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RESUMO 

Tempestades propagando ventos extremos s«o um importante mecanismo de mortalidade de 

§rvores nas florestas da Amaz¹nia, influenciando a estrutura, composi­«o de esp®cies, biomassa 

e carbono. Sensoriamento remoto e invent§rio florestal t°m sido combinados h§ d®cadas para 

acessar os padr»es de danos na floresta em dist¼rbios que variam de §rvores individuais at® 

grandes eventos catastr·ficos. Landsat, t°m sido amplamente utilizado devido a sua grande 

cobertura espacial e temporal, favorecendo an§lises em escala de paisagem. Mas, sua resolu­«o 

espacial m®dia dificulta a detec­«o de pequenos grupos de §rvores impactadas. Na ¼ltima 

d®cada, lan­amentos de sat®lites de alta resolu­«o t°m melhorado a detec­«o de pequenos danos 

na floresta causados pelo vento. Entretanto, suas imagens t°m cobertura espacial e temporal 

limitada, s«o caras e ainda n«o foram testadas em dist¼rbios de grandes propor­»es. Por sua vez 

isso limita nosso entendimento sobre o benef²cios da resolu­«o espacial em estimativas de 

danos que transp»em escalas locais para regionais. Por outro lado, muito do que sabemos sobre 

os padr»es de ventos extremos potencialmente destrutivos est§ evidenciado pelos seus danos 

nas §rvores, uma vez que poucos locais contam com registros meteorol·gicos. Isso implica que 

os padr»es de ocorr°ncia e a gravidade real de ventos extremos permanecem pouco 

compreendidos, o que dificulta nossa capacidade de prever de forma confi§vel sua ocorr°ncia 

e gravidade em escalas locais e regionais. Esta tese est§ estruturada em dois cap²tulos. O 

Cap²tulo 1 tem o objetivo de avaliar o efeito da resolu­«o espacial de diferentes sat®lites ·pticos 

na estimativa da mortalidade de §rvores em um evento catastr·fico de grandes propor­»es. O 

Cap²tulo 2 tem o objetivo de documentar os padr»es locais de rajadas de ventos com potencial 

destrutivo (VPD) para as §rvores ao longo de um gradiente topogr§fico e sazonal e quantificar 

como a intensidade da chuva afeta esses padr»es usando dados meteorol·gicos na altura do 

dossel. No cap²tulo 1, Landsat 8 (resolu­«o espacial de 30 m) apresentou a estimativa mais 

confi§vel em rela­«o ¨ mortalidade registrada em campo comparada com Sentinel 2 (10 m) e 

WorldView 2 (2 m), respectivamente. Landsat 8 teve uma resolu­«o mais pr·xima do n²vel de 

detalhamento dos danos usualmente registrados por invent§rios florestais. Imagens de alta 

resolu­«o podem melhorar as estimativas de mortalidade, mas ® necess§rio que danos na copa 

e o r§pido crescimento da regenera­«o natural sejam quantificados ao longo de todo o gradiente 

de severidade do dist¼rbio. No cap²tulo 2, durante 24 meses de monitoramento, foram 

registradas 424 VPDs em todos os meses do ano, mas essas rajadas foram mais frequentes, 

r§pidas e duradouras nas horas mais quentes do dia e na transi­«o da esta­«o seca para a 

chuvosa. Ćreas mais elevadas e expostas foram particularmente mais vulner§veis a VPDs. O 

percentil 87 de chuva (~0.7 mm min-1) mostrou a associa­«o mais forte com a frequ°ncia e a 

dura­«o das VPDs, destacando o papel de tempestades extremas na propaga­«o de ventos 

destrutivos. Esta pesquisa mostra que os danos na floresta variam localmente, os quais implicam 

que estimativas confi§veis de mortalidade de §rvores e o estabelecimento de padr»es robustos 

de VPD em escala de paisagem n«o s«o triviais. Isso destaca a import©ncia de padr»es locais 

de dist¼rbio em estimativas de danos em escala de paisagem, melhorando nosso conhecimento 

sobre os processos que regulam a din©mica da floresta e o balan­o de carbono na Amaz¹nia. 

 

Palavras-chave: Queda de §rvores; Ventos Extremos; Sensoriamento Remoto, Orografia. 
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ABSTRACT 

Storms propagating extreme winds are an important mechanism of tree mortality in Amazonian 

forests, influencing structure, species composition, biomass and carbon. Remote sensing and 

forest inventory have been combined for decades to access forest damage patterns in 

disturbances ranging from individual trees to large catastrophic events. Landsat has been widely 

used due to its large spatial and temporal coverage, favoring landscape-scale analysis. However, 

its medium spatial resolution makes it difficult to detect small groups of impacted trees. In the 

last decade, high-resolution satellite launches have improved the detection of small-scale forest 

damage caused by wind. However, their images have limited spatial and temporal coverage, are 

expensive and have not yet been tested on large-scale disturbances. This in turn limits our 

understanding of the benefits of spatial resolution in damage estimates that transcend local to 

regional scales. On the other hand, much of what we know about potentially destructive extreme 

wind patterns is evidenced by their damage to trees, as few locations have meteorological 

records. This implies that the patterns of occurrence and actual severity of extreme winds 

remain poorly understood, which hampers our ability to reliably predict their occurrence and 

severity at local and regional scales. This thesis is structured in two chapters. Chapter 1 aims to 

assess the effect of the spatial resolution of different optical satellites in estimating tree 

mortality in a major catastrophic event. Chapter 2 aims to document the local patterns of wind 

gusts with destructive potential (WPD) for trees along a topographic and seasonal gradient and 

quantify how rainfall intensity affects these patterns using meteorological data at canopy height. 

In chapter 1, Landsat 8 (30 m spatial resolution) presented the most reliable estimate in relation 

to mortality recorded in the field compared to Sentinel 2 (10 m) and WorldView 2 (2 m), 

respectively. Landsat 8 had a resolution closer to the level of detail of the damage usually 

recorded by forest inventories. High-resolution images can improve mortality estimates, but it 

is necessary for crown damage and the rapid growth of natural regeneration to be quantified 

along the entire gradient of disturbance severity. In Chapter 2, during 24 months of monitoring, 

424 WPD were recorded in every month of the year, but these bursts were more frequent, faster 

and longer-lasting in the hottest hours of the day and in the transition from the dry to the rainy 

season. Higher and more exposed areas were particularly vulnerable to WPD. The 87th 

percentile of rainfall (~0.7 mm min-1) showed the strongest association with the frequency and 

duration of WPD, highlighting the role of extreme storms in the spread of destructive winds. 

This research shows that forest damage varies locally, which implies that reliable estimates of 

tree mortality and the establishment of robust landscape-scale WPD patterns are not trivial. This 

highlights the importance of local disturbance patterns in landscape-scale damage estimates, 

improving our knowledge of the processes that regulate forest dynamics and carbon balance in 

the Amazon. 

 

Keywords: Windthrows, Extreme Winds, Remote Sensing, Orography.  
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1. INTRODU¢ëO 

O vento exerce uma for­a persistente sobre as §rvores, aplicando cargas que induzem 

respostas biol·gicas em sua arquitetura e propriedades da madeira (Geitmann e Grill, 2018; 

Loehle, 2016; Moore et al., 2018). As clareiras no dossel ocasionadas pelo vento s«o formadas 

quando a carga exercida por velocidades cr²ticas excede a estabilidade mec©nica da §rvore, 

ocasionando a queda de galhos, ruptura de troncos ou desenraizamento (Dahle et al., 2017; 

James et al., 2006; Loehle, 2016; Peterson et al., 2019; Ribeiro et al., 2016; Virot et al., 2016). 

O tamanho das clareiras evidencia impactos em diferentes escalas, variando entre eventos mais 

frequentes de quedas de galhos, §rvores individuais ou pequenos grupos at® eventos raros, como 

blowdowns impactando milhares de hectares (Esp²rito-Santo et al., 2014b; Mitchell, 2013; 

Negr·n-Ju§rez et al., 2010a; Nelson et al., 1994; Quine et al., 2021).  

Nas florestas da Amaz¹nia, tempestades propagando fortes rajadas de vento e chuva 

torrencial s«o um importante mecanismo de mortalidade de §rvores, influenciando a estrutura, 

composi­«o de esp®cies, biomassa e estoques de carbono (Aleixo et al., 2019; Esquivel-

Muelbert et al., 2020; Fontes et al., 2018; Magnabosco Marra et al., 2018; Marra et al., 2014; 

Urquiza Mu¶oz et al., 2021). Sistemas convectivos s«o considerados as figuras predominantes 

na atmosfera Amaz¹nica para a forma­«o de tempestades severas o suficiente para causar danos 

na floresta (Garstang et al., 1998; Negr·n-Ju§rez et al., 2010b; Nelson e Amaral, 1994; Nunes 

et al., 2016; Schumacher e Rasmussen, 2020). Estudos pr®vios t°m reportado maior atividade 

desses sistemas convectivos na esta­«o chuvosa (Lian et al., 2024; Negr·n-Ju§rez et al., 2017; 

Rehbein et al., 2018, 2019), coincidindo com as maiores taxas de mortalidade de §rvores 

individuais registradas por invent§rios florestais na Amaz¹nia Central (Aleixo et al., 2019; 

Esquivel-Muelbert et al., 2020; Fontes et al., 2018). 

Pesquisadores t°m se debru­ado em compreender a din©mica da abertura de clareiras 

em diferentes escalas, combinando principalmente invent§rio florestal e sensoriamento remoto. 

Entretanto, obter estimativas confi§veis de par©metros como percentual de mortalidade de 

§rvores, perda de biomassa, carbono e padr»es de abertura de clareiras n«o tem sido uma tarefa 

trivial (Csillik et al., 2024; Dalagnol et al., 2021; Esp²rito-Santo et al., 2014a; Feng et al., 2023; 

Gorgens et al., 2023; Negr·n-Ju§rez et al., 2011, 2010; Ometto et al., 2023; Tejada et al., 2019). 

Parcelas de invent§rio florestal s«o espacial e temporalmente restritas para capturar um 

gradiente ambiental extenso (Chambers et al., 2009a) e pequenos danos, como galhos 

quebrados e §rvores jovens ca²das nem sempre s«o registrados (Araujo et al., 2021a; Marra et 

al., 2018; Marra et al., 2014; Simonetti et al., 2023). Al®m disso, dados de sensoriamento remoto 

permitem a observa­«o de grandes §reas em intervalos relativamente curtos de tempo. Mas, a 
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rela­«o entre a escala espacial, escala temporal e custo dificulta a obten­«o de imagens de alta 

resolu­«o em coberturas de larga escala para o monitoramento de impactos em n²vel de 

indiv²duo (Andreae et al., 2015; Araujo et al., 2021b; Emmert et al., 2023; Negr·n-Ju§rez et al., 

2011; Simonetti et al., 2023). 

Devido a import©ncia da mortalidade de §rvores pelo vento como mecanismo de 

dist¼rbio nas florestas tropicais (Brown e Lugo, 1990; Foster et al., 1998; Lugo e Scatena, 

1996), estimativas robustas em escala de paisagem s«o fundamentais para entendermos os 

efeitos deste mecanismo no ecossistema e prever como as florestas v«o responder a um regime 

alterado de dist¼rbios (Aleixo et al., 2019; Chambers et al., 2013; Esquivel-Muelbert et al., 

2020; Feng et al., 2023b; Gora e Esquivel-Muelbert, 2021). A severidade dos danos causados 

pelo vento pode variar substancialmente devido a intera­«o entre caracter²sticas das §rvores, 

como densidade da madeira, §rea foliar e arquitetura, e fatores ambientais locais, como clima, 

topografia, solos, estrutura florestal e rugosidade das copas (Arellano et al., 2021; Belcher et 

al., 2012; Garstang et al., 1998; Geitmann e Gril, 2018; Jackson et al., 2019a; Quine et al., 2021; 

Ribeiro et al., 2016; Rifai et al., 2016; Ruel et al., 2001; de Toledo et al., 2012). Assim sendo, 

a robustez de estimativas regionais depende do qu«o apropriada a intera­«o vento-§rvore em 

escala local ® incorporada nos modelos (Araujo et al., 2021b, 2020; Negr·n-Ju§rez et al., 2011; 

Simonetti et al., 2023; Wang et al., 2020). 

Dados de sensoriamento remoto, principalmente Landsat, combinados com invent§rio 

florestal t°m permitido acessar os padr»es de danos, mortalidade e monitorar a recupera­«o da 

floresta durante d®cadas de subsequente sucess«o em diferentes regi»es (Marra et al., 2018; 

Marra et al., 2014; Negr·n-Ju§rez et al., 2018, 2010; Nelson et al., 1994; Rifai et al., 2016b; 

Silv®rio et al., 2019a; Urquiza Mu¶oz et al., 2021b). Landsat possui ampla cobertura 

espacial/temporal livre de custos (Williams et al., 2006), permitindo sua aplica­«o extensiva na 

detec­«o de dist¼rbios de grande escala (>5 ha) (Negr·n-Ju§rez et al., 2014, 2017; Negron-

Juarez et al., 2023; Negr·n-Ju§rez et al., 2010b; Urquiza-Mu¶oz et al., acepted). Entretanto, 

devido a m®dia resolu­«o espacial (Belward e Skßien, 2015), a detec­«o de indiv²duos ou 

grupos formados por menos do que seis a oito §rvores ca²das, as quais constituem a maior 

frequ°ncia de eventos de mortalidade na floresta, ® desafiadora (Chambers et al., 2013; Negr·n-

Ju§rez et al., 2011). Na ¼ltima d®cada, lan­amentos de sat®lites ·pticos de alta resolu­«o, como 

Sentinel 2, WorldView, PlanetScope, IKONOS, e QuickBird (Clark et al., 2004a; World View 

3, 2021; ESA, 2021; Planet Team, 2022) t°m permitido melhorias na detec­«o desses dist¼rbios, 

embora grande parte dessas op­»es apresentem cobertura restrita e altos custos de aquisi­«o 

que restringem nossa habilidade para monitoramentos de alta precis«o em escala de paisagem 
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(Clark et al., 2004b; Esp²rito-Santo et al., 2014a; Fuller, 2006; Muller Karger et al., 2018). Por 

essa raz«o, apesar de imagens sat®lites de alta resolu­«o terem se tornado dispon²veis para a 

Amaz¹nia, elas ainda n«o foram aplicadas para o mapeamento de dist¼rbios de grande escala 

(> 5 ha). 

O regime de ventos est§ relacionado primariamente com processos clim§ticos de larga 

escala de transfer°ncia de calor e umidade entre superf²cie e atmosfera (Dunlop, 2017; Garstang 

et al., 1998; Greco et al., 1994). Por sua vez, o regime local ® modulado tamb®m pela topografia 

e a rugosidade da superf²cie (Belcher et al., 2012; Gardiner et al., 2019; Ruel et al., 1998). 

