicas de processamento. A abordagem
utilizada nesta pesquisa traz algumas contribuicGes para o desenvolvimento de um sistema
baseado em dados SAR para monitorar a re-ssupressao da regeneracdo em tempo quase real na
Amazonia brasileira, principalmente na estacdo chuvosa, devido a cobertura persistente de
nuvens na Amazoénia que inviabiliza o uso de dados opticos.

Vale ressaltar que um dos aspectos mais dificeis deste estudo foi a coleta de dados
confiaveis de amostras de treinamento e validacdo. O trabalho de coleta de dados em campo na
area de estudo foi inviabilizado devido a falta de recursos e acessibilidade durante a estacdo
chuvosa. Além disso, como ja mencionado na Se¢do 1, ndo hd um inventario florestal disponivel
para a area de estudo. Dessa forma, tentou-se utilizar os melhores dados auxiliares disponiveis,
que foram os produzidos pelos projetos TerraClass, MapBiomas e PRODES. De acordo com

os resultados encontrados, podem-se elencar as seguintes conclusdes:

(1) O classificador Random Forest apresentou melhor performance em relacédo ao algoritmo
SVM em praticamente todas as classificacbes realizadas neste estudo, comprovando a sua

superioridade em discriminar areas com tipologias florestais.

(2) O uso de atributos de textura GLCM ¢ altamente recomendado para melhorar a acuracia da

classificacdo em dados SAR.

(3) A analise de componentes principais foi utilizada neste estudo para reduzir as dimensdes
das variaveis originais de textura GLCM, sem perda de informacdo, ao reduzir a
dimensionalidade do conjunto de dados. Diante dos resultados obtidos, a APC mostrou-se
eficaz, permitindo a remocéo ou descarte de atributos derivados do retroespalhamento dos
dados do Sentinel-1 e do ALOS-2, resultando em economia de tempo e de recursos, diminuindo

0 esfor¢o computacional.
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(4) A integracdo da coeréncia interferométrica da banda X aos atributos polarimétricos da banda
L teve impacto positivo principalmente na discriminacdo das classes referentes a floresta

primaria, vegetacdo secundaria e degradacéo.

Os resultados das classificagdes por aprendizado de maquina indicaram ainda que:

i) Imagens do COSMO-SkyMed processados pela técnica de extracdo de feicdes GLCM
apresentaram resultados muito inferiores (indice Kappa de 0.56 e acuracia global de 63,67%)
para a classificacdo SVM. As classes de vegetacdo secundaria apresentaram baixa acuracia,

principalmente no estagio inicial.

i) As classificacbes realizadas com dados do Sentinel-1 apresentaram melhores resultados
quando integrados com atributos de textura GLCM (indice Kappa de 0,73 e acurécia global de
81,07%), quando processados pelo algoritmo de classificagdo RF. No entanto, houve bastante

confusdo entre as areas de floresta primaria e vegetacdo secundaria.

iii) As classificagOes realizadas nos dados do ALOS/PALSAR-2 apresentaram resultados
superiores em relacdo aos demais dados, principalmente quando utilizada a técnica de
decomposicdo de alvos Yamaguchi nos dados polarimétricos (indice Kappa de 0,81 e acuracia
global de 87,81%). As areas de vegetacdo secundaria em estagio inicial apresentaram melhor
acuracia em relacdo aos estagios intermediario e avancado, havendo um aumento na acuracia

geral quando as informacGes interferométricas da banda X foram adicionadas.

Os resultados dos artigos 2 e 3 demonstraram a viabilidade do método de classificacdo
baseado em algoritmos de maquinas empregados a dados SAR nas bandas C e L, reforcando a
habilidade desses sensores no monitoramento florestal em épocas de cobertura de nuvens.

Espera-se que os resultados desse estudo apoiem o entendimento das diferentes
frequéncias e técnicas de SAR aplicadas ao mapeamento de florestas tropicais, a partir de
algoritmos de aprendizado de maquina, principalmente em areas de vegetacdo secundaria,
contribuindo para futuros projetos de monitoramento florestal na Amaz6nia. Estudos futuros
sdo sugeridos com aplicacBes de outros métodos de classificagdo, como redes neurais

convulacionais (CNN) e outras abordagens de deep learning.
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RESUMO

O objetivo do presente trabalho foi avaliar o potencial das imagens de radar do satélite Sentinel 1A (banda C) para
discriminar classes representativas de uso e cobertura da terra do Distrito Federal, Brasil. As imagens de coeréncia
interferométrica utilizadas nesse estudo foram obtidas a partir de pares de imagens Single Look Complex (SLC) de junho
e julho de 2018. Foi gerada uma composicao colorida RGB a partir de imagens de coeréncia, intensidade de
retroespalhamento e razao de retroespalhamento. Essa imagen foi classificada pelos métodos supervisionados Support
Vector Machine (SVM) e Random Forest (RF). A valida¢ao tematica foirealizada por matrizes de confusao, indice Kappa
e exatidao global. Nesse contexto, foram investigadas cinco classes tematicas (dgua, area urbana, vegetacao nativa,
pastagem e agricultura). O classificador RF obteve melhor desempenho classificatorio (Kappa= 0,68 e exatidao global =
79,1%) que o classificador SVM (Kappa= 0,64 e exatidao global = 75,7%). A coeréncia mostrou-se eficiente
principalmente na identificacdo de corpos d’agua e da area urbana. Os resultados foram satisfatorios para a classificacdo
de uso e cobertura da terra do Distrito Federal, no entanto, houve confusao entre algumas classes e erros de comissao na
classe area urbana em ambas as classificacoes.

Palavras-chave: uso e cobertura da terra, Interferometria, coeréncia interferométrica, Sentinel 1A, radar, Sensoriamento
Remoto.

Use and land cover classification of the Federal District, Brazil from interferometric
coherence data

ABSTRACT
The aim of this study was to evaluate the potential of Sentinel 1A (C band) satellite radar images to discriminate
representative classes of land use and land cover in the Federal District, Brazil. The interferometric coherence images
used in this study were obtained from pairs of Single Look Complex images (SLC) of June and July of 2018. An RGB
color composition was generated from images of coherence, backscattering intensity and backscattering ratio. This image
was classified by the Supervised Methods Support Vector Machine (SVM) and Random Forest (RF). Thematic validation
was performed by matrices of confusion, Kappa index and overall accuracy. In this context, five thematic classes (water,
urban area, native vegetation, pasture and agriculture) were investigated. The RF classifier obtained a better classificatory
performance (Kappa= 0.68 and overall accuracy = 79.1%) than the SVM classifier (Kappa= 0.64 and overall accuracy =
75.7%). The coherence was shown to be efficient mainly in the identification of water and the urban area. The results
were satisfactory for the classification of use and land cover ofthe Federal District, however, there was confusion between
some classes and errors of commission in the urban area class in both classifications.
Keywords: use and land cover, Interferometry, interferometric coherence, Sentinel 1A, radar, Remote Sensing.
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Introducao

O estudo de uso e cobertura da terra €
essencial para o entendimento da dinamica
ambiental e para a compreensdo das possiveis
implicagdes decorrentes de mudancas causadas
pela acdo antropica. Nesse contexto, a utilizagdo
das imagens de sensores remotos na confecgao de
mapas de uso e cobertura da terra é uma técnica
muito difundida, devido a necessidade de
identificar a dindmica espacial de mudancas sobre
grandes areas (Congalton et al., 2014).

Os sensores Opticos sdo mais faceis de
serem interpretados, porém, sdo sensiveis a
visibilidade atmosférica. Este problema os torma
pouco adequados a obtencdo de imagens em
algumas épocas do ano, devido a cobertura
persistente de nuvens em algumas regides. J& os
sensores de micro-ondas, entre os quais se incluem
os radares de abertura sintética (SAR), podem ser
utilizados sob condi¢des adversas de visibilidade.

As imagens SAR tém sido muito utilizadas
em diversas aplicagdes, explorando diferentes
sensores e técnicas de processamento. Tais
sensores vem sendo explorados em estudos de
monitoramento de enchentes (Chini et al., 2017;
Schlaffer et al., 2017), areas cobertas por gelo
(Johansson et al., 2017; Wang et al, 2016),
derramamento de d6leo (Migliaccio et al., 2015;
Skrunes et al., 2015), deslizamentos de terra
(Confueorto et al., 2017), mapeamento de areas
agricolas (Gibril et al., 2017; Erten et al., 2016),
areas urbanas (Khalil e Haque, 2018; Salentinig e
Gamba, 2015), uso e cobertura da terra (Paradella
et al., 2017; Baltzter et al., 2015) e estudos
florestais (Minh et al., 2016).

Os sensores que operam com maiores
comprimentos de onda (bandas C, L e P) permitem
maior penetragdo do sinal, e consequentemente
registram  informagdes sobre a estrutura
volumétrica dos alvos. J& os sensores de ondas
menos longas (banda X) interagem mais
superficialmente com a estrutura do alvo, sendo
mais utilizados em estudos de deteccdo de alvos.
Contudo, € necessario aprimorar técnicas de
processamento desses dados, enfre as quais
encontra-se a interferometria (Khalil e Haque,
2018; Possa et al., 2018).