Entretanto, grande parte do que sabemos sobre o vento com potencial destrutivo est§ amparado 

pela observa­«o de seus danos nas §rvores, uma vez que dados meteorol·gicos existem em 

comparativamente poucos locais. Na bacia amaz¹nica, estudos que utilizam dados de 

sensoriamento remoto mostraram que a precipita­«o extrema, a sazonalidade das chuvas, a 

eleva­«o da superf²cie e as caracter²sticas do solo explicam de 20 a 50% da variabilidade na 

ocorr°ncia de grandes (>5 ha) blowdowns (Negron-Juarez et al., 2023; Negr·n-Ju§rez et al., 

2017). No entanto, devido ¨ resolu­«o espacial e temporal relativamente pequena, os dados de 

sat®lites meteorol·gicos tendem a subestimar as varia­»es locais nos regimes de vento e chuva 

em escalas subpixel (alguns metros a poucos hectares) e maiores, especialmente em paisagens 

com gradientes ambientais intensos, como na Amaz¹nia Central (Harris et al., 2020; Hersbach 

et al., 2020; Huffman et al., 2020; Y. Jiang et al., 2021; Poggio et al., 2021; Renn· et al., 2008; 

Simard et al., 2011; Takaku et al., 2020). Antes dessa tese, poucos estudos documentaram os 

padr»es de vento na altura do dossel em um gradiente topogr§fico e sazonal representativo 

(p.ex. T·ta et al., 2012) e, at® o momento, n«o tenho conhecimento de estudos que abordaram 

ventos destrutivos. Isso implica que os padr»es sazonais e espaciais de um dos mais importantes 

agentes de dist¼rbio na floresta tropical permanecem pouco conhecidos, deixando uma 

importante lacuna no entendimento da intera­«o vento-§rvore na Amaz¹nia. 

Nesta tese, eu contribuo com o conhecimento dos padr»es locais de dist¼rbio na 

floresta por ventos extremos e sua import©ncia para estimativas confi§veis de danos em escalas 

locais para regionais. Esta tese ® composta por dois cap²tulos, o primeiro ® um artigo original 

publicado no peri·dico Remote Sensing em 14/08/2023 e o segundo ® um manuscrito submetido 

¨ publica­«o no peri·dico Biogeosciences em 15/10/2024. Os dois cap²tulos se conectam para 

abordar aspectos-chave no entendimento dos padr»es de mortalidade de §rvores por vento na 

Amaz¹nia Central. No cap²tulo 1, eu combinei tr°s imagens de sat®lites ·pticos de diferentes 

resolu­»es espaciais (Landsat 8 [30 m], Sentinel 2 [10 m] e WorldView 2 [2 m]) com invent§rio 

florestal detalhado ao longo de um extenso gradiente de dist¼rbio produzido por um blowdown 
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ocorrido em 2015 e que afetou uma §rea de aproximadamente ~70 ha, pr·ximo ¨ Manaus-AM, 

Brasil (Emmert et al., 2023). Ajustei modelos lineares generalizados descrevendo a rela­«o 

entre o percentual de mortalidade de §rvores estimado por an§lise de mistura espectral (Adams 

and Gillespie, 2006) das imagens e por invent§rio florestal. Os resultados mostraram que um 

aumento na escala espacial (i.e., redu­«o do tamanho do pixel) reduziu as incertezas das 

estimativas de mortalidade em rela­«o aos valores de campo, mas resultou em perda de 

qualidade de ajuste dos modelos. Por isso, Landsat 8 apresentou a maior sensibilidade, seguido 

por Sentinel 2 e WorldView 2. Danos nas copas, como quedas de galhos, desfolhamento e a 

regenera­«o natural do sub-bosque devem ser quantificados como medidas complementares de 

dist¼rbio para que imagens de alta resolu­«o sejam capazes de se comunicar confiavelmente 

com a verdade de campo. Os mesmos padr»es de ajuste e confiabilidade encontrados nas 

parcelas de campo tamb®m foram vistos em parcelas virtuais lan­adas em uma §rea mais 

extensa, indicando que estimativas locais extrapoladas para uma escala de paisagem (upscaling) 

s«o poss²veis se medidas complementares de danos forem incorporadas (Figura 1a).  

No capitulo 2, eu documentei pela primeira vez os padr»es de ventos extremos, aqui 

descritos como ventos com potencial destrutivo (VPD) para as §rvores, por meio de dados 

meteorol·gicos coletados na altura do dossel na plataforma INVENTA, localizada na Esta­«o 

Experimental de Silvicultura Tropical do INPA, Manaus-AM, Brasil. INVENTA (Intera­»es 

Vento-Ćrvore na Amaz¹nia), ao qual fa­o parte deste 2019, ® um grupo de pesquisa 

multidisciplinar que utiliza sensoriamento remoto, dados meteorol·gicos e terrestres para 

entender a mortalidade de §rvores causada pelo vento e as respostas florestais associadas (Marra 

et al., 2018). A partir de um m®todo anal²tico inovador, VPD com velocidades m²nimas iguais 

ou superiores a 10 m s-1 e dura­«o m²nima de 3 segundos (Harper et al., 2010) foram 

identificadas e seus atributos de frequ°ncia, velocidade m§xima e dura­«o cr²tica foram 

calculados para um gradiente topogr§fico e sazonal de 24 meses. Eu acessei diferen­as nos 

atributos das VPD entre os per²odos do dia e da noite e entre as esta­»es seca e chuvosa do ano. 

Usei modelos lineares para descrever a rela­«o entre os atributos das VPD e percentis de chuva 

por minuto. Os resultados mostraram que VPD ocorrem em todas as horas do dia e em todos os 

meses do ano, mas s«o mais frequentes e intensas nas horas mais quentes do dia e na esta­«o 

seca, principalmente na transi­«o entre as esta­»es seca e chuvosa. O percentil de chuva 87 

(~0,7 mm min-1) mostrou a rela­«o mais forte com os atributos das VPD, destacando a 

import©ncia de eventos extremos de chuva para a propaga­«o de ventos destrutivos (Figura 1b). 

Os resultados reportados no cap²tulo 1 sugerem que monitoramentos confi§veis de 

mortalidade de §rvores em escala de paisagem devem incorporar intera­»es vento-§rvore em 
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pequena escala, particularmente a mortalidade difusa que envolve a abertura de pequenas 

clareiras originadas por quedas de galhos, desfolhamentos e danos em §rvores individuais 

(Emmert et al., 2023). Esses danos de menor magnitude (<1 ha) respondem por grande parte 

dos dist¼rbios gerados pelo vento (Chambers et al., 2013) e s«o de dif²cil monitoramento e 

quantifica­«o (Anderegg et al., 2016; Asner et al., 2014). Neste contexto, o cap²tulo 1 

diretamente motivou futuros estudos (Figura 1c), incluindo o cap²tulo 2, que reportou resultados 

in®ditos sobre os padr»es locais de VPD e sua rela­«o com a topografia e a 

sazonalidade/intensidade da chuva (Figura 1b).  

 

Figura 1. Estrutura descrevendo a conex«o entre os artigos que comp»em a tese. As caixas de texto 

vermelhas representam os diferentes processos analisados na tese (a) e (b) e suas conex»es com outros 

aspectos potenciais a serem abordados em futuras pesquisas (c). As caixas em laranja e verde representam 

os artigos inclu²dos na tese e suas conex»es com futuras pesquisas e artigos potenciais representadas pelas 

setas nas cores de cada artigo da tese (Artigo 1 ï [Emmert et al., 2023]; Artigo 2 ï Emmert et al. [Manuscrito 

submetido ¨ revista Biogeosciences]). As caixas pretas abaixo das coloridas representam os dados e m®todos 

aplicados em cada artigo e sua integra­«o com futuras pesquisas (SR-AMS = Sensoriamento Remoto com 

An§lise de Mistura Espectral; IF-Det = Invent§rio Florestal Detalhado; AFR-Met = dados meteorol·gicos 

de alta frequ°ncia; ARET-SR imagens de alta resolu­«o espacial e temporal obtidas com Drone). 

 

2. OBJETIVOS 

2.1. Objetivo geral 

O objetivo geral desta tese ® investigar, atrav®s de sensoriamento remoto e medidas 

meteorol·gicas in situ, o papel de eventos de ventos extremos na mortalidade de §rvores na 

Amaz¹nia central, buscando-se assim compreender a din©mica espa­o-temporal desses eventos 

e seus impactos na floresta. 
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2.2. Objetivos espec²ficos 

Cap²tulo 1: Sensibilidade de sat®lites ·pticos para estimar a mortalidade de §rvores pelo 

vento em uma floresta da Amaz¹nia Central 

ü Quantificar como a resolu­«o espacial afeta as estimativas de mortalidade de §rvores pelo 

vento; 

ü Comparar qual sensor produz as estimativas de mortalidade de §rvores pelo vento mais 

confi§veis ao longo de um extenso gradiente de severidade. 

 

Cap²tulo 2: Ventos com potencial destrutivo ao longo de um gradiente topogr§fico e 

sazonal em uma floresta da Amaz¹nia Central 

ü Descrever os padr»es gerais de rajadas de vento destrutivas; 

ü Quantificar como os padr»es de rajadas de vento destrutivas s«o afetados pela topografia; 

ü Quantificar como os padr»es de rajadas de vento destrutivas s«o afetados pela sazonalidade 

da chuva; 

ü Quantificar como os padr»es de rajadas de vento destrutivas s«o afetados pela intensidade 

da chuva; 
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Cap²tulo 1 

 

Emmert, L. et al. Sensitivity of Optical Satellites to 

Estimate Windthrow Tree-Mortality in a Central Amazon 

Forest. Remote Sensing 2023, 15, 4027. 

https://doi.org/10.3390/rs15164027. 

(Artigo publicado na revista Remote Sensing)
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SENSITIVITY OF OPTICAL SATELLITES TO ESTIMATE 

WINDTHROW TREE-MORTALITY IN A CENTRAL AMAZON 

FOREST 

 

Abstract 

Windthrow (i.e., trees broken and uprooted by wind) is a major natural disturbance in Amazon 

forests. Images from medium-resolution optical satellites combined with extensive field data 

have allowed researchers to assess patterns of windthrow tree-mortality and to monitor forest 

recovery over decades of succession in different regions. Although satellites with high spatial-

resolution have become available in the last decade, they have not yet been employed for the 

quantification of windthrow tree-mortality. Here, we address how increasing the spatial 

resolution of satellites affects plot-to-landscape estimates of windthrow tree-mortality. We 

combined forest inventory data with Landsat 8 (30 m pixel), Sentinel 2 (10 m), and WorldView 

2 (2 m) imagery over an old-growth forest in the Central Amazon that was disturbed by a single 

windthrow event in November 2015. Remote sensing estimates of windthrow tree-mortality 

were produced from Spectral Mixture Analysis and evaluated with forest inventory data (i.e., 

ground true) by using Generalized Linear Models. Field measured windthrow tree-mortality (3 

transects and 30 subplots) crossing the entire disturbance gradient was 26.9 Ñ 11.1% (mean Ñ 

95% CI). Although the three satellites produced reliable and statistically similar estimates (from 

26.5% to 30.3%, p < 0.001), Landsat 8 had the most accurate results and efficiently captured 

field-observed variations in windthrow tree-mortality across the entire gradient of disturbance 

(Sentinel 2 and WorldView 2 produced the second and third best results, respectively). As 

expected, mean-associated uncertainties decreased systematically with increasing spatial 

resolution (i.e., from Landsat 8 to Sentinel 2 and WorldView 2). However, the overall quality 

of model fits showed the opposite pattern. We suggest that this reflects the influence of a 

relatively minor disturbance, such as defoliation and crown damage, and the fast growth of 

natural regeneration, which were not measured in the field nor can be captured by coarser 

resolution imagery. Our results validate the reliability of Landsat imagery for assessing plot-to-

landscape patterns of windthrow tree-mortality in dense and heterogeneous tropical forests. 

Satellites with high spatial resolution can improve estimates of windthrow severity by allowing 

the quantification of crown damage and mortality of lower canopy and understory trees. 

However, this requires the validation of remote sensing metrics using field data at compatible 

scales. 

 

Keywords: Blowdowns; Crown Damage; Forest Inventory; Extreme Wind Gusts; Natural 

Disturbances; Spatial Resolution; Spectral Mixture Analysis. 
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SENSIBILIDADE DE SAT£LITES čPTICOS PARA ESTIMAR A 

MORTALIDADE DE ĆRVORES PELO VENTO EM UMA FLORESTA 

DA AMAZĎNIA CENTRAL 

 

Resumo 

Queda de §rvores pelo vento (ou seja, §rvores quebradas e desenraizadas pelo vento) ® um 

grande dist¼rbio natural nas florestas amaz¹nicas. Imagens de sat®lites ·pticos de m®dia 

resolu­«o, combinadas com dados de campo extensivos, t°m permitido aos pesquisadores 

avaliar os padr»es de mortalidade de §rvores por vento extremo e monitorar a recupera­«o da 

floresta ao longo de d®cadas de sucess«o em diferentes regi»es. Embora os sat®lites com alta 

resolu­«o espacial tenham se tornado dispon²veis na ¼ltima d®cada, eles ainda n«o foram 

empregados para a quantifica­«o da mortalidade das §rvores causada por ventos extremos. 

Neste trabalho, abordamos como o aumento da resolu­«o espacial dos sat®lites afeta as 

estimativas de mortalidade de §rvores por ventos extremos em uma escala de parcela para 

paisagem. Combinamos dados de invent§rio florestal com imagens do Landsat 8 (pixel de 30 

m), Sentinel 2 (10 m) e WorldView 2 (2 m) sobre uma floresta madura na Amaz¹nia Central 

que foi perturbada por um ¼nico evento catastr·fico em novembro de 2015. As estimativas de 

sensoriamento remoto da mortalidade de §rvores pelo vento extremo foram produzidas a partir 

da An§lise de Mistura Espectral e avaliadas com dados de invent§rio florestal (ou seja, verdades 

de campo) usando Modelos Lineares Generalizados. A mortalidade de §rvores por vento 

extremo medida em campo (3 transectos e 30 subparcelas) ao longo de todo o gradiente de 

dist¼rbio foi de 26,9 Ñ 11,1% (m®dia Ñ 95% CI). Embora os tr°s sat®lites tenham produzido 

estimativas confi§veis e estatisticamente semelhantes (de 26,5% a 30,3%, p < 0,001), Landsat 

8 apresentou os resultados mais confi§veis e captou de forma eficiente as varia­»es observadas 

em campo na mortalidade de §rvores por ventos extremos em todo o gradiente de dist¼rbio 

(Sentinel 2 e WorldView 2 produziram o segundo e o terceiro melhores resultados, 

respectivamente). Como esperado, as incertezas associadas ¨ m®dia diminu²ram 

sistematicamente com o aumento da resolu­«o espacial (ou seja, do Landsat 8 para o Sentinel 

2 e WorldView 2). Entretanto, a qualidade geral dos ajustes do modelo apresentou o padr«o 

oposto. Sugerimos que isso reflete a influ°ncia de um dist¼rbio relativamente pequeno, como 

desfolhamento e danos ¨ copa, e o r§pido crescimento da regenera­«o natural, que n«o foram 

medidos no campo nem podem ser capturados por imagens de resolu­«o mais grosseira. Nossos 

resultados validam a confiabilidade das imagens do Landsat para avaliar os padr»es de 

mortalidade de §rvores por ventos extremos em escalas de parcelas para paisagens em florestas 

tropicais densas e heterog°neas. Os sat®lites com alta resolu­«o espacial podem melhorar as 

estimativas da severidade de dist¼rbio pelo vento, permitindo a quantifica­«o dos danos ¨s 

copas e da mortalidade das §rvores de dossel e sub-bosque inferiores. No entanto, isso requer a 

valida­«o de m®tricas de sensoriamento remoto usando dados de campo em escalas 

compat²veis. 