A interferometria SAR (InSAR) esta
baseada na combinagao de duas imagens SAR,
adquiridas sobre a mesma area, com uma geometria
de aquisi¢do ligeiramente diferente uma da outra,
para garantir o efeito de interferometria, ou
diferenca de fase (Temporim et al., 2017).
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A comparacgdo entre as diferencas de fase
de duas imagens de uma mesma regido, obtidas a
partir de antenas com ligeira diferenca de
geometria, torna possivel encontrar as localizagdes
dos pixels em trés dimensdes. A diferenca de fase
entre pixels de mesma coordenada nas imagens
esta relacionada a distancia entre as duas trajetorias
de pulsos de energia eletromagnética durante as
aquisi¢des (linha-base) e a altitude correspondente
no solo. Por meio destes dados também pode-se
gerar imagens de coeréncia interferométrica, muito
tuteis para fins de classificagdo (Olesk et al., 2016;
Wegmiiller et al., 2015).

Cada pixel de uma imagem de coeréncia
representa a informacdo do médulo do coeficiente
de comelagio  complexa de um par
interferométrico. Este tipo de produto pode
contribuir para a estratificagdo tematica da
paisagem, considerando que regides florestadas
apresentam baixa coeréncia interferométrica, em
razao da instabilidade dos componentes florestais
quando comparados a outras tipologias de uso e
cobertura da terra, como, pastagem, solo exposto e
regides de vegetacao esparsa (Olesk et al., 2016).

Combinando interferometria e
polarimetria, que nada mais € que a natureza
vetorial das ondas eletromagnéticas dos alvos
imageados, é possivel maximizar a coeréncia
interferométrica, que é a medida da correlagao
entre as duas imagens utilizadas no processamento
interferométrico. A coeréncia também € um
indicativo da qualidade de fase do interferograma,
visando a geracdo de modelos de elevacdo mais
precisos (Mohammadimanesh et al., 2018; Pdssa et
al., 2018).

Dessa forma, o objetivo desse estudo €
avaliar o potencial das imagens de coeréncia
interferométrica do Sentinel 1A, banda C, para
discriminar classes representativas de uso e
cobertura da terra do Distrito Federal. As imagens
de coeréncia interferométrica utilizadas nesse
estudo foram obtidas a partir de pares de imagens
Single Look Complex (SLC) de junho e julho de
2018.

Caracterizacao da area de estudo

A area de estudo, com uma extensdo de
2.862,26 km?, corresponde a porgdo noroeste do
Distrito Federal (DF) (Figura 1). A érea
selecionada engloba a cidade de Brasilia, o Lago
Paranod, o Parque Nacional de Brasilia, a Reserva
Ecolégica do IBGE, dentre outras feigdes.
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O DF esté localizado na regido central do
Brasil, onde sdo encontradas chapadas elevadas e
nascentes de trés das oito grandes bacias

hidrogréficas brasileiras: Parana, Tocantins e Sdo
Francisco (Neves et al., 2015).
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Figura 1. Localiza¢do da area de estudo.

A localizagdio do DF evidencia a
heterogeneidade = de  suas  paisagens e
consequentemente de sua apropriagao pelo homem,
com a concentracio de éareas urbanas e o
predominio de agricultura de larga escala ao longo
de sua é4rea. A vegetacdo do DF ¢é representativa do
bioma Cerrado, isto é, apresenta um mosaico
heterogéneo de formagdes campestres, savanicas e
florestais (Marengo, 2010).

O clima predominante na area de estudo é
a ftropical com estagcoes seca e chuvosa bem
definidas (tipo Aw na classificagdo climatica de
Koppen), com temperaturas médias mensais
superiores a 18 °C e precipitagdo média anual de
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1.540 mm, concentrados entre os meses de outubro
e abril (Marengo, 2010).

Material e métodos
Dados utilizados

Neste trabalho, foram utilizadas imagens
do Sentinel 1A (nivel de processamento: SLC) da
Agéncia Espacial Europeia (ESA), obtidas em 12
de junho e 18 de julho de 2018 (Tabela 1). Os dados
foram processados mno Sentinel Application
Platform (SNAP) da ESA.
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Tabela 1. Caracteristicas das imagens Sentinel 1A.