 

Palavras-chave: Ventos Descendentes; Danos ¨ Copa; Invent§rio Florestal; Rajadas de Vento 

Extremas; Dist¼rbios Naturais; Resolu­«o Espacial; An§lise de Mistura Espectral. 
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1. Introduction 

Windthrows (i.e., trees snapped and uprooted by wind) are the major mechanism of 

tree mortality in the Amazon, and can influence forest structure, species composition, and 

carbon balance (Magnabosco Marra et al., 2018; Marra et al., 2014; Rifai et al., 2016a; Urquiza 

Mu¶oz et al., 2021a). Windthrows are associated with extreme rainfall events, mostly produced 

by mesoscale convective systems (Rehbein et al., 2018). Under climate change, the intensity 

and frequency of convective storms is predicted to increase (Feng et al., 2023; IPCC, 2021). 

Thus, accurately quantifying the occurrence of windthrows and associated tree mortality can 

contribute to understanding their ecosystem effects, and to predict how forests will respond to 

altered disturbance regimes (Aleixo et al., 2019; Chambers et al., 2013; Esquivel-Muelbert et 

al., 2020; Gora and Esquivel-Muelbert, 2021). 

Optical satellite imagery with medium spatial resolution (from 10 m to 39.9 m pixel 

size) (Belward and Skßien, 2015), such as Landsat, combined with field data has allowed 

researchers to assess patterns of tree damage and mortality, and to monitor forest recovery over 

decades of subsequent succession in different regions (Negr·n-Ju§rez et al., 2018, 2010; Nelson 

and Amaral, 1994). These studies demonstrated that windthrows affect a large portion of the 

Amazon and occur with a range of intensities and sizes. The Central and Northwestern Amazon 

regions concentrate the highest incidence of large-scale (>30 ha) events (Negron-Juarez et al., 

2023; Negr·n-Ju§rez et al., 2017, 2018).  

Landsat offers broad coverage of the Earthôs surface and long-term imagery data 

(Coppin et al., 2004; Goward et al., 2006; Roy et al., 2014), allowing for reliable estimates of 

windthrow tree mortality at the stand, landscape, and regional scales (Negron-Juarez et al., 

2023; Negr·n-Ju§rez et al., 2018, 2010). However, robust estimates of tree mortality depend on 

the compatibility between the spatial resolution of optical sensors and the grain size of targets 

(Coops et al., 2006; Woodcock and Strahler, 1987). For this reason, using Landsat to detect 

windthrows formed by clusters of less than ~6ï8 dead trees is challenging (Negr·n-Ju§rez et 

al., 2011). Even for larger windthrows (>5 ha), Landsat assessments may underestimate tree 

mortality by not accurately capturing relatively lower levels of disturbance on the periphery of 

impacted patches or due to surviving trees and the relatively fast regrowth of the natural 

regeneration (Negr·n-Ju§rez et al., 2020, 2018). 

Obtaining reliable estimates of tree mortality using remote sensing is not a trivial task. 

The quality of such estimates is highly dependent on the target of interest (e.g., single or 

clustering dead-trees, (Asner et al., 2013, 2004)), the methods used to quantify windthrow 

severity (Adams and Gillespie, 2006), and the characteristics of the employed sensors (e.g., 
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spatial, temporal, and spectral resolutions (Turner, 1989; Woodcock and Strahler, 1987; Wulder, 

1998)). The spatial resolution of satellites has been treated as an important variable in this 

process as it can improve the detection capability of small and diffuse vegetation damage, and 

thus minimize the influence of spectral mixing (Townshend and Justice, 1988). Spectral mixing 

tends to dilute the spectral signature of tree damage and mortality with other elements within 

the pixels. This includes shadow, exposed soil, or surviving trees within a matrix of impacted 

forest (Adams and Gillespie, 2006; Asner and Warner, 2003). High spatial resolution satellite 

data, such as QuickBird, IKONOS, GeoEye, and WorldView, are suitable for detecting small 

canopy gaps in dense tropical forests (Clark et al., 2004a, 2004b; Dalagnol et al., 2019; Fuller, 

2006; Jackson and Adam, 2020) and have been shown to be efficient, even for detecting 

individual tree mortality in the Amazon (Asner et al., 2013, 2004; Dalagnol et al., 2019; 

Esp²rito-Santo et al., 2014b, 2014a).  

In addition to optical satellites, other approaches such as SAR (Synthetic-Aperture 

Radar (Dwyer et al., 2000; Fransson et al., 2002), LiDAR (Dalagnol et al., 2021; Gorgens et 

al., 2023; Weishampel et al., 2007) and aerial photos (Simonetti et al., 2023) have been tested 

to estimate tree-mortality associated with windthrows. SAR offers data that are less dependent 

on weather effects and with spatial resolutions comparable to high- and medium-resolution 

satellites (Green, 1998; Schwarz et al., 2003). However, this technology has not yet been tested 

for the Amazon, and a study conducted in a temperate forest showed that windthrow detection 

was not reliable due to shading and overlap effects that are common in mountainous areas, as 

well as the polarization and distortions associated with the angle of incidence during image 

acquisition (Schwarz et al., 2003). Although aerial photos, LiDAR, and high-resolution 

satellites provide high-quality data, they have relatively restricted spatial and temporal 

coverage, high costs, and variations in light conditions and angles of view. These aspects restrict 

the use of such imagery for assessing patterns of forest damage and recovery (Ping et al., 2023). 

Previous studies have successfully related windthrow tree-mortality recorded in forest 

inventories to changes in reflectance by using Spectral Mixture Analysis (SMA) (Adams and 

Gillespie, 2006) of Landsat images (Negr·n-Ju§rez et al., 2017, 2018, 2010). These studies 

show a consistent correlation between field and remote sensing data. Recent advances in 

computational techniques using Machine Learning have enabled the automatic detection of 

windthrows in forests outside the Amazon using high spatial resolution satellite imagery 

(Galizia et al., 2023; Jaiswal et al., 2022; Kislov and Korznikov, 2020). These techniques could 

enhance future research results using high spatial resolution imagery (Deigele et al., 2020; 

Hamdi et al., 2019; Kislov et al., 2021). 
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Although optical satellites with high spatial resolution (pixel size Ò10 m) have become 

available for the Amazon in the last decade, they have not yet been applied for mapping 

windthrows and quantifying associated tree mortality. Therefore, how windthrow tree mortality 

estimates obtained with high-resolution satellites will be related to ground truth (i.e., precision 

and accuracy) in dense tropical forests remains unexplored. 

Here, we combined optical remote sensing with forest inventory data across a 

disturbance gradient created by a single windthrow event from 2015 to investigate how spatial 

resolution affects the accuracy and precision of tree mortality estimates in the Central Amazon. 

Our study provides a framework for future research that aims to assess the severity of natural 

disturbances through reliable estimates of tree mortality. We addressed the following questions: 

(i) How does spatial resolution affect estimates of windthrow tree-mortality? (ii) Which sensor 

(i.e., Landsat 8, Sentinel 2, and WorldView 2) produces the most reliable estimates of tree 

mortality across an extent gradient of windthrow severities? 

 

2. Materials and Methods 

2.1. Study area and sampling design 

This research was conducted in a remote old-growth forest located near Manaus, Brazil 

(2Á53ô41òS, 60Á16ô26òW). This forest was impacted by a convective storm that occurred in 

November 2015, which propagated destructive wind gusts and rain and caused widespread tree 

mortality across an area of ~70 hectares (Figure 1aïc).  

 

Figure 1. Windthrown forest located near Manaus, Central Amazon, Brazil (a,b), and inventory and virtual 

plots used to quantify tree mortality (cïe). Subfigures c and e are an RGB-composition from WorldView 2 

image from 27 July 2016. 
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The windthrown area is covered by a forest transitioning from terra-firme (at the 

higher portions of the relief) to campinarana, such as described in adjacent areas (Andreae et 

al., 2015; Oliveira and Amaral, 2004; Stropp et al., 2011; Targhetta et al., 2015). Terra-firme is 

the most common upland forest type in the Amazon basin (Braga, 1979; Higuchi et al., 2004). 

The lower portions of valleys (regionally known as baixios) can be temporally flooded by 

relatively small streams (Telles et al., 2003). The terra-firme forests have a continuous canopy, 

dense understory, and high diversity of tree species (Carneiro, 2004; Chambers et al., 2009b; 

Marra et al., 2014; Pinto et al., 2003). Campinaranas are the predominant forest type that cover 

sandy soil patches with low nutrient content and poor drainage during the rainy season 

(Anderson, 1981). Compared to terra-firme forests, campinaranas have lower species richness 

and a distinct floristic composition due to their oligotrophic conditions (Adeney et al., 2016). 

In comparison to terra-firme, these forests usually have a decreased tree density, basal area, and 

biomass; shorter canopy; and are dominated by few tree species (Stropp et al., 2011). The 

transition between terra-firme and campinaranas can aggregate species from both 

environments, and thus produce relatively high species diversity ï for instance, having between 

63 to 137 species in a single hectare (Andreae et al., 2015). Our study site is located in a remote 

area not affected by previous human or other large-scale natural disturbances during the last 

several decades. 

The average annual temperature and precipitation in the region of Manaus (40 km from 

our study site) is 26.9 Ñ 0.17 ÁC and 2.231 Ñ 118 mm, respectively (mean Ñ 95% confidence 

interval for the period of 1970ï2016, (Magnabosco Marra et al., 2018)). This region has an 

evident dry season from July to September, with monthly precipitation usually being less than 

100 mm (Negr·n-Ju§rez et al., 2017, 2018). Soils on the plateaus have generally high clay 

content that transition to sandy soils in the lower portions (Ferraz et al., 1998; Luiz«o and 

Schubart, 1987). In general, the soils have low fertility, low pH, high aluminum concentration, 

and low organic carbon content (Telles et al., 2003). The local relief in our study region is 

undulating, including plateaus, slopes, and small valleys associated with perennial drainages 

(Ferraz et al., 1998; Telles et al., 2003). 

To quantify windthrow tree-mortality in the field, we carried out a detailed forest 

inventory following a protocol built up from previous studies (Magnabosco Marra et al., 2018; 

Marra et al., 2014; Negr·n-Ju§rez et al., 2018, 2011, 2010). Following previous research 

conducted across different regions of the Amazon (Magnabosco Marra et al., 2018; Marra et 

al., 2014; Negr·n-Ju§rez et al., 2011; Urquiza Mu¶oz et al., 2021a), we selected areas spanning 
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the entire gradient of tree mortality within the affected forest, which were inspected in the field 

and through previous assessments that were performed by following well-established protocols 

(Magnabosco Marra et al., 2018; Marra et al., 2014). Since this is a remote area for which no 

accessing infrastructure was available (e.g., roads and trails), our sampling also considered 

logistics limitations and the safety of our field crew. The forest inventory was performed over 

two campaigns conducted in December 2016 (~1 year after the windthrow) and April 2017 

(~1.5 years after the windthrow). We established three 20 m Ĭ 125 m transects, subdivided into 

10 subplots of 10 m Ĭ 25 m (250 m2) (total of 30 subplots, hereafter referred to as field subplots). 

Our transects crossed the entire disturbance gradient, ranging from areas with little or no 

disturbance (i.e., unimpacted old-growth forest) to severely impacted forest with few or no 

surviving trees. In the field subplots, we recorded, identified, and measured the diameter at 

breast height (DBH) of all living trees with DBH Ó10 cm. Due to logistic and safety issues, we 

did not count dead trees in severely impacted areas. With this we also aimed to reduce random 

errors due to possible missing trees hidden below the large amount of coarse wood debris that 

is typical of windthrows (Figures S1 to S4 in the Supplementary material) (Marra et al., 2014; 

Negr·n-Ju§rez et al., 2010b). Instead, we estimated the number of dead trees by subtracting the 

number of living/surviving trees recorded in each subplot from 15, which corresponds to mean 

tree density in adjacent old-growth forests (i.e., ~590 trees haī1, or 15 trees in 250 m2, Table 

S1, (Almeida, 2012; Amaral et al., 2000; Andreae et al., 2015; Marra et al., 2014; Stropp et al., 

2011; Targhetta et al., 2015; Urquiza Mu¶oz et al., 2021a; Woortmann et al., 2018). The 

subplots with more than 15 live trees were considered as undisturbed (i.e., no associated 

windthrow tree-mortality). 

 

2.2. Spectral mixture analysis and remote sensing estimates of windthrow tree-mortality  

We used Landsat 8 and Sentinel 2 images acquired before and after the studied 

windthrow event (11 September 2015 and 27 July 2016, and 25 August 2015 and 30 July 2016, 

respectively). For WorldView 2, we only used an image acquired after the event (27 July 2016). 

Landsat 8 and Sentinel 2 were downloaded from the Google Earth Engine platform 

(https://earthengine.google.com/, accessed on 25 April 2022) (Gorelick et al., 2017), and 

WorldView 2 was purchased from Digital Globe. We selected images with the minimum percent 

cloud cover, the closest pass dates to each other, and the greatest proximity between the 

acquisition date and the occurrence of the studied windthrow (Table S2).  

We used Spectral Mixture Analysis (SMA) (Adams et al., 1995; Shimabukuro and 

Smith, 1991) and quantified the fractions of endmembers (Adams and Gillespie, 2006) 
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following a well-known routine that was established in previous studies (Chambers et al., 2013; 

Negr·n-Ju§rez et al., 2017, 2018, 2011, 2010). The endmembers contain specific spectral 

signatures of multiple elements that make up the forest surface and can be used to compute 

fraction images for different targets of interest (Ponzoni et al., 2012; Somers et al., 2011). We 

quantified the fraction of the following endmembers: green vegetation (GV, i.e., 

photosynthetically active vegetation), non-photosynthetic vegetation (NPV, i.e., dead 

vegetation), and shade (SHD) (Adams and Gillespie, 2006). Endmembers were extracted and 

quantified using the software, ENVI 5.3 (Adams and Gillespie, 2006; Exelis Visual Solutions 

Information, 2010; Green et al., 1988; NV5-Geospatial, 2023; Shimabukuro and Ponzoni, 

2017).  

We used Landsat 8 and Sentinel 2 imagery with pixel values corrected for top-of-

atmosphere (TOA) reflectance. For WorldView 2, a band-by-band radiometric correction factor 

was used to bring pixel values to the same range as Landsat 8 and Sentinel 2 (Uptike and Comp, 

2010). As the evaluated satellites have different numbers of bands and respective spectral 

ranges, we obtained the spectral signatures of the focal endmembers by using the bands 

common to all of them. For Landsat 8 and Sentinel 2, we used the blue, green, red, NIR, and 

SWIR bands. Since WorldView 2 has a smaller spectral range, we used the blue, green, red, red 

edge, and NIR bands. The selected bands are sensitive to the physical, chemical, and anatomical 

characteristics of the leaves and trunks, thereby maximizing the distinction between GV and 

NPV (Adams et al., 1995; Ponzoni et al., 2012; Somers et al., 2011). 

We used the Purity Pixel Index spectral toolkit (Linear Spectral Unmixing, 2022; 

Figure S8) that relied on a well-established and reliable method that has been extensively used 

(Marra et al., 2014; Negron-Juarez et al., 2023; Negr·n-Ju§rez et al., 2017, 2010) to select the 

purest pixels from all images (e.g., areas where all trees were downed versus unaffected old-

growth forest) to acquire the most accurate/representative endmembers of interest (Adams and 

Gillespie, 2006). Finally, we conducted a SMA to compute fraction images of GV, NPV, and 

SHD (Shimabukuro and Smith, 1991). Windthrows have a specific spectral signature for the 

NPV fraction, which originated from the deposition of large amounts of dead leaves and wood 

debris on the forest floor (Nelson et al., 1994). To ensure that the GV fraction represented forest 

patches not affected by the studied windthrow, we selected endmembers within the adjacent 

old-growth forest. The SHD endmember was selected from rivers in the vicinity of the impacted 

area. 

The SHD endmember quantifies the effects of shading associated with the acquisition 

angle of images, canopy roughness, topography, and clouds (Adams and Gillespie, 2006; 
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Roberts et al., 1993). Shading is highly related to the biophysical characteristics of trees and a 

major aspect contributing to variations in radiance and reflectance of canopies (Ponzoni et al., 

2012). In tropical forests, shade can represent 30% of the canopy pixels and this effect can be 

observed in the red and NIR bands of medium- and high-resolution imagery (Asner and Warner, 

2003). In windthrown forests, a systematic reduction in the shadow fraction can be expected; 

however, the shadow fraction remains relatively high in areas that were less impacted and at 

the edge of gaps (Negr·n-Ju§rez et al., 2011). We conducted our analyses using the normalized 

GV and NPV fractions, for which the sum equals to 1 using the following equation: 

.06  
.06

'6 .06
 (1) 

 

where NPVnorm is the normalized values of the endmembers ranging from 0 to 1 (Adams and 

Gillespie, 2006). This implies that a reduction in one fraction leads to an increase in the other 

fraction by the same proportion (Adams and Gillespie, 2006) (Figure S10). The best images 

were selected according to (Adams et al., 1993), our field observations, and the spatial 

distribution of NPVnorm values across the windthrow patches visible in the RGB compositions. 

We checked the histograms of the NPVnorm images and selected those with more than 98% of 

the pixels with values between 0 and 1 (Souza et al., 2005). We also used the residual error 

(RMS) from the SMA as a selection criterium (i.e., the lower the better) (Figure 2).  

 

Figure 2. Cuts of selected NPVnorm images obtained from Spectral Mixture Analysis. (a) Landsat 8; (b) 

Sentinel 2; (c) WorldView 2. 
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The differences between the NPVnorm before (i.e., old-growth) and after disturbance 

(ȹNPV) provide a quantitative measure of windthrow tree-mortality (Chambers et al., 2013, 

2007). The larger the ȹNPV values, the greater the windthrow tree-mortality (Chambers et al., 

2013; Negr·n-Ju§rez et al., 2011, 2010). For Landsat 8 and Sentinel 2, we calculated the ȹNPV 

fraction using the selected pair of images as described earlier (Table S6). In addition, we focused 

on images whose acquisition date was as close as possible to the windthrow date. We defined 

the probable date of occurrence based on the analysis of a time-series of Sentinel 2, which has 

a shorter revisiting time (~5 days) compared to Landsat 8 (~16 days). 

This approach could not be implemented for WorldView 2, for which we had a single 

image after the windthrow. The NPVnorm and ȹNPV for Landsat 8 and Sentinel 2 varied with 

similar ranges and amplitudes (Figures S5 and S6, Tables S5 and S6). As supported by this 

pattern and the old-growth stage of forest surrounding the windthrown areas (i.e., no human or 

large-scale natural disturbances), comparison analyses were conducted for NPVnorm of the three 

satellites.  

We calculated NPVnorm at subplot level (Table S3). For this, we converted the NPVnorm 

images in raster format to NPVnorm polygons in shapefile format using QGIS (QGIS 

Development Team, 2016). We further intersected the subplot shapefile polygon with the 

NPVnorm polygons for isolating all segments inside respective subplots. Thus, for each field 

subplot we obtained one or more segments of NPVnorm. We calculated the area of each NPVnorm 

polygon to obtain a weighted NPV value for each subplot (Magnabosco Marra et al., 2018; 

Marra et al., 2014; Urquiza Mu¶oz et al., 2021a) as: 

.06 
.06  z!

ςυπ
 (2) 

 

where NPV is the weighted value within each subplot, NPVnorm is the normalized value 

of each pixel, and A is the area of each pixel (m2) that is fully or partially included in the 

respective subplot; 250 is equivalent to the area (m2) of each subplot.  

Apart from the 30 field subplots, we estimated windthrow tree mortality for 100 virtual 

subplots (10 m Ĭ 25 m; hereafter referred to as virtual subplots) that were randomly distributed 

across the disturbed forest (Figure 1d and e). These virtual subplots were used to evaluate the 

robustness of tree mortality estimates by the three satellites in adjacent areas containing a 

greater variation of windthrow severity (Figure 1e). The NPV weighted values for virtual 

subplots were obtained using the same method described for field subplots. 
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2.3. Modeling remote sensing and field tree-mortality 

We fitted a Generalized Linear Model (GLM) relating NPV with field-measured 

windthrow tree-mortality (see Section 2.1). The GLMs were fitted for each satellite. We 

described the distribution of residuals using the binomial family, and used the logit link 

function, in which linear predictors must be reversed to the scale of the observations by means 

of an inverse function (McCullagh and Nelder, 1989). 

We used the field subplots only for model fitting, thus avoiding overfitting problems 

for the cases in which the validation was performed using the same subplots (Hawkins, 2004). 

Virtual subplots were not used for validation/training; we focused on evaluating the 

performance of the models, and also assessed the Residual Deviance using Analysis of Variance 

(ANOVA). For each model we calculated the Akaike Information Criteria (AIC, (Murtaugh, 

2014)), Standard Error of the Estimates (Syx), Root Mean Square Error (RMSE), Residual 

Standard Deviation (Sigma), and the Adjusted Coefficient of Determination (R2) computed with 

the Kullback-Leibler divergence formula (R2KL, (Kullback, 1997)). The R2
KL is suitable for 

exponential family models (e.g., logit), which retains the informative properties of the fit due 

to the inclusion of regressors (Cameron and Windmeijer, 1997; Kullback, 1997). Unlike the 

linear model, which is based on the Ordinary Least Squares (OLS) approach, R2 in these models 

does not represent the proportion of variability explained, because the binomial distribution 

does not have the same variability structure as the normal distribution used in simple linear 

regression (Gotelli and Ellisson, 2013). For this reason, some methods for measuring the 

goodness-of-fit of GLM models, in particular for log-link families (e.g., binomial, exponential, 

gamma), have been constructed to express one more diagnostic measure of the nonlinear 

models. Among the available methods, the R2
KL (Kullbackôs formula) provides a measure of 

the divergence between the distribution of observed and estimated values (Cameron and 

Windmeijer, 1997; Kullback, 1997). This measure can be used analogously to the R2 for 

quantifying how much of the variation of field-measured tree mortality was captured by the 

fitted models (Smith and McKenna, 2013). The best model was the one with the lower Residual 

Deviance, AIC, Syx, RMSE, Sigma, and higher R
2
KL.  

We assessed the precision (i.e., minimum [Min], maximum [Max], median, and mean) 

and accuracy (i.e., standard deviation [SD], standard error [SE], and 95% confidence interval 

of the mean [hereafter referred to as 95% CI]) of remote estimates of tree mortality. For 

comparing our results with those reported for other Amazon regions (Magnabosco Marra et al., 

2018; Urquiza Mu¶oz et al., 2021a), we also expressed windthrow tree-mortality as categories 

of severities: old-growth/undisturbed forest [Ò4% of windthrow tree mortality]; low windthrow 



19 

 

 

severity [4% < windthrow tree mortality Ò 20%]; moderate windthrow severity [20% < 

windthrow tree mortality Ò 40%]; high windthrow severity [40% < windthrow tree mortality Ò 

60%]; and extreme windthrow severity [>60% of windthrow tree mortality]).  

 

2.4. Statistical analysis 

To determine the most appropriate statistical tools for this study, we assessed the 

assumptions required for the use of parametric and non-parametric approaches (Sheskin, 2003). 

We tested whether our measurements and estimates of windthrow tree mortality were normally 

and homogeneously distributed using the Shapiro-Wilk and Levene variance tests, respectively. 

As our data were not normally distributed and field subplots were nested in the transects, we 

further conducted a non-parametric approach. We further applied the Kruskal-Wallis test on 

medians (Gotelli and Ellisson, 2013) to assess possible differences between the distribution of 

estimated and measured values of windthrow tree mortality. Differences between field and 

remote sensing estimates were assessed using the Mann-Whitney post-hoc test, which allows 

for comparing paired data sets. Although the arithmetic mean is not a precise measure of central 

tendency for non-parametric data (Gotelli and Ellisson, 2013), we also reported weighted mean 

values of field-measured and remote-estimated tree mortality, as supported by the Central Limit 

Theorem (Le Cam, 1986). We further analyzed differences among satellites using ANOVA, 

followed by the Tukey post-hoc test. Statistical analyses were conducted in the R 4.2.2 software 

(R Core Team, 2024) and based on a probability level of 95%. 

 

3. Results 

3.1. How does spatial resolution affect satellite estimates of windthrow tree-mortality? 

Across all field subplots (0.75 ha), we sampled 341 live and 121 dead trees. This is 

equivalent to 616 Ñ 13.3 trees haī1 (455 Ñ 70.2 and 161 Ñ 63.7 live and dead trees haī1, 

respectively) (mean Ñ 95% CI). Live trees were distributed across 142 species, 86 genera, and 

36 families. The mean windthrow tree-mortality measured in the field was 26.9 Ñ 11.1%, with 

a median of 13%, and minimum and maximum values of 0% and 93%, respectively (Table S3).  

Variations in windthrow tree mortality were efficiently captured by three satellites 

evaluated in our study. Overall, the best agreement between field measurements and satellite 

estimates (i.e., lower Residual Deviance, AIC, Syx, RMSE, Sigma, and higher R
2
KL) was 

achieved with Landsat 8, followed by Sentinel 2 and WorldView 2. This result indicates that 

increasing the spatial resolution (i.e., from Landsat 8 to Sentinel 2 and WorldView 2) implied a 

systematic loss of quality of fit of the models. Moreover, increasing the spatial resolution did 
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not consistently modify the intercept and slope values of models. Surprisingly, all satellites 

showed minimum values of tree mortality ranging from ~9ï11% (intercept) and a slope close 

to one (Table 1).  

Table 1. Fitting summary of GLM models used to relate field with remote sensing estimates of windthrow 

tree-mortality in a Central Amazon forest, Brazil. AIC = Akaike Information Criteria; Syx = standard error 

of the estimates; RMSE = root mean square error; Sigma = residual standard deviation; R2KL = Kullback-

Leibler coefficient of determination. 

Model 
Residual 

Deviance 
AIC  Syx RMSE Sigma R2

KL  
Coefficients 

a (Intercept) b (Slope) 

Landsat 8 125.33 183.37 0.2096 0.194 2.116 0.4342 9.08 0.9837 

Sentinel 2 136.51 194.55 0.2211 0.209 2.208 0.3837 11.21 0.9719 

WorldView 2 150.01 208.05 0.2234 0.219 2.315 0.3237 10.61 0.9977 

 

We found a strong and positive correlation between NPVnorm and field measurements 

of windthrow tree-mortality (p < 0.001, all, Figure 3). The mean and median of remote estimates 

were statistically similar for both field (F = 0.003 and p = 0.99 [mean test]; X2
Kruskal-Wallis = 3.23 

and p-value = 0.36 [median test]) and virtual subplots (F = 0.70 and p = 0.49 [mean test]; 

X2Kruskal-Wallis = 1.58 and p-value = 0.45 [median test])). Increasing the spatial resolution of 

images led to an overall decrease of model uncertainties (lower standard deviation, standard 

error, confidence interval, and interquartile interval). There was an increase in the range of 

estimated values in a narrower range of distribution across the disturbed landscape, which also 

resulted in systematic reductions of the interquartile ranges (Table 2).  

 

Figure 3. GLM models describing the relationship between windthrow tree-mortality measured in the field 

and estimated using remote sensing data. (a) Functions describing the relationship between NPV and 

windthrow tree-mortality (%) measured in the field; (b) Linear models describing the relationship between 

windthrow tree-mortality measured in the field and estimated using remote sensing. The black dotted and 

red lines are the 1:1 line (perfect linear relationship) and the actual relationship between observed and 
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estimated values, respectively; (c) Symmetry of the distribution of residuals in relation to windthrow tree-

mortality values estimated using remote sensing. 

 

Table 2. Descriptive statistics of windthrow tree-mortality (%) measured in the field and estimated with 

remote sensing for a Central Amazon forest, Brazil. Min and Max-minimum and maximum values; Q1 and 

Q3-first and third median quartiles; Iqr-Interquartile range; SD-Standard Deviation; SE-Standard Error; 

CI-95% Confidence Interval. * Mean windthrow tree mortality is similar among satellites. 

Subplot Type Measure Min  Max Median Q1 Q3 Iqr  Mean SD SE CI  

Field Field 0.0 93.0 13.0 0.0 47.0 47.0 26.9 29.7 5.4 11.1 
 Landsat 8 10.3 80.1 16.1 12.8 29.8 17.0 26.5 * 22.5 4.1 8.4 
 Sentinel 2 11.4 75.0 16.3 14.0 22.8 8.8 26.5 * 21.2 3.9 7.9 
 WorldView 2 12.6 80.8 18.0 15.4 22.3 6.9 26.5 * 19.7 3.6 7.4 

Virtual Landsat 8 11.1 81.1 17.6 15.0 43.7 28.7 30.2 22.1 2.2 4.4 
 Sentinel 2 11.7 80.2 19.5 16.2 40.9 24.7 30.3 19.5 1.9 3.9 

  WorldView 2 13.1 92.0 21.2 16.8 32.2 15.4 27.4 16.1 1.6 3.2 

 

The sensitivity of satellites also varied across the windthrow tree-mortality gradient. 

Landsat 8 and Sentinel 2 had a similar trend curve that differed from that of WorldView 2 

(Figure 3a). Overall, increasing the spatial resolution systematically decreased the quality of 

tree mortality (Figure 3b). Windthrow tree-mortality obtained from Landsat 8 and Sentinel 2 

had a more uniform residual distribution than that of WorldView 2, which indicates that the 

sensitivity of the former satellites was less susceptible to bias at the extremes of the severity 

gradient (Figure 3c). Increasing spatial resolution led to higher sensitivity for capturing diffuse 

tree mortality, possible reflecting crown, and minor damage. However, it also led to 

underestimated estimates of tree mortality in severely damaged areas (Figure 4).  

 

Figure 4. Distribution of windthrow tree-mortality (%) estimated from satellite data with varying spatial 

resolution (i.e., from 2 m to 30 m pixel). (a) Windthrow tree-mortality in field subplots; (b) Windthrow tree-

mortality in virtual subplots. Hollow black circles are the outliers. 
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3.2. Which sensor produces the most reliable estimates of windthrow tree-mortality across 

an extent gradient of windthrow severity? 

All satellites produced consistent estimates of windthrow tree-mortality from moderate 

to high disturbance severity (i.e., 25% to 42% of windthrow tree-mortality). Remote estimates 

overestimated field measurements by 5ï10% from old-growth forest to moderate windthrow 

severity. From moderate to extreme windthrow severity, we found the opposite patternði.e., 

10ï15% underestimation (Figure 5a). Remote estimates of tree mortality for our virtual subplots 

covering a wider disturbance gradient were similar from low to moderate windthrow tree-

mortality. From moderate to extreme windthrow tree-mortality, Landsat 8 and Sentinel 2 

yielded comparable values, which were also different from those obtained from WorldView 2 

(Figure 5b). Although with greater associated uncertainties at specific ranges of tree mortality 

(low to moderate and high to extreme severity), Landsat 8 and Sentinel 2 captured a relatively 

higher proportion of the existing variation of windthrow tree mortality over a wider disturbance 

gradient. 