Atributos

Sentinel 1A

Datas de aquisi¢cao
Modo
Orbita
Largura de faixa
Comprimento de onda (cm)
Polarizacao
Angulo de incidéncia
Resolugdo radiométrica

Resolugdo espacial (m)

12/06/2018 e 18/07/2018
w
Descendente
250 km
~30
VV/VH
~20°-45°
16 bits
5x20

Processamento de dados SAR

Primeiramente, as imagens passaram pelo
processo de split e comegdo de Orbita,
selecionando-se uma subidrea menor, para
minimizar o esfor¢o computacional. Nas etapas de
geocodificacdo das imagens, foi utilizado o modelo
digital de elevagao obtido pelo Shuttle Radar

Sentinel 1A
12 jun2018

Split

|

Topography Mission (SRTM). Nesta operagao, os
dados foram georreferenciados para o referencial
geodésico WGS84 e reamostrados para uma
resolucdo de 15 m por meio de uma interpolacao
bilinear. Ambas as imagens SAR foram
convertidas para coeficiente de retroespalhamento
(0%, unidade em decibéis - dB) (Figura 2).

Sentinel 1A
18jul 2018

Split

Corregdo de orbita ‘——l_ Corregdo de orbita

Coregistro e Geocodificagao _l

Coeréncia interferométrica «———— Calibragdo radiométrica |

'

Deburst

» Multilooking

!

Correcao do terreno «— Filtragem Speckle

Figura 2. Fluxograma das etapas do processamento de dados SAR.

A coeréncia y de duas imagens SAR
complexas é definida de acordo com a seguinte
equacgao:
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E{uv*}

VE{[ul?}E{[v]*}
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Onde E ¢ o valor esperado, u e v sdo as
duas imagens complexas coregistradas e v* é o
complexo conjugado de v (Wegmiiller et al.,
2015). O tamanho da janela de intervalo de
coeréncia foi definido como 10 e o tamanho da
janela de azimute de coeréncia foi de 1.

Em seguida, procederam-se as operagdes
deburst para fundir as subfaixas de cada imagem e
multilooking para converter as imagens de alcance
inclinado em alcance no terreno. Para atenuar o
ruido (speckle) das imagens, aplicou-se o filtro
passa-baixa Refined-Lee, com uma janela de 5x5
(Lee, 1981; Possa et al., 2018). O speckle é um
efeito multiplicativo e surge em razao da natureza
coerente das ondas utilizadas no processo de
aquisi¢do, que ao interagirem com os diversos
alvos independentes no terreno, podem sofrer
interferéncias  construtivas ou  destrutivas,
causando bruscas variacoes nos niveis de cinza da
cena. Por fim, na etapa de ortorretificagdo, aplicou-
se uma corre¢ao de terreno Range-Doppler.

Classificagdo e Validagdo

Dos processamentos mencionados no item
anterior, foram geradas trés imagens: "coeréncia ",
"intensidade de retroespalhamento (backskatter) "
e "razdo de retroespalhamento “. A razdo de
retroespalhamento foi gerada pois destaca as areas
onde ocorreu alguma mudanga entre as datas das
imagens (Khalil e Haque, 2018; Chini et al., 2017).
A razdo entre as duas imagens de intensidade de

retroespalhamento foi calculada de acordo com a
seguinte equagao:
Mudanga ou razdo [dB] = |10.log%

Onde i1 e i2 sdo duas imagens de
intensidade de retroespalhamento.

Esta composicdo RGB foi submetida a
duas classificagcdes supervisionadas: Support
Vector Machine (SVM) e Randon Forest (RF). Os
algoritmos de aprendizagem de maquina SVM tém
como objetivo a determinagao de limites de decisao
que produzam uma separa¢ao 6tima entre classes
por meio da minimizac¢do dos erros (Zhang et al.,
2016; Kumar et al., 2015).

Ja o algoritmo de aprendizagem
supervisionado RF consiste em uma colecdo ou
conjunto de preditores de uma arvore de decisoes
simples, capaz de produzir uma resposta quando
apresentado com um conjunto de valores
preditores. Para problemas de classificagdo, essa
resposta assume a forma de uma associagdo de
classe, que associa ou classifica um conjunto de
valores preditores independentes a uma das
categorias presentes na variavel dependente. Em
problemas de regressao, a resposta da arvore é uma
estimativa da varidvel dependente dados os
preditores (Belgiu e Dragut., 2016).

Para examinar a eficiéncia do sensor
Sentinel 1A em discriminar as diferentes
caracteristicas da imagem, foram definidas cinco
classes de uso e cobertura da terra: 4rea urbana,
agua, vegetacdo, pastagem e agricultura (Tabela 2):

Tabela 2. Descrigao das classes de uso e cobertura da terra.

Classes Descricao
Area utbana Cidades consolidadas e condominios habitacionais
em consolidagao.
Agua Corpos d’agua (lagos e reservatorios).

Vegetacgao nativa

Areas ocupadas por matas nativas de porte arboreo.

Pastagem

Agricultura

Areas campestres.

Areas de cultivo perene ou permanente.

A selecao de amostras de treinamento de
cada classe tematica foi realizada utilizando-se de
pontos de amostragem de uma imagem Sentinel-2
do dia 27 de julho de 2018 da area de estudo. A
validagao da classificagao foi feita através da coleta
de amostras de ftreinamento. Foram coletadas
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amostras em uma composic¢ao colorida R11G8GS
de 10 m de resolugdo espacial. Essas bandas
correspondem aos canais SWIR, NIR e vermelho
do Sentinel-2, respectivamente.

Parte do conjunto amostral destinou-se ao
freinamento  do algoritmo de classificagdo,
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enquanto outro conjunto de amostras foi destinado
a validacdo do mapeamento, conforme descrito a
Tabela 3.

Tabela 3. Numero de pixels selecionados para cada classe.

Classes Numero de pixels
° AU 27030
g AG 33205
g VN 18073
= PA 9698
AR 1994

Validagao

Classes Numero de pixels
AU 9366
AG 2239
VN 1759
PA 6543
AR 1732

AU = Area urbana; AG = agua; VN = Vegetacao nativa; PA = Pastagem; AR = Agricultura.

Abanda 11 do Sentinel-2, naturalmente de
20 m de resolucdo precisou passar por um processo
de reamostragem de pixels por vizinho mais
proximo. Além dessa etapa, foi realizada a
corregdo atmosférica da imagem através do
algoritmo Sen2Cor dentro da plataforma SNAP.

Por fim, a acurdcia da classificacdo
supervisionada foi avaliada através de uma matriz
de confusao, do indice Kappa e da exatidao global,
baseando-se no conjunto amostral de referéncia
para validagdo (Congalton e Green, 2012).

Resultados e discussao

Composi¢do RGB

A composi¢do RGB colorida, utilizada
como referéncia no processo de classificagao, foi
gerada a partir das imagens de polarizagao VV.
Essa escolha se sucedeu, pois, sabe-se que as co-
polarizagdes (VV) estdo mais relacionadas
com a rugosidade da superficie (espalhamento
superficial) e as polarizagdes cruzadas (VH)
estao mais relacionadas com o espalhamento,
dessa forma apresentam mais ruidos na imagem.
Para a composi¢do, colocou-se a imagem de
intensidade de retroespalhamento, ou seja, a
intensidade de retorno do sinal, no canal vermelho,
a imagem de razdo de intensidade de
retroespalhamento no canal verde e a imagem de
coeréncia no canal azul (Khalil e Haque, 2018).
(Figura 3).

Os coeficientes meédios de
retroespalhamento (6°) foram identificados para as
cinco principais classes de uso e cobertura da terra
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da area de estudo: agua, area urbana, vegetagdo
nativa, pastagem e agricultura. A Figura 4
apresenta a distribuicio dos valores de
retroespalhamento (backskatter) para cada classe
de cobertura da terra de acordo com a data da
imagem e a respectiva polarizacdo da imagem,
segundo os resultados da classificacdo SVM.
Observou-se que a classe agua
apresentou os menores valores de intensidade de
retroespalhamento. A maioria dos pixels ficaram
situados na faixa de -19 a -17 dB na imagem do dia
12 de junho e -22 a -20 dB na imagem do dia 18 de
julho. As classes agricultura e pastagem também
apresentaram baixa intensidade de
retroespalhamento, porém um pouco mais alta que
os corpos d’agua devido ao envolvimento da
rugosidade da superficie do solo, varindo de -18 a
-10 dB de forma dominante para ambas as datas.
Devido a homogeneidade relativamente alta, tanto
a classe dgua como as classes que possuem areas
sem vegetagdo apresentaram baixos valores de
coeficiente de retroespalhamento médio. Os
valores mais altos foram observados nas areas de
vegetacdo, variando proeminentemente de -10 a -7
dB e -7 a -5 dB, respectivamente. Observa-se
também que os valores de retroespalhamento sdo
bem menores nas imagens de polarizagdo VH. Esse
aspecto pode ser identificado principalmente nas
areas sem vegetagao, pois elas aparecerem mais
escuras (menor ¢° ) nas imagens de polarizagio
cruzada VH, indicando um dominio do
espalhamento superficial (Lin et al., 2017).
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Figura 3. Composicao colorida R (retroespalhamento VV) G (razdo de retroespalhamento VV) B (coeréncia
VV) de imagens Sentinel 1A.