 

Figure 5. Windthrow tree-mortality measured in the field and estimated by remote sensing data for a 

Central Amazon forest, Brazil. (a) Windthrow tree-mortality in field subplots; (b) Windthrow-tree mortality 

in virtual subplots. In (a) and (b), we modeled remote estimates of tree mortality as a function of field 

measurements using GLMs. The gray-shaded areas in (a) and (b) indicate the 95% confidence interval. 

Field = Windthrow tree-mortality measured in the field; TM = Windthrow tree-mortality. 

 

4. Discussion 

4.1. Relating Satellite Data and Field Data 

Systematic increase of spatial resolution implied changes on the sensitivity of different 

satellites to capture windthrow tree-mortality at the extremes of the disturbance gradient (i.e., 

low, and severe mortality) (Table 2). In windthrown areas there is an abrupt reduction of GV 

followed by a consequent increase of NPV. Nonetheless, the NPV signal can be lost in less than 
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a year due to the fast growth of pioneer species and survivor saplings and seedlings originally 

suppressed at the understory of the forest (Marra et al., 2014; Negr·n-Ju§rez et al., 2010, 2011). 

As supported by our data, the loss of the NPV signal might be critical for medium to high spatial 

resolution imagery with relatively small pixel sizes, which are more likely to be influenced by 

the fast emergence of photosynthetic/green vegetation (GV) (Adams and Gillespie, 2006) 

(Figure S10).  

The convective storm that impacted our study region occurred about eight months 

(November/2015) prior to the acquisition of all satellite imagery (July/2016). Therefore, our 

NPV-fraction images may already contain some GV sign of the regenerating forest. This was 

evidenced by the relatively high reflectance values in the NIR and red edge bands (wavelength 

~ 0.83 Õm), which indicate a relatively high content of GV (i.e., photosynthetically active 

vegetation) (Adams and Gillespie, 2006; Somers et al., 2011) mixed with NPV (i.e., dead 

vegetation, wood debris) (Figure S9). Systematic reductions of spectral mixing with increasing 

spatial resolution (i.e., from Landsat 8 to Sentinel 2 and further WorldView 2) may be related 

to specific admixture levels of GV. Although understory trees were not recorded in this study, 

our data support previous research indicating that high NPV values related to the dead 

vegetation tend to be rapidly diluted due to the fast natural regeneration (Figure S10).  

The detection of tree damage and mortality using satellite data can be affected by 

several factors, such as canopy heterogeneity, understory density, angle-of-view/illumination, 

and shadow effects (Goel et al., 1984; Ponzoni et al., 2012; Shimabukuro and Ponzoni, 2017). 

Overall, gains in spatial resolution improve the detection accuracy of detecting treefall gaps 

(Asner et al., 2002; Clark et al., 2004a; Dalagnol et al., 2019, 2021; Esp²rito-Santo et al., 2014a) 

as the spectral information tend to be highly influenced by geometric features of relatively small 

targets (Clark et al., 2004b). However, the number of pixels needed to capture the physical 

properties of the surfaces associated with large-scale windthrows is highly determined by the 

spectral resolution of imagery (Theiler et al., 2019). Since the mean reflectance of a given area 

is strongly influenced by the material with the highest reflectance values (Ponzoni et al., 2012), 

the lower the spatial resolution of the sensor (i.e., the larger pixel size), the greater the mixture 

of signals produced by surfaces with relatively high reflectance. Smaller pixels can reduce these 

effects (Shimabukuro and Ponzoni, 2017), which is supported by the higher sensitivity of 

WorldView 2 to capture diffuse tree mortality in less-disturbed areas and at edges of highly 

disturbed forest patches. WorldView 2 also produced higher tree mortality estimates than 

Landsat 8 and Sentinel 2 at low and moderate windthrow severity (4% < windthrow tree-

mortality Ò 40%). Given the relatively large diameter and area (mean of ~35 m2, (Peterson et 
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al., 2019; Ribeiro et al., 2016)) of canopy trees in our study region, this result suggests that 

WorldView 2 (4 m2 pixel area) can potentially capture vegetation damage smaller than that 

measured in the field (i.e., individual tree-mortality). The intercepts for tree mortality varied 

from 9ï11%, indicating that all satellites overestimated field values (Table 1). The variation of 

intercepts (Figure 3a) may also be related to scaling mismatches between field and imagery 

data and fine-scale variations of environmental attributes beyond the scope of this study. 

Furthermore, our models indicate that uncertainties associated with remote estimates of 

windthrow tree-mortality are larger at the extremes of the disturbance gradient (Figure 3b). R2 

values indicate that our models captured between 43% and 56% of the variation in field-

measured mortality. We believe these values are robust given the variation of disturbance 

intensity typical of windthrown forests (Magnabosco Marra et al., 2018; Marra et al., 2014; 

Urquiza Mu¶oz et al., 2021a) and the time gap between the studied event and the acquisition 

date of employed images. Estimated tree-mortality was accurate (i.e., similar to the ground 

truth) across an extent range of windthrow severity (25ï42%, moderate to high severity). As 

previously reported, these severities accounted for decadal changes in floristic composition 

(Chambers et al., 2009b; Marra et al., 2014; Silv®rio et al., 2019b), biomass stock and balance 

(Magnabosco Marra et al., 2018; Urquiza Mu¶oz et al., 2021a), organic soil carbon stocks (Dos 

Santos et al., 2016), and insect diversity (Alencar et al., 2022; Viljur et al., 2022) in other Central 

and Northwestern Amazon forests affected by windthrows. Future investigations are needed to 

improve the remote detection of smaller canopy disturbances across local-to-regional variations 

in topography, climate, soils, and forest attributes (Dalagnol et al., 2021; Espirito-Santo et al., 

2017; Gorgens et al., 2023; Simonetti et al., 2023). 

High-resolution remote sensing models (HR-models) assume that elements are larger 

than image pixels; low-resolution models (LR-models) assume the opposite (Strahler et al., 

1986). This means that the spatial arrangement of varying elements within an image can be 

detected directly in HR-models because individual elements can be individualized. This is 

usually not achieved with LR-models (Strahler et al., 1986; Woodcock and Strahler, 1987). As 

predicted from our best model (Landsat 8), areas of forest that experienced high severity 

windthrow lost Ó50% of live trees. While a similar estimate of tree mortality can be attributed 

to two independent areas, they can have contrasting disturbance gradients given by the spatial 

distribution of damaged/dead trees (i.e., contiguous, or diffuse) across impacted areas (Figure 

3a).  

In windthrows, the process of detecting and estimating tree mortality will transit 

between HR- and LR-models, depending on the level of disturbance severity and the size of 
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pixels. For example, in a highly impacted area (e.g., assuming 50% dead trees and 50% live 

trees) inside one Landsat 30 m x 30 m pixel, the spatial autocorrelation among the trees is not 

detected because tree crowns and trunks are, in general, smaller than the pixel size. In this case, 

an unique reflectance value (i.e., single pixel) shall represent the different targets (live and dead 

trees). The resulting measurement is highly influenced by the objects with high reflectance 

(Somers et al., 2011; Theiler et al., 2019). However, in HR-models, the same area is represented 

by several pixels (e.g., 2 m x 2 m pixel of WorldView 2). In this case, the spatial arrangement 

of the vegetation becomes relevant because trees are larger than the pixels, which tend to 

resemble their neighbors because they are likely to capture the signature of the same 

homogeneous target (Adams and Gillespie, 2006). In HR-models, the varying information 

captured by several pixels will represent the entire set of live and dead trees. (Woodcock and 

Strahler, 1987). Depending on the size and severity of the windthrow in relation to the pixel 

size, HR- and LR-models will have different relationships between the number of dead trees in 

the field and the spectral/spatial information extracted at pixel level. Our results support that 

the more pixels within the subplots, the more detail on the spectral variability across the 

disturbed forest. However, tree damage (e.g., defoliation, broken branches, and partial loss of 

crown) should also be quantified in future forest inventories to maximize the potential of 

existing sensors with higher spatial-resolution than those we employed here (e.g., Planet Scope 

(Planet Team, 2022), Ikonos (Dial et al., 2003) and QuickBird (Toutin, 2004)). 

A precise match between field and remote sensing data also improves landscape 

estimates of tree mortality. In our study, pixels outside/inside observational subplots may have 

been incorrectly accounted for. Our plots were georeferenced with a navigation GPS (Garmin 

64 CSx), which has a nominal spatial resolution usually >5 m. This effect was likely more 

relevant for WorldView 2. Geolocation errors for Landsat 8 are at the order of 30 m within the 

United States, and 50 m globally (Loveland and Dwyer, 2012). For Sentinel 2 and WorldView 

2, global errors are at the order of 12.5 m (Storey et al., 2016; Tr®mas et al., 2015) and 3.5 m 

(WorldView 2, 2021), respectively. However, previous studies using the same plot size 

indicated a high correspondence between ground truth and the NPV signal obtained with 

Landsat (Magnabosco Marra et al., 2018; Marra et al., 2014).  

As previously demonstrated, æNPV is highly correlated with windthrow tree mortality 

(Magnabosco Marra et al., 2018; Marra et al., 2014; Negr·n-Ju§rez et al., 2011). As supported 

by our results (Figure S5, Table S5), using NPVnorm for quantifying windthrow tree-mortality 

also produced robust and unbiased estimates. Nonetheless, the nature of such a relationship can 

be affected by variations in forest deciduousness and disturbance history (e.g., fragmented 
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forests with larger proportion of edges or those submitted to multiple disturbances). Ideally, 

imagery covering the target forest should be available for pre- and post-disturbance conditions, 

and with the shortest possible time-interval between scenes. 

 

4.2. Trade-Off between precision and accuracy of satellite estimates  

By increasing spatial resolution and, consequently, the number of pixels representing 

a given target, we observed a systematic reduction of uncertainties (SD, SE, and CI) associated 

with our estimates of windthrow tree-mortality (Table 2). However, reductions in uncertainty 

were followed by systematic reductions in the quality of model fits, mostly due to large errors 

at the extremes of the disturbance gradient (i.e., low, and extreme windthrow severity). This 

pattern suggests a trade-off between precision and accuracy (Hand, 2008). In this case, precision 

indicates the reduction of uncertainty around the mean estimates, and accuracy indicates the 

closeness of the estimates in relation to the ground truth. In our study, all satellites delivered 

tree mortality estimates closer to the ground truth over a wide range of disturbance (from 

moderate to high windthrow severity). Future studies may extend and replicate our methods in 

regions with different forest attributes and environmental conditions. 

Although we equalized TOA values prior to comparing images, each satellite has a 

different setup of imaging angles (Nadir) and spectral resolution. The Nadir angle may affect 

the detection of targets with irregular surfaces (Goel et al., 1984; Ponzoni et al., 2012), such as 

in windthrown forests with high amounts of woody debris, survivor and new trees (Marra et al., 

2014). Large angles can imply obscuration of images and consequent distortion of geometric 

and spectral features of targets (Clark et al., 2005; Galv«o et al., 2011; Muller Karger et al., 

2018; Toutin, 2004). Landsat 8 images are acquired under Nadir ~0Á, while Sentinel 2 and 

WorldView 2 have off-Nadir angles (~10.4Á and ~20Á, respectively). These differences may 

have reduced the quality of the NPV signal from Sentinel 2, and especially WorldView 2, in 

relation to that obtained with Landsat 8. This may be critical in relatively small gaps or at the 

edge of highly impacted areas, where insolation is generally lower and the crown of given trees 

can promote strong shading effects on their neighbors (Asner and Warner, 2003; Denslow, 1987; 

Vitousek and Denslow, 1986). To mitigate problems related to this issue, we normalized the 

fractions for GV and NPV without shade. This procedure ensures that the shadow fraction is 

filled by equal proportions of GV and NPV within the pixel (Adams and Gillespie, 2006). 

Distortions due to the technical attributes of the different satellites were not the objective of the 

study, but we believe that these effects would not change the overall patterns we report. Apart 

from being usually acquired from off-Nadir angles due to acquisition costs or mission priorities, 
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commercial high-resolution imagery, such as WorldView 2, can be costly and restricted to small 

areas (Toutin, 2004). These aspects limit the application of these for mapping windthrows and 

monitoring forest recovery across large regions and over time. 

Indeed, our results show that spatial resolution alone does not provide sufficient 

evidence for the mismatch between field and remote data. Downgrading the spatial resolution 

of Sentinel 2 and WorldView 2 to that of Landsat 8 changes the relative weight of the NPV and 

GV fractions (i.e., reduction and increase of NPV and GV values, respectively) (Figure S11). 

This pattern indicates that spatial resolution has a direct effect on the sensitivity to detect 

windthrow tree-mortality, as well as to distinguish rapid post-disturbance regeneration. This has 

a direct effect on estimated values of windthrow severity at subplot level. Although higher 

spatial resolution has the potential to increase the sensitivity to detect crown damage and branch 

fall (Simonetti et al., 2023), it does not seem to have the potential to strongly improve stand-to-

landscape estimates of windthrow tree-mortality. The accurate and precise estimates we 

achieved with Landsat 8 may also be partially related to its large pixel size (900 m2) as in 

comparison to subplots (250 m2).  

Landsat 8 and Sentinel 2 have broad spectral resolutions and spectral bands that span 

from the visible to the shortwave infrared (0.43ï2.2 Õm) (SENTINEL-2 User Handbook; 

Landsat Science, 2022). Meanwhile, WorldView 2 has a spectrum restricted to the visible and 

near infrared (0.4ï1.04 Õm) (WorldView 2, 2021). Different terrain materials mimicking the 

spectrum of others are common in dense forests, and the use of more channels (i.e., bands) is a 

general recommendation for extracting more suitable endmembers (Adams and Gillespie, 

2006). Thus, the lower spectral resolution of WorldView 2 may affect the process of selecting 

endmembers, and thus the overall quality of the Spectral Mixture Analysis. 

The characteristics of the satellites we evaluated make them appropriate for specific 

conditions. While Landsat 8 and Sentinel 2 are freely available and cover the entire planet, 

WorldView 2 has high costs and covers only specific or by-demand regions. WorldView 2 has 

a 1.1-day revisiting time (WorldView 2, 2021); Sentinel 2 has a 5-day time (Sentinel 2 Level 

2A, 2021), and Landsat 8 has a 16-day time (Landsat Science, 2022). Shorter revisiting time 

increases the chances of acquiring scenes shortly before and after the occurrence of windthrows. 

This aspect is essential to mitigate the contamination of NPV images due to fast natural 

regeneration. The high cloud cover in the Amazon (Martins et al., 2018) also limits the 

availability of images, and shorter revisit intervals can help overcome this limitation.  

Landsat has a longer-term collection of images than Sentinel 2 or WorldView 2 

(Williams et al., 2006), which makes it suitable for landscape-scale studies aiming at mapping 
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windthrows and monitoring forest recovery over time (Magnabosco Marra et al., 2018; Urquiza 

Mu¶oz et al., 2021a). However, Landsat may be inaccurate for quantifying and describing 

disturbances created by clusters of less than 6ï8 fallen trees (Negr·n-Ju§rez et al., 2011). While 

restricted for the last 8 years, Sentinel 2 is a promising alternative for stand and landscape 

assessments of the extent and severity of forest disturbances at the individual-tree level. As 

Sentinel 2 produces estimates with overall low uncertainties, it may also perform better for 

quantifying diffuse tree mortality. Due to its continuity over the years (Sentinel 2 Level 2A, 

2021), Sentinel 2 may soon allow for longer-term analyses with high precision.  