Analise da classifica¢do supervisionada SVM

Esses graficos esclarecem como ¢
bastante dificil discriminar as 4reas urbanas de
vegetagdo utilizando apenas o coeficiente de
retroespalhamento. Dessa forma, a informagao de
coeréncia também foi incluida na composig¢do
RGB, junto a intensidade e razdo de
retroespalhamento, para distinguir as
caracteristicas da cobertura terrestre mais
proeminente na classificagdo SVM.

A Figura 5 apresenta o padrdo de
distribuicao da coeréncia para as diferentes classes
de cobertura terrestre para a classificagdo SVM. Os
valores mais altos foram observados para a classe
area urbana, enquanto valores mais baixos foram
observados para a pastagem, vegetagao, agricultura
e corpos d'agua, respectivamente.

O valor de coeréncia varia de 0 a 1, sendo
inversamente correlacionada com o grau de
aleatoriedade dos dispersores entre as duas
imagens SAR interferentes. Isto diminui com o
movimento ou alteracdes fisicas dos espalhadores,
por exemplo, as 4reas de vegetagdo ou floresta,
entretanto, os alvos artificiais como as areas
urbanas podem permanecer coerentes por um
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periodo relativamente mais longo, resultando em
maior correlagdo (Lazecky et al., 2017; Watanabe
etal., 2016).

De acordo com o resultado da classificagdo
SVM (Figura 6), a maior parte da area de estudo &
composta pela classe “vegetagdo”, com 45,4% do
total da area, seguida pela classe “pastagem” com
41,3% do total. J& as outras classes apresentaram
areas bem menores. A classe “area urbana”
apresenta 9% do total, seguida pela classe
“agricultura” com 2,4% e o restante, cerca de 1,9%
do total da area de estudo pertence a classe “agua”.

A exatiddo global e o indice Kappa da
imagem classificada foram de 75,7% e 0,64,
respectivamente. E possivel notar algumas
diferengas de contraste entre as classes de uso e
cobertura da terra, principalmente nas classes “area
urbana” e “agua” na composicdo RGB. Esse
destaque € previsivel conforme ja mencionado nos
estudos de Strozzi et al. (2000) e Stehman (1997).
A matriz de confusdo estd apresentada na Tabela 4.
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Figura 4. Box Plot da distribuicdo das intensidades de retroespalhamento de acordo com a classificagdo SVM
da cobertura e do uso da terra do Distrito Federal.
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Tabela 4. Matriz de confusdo da classificagdo SVM do uso e cobertura da terra em [%].

AG AU VG PA AR Acuracia
do usuario
AG 100 0 0 0 0 100
AU 0 53,29 1,81 0,96 4.5 96,21
VN 0 11,54 94,62 348 0 88.67
PA 0 1791 1,89 84,41 27,73 16,66
AR 17,26 1,67 11,16 67,17, 18,30
Acuricia do 100 53,29 94,62 84,41 67,77
produtor

AU = Area urbana; AG = agua; VN = Vegetagio nativa; PA = Pastagem; AR = Agricultura.

De acordo com a matriz de confusdo da
classificagdio SVM, as classes ‘“agua” e
“vegetacdo” obtiveram a maior acuracia, enquanto
as classes “area urbana” e “agricultura” foram as
classes que apresentaram as maiores confusdes. O
classificador ndo conseguiu detectar a diferenca
entre as classes ‘“agricultura® e “pastagem”.
Enquanto que para a classe “area urbana” houve
erros de comissao de praticamente todas as classes,
com excecdo da classe “agua”.

Analise da classificagao supervisionada RF

A Figura 7 apresenta a distribuicdo dos
valores de retroespalhamento para cada classe de
cobertura da terra de acordo com a data da imagem
e a respectiva polarizacao da imagem, segundo os
resultados da classificagdo RF.

Os valores de  coeficiente de
retroespalhamento para cada classe, segundo a
classificagdo RF foram muito semelhantes aos
valores das classes para a classificagdo SVM. Nao
havendo grande diferenca entre os valores.
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Novamente, observa-se que os dados de
intensidade de retroespalhamento da banda C nao
sao apropriados para a separacdo das classes de
cobertura terrestre, exceto para algumas éreas
urbanizadas que possuem espalhadores artificiais,
podendo ser separados devido aos altos valores do
coeficiente de retroespalhamento e a corpos d’agua
superficiais devido aos valores muito baixos de
retroespalhamento  (Paradella et al., 2017;
Alcantara et al., 2016).