WorldView 2 estimates had lower associated uncertainties and were more accurate in 

areas with <20% tree mortality. However, the relatively small collection of images reduces the 

potential of using WorldView 2 for monitoring disturbance dynamics and forest recovery. The 

recently launched Planet NICFI initiative (Norwayôs International Climate and Forest Initiative, 

2023; Planet Team, 2022) conceals high resolution (3ï5 m pixel) multispectral imagery with a 

revisiting interval of less than four days for most of the Amazon basin (Roy et al., 2021). This 

offers a new possibility for quantifying and upscaling major mechanisms of tree damage and 

mortality regulating forest dynamics and functioning. 

 

5. Conclusions 

Increasing the spatial resolution of satellite images reduced the uncertainty of 

estimates of windthrow tree-mortality but did not improve their accuracy. Compared to 

WorldView 2 and Sentinel 2, Landsat 8 provided more reliable estimates that reflected our field 

measurements at the individual tree-level. These results highlight the feasibility of Landsat 8 

for mapping windthrows and monitoring forest recovery in the Amazon. To fully benefit from 

high-resolution images, field surveys used for model calibration should account for individual 

tree-damage (e.g., defoliation, crown breakage, and branch fall). However, high spatial 

resolution satellite imagery are expensive and restricted to small areas and time periods, which 

limits their application for large-scale and long-term assessments of mortality and recovery. 

Future studies applying high spatial resolution imagery could focus on overcoming the 

limitations of coarser sensors in detecting small clusters of dead trees and quantifying individual 

tree-damage. This will improve current knowledge on mechanisms and rates of tree mortality, 

as well as on associated processes regulating forest dynamics and carbon balance in Amazon 

forests. 
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Supplementary material 

Supplementary S1 

In windthrown forests, a large amount of fallen trees and piled debris make field work 

hazardous and reduce the reliability of the quantification of dead trees (Figure S2; Figure S2; 

Figure S4; Figure S1). Instead, we estimated the number of dead trees by subtracting the number 

of remaining living trees recorded in each subplot from 15, which represents the subplot-scaled 

mean tree-density of living trees in old-growth forests from our study region (~590 trees ha-1) 

(Table S1). 

 

Figure S1. General aspect of the studied windthrown forest. 
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Figure S2. Delimitation of the accessing trails for conducting the forest inventory. 

 

 

Figure S3. Delimitation of the central tracks of the forest inventory plots.  
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Figure S4. General aspect of fallen trees and piled debris in the studied area. 

  



42 

 

 

Table S1. Reference data of tree density in Terra Firme/Campinarana forest in Central Amazon. SD = Standard Deviation. 

Vegetation type Location Density (trees ha-1) Reference 

Campina/Campinarana Presidente Figueiredo-AM 616 (Andreae et al., 2015) 

Ancient fluvial terrace Presidente Figueiredo-AM 497 (Andreae et al., 2015) 

Terra firme Presidente Figueiredo-AM 597 (Andreae et al., 2015) 

Plate Forest (Terra Firme/Campinarana) Manaus-AM 477 (Almeida, 2012) 

Forested Campinarana Manaus-AM 507 (Almeida, 2012) 

Terra firme São Gabriel da Cachoeira-AM 523 (Stropp et al., 2011) 

Terra firme São Gabriel da Cachoeira-AM 537 (Stropp et al., 2011) 

Terra firme São Gabriel da Cachoeira-AM 505 (Stropp et al., 2011) 

Terra firme Igarapé Pamaáli (Içana)-AM 614 (Stropp et al., 2011) 

Forested Campinarana São Gabriel da Cachoeira-AM 547 (Stropp et al., 2011) 

Forested Campinarana São Gabriel da Cachoeira-AM 642 (Stropp et al., 2011) 

Forested Campinarana São Gabriel da Cachoeira-AM 611 (Stropp et al., 2011) 

Forested Campinarana Jandú-Cachoeira (Içana)-AM 724 (Stropp et al., 2011) 

Forested Campinarana Presidente Figueiredo-AM 616 (Targhetta et al., 2015) 

Terra Firme São Sebastião do Uatumã-AM 741 (Amaral et al., 2000) 

Forested Campinarana Manaus-AM 470 (Woortmann et al., 2018) 

Mean (trees ha-1) ± SD 
 

587.9 ± 92.7  

Mean (10 m x 25 m plot)  ± SD 
 

14.7 ± 2.3  
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Supplementary S2 

Table S2. Satellite image collection and specifications. 

Specification /Satellite Landsat 8 Sentinel 2 WorldView 2 

Sensor OLI MSI Pan-MS 

Scene 231/062 T56MNN Order 

Level/Collection 01 / C01 01-C/-T-01 - 

Available Bands 12 16 9 

Used bands 2-7 2-8, 8A 2-8 

Reflectance calibration TOA TOA Radiance 

Provider USGS ESA/Copernicus Digital Globe 

Pixel resolution (meters) 30 10 - 20 2 

Radiometric resolution (bits) 16 12 11 

Temporal resolution (days) 16 ~5 1,1 

Used scenes Before After Before After Before After 

Cloud Cover (%) 0,1 1,2 3,11 0,02 - 0,002 

Scene date (year/month/day) 11/09/2015 27/07/2016 25/08/2015 30/07/2016 - 27/07/2016 

Google Earth Engine ID 

LANDSAT/LC08/C02/T1

_RT_TOA/LC08_231062

_20150911 

LANDSAT/LC08/C

01/T1_TOA/LC08_2

31062_20160727 

COPERNICUS/S2_

HARMONIZED/201

50825T143316_201

50825T143317_T20

MQB 

COPERNICUS/S2_

HARMONIZED/201

60730T142756_201

60730T193520_T20

MRB 

- - 

 

Table S3. Forest inventory and satellite estimates for the field subplots. AT = Number of Alive trees; DT = Field-based estimated tree-mortality; TT = number of total 

trees (AT + DT); NPV = values of non-photosynthetic vegetation  recorded by satellites; PTM = percentage of tree mortality estimated by satellites in the subplots; L8 

= Landsat 8; S2 = Sentinel 2; W2 = WorldView 2. 

Transect Subplot AT (Subplot) AT (ha) DT (Subplot) 
DT 

(ha) 
TT (Subplot) TT (ha) 

Field 

PTM 

NPV PTM 

L8 S2 W2 L8 S2 W2 

VQQ1 VQQ11D 8 320 7 280 15 600 46,7 0,172 0,076 0,070 16,8 14,2 15,4 
 VQQ11E 10 400 5 200 15 600 33,3 0,172 0,113 0,146 16,8 15,9 22,3 
 VQQ12D 16 640 0 0 16 640 0,0 0,095 0,013 0,070 12,8 11,7 15,3 
 VQQ12E 15 600 0 0 15 600 0,0 0,108 0,045 0,058 13,5 12,9 14,4 
 VQQ13D 9 360 6 240 15 600 40,0 0,082 0,102 0,065 12,3 15,3 15,0 
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Transect Subplot AT (Subplot) AT (ha) DT (Subplot) 
DT 

(ha) 
TT (Subplot) TT (ha) 

Field 

PTM 

NPV PTM 

L8 S2 W2 L8 S2 W2 
 VQQ13E 7 280 8 320 15 600 53,3 0,096 0,117 0,031 12,9 16,1 12,6 
 VQQ14D 8 320 7 280 15 600 46,7 0,164 0,159 0,071 16,3 18,1 15,5 
 VQQ14E 13 520 2 80 15 600 13,3 0,156 0,160 0,133 15,9 18,2 21,0 
 VQQ15D 13 520 2 80 15 600 13,3 0,335 0,178 0,119 28,2 19,2 19,7 
 VQQ15E 10 400 5 200 15 600 33,3 0,344 0,218 0,102 29,0 21,5 18,1 

VQQ2 VQQ21D 16 640 0 0 16 640 0,0 0,106 0,112 0,097 13,4 15,8 17,7 
 VQQ21E 11 440 4 160 15 600 26,7 0,093 0,015 0,106 12,7 11,7 18,4 
 VQQ22D 14 560 1 40 15 600 6,7 0,051 0,067 0,101 11,0 13,8 18,0 
 VQQ22E 14 560 1 40 15 600 6,7 0,035 0,035 0,085 10,3 12,5 16,6 
 VQQ23D 15 600 0 0 15 600 0,0 0,086 0,084 0,099 12,4 14,5 17,8 
 VQQ23E 15 600 0 0 15 600 0,0 0,089 0,128 0,090 12,6 16,6 17,0 
 VQQ24D 14 560 1 40 15 600 6,7 0,088 0,071 0,108 12,5 14,0 18,7 
 VQQ24E 18 720 0 0 18 720 0,0 0,136 0,099 0,049 14,8 15,2 13,7 
 VQQ25D 16 640 0 0 16 640 0,0 0,074 0,006 0,038 11,9 11,4 13,0 
 VQQ25E 18 720 0 0 18 720 0,0 0,102 0,056 0,054 13,2 13,3 14,2 

VQQ3 VQQ31D 3 120 12 480 15 600 80,0 0,902 0,895 0,551 80,1 75,0 77,2 
 VQQ31E 6 240 9 360 15 600 60,0 0,893 0,888 0,587 79,5 74,6 80,8 
 VQQ32D 1 40 14 560 15 600 93,3 0,897 0,789 0,346 79,8 67,4 49,3 
 VQQ32E 2 80 13 520 15 600 86,7 0,890 0,844 0,444 79,3 71,5 63,8 
 VQQ33D 15 600 0 0 15 600 0,0 0,424 0,659 0,318 36,2 56,6 45,1 
 VQQ33E 6 240 9 360 15 600 60,0 0,384 0,663 0,432 32,5 57,0 62,1 
 VQQ34D 11 440 4 160 15 600 26,7 0,356 0,347 0,152 30,1 30,1 23,0 
 VQQ34E 5 200 10 400 15 600 66,7 0,356 0,246 0,144 30,1 23,2 22,2 
 VQQ35D 14 560 1 40 15 600 6,7 0,260 0,148 0,124 22,5 17,6 20,1 
 VQQ35E 18 720 0 0 18 720 0,0 0,284 0,184 0,085 24,2 19,5 16,6 

Total   341 - 121 - 462 - - - - - - - - 

Mean  11,4 455 4,0 161 15,4 616,0 26,9 0,274 0,251 0,163 26,5 26,5 26,5 

IC (95%)  1,8 70,2 1,6 63,7 0,3 13,3 11,1 0,101 0,107 0,058 8.4 7,9 7,4 

Median   13,0 520,0 2,0 80,0 15,0 600,0 13,3 0,160 0,123 0,102 16,1 16,3 18,0 
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Supplementary S3 

We used æNPV for the Landsat 8 and Sentinel 2. Our data show that GLM models 

using æNPV had similar fit metrics between field and remote sensing data (Table S4; Figure 

S5; Figure S6). Similarly, variations and uncertainties associated with the mean percentage of 

windthrow tree-mortality were similar to values using only NPV (i.e., post-disturbance) for the 

entire gradient of disturbance (Table S5; Table S6; Figure S7). This result allowed us to compare 

the sensitivity of the different satellites using NPV. 

Table S4. Fitting summary of GLM models used to relate field with remote sensing estimates of windthrow 

tree-mortality using æNPV for Landsat 8 and Sentinel 2 in a Central Amazon forest, Brazil. AIC = Akaike 

Information Criteria; Syx = standard error of the estimates; RMSE = root mean square error; Sigma = 

residual standard deviation; RĮKL = Kullback-Leibler coefficient of determination. 

Model 
Residual 

Deviance 
AIC  Syx RMSE Sigma R²KL  

Coefficients 

a (intercept) b (slope) 

L8 136.95 194.99 0.2274 0.208 2,212 0.3817 11.18 0.9860 

S2 139.61 197.65 0.2311 0.211 2,223 0.3697 13.14 0.9756 

 

 

Figure S5. GLM models describing the relationship between windthrow tree-mortality measured in the field 

and estimated using remote sensing data (æNPV). (a) Functions describing the relationship between æNPV 

and windthrow tree-mortality (%) measured in the field. (b) Trend curves of windthrow tree-mortality 

estimated with remote sensing and field measurements. Black dotted and red lines are the 1:1 line (perfect 

linear relationship) and the actual relationship between observed and estimated values, respectively. (c) 

Residual distribution of fitted models. 
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Figure S6. Distribution of windthrow tree-mortality (%) estimated with æNPV calculated for Landsat 8 and 

Sentinel 2. a) Windthrow tree-mortality in field subplots; b) Windthrow tree-mortality in the virtual 

subplots. Outliers are indicated with black dots. 

 

Table S5. Descriptive statistics for windthrow tree-mortality (%) measured in the field and from æNPV 

values calculated for Landsat 8 and Sentinel 2 for a Central Amazon forest, Brazil. Min and Max- minimum 

and maximum values; Q1 and Q3- first and third median quartiles; Iqr- Interquartile range; SD- Standard 

Deviation; SE- Standard Error; CI- 95% Confidence Interval. *The mean of windthrow tree mortality 

values in the field subplots was statiscally similar among satellites due to the linear modeling properties. All 

windthrow tree-mortality were normalized to the area of the field subplots (10x25m) to allow for 

comparisons between satellites. 

Plot type Measure Min  Max Median Q1 Q3 Iqr  Mean SD SE CI  

Field Field 0.0 93.0 13.0 0.0 47.0 47.0 26.9 29.7 5.4 11.1 
 L8 11.3 76.0 16.7 13.2 25.0 11.9 26.5 21.2 3.9 7.9 
 S2 13.3 75.6 16.8 14.4 21.4 7.0 26.5 21.0 3.8 7.8 

Virtual L8 11.2 79.0 13.6 11.9 45.1 33.1 27.3 21.7 2.2 4.3 
 S2 13.1 82.5 18.9 15.3 43.9 28.6 30.9 20.6 2.1 4.1 

 

Table S6. Forest inventory and satellite estimates of windthrow tree-mortality using æNPV values calculated 

for Landsat 8 and Sentinel 2 at the subplot level. AT = Number of Alive trees; DT = Field-based estimated 

tree-mortality; TT = number of total trees (AT + DT); NPV = values of non-photosynthetic vegetation 

recorded by satellites in the subplots; PTM = percentage of tree mortality estimated by satellites; L8 = 

Landsat 8; S2 = Sentinel 2. 

Plot Subplot AT DT 
TT 

(Subplot) 

TT 

(ha) 

Field 

PTM 

æNPV PTM Estimated by æNPV 

L8 S2 L8 S2 

VQQ1 VQQ11D 8 7 15 600 46.7 0.045 0.099 13.2 17.9 
 VQQ11E 10 5 15 600 33.3 0.044 0.133 13.2 19.8 
 VQQ12D 16 0 16 640 0.0 0.010 0.073 11.6 16.5 
 VQQ12E 15 0 15 600 0.0 0.021 0.086 12.1 17.2 
 VQQ13D 9 6 15 600 40.0 0.098 0.053 16.0 15.5 
 VQQ13E 7 8 15 600 53.3 0.110 0.039 16.7 14.9 
 VQQ14D 8 7 15 600 46.7 0.136 0.063 18.3 16.0 
 VQQ14E 13 2 15 600 13.3 0.166 0.030 20.3 14.5 
 VQQ15D 13 2 15 600 13.3 0.059 0.105 13.9 18.2 
 VQQ15E 10 5 15 600 33.3 0.062 0.084 14.1 17.1 

VQQ2 VQQ21D 16 0 16 640 0.0 0.040 0.035 13.0 14.7 
 VQQ21E 11 4 15 600 26.7 0.067 0.003 14.3 13.3 
 VQQ22D 14 1 15 600 6.7 0.162 0.007 20.0 13.4 
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Plot Subplot AT DT 
TT 

(Subplot) 

TT 

(ha) 

Field 

PTM 

æNPV PTM Estimated by æNPV 

L8 S2 L8 S2 
 VQQ22E 14 1 15 600 6.7 0.201 0.013 22.8 13.7 
 VQQ23D 15 0 15 600 0.0 0.021 0.007 12.1 13.4 
 VQQ23E 15 0 15 600 0.0 0.021 0.007 12.1 13.5 
 VQQ24D 14 1 15 600 6.7 0.003 0.003 11.3 13.3 
 VQQ24E 18 0 18 720 0.0 0.028 0.052 12.4 15.5 
 VQQ25D 16 0 16 640 0.0 0.168 0.027 20.5 14.3 
 VQQ25E 18 0 18 720 0.0 0.171 0.029 20.6 14.4 

VQQ3 VQQ31D 3 12 15 600 80.0 0.759 0.818 76.0 75.6 
 VQQ31E 6 9 15 600 60.0 0.755 0.799 75.7 74.2 
 VQQ32D 1 14 15 600 93.3 0.730 0.682 73.7 65.2 
 VQQ32E 2 13 15 600 86.7 0.641 0.747 65.7 70.5 
 VQQ33D 15 0 15 600 0.0 0.532 0.576 54.7 55.9 
 VQQ33E 6 9 15 600 60.0 0.501 0.611 51.4 59.1 
 VQQ34D 11 4 15 600 26.7 0.239 0.236 25.8 26.6 
 VQQ34E 5 10 15 600 66.7 0.281 0.168 29.4 21.9 
 VQQ35D 14 1 15 600 6.7 0.098 0.112 16.0 18.6 
 VQQ35E 18 0 18 720 0.0 0.110 0.121 16.7 19.1 

Total   341 121 462 - - - - - - 

Mean  11.4 4.0 15.4 616.0 26.9 0.209 0.194 26.5 26.5 

IC (95%)  1.8 1.6 0.3 13.3 11.1 0.086 0.096 7.9 7.8 

Median   13.0 2.0 15.0 600.0 13.3 0.110 0.079 16.7 16.8 

 

 

Figure S7. Windthrow tree-mortality measured in the field and estimated using æNPV calculated for 

Landsat 8 and Sentinel 2. (a) Windthrow tree-mortality in Field subplots; (b) Windthrow tree-mortality in 

Virtual Subplots. In (a) and (b), we modeled windthrow tree-mortality estimates tendency using GLMs. The 

grey polygons in (a) and (b) indicate the 95% confidence interval. In the (a) plot legend, Field = Windthrow 

tree-mortality measured by Forest Inventory; PTM = Percentage of windthrow tree-mortality. 

 

Supplementary S4 

We used the ENVI 5.3 software toolkit to extract focal endmembers. Five main steps 

were performed (Figure S8). First, we downloaded Landsat 8 and Sentinel 2 images at top-of-

atmosphere reflectance (TOA) values directly from the Google Earth Engine platform. The 



48 

 

 

WorldView 2 image was acquired in radiance values, and we used the parameters defined by 

(Radiometric Use of WorldView-2 Imagery, 2022) to correct the radiance values for TOA. This 

allowed us to compare the reflectance curves describing endmembers, and to evaluate whether 

they had similar curves.  

Second, we applied an endmember acquisition routine that consisted of three 

processes: (a) Minimum Noise Fraction Rotation (MNF) which uses principal component 

analysis to determine the dimensionality of the image data and segregate noise in the data 

(Green et al., 1988); (b) Purity Pixel Index which searches for the spectrally pure pixels within 

the images from the lowest noise bands selected by MNF (Adams and Gillespie, 2006); (c) n-

D Visualizer which displays the pixels within an n-dimensional space (i.e., made up from n-

bands of the images) by means of a scatter plot that allows us to recognize clusters of pure 

pixels at the extremes of the distribution (Adams and Gillespie, 2006; Shimabukuro and 

Ponzoni, 2017). Each cluster provided a mean reflectance value of the selected group of pixels, 

forming the spectral signature of the endmember. We assembled a library of several candidate 

endmembers for GV, NPV, and Shade. Third, we quantified the fractions of the selected 

endmember (i.e., GV, NPV, and Shade) using Spectral Mixture Analysis (SMA). NPV fractions 

were normalized without Shade to obtain values expressing proportions of dead vegetation 

between 0-1. Fourth, we carried out a rigorous quality-checking of NPV-fraction images by 

manually inspecting the dispersion of NPV values. Only fraction-images with at least 98% of 

pixels ranging from zero to one were selected. After that, selected images with the smallest 

Residual Error (RMS). Each candidate fraction image was further inspected against a RGB 

composition of the same image to evaluate the correspondence between damage patterns 

captured by the respective NPV-fraction image (Figure S9). Fifth, we used QGIS (QGIS 

Development Team, 2016) to select the region of interest (ROI) encompassing the area where 

the forest inventory was performed. Further, we selected a plateau region to reduce the effect 

of shading from valley bottoms and slopes (Negr·n-Ju§rez et al., 2011), to which fraction 

images were clipped. Those were converted to vector shapefiles to allow geometric 

calculations. Finally, we calculated the weighted NPV mean of each subplot using the Zonal 

Statistics tool. The weighted NPV values within each subplot were related to the percentage of 

tree mortality measured in the field using GLM. 
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Figure S8. Analysis routine for selecting endmembers used in Spectral Mixture Analysis and modeling. 
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Figure S9. Spectral signature of the selected endmembers calculated for (a) Landsat 8, (b) Sentinel 2, and 

(c) WorldView 2. GV = Green Vegetation; NPV = Non-photosynthetic vegetation. 

 

Supplementary S5 

By definition, when using the normalized GV and NPV fractions, we assumed that the 

sum of the ratios of both fractions equals 1. Therefore, a reduction in one fraction implies an 

increase in the other fraction by the same proportion (Adams and Gillespie, 2006). NPV values 

in field subplots decreased with increasing the spatial resolution of satellites (the opposite 

occurs for GV values). These changes were more pronounced for WorldView 2 in relation to 

the other satellites (Figure S10a). We observed a similar pattern for the virtual subplots (Figure 

S10b). This pattern supports that spatial-resolution is directly correlated with the sensitivity for 

capturing changes in the fraction of photosynthetic vegetation (GV).  

 

Figure S10. Distribution of NPV values estimated from satellite data with varying spatial resolution (i.e., 

from 2 m to 30 m pixel). a) NPV values in the field subplots; b) NPV values in the virtual subplots. Outliers 

are indicated by black dots. 
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To assess whether the spatial resolution of the satellites is a sole responsible for the 

mismatch between field and remote sensing data, we downgraded Sentinel 2 and WorldView 2 

images to the same spatial resolution as Landsat 8. In Figure S11ab, NPV values are given 

without the downgrading procedure. In Figure S11cd, NPV values are downgraded to the mean, 

and in Figure S11ef, to the median. After performing the SMA, we compared the NPV values 

(i.e., our predictor variable). 

 

 

Figure S11. Distribution of NPV values calculated from satellites with varying spatial resolution (from 2 m 

to 30 m pixel). a) NPV values in field subplots; b) NPV values in virtual subplots; c) Downgraded (mean) 
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NPV values in field subplots; d) Downgraded (mean) NPV values in virtual subplots; e) Downgraded 

(median) NPV values in field subplots; f) Downgraded (median) NPV values in virtual subplots. Hollow 

black circles show the outliers. 
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WINDS WITH DESTRUCTIVE POTENTIAL ACROSS A 

TOPOGRAPHIC AND SEASONAL GRADIENT IN A CENTRAL 

AMAZON FOREST 

 

Abstract 

Winds can exceed the mechanical stability of trees, leading to snapping or uprooting. In large 

portions of the Amazon, storms propagating winds with destructive potential (WDP) are key 

drivers of tree mortality, affecting forest structure, biomass stocks, and species composition. 

Our understanding of WDP primarily comes from tree damage observations, as meteorological 

records assessing wind patterns exist in few locations and are often made with insufficient time 

resolution. Consequently, the temporal and spatial patterns of WDP remain poorly understood. 

Using 24 months of meteorological data recorded at canopy height across a topographic and 

rainfall gradient, we developed an innovative method for detecting and describing WDP in a 

central Amazon forest. We assessed the frequency, speed, and critical duration of WDP and 

possible relationships with local topography and rainfall seasonality/intensity. We recorded 424 

WDP events, with speeds ranging from 10 to 17.9 m s-1 and critical durations from 1 to 90 

seconds. WDP occurred approximately 4% of the analyzed time, representing daily and 

monthly means (Ñ standard deviation) of 3.1 Ñ 2.9 and 17.2 Ñ 9.6 events, respectively. 

Topography influenced the fastest, longest-lasting, and least frequent gusts but did not affect 

the more frequent, slower, and shorter ones. Elevated and relatively more exposed areas were 

particularly vulnerable to the speediest and longest-lasting WDP. The 87th percentile of rainfall 

rate correlated most strongly with the frequency and duration of observed events, highlighting 

the role of extreme rainfall in propagating destructive winds. Our findings indicate that WDP 

are more common during the transition from the dry to the wet season and confirm previous 

studies in different Amazon regions that extreme winds are important mechanisms of tree 

damage and mortality, influencing turbulence and associated processes like gas and energy 

fluxes. 

 

Keywords: Forest Canopy, Turbulence, Meteorological Tower, Rainfall Seasonality, Tree 

Mortality, Shelter Effect, Convective Systems. 
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VENTOS COM POTENCIAL DESTRUTIVO AO LONGO DE UM 

GRADIENTE TOPOGRĆFICO E SAZONAL EM UMA FLORESTA DA 

AMAZĎNIA CENTRAL 

 

Resumo 

Os ventos podem exceder a estabilidade mec©nica das §rvores, levando-as a se quebrarem ou 

serem arrancadas. Em grandes por­»es da Amaz¹nia, as tempestades que propagam ventos com 

potencial destrutivo (VPD) s«o importantes mecanismos de mortalidade de §rvores, afetando a 

estrutura da floresta, os estoques de biomassa e a composi­«o das esp®cies. Nossa compreens«o 

do VPD prov®m principalmente de observa­»es de danos ¨s §rvores, j§ que os registros 

meteorol·gicos que avaliam os padr»es de vento existem em poucos locais e geralmente s«o 

feitos com resolu­«o temporal insuficiente. Consequentemente, os padr»es temporais e 

espaciais do VPD permanecem mal compreendidos. Usando 24 meses de dados meteorol·gicos 

registrados na altura do dossel em um gradiente topogr§fico e de chuva, desenvolvemos um 

m®todo inovador para detectar e descrever VPD em uma floresta da Amaz¹nica Central. 

Avaliamos a frequ°ncia, a velocidade e a dura­«o cr²tica dos VPD e as poss²veis rela­»es com 

a topografia local e a sazonalidade/intensidade das chuvas. Registramos 424 eventos de VPD, 

com velocidades variando de 10 a 17,9 m s-1 e dura­»es cr²ticas de 1 a 90 segundos. O VPD 

ocorreu em aproximadamente 4% do tempo analisado, representando m®dias di§rias e mensais 

(Ñ desvio padr«o) de 3,1 Ñ 2,9 e 17,2 Ñ 9,6 eventos, respectivamente. A topografia influenciou 

as rajadas mais r§pidas, mais duradouras e menos frequentes, mas n«o afetou as mais 

frequentes, mais lentas e mais curtas. As §reas elevadas e relativamente mais expostas foram 

particularmente vulner§veis aos VPD mais r§pido e de maior dura­«o. O percentil 87 da taxa 

de chuva (~0,7 mm min-1) apresentou correla­«o mais forte com a frequ°ncia e a dura­«o dos 

eventos observados, destacando o papel das chuvas extremas na propaga­«o de ventos 

destrutivos. Nossas descobertas indicam que os VPD s«o mais comuns durante a transi­«o da 

esta­«o seca para a chuvosa e confirmam estudos anteriores em diferentes regi»es amaz¹nicas 

de que os ventos extremos s«o mecanismos importantes de danos e mortalidade de §rvores, 

influenciando a turbul°ncia e os processos associados, como fluxos de gases e energia. 

 

Palavras-chave: Dossel Florestal, Turbul°ncia, Torre Meteorol·gica, Sazonalidade das 

Chuvas, Mortalidade de Ćrvores, Efeito de Abrigamento das Ćrvores, Sistemas Convectivos. 
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1. Introduction 

Winds with destructive potential (WDP) can reach critical speeds that exceed the 

mechanical stability of trees and lead to branch fall and/or tree toppling via trunk snapping and 

uprooting (Gardiner et al., 2008; Mitchell, 2013; Moore et al., 2018; Peterson et al., 2019; 

Ribeiro et al., 2016). In the Amazon, storms and heavy rainfall can propagate WDP, which are 

an important driver of tree damage and mortality, affecting forest structure, biomass, carbon 

stocks, and species composition (Marra et al., 2018; Marra et al., 2014; Urquiza Mu¶oz et al., 

2021).  

WDP are often associated with intense short-lived downbursts, which according to 

Fujita (1981), are divided into dry downbursts or wet downbursts (associated with less and 

higher than 2.5 mm of rain between the onset and the end of high winds, respectively). 

Regarding the outflow size, these author also divided these events into microbursts and 

macrobursts (<4 and Ó4 km in outflow diameter, with peak winds lasting 2 ï 5 and 5 ï 20 

minutes, respectively). Garstang et al. (1998) considered that ambient conditions prior to the 

WDP in the Central Amazon are characterized by sudden increases in wind speed Ó10 m s-1 

right above the canopies. These authors argue that extreme speeds close to 31 m s-1 can be 

reached where the moist convection is intense enough, which is fairly higher than values 

reported as associated to widespread damage and mortality of trees (Negr·n-Ju§rez et al., 2010; 

Peterson et al., 2019; Ribeiro et al., 2016). 

WDP impact trees in different scales, varying between the more frequent single or 

small-clusters to the rare catastrophic large windthrows often associated with squall line events  

(Araujo et al., 2017; Chambers et al., 2013; Negr·n-Ju§rez et al., 2010; Nelson et al., 1994; 

Simonetti et al., 2023). The severity of wind damage and mortality is influenced by the 

combination of species traits, such as wood density, leaf area, and canopy architecture, as well 

as the frequency, duration, and speed of the gusts (Geitmann and Gril, 2018; Quine et al., 2021). 

WDP are related to climatic and environmental factors such as local atmospheric stability, 

rainfall intensity, topography, and canopy roughness (Belcher et al., 2012; Garstang et al., 1998; 

Jackson et al., 2019a; Ruel et al., 1998). The topography modulates the wind speed on complex 

reliefs by differences in elevation and exposure, and the orientation of valleys and slopes 

relative to the prevailing wind direction (Jiang et al., 2021; Ruel et al., 1998). More elevated 

surfaces generally experience more intense wind regimes compared to slopes and valleys 

(Belcher et al., 2012). These complex reliefs are common in the Central Amazon (Renn· et al., 

2008), where variations in wind speed due to elevation and orientation have been scarcely 

reported (T·ta et al., 2012).  
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Previous research indicates that large windthrows were formed by WDP propagated 

by extreme storms associated with convective systems (Negr·n-Ju§rez et al., 2017, 2010). In 

the Amazon, these storms occur most frequently during the rainy season (e.g., from October to 

April). Some may last between 3 to 5.5 hours, and rainfall intensities can reach values higher 

than 30 mm h-1 (Araujo et al., 2021; Funatsu et al., 2021; Negron-Juarez et al., 2023; Negr·n-

Ju§rez et al., 2017; Rehbein et al., 2018; Sikora de Souza et al., 2020). However, in the 

equatorial region, the heat and humidity near the surface provide favorable conditions for 

convective activity all year long (Gon­alves et al., 2024; Rehbein et al., 2018).  