A Figura 8 apresenta o boxplot com o
padrao de distribuicdo da coeréncia para as
diferentes classes de cobertura terrestre segundo a
classificagdo RF. Os valores mais altos também
foram observados para a classe “adrea urbana”,
enquanto valores mais baixos foram observados
para a pastagem, vegetagdo, agricultura e corpos
d'dgua, respectivamente, seguindo o mesmo padrao
que a classificacdo SVM (Olesk et al., 2015).
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Figura 7. Box Plot da distribui¢do das intensidades de retroespalhamento de acordo com a classificagdo RF

da cobertura e do uso da terra do Distrito Federal.
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Figura 8. Distribui¢do da coeréncia das classes de uso e cobertura da terra de acordo com a classificacdo RF
nas polarizagdes VH e VV.

A érea de estudo apresentou um valor de
coeréncia médio muito baixo em ambas as
classificagdes, devido principalmente a cobertura
vegetal dominante na area (Olesk et al., 2016).
Nesse contexto, € preciso ressaltar que as imagens
utilizadas nesse estudo correspondem a estagdo
seca do Distrito Federal, que se inicia em maio e
termina em setembro e, consequentemente, muitas
arvores perdem as suas folhas, mudando os padroes
de vegetagao para se adequar a estagao sem chuvas.

Os resultados mostram que o uso de
coeréncia interferométrica contribuiu para uma
melhor classificacdo de uso da terra e identificacdo

Miguel, B. H., Sano, E. E.

de mudangas temporais, em relagao ao uso somente
de coeficiente de retroespalhamento e razdo de
retroespalhamento (Wegmiiller et al., 2015).

De acordo com a classificagdo RF (Figura
9), amaior parte da area de estudo é composta pela
classe “vegetacdo”, com 34,72% do total da érea,
seguida pela classe “drea urbana” com 26,3% do
total e “pastagem” com 24,1% do total. Ja as
classes agricultura e 4gua apresentaram areas bem
menores, com 13,12% e 1,76% do total da area
respectivamente.
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Figura 9. Resultado da classificacdo supervisionada de imagens do Sentinel 1A pelo algoritmo RF.

Comparando os resultados das duas
classificagdes (Tabela 5), nota-se que a
classificagdo RF apresentou uma area de pastagem
quase seis vezes maior e uma area urbana trés vezes
maior que a classificagdo SVM detectou, enquanto
isso, as classes vegetagdo nativa e pastagem foram

bem menos representativas na classificagdo RF do
que na classificagdo SVM.

J4 a classe 4gua permaneceu praticamente
com a mesma area nas duas classificacoes.

Tabela 5. Comparagdo das classificagdes SVM e RF.

Classes  Area— SVM [km?]

Porcentagem [%] Area—RF [km?] Porcentagem [%)]

AU 257,64 9

AG 54,595 1.9
VN 1301.5 454
PA 1182 413
AR 68,282 2.4

753,126 26.3
50,457 1,76
993,791 34,72
689.179 24,1
375,71 13,12

AU = Area urbana; AG = agua; VN = Vegetacio nativa; PA = Pastagem; AR = Agricultura.

A exatidao global e o indice Kappa da
imagem classificada pelo algoritmo RF foram de
79,1% e 0,68, respectivamente. A classificacdo RF
obteve um desempenho melhor que a classificagdo
pelo algoritmo SVM, pois apresentou valores de
indice Kappa e exatiddo global um pouco superior
(Kussul et al., 2017; Du et al., 2015).
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Adam et al. 2014, ao compararem o
desempenho dos algoritmos SVM e RF para a
classificagdo do uso e cobertura da terra também
obtiveram desempenhos similares nestes dois
algoritmos, sendo que a maior acuracia foi
alcancada pelo RF.
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Segundo a matriz de confusdo apresentada
na Tabela 6, as classes “agricultura” e “pastagem”
apresentaram as maiores confusdes entre as
classes, assim como na classificagdo SVM.

J4 as classes “agua” e “vegetacdo nativa”
apresentaram a maior acuracia. Comparando com a
classificagdo SVM, a classe ‘“area urbana”
apresentou menos erros de comissdo, apesar de

apresentar uma area maior para essa classe do que
a classificacdo SVM.

Os resultados indicaram que a combinagao
de coeréncia com intensidade de
retroespalhamento  contribuiu  para  uma
classificagdo de wuso e cobertura da terra
considerada boa (Kappa 0,61~0,80) tanto para RF
como para o SVM, de acordo com a classificagao
de Congalton e Green (2012).

Tabela 6 - Matriz de confusao da classificacdo RF do uso e cobertura da terra em [%].

AG AU VG PA AR Acuracia
do usuario
AG 9891 0 0 0 0 100
AU 1,09 67.34 1,68 1,73 4.8 97,77
VN 0 8.1 94,32 1,33 0 88,58
PA 0 12,67 2:52 85,86 27,64 16,35
AR 0 11,89 1.47 11,07 67,55 18,5
Acuracia do 9891 67.34 94,32 85,86 67,55

produtor

AU = Area urbana; AG = agua; VN = Vegetacao nativa; PA = Pastagem; AR = Agricultura.

Conclusoes

O presente estudo avaliou o potencial da
coeréncia interferométrica do Sentinel 1A para a
classificagao do uso e cobertura da terra do Distrito
Federal. A andlise e os resultados do estudo
indicatam que a combinagdo de coeréncia,
intensidade de retroespalhamento e razdo de
retroespalhamento pode ser efetivamente utilizada
como uma composi¢do colorida para a
discriminagdo das diferentes classes de uso e
cobertura da terra.

Os resultados mostraram o bom potencial
da coeréncia interferométrica do Sentinel 1A para
a classificagdo supervisionada SVM, aprentando
um indice kappa de 0,64 e 75,7% de exatiddo
global e também para a classificagdo RF, com
indice Kappa de 0,68 e exatidao global de 79,4%.
Nesse estudo, o algoritmo RF apresentou um
melhor desempenho que o algoritmo SVM.

A imagem de coeréncia mostrou-se
eficiente principalmente na identificacdo de corpos
d’agua e da é4rea urbana na imagem, entretanto,
houve confusdo entre as areas agricolas e de
pastagem e erros de comissdo na classe drea urbana
para ambas as classificagdes.

Nesse contexto, os resultados enfatizaram
que o uso de coeréncia nterferométrica contribuiu
para uma melhor classificacdo de uso da terra e
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identificagdo de mudangas temporais, em relagao
ao uso somente de coeficiente  de
retroespalhamento e razao de retroespalhamento.

Sugere-se que futuras pesquisas sejam
realizadas com imagens do Sentinel 1A e Sentinel
1B para aprimorar ou formular novas técnicas.
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APENDICE C

#HHHH Codigo de extracdo de NDVI e EVI temporal para imagens Landsat 5, 7 € 8 no Google
Earth Engine

var app = function (image)
{
Ilindice de Vegetacio
var ndvi = image.normalizedDifference(['B5', 'B4);

image = image.addBands(ndvi.rename('NDVI"));

var evi = image.expression(
2.5 * (nir - red) / (nir + 6 * red - 7.5 * blue + 1),
{
red: image.select('B4'), // 620-670nm, RED
nir: image.select('B5'), // 841-876nm, NIR
blue: image.select('B2") // 459-479nm, BLUE
b

image = image.addBands(evi.rename('EVI'));

[Ivar savi = image.expression(
/I '1.5* (nir - red) / (nir + red + 0.5)',
11{
/I red: image.select('B4"), // 620-670nm, RED
/Inir: image.select('B5'), // 841-876nm, NIR
13);

/limage = image.addBands(savi.rename('SAV1Y));

return (image);

}

/IColecéo de imagens

var OLI = ee.ImageCollection (LANDSAT/LCO08/C01/T1_RT_TOA")
filterDate('2013-04-01', '2017-08-01")
filterMetadata('CLOUD_COVER!, 'less_than', 2)
.map(app);

/IGréficos
var lon = ui.Label();

var lat = ui.Label();

Map.onClick(function(coords)

{



/I Update the lon/lat panel with values from the click event.
lon.setValue('lon: ' + coords.lon.toFixed(2)),
lat.setVValue('lat: ' + coords.lat.toFixed(2));

/I Add a red dot for the point clicked on.
var point = ee.Geometry.Point(coords.lon, coords.lat);
var chart = ui.Chart.image.series(OLI.select(NDVI', 'EVI'), point);
chart.setOptions
«
title: 'Vegetation Index’,
vAxis: {title: 'Value'},
hAxis: {title: 'date’, format: 'MM-yy', gridlines: {count: 7}},
i

/I Add the chart to the map.
chart.style().set
|
position: 'bottom-right’,
width: '500pX’,
height: '300px'
i
Map.add(chart);
b))

/[Colorindo 0 mapa

var palette = ['FFFFFF', 'CE7E45', 'DF923D', 'F1B555', 'FCD163', '99B718',
"T4A901', '66A000', '529400', '3E8601', '207401', '056201",
'004C00', '023B01', '012E01", '011D01", '0113017;

/IShow Map

Map.addLayer(OLI.median(), {bands: 'B6,B5,B4'}, 'OLI")

Map.addLayer(OLI.median(), {min: 0, max: 1, bands:['NDVI'], palette: palette}, 'NDVI');
Map.addLayer(OLI.median(), {min: 0, max: 1, bands:['EVI', palette: palette}, 'EVI');
//Map.addLayer(OLI.median(), {min: 0, max: 1, bands:['SAVI'], palette: palette}, 'SAVI');
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