At the Amazon basin, studies using remote sensing data have shown that extreme 

precipitation, rainfall seasonality, surface elevation, and soil characteristics explain 20 ï 50% 

of the variability in the occurrence of large (>5 ha) windthrows (Negron-Juarez et al., 2023; 

Negr·n-Ju§rez et al., 2017). However, due to the relatively small spatial- and temporal-

resolution, meteorological satellite data tend to underestimate local variations in wind and 

rainfall regimes at both subpixel (~hectare) and larger scales (Harris et al., 2020; Hersbach et 

al., 2020; Huffman et al., 2020; Poggio et al., 2021; Takaku et al., 2020). This is critical over 

landscapes with intense environmental gradients like in the Central Amazon (Jiang et al., 2021; 

Renn· et al., 2008; Simard et al., 2011). 

Most of what we know about WDP comes from observations of their damage to trees 

and forests, as meteorological records to assess wind speeds, their spatial and temporal 

distribution only exist in comparatively few locations. Despite the well-known meteorological 

processes that create WDP (Dunlop, 2017), a scarcity of observational studies with 

meteorological data means their patterns of occurrence and actual severity of the WDP remain 

poorly understood. Wind is considered a regional mechanism of tree mortality  due to 

heterogeneity of environmental and meteorological factors that influence disturbance regimes 

(McDowell et al., 2018). This idea is supported by recent observations showing windthrow 

hotspots in Central and Western Amazon (Araujo et al., 2017; Negron-Juarez et al., 2023; 

Urquiza-Mu¶oz et al., acepted). Further, convective storms propagating WDP may become 

more common and intense with future climate system warming (IPCC, 2021). Describing local-

to-regional patterns of WDP can expand the current scarce-knowledge on how topographic 

attributes moderate tree damage and mortality associated with destructive winds (Ruel et al., 

2001). Assessing possible relationships between rainfall and other weather variables can also 

contribute to more reliable predictions of the occurrence and severity of destructive winds from 

local to regional scales (Allen et al., 2010; Berzaghi et al., 2020; Forkel et al., 2019; Roberts et 

al., 2018; Swain et al., 2020). 
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In this study, we described for the first time the patterns of WDP in an old-growth 

forest in Central Amazon known to be in a windthrow hotspot (Negr·n-Ju§rez et al., 2017; 

Urquiza-Mu¶oz et al., acepted). We used long-term (24 months) and high-frequency 

meteorological data recorded at the canopy height, and an innovative analytical approach to 

identify WDP across a topographic and seasonal gradient answering the following questions: 

(i) What are the WDP patterns in the forest canopy? (ii) How are WDP affected by topography? 

and (iii) How do seasonality and rainfall intensity affect WDP? 

 

2 Material and methods 

2.1 Study area 

Our study was conducted in an old-growth forest in Central Amazon located ~100 km 

north of Manaus, Brazil, at the Tropical Silvicultural Experiment Station (EEST, coordinates 

2Á38'16"S/60Á11'39"W) of the National Institute of Amazon Research (INPA) (Figure 1b). Our 

study is part of the INVENTA project (i.e., Wind-Tree Interactions in the Amazon, Intera­«o 

Vento-Ćrvore na Amaz¹nia [Portuguese]; Marra et al., 2018; Peixoto et al. 2023), which aims 

to integrate research on tree architecture and biomechanics with atmospheric and 

biogeochemical processes that affect the forest dynamics. INVENTA incorporates a 18-ha 

permanent plot installed in 2000 (Pinto et al., 2003) covering the topographic variation typical 

of Central Amazon terra-firme forests. The site elevation above the canopy surface ranges from 

67 ï 145 m above sea level (Figure 1c), with undulating relief including plateaus, steep slopes 

and narrow valleys associated with perennial drainages (Ferraz et al., 1998; Renn· et al., 2008). 

Gap dynamics has also been monthly monitored as part of our study site using drone RGB-

photogrammetry (Simonetti et al., 2023).   
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 Figure 1. Location and data collection arrangement of the study area. (a) Schematic profile of the 

meteorological towers across the topographic gradient. (b) Location of the EEST and INVENTA project. (c) 

Digital surface model generated from drone imagery representing the altimetry of the canopy surface 

relative to sea level, and the location of the towers on the 18-ha permanent plot.  

 

Soils on the plateaus have generally high clay content transitioning to sandy soils in 

the lower portions, which can be seasonally flooded (Chauvel et al., 1987; Ferraz et al., 1998; 

Luiz«o and Schubart, 1987). In general, the soils have relatively low fertility, low pH, low 

phosphorus availability, high aluminum concentration and low organic carbon content (Cunha 

et al., 2022; Telles et al., 2003).  

The climate in the region is ñAmò tropical according Kºppen-Geiger, with a dry and 

rainy seasons modulated by monsoons (Peel et al., 2007).  The rainy season lasts from 

December to May and the dry season lasts from June to November, with an evident dry period 

from July to September with monthly precipitation less than 100 mm (Marengo et al., 2001; 

Sombroek, 2001). Mean annual temperature and annual precipitation in the region of Manaus 

is 26.9 Ñ 0.17Ü C and 2,231 Ñ 118 mm (mean Ñ 95% confidence interval from 1970-2016, Marra 

et al., 2018). The mean annual temperature in our study site is 26.2 Ñ 3.2Ü C (mean Ñ standard 

deviation from 2021-2023), and mean annual precipitation is 2,304.1 Ñ 50.3 mm, (Figure S1 in 

the Supplementary material). 

The terra-firme forest is the most common forest type in the Amazon basin (Braga, 

1979) and is characterized by a continuous canopy, dense understory, and high diversity, where 

>280 species can occur in a single hectare (Chambers et al., 2009b; De Oliveira et al., 1999; 
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Marra et al., 2014). The INVENTA region is covered by an old-growth forest with closed 

canopy, where the mean (Ñ standard deviation) density and height of the trees are 623 Ñ 66 trees 

ha-1 and 28.65 Ñ 0.46 m, respectively (Ara¼jo, 2019; Carneiro, 2004; Lima, 2010; Pinto et al., 

2003). The old-growth terra-firme forest covering the INVENTA plot was not affected by 

severe human or natural disturbances for at least 60 years. 

 

2.2 Acquisition of meteorological data 

INVENTA includes three triangular mast meteorological towers, each one installed on 

the plateau, slope, and valley (Figure 1a). The plateau tower (T1) is 36-m tall and equipped with 

two 2D sonic anemometers installed at 33 m and 36 m height. T1 is also instrumented with a 

tipping bucket rain gauge, temperature-humidity-sensor, and a pressure transmitter (see details 

on instruments in the Figure S2). These instruments were installed at ~33 m height in order to 

capture the meteorological conditions at the canopy height, i.e., 28.65 m Ñ 0.46 m (mean Ñ 

standard deviation) (Ara¼jo, 2019; Lima, 2010). The slope and valley towers (T2 and T3, 

respectively) are both 33-m tall and equipped with a single 2D sonic anemometer installed at 

33-m height. In this study, we only used wind data collected at 33-m height.  

All towers are equipped with a datalogger (CR6, Campbell Scientific) that records, 

preprocesses and stores the data. Instruments and dataloggers are powered by a solar panel 

attached to the tower above the canopy and connected to a 12 V/50 Ah stationary-battery. The 

solar energy system provides operational autonomy for the towers, given the remote conditions 

and lack of integrated power-transmission infrastructure in the study area.  

All instruments record data continuously at a frequency of 1 Hz. Here, we used wind 

data recorded at the three towers, and rainfall data measured by the rain gauge at T1. The 

anemometer data is stored at the rough frequency (i.e., one data point every second), while the 

rainfall data are pre-processed and stored by total rainfall volume at 5-minute intervals. The 

towers were built in September 2019 and the instrumentation completed by March 2020. Data 

has been collected continuously since then, but here we used data covering the period from 

October/2021 to September/2023. 

Meteorological time-series data can be influenced by problems like instrument 

malfunctioning, external influences, and registration errors (Faybishenko et al., 2022). To 

minimize these possible non-sampling errors, we performed the data quality-control protocol 

described by Zahn et al (2016). This protocol uses visual graphical analysis of the data time 

series to identify patterns and inconsistencies, and applies treatments using missing values or 

flags (Rollenbeck et al., 2016), identification of impossible and implausible values, bounds 
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tests, (Mauder et al., 2013), and removal of random electronic spikes (Vickers and Mahrt, 1997). 

Here, spikes were considered to be all sudden deviations that were not accompanied by trends 

of gradual increases and decreases in wind speed. 

 

2.3 Data analysis 

2.3.1 Defining WDP 

We first defined gust as winds with a relative large positive increase in speed (i.e., 

higher deviations) in relation to the mean (Kristensen et al., 1991). Only events that persisted 

for a minimum of three seconds (Harper et al., 2010) prior to return to a condition similar to the 

pre-gust mean speed were considered (Beljaars, 1987; Gomes and Vickery, 1978; Kantz et al., 

2004; Kristensen et al., 1991; Mitsuta and Tsukamoto, 1989). Among detected gusts, we 

distinguished WDP as those propagating at a minimum speed of 10 m s-1. This threshold was 

set close to the minimum critical wind speed of 10.75 m s-1 estimated by Peterson et al (2019), 

from which canopy trees in our study site experience sufficient force to potentially be broken 

or uprooted. The critical wind speeds were estimated by Peterson et al (2019) by using a 

dynamic profile model and observational data from a mechanical winching test performed with 

60 canopy trees in an area adjacent to the INVENTA plot (Ribeiro et al., 2016). Our 10 m s-1 

threshold was also defined based on the strongly asymmetric wind speed distribution of our 

data (Figure S3). A sudden increase of Ó10 m s-1 measured at 40 m height (i.e., close to our 

measurements) in relation to the mean wind speed is also considered as a prior downburst 

condition (Garstang et al., 1998) from which tree damage or mortality have also been reported 

(Negr·n-Ju§rez et al., 2017, 2010).  

We created a three-step analytical method to identify and process WDP from our data, 

calculating their attributes of speed, direction, and critical duration. First, we defined a 

minimum threshold of wind speed of 1.85 m s-1 based on the mean and one standard deviation 

(1.06 m s-1 + 0.79 m s-1) observed for our 2 yearsô time-series. Considering one standard 

deviation allowed us to reliably selected gusts that exceeded the speed typically observed right 

above the canopy (~1 m s-1 at 35-55 m height) (Andreae et al., 2015; Garstang et al., 1998; De 

Santana et al., 2017; T·ta et al., 2012) (Figure 2a). Second, the time between the propagation 

of the gust and return to the predefined minimum of 1.85 m s-1 (i.e., non-wind condition) was 

computed as the ñtotal durationò of the gust. We further focused on WDP with at least three 

seconds of total duration according to the definition given by the World Meteorological 

Organization (Harper et al., 2010). WDP more than three seconds apart were considered as 

single events. We calculated the maximum speed and mean direction for all identified WDP 
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(Figure 2b). Further, we computed the ñcritical durationò of each selected gust as the time 

during which the gust sustained speeds Ó10 m s-1 (Figure 2c). Our preliminary analyses 

indicated that the critical duration explained 70% of the variation in the speed of the WDP in 

comparison to only 6% explained by their total duration (Text S1 and Figure S4). This suggests 

that critical duration is a better attribute to access the destructive potential of winds to cause 

tree damage or mortality. This finding is consistent with tree mechanical tests conducted  under 

controlled conditions of wind speed (England, 2000; Gardiner, 2021; Holmes et al., 2014; 

Moore and Maguire, 2004; Quine et al., 2021). Therefore, our subsequent analysis was 

conducted by using the WDP attributes of number, wind speed, wind direction, and critical 

duration. 

 

 Figure 2. Scheme of the analytical process used to define WDP in our dataset. (a) Example of the wind speed 

time series where the WDP are found; (b) Gusts that exceeds a minimum threshold of 1.85 m s-1 and reached 

or exceed 10 m s-1 were considered as an WDP. The time of begin (t0) and end (t1) of the gusts were recorded 

and the total duration (TD) of the WDP was calculated as the time in seconds from t0 to t1; (c) From TD, the 

critical duration (CD) was calculated as the time in seconds from t2 to t3 (i.e., the time that the gust sustains 

speeds Ó10 m s-1). In panels b and c, thresholds lines were not scaled to ease the understanding of the 

analytical process. 

 

2.3.2 Relating WDP and meteorological variables 

We summarized the WDP attributes of number, maximum wind speed, mean wind 

direction, and maximum critical duration recorded at 1 Hz frequency to match the rainfall data 

in a 5-min frequency. We analyzed the data separately for each of the topographic positions 

(i.e., plateau, slope, and valley). We also tested for possible patterns related to daytime (i.e., day 

period from 06:00 am to 05:59 pm; night period from 06:00 pm ï 05:59 am), and dry/wet 
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seasons. The wet and dry seasons were defined as the periods from December to May and June 

to November, respectively (Liebmann and Marengo, 2001; Marengo et al., 2001). 

 

2.3.3 Statistical analysis 

All statistical analysis were conducted in R 4.4 (R Core Team, 2024) and we report 

results based on a probability level of 95%. We tested the normality and variance homogeneity 

of the data using Shapiro-Wilk and Levene-Brown-Forsythe tests using RVAideMemoire and 

onewaytests packages, respectively (Dag et al., 2018; Herve, 2023). As our data were not 

normally distributed and had a non-homogeneous variance, we conducted a non-parametric 

approach using the median as a central tendency measure for the WDP patterns (Gotelli and 

Ellisson, 2013). 

To address question one on overall patterns of WDP, we assessed differences on the 

medians of selected attributes between daytime periods by using the Mann-Whitney-Wilcoxon 

test  from rstatix package (Kassambara, 2023). To address question two on how topography 

affects observed patterns, we assessed differences on the selected attributes among topographic 

positions using Kruskal-Wallis and Dunn Bonferroni post-hoc tests for medians through the 

stats and FSA packages, respectively (Ogle et al., 2023; R Core Team, 2024). To address 

question three on how rainfall seasonality influences WDP, we analyzed the relationship 

between rainfall rate (mm min-1) (predictor variable) with all WDP attributes (response 

variables) by using a cross-correlation function (Zebende, 2011) from the forecast package 

(Hyndman et al., 2024).  

The relation between rainfall and wind speed is an example of highly non-stationary 

atmospheric process (Barry and Chorley, 2003; Dunlop, 2017) that often involve complex 

changes that do not necessarily occur at the same time between these two variables (dos Anjos 

et al., 2015; Kavasseri and Nagarajan, 2004; Ko­ak, 2009; de Oliveira Santos et al., 2012). The 

cross-correlation analysis indicates the time lag where the highest (positive or negative) 

correlation between the response and predictor variables occurs (Kristoufek, 2014; Podobnik 

and Stanley, 2008), allowing us to evaluate possible correlations between rainfall and WDP. 

Positive lags indicate that changes (i.e., increase or decrease) in the response variable occur 

before the changes in the predictor variable. Negative lags indicate the opposite and zero lag 

indicates that changes in both variables occur at the same time. We evaluated a two-hour 

window time before and after each WDP. Once we identified the lag with the highest correlation 

between the precipitation rate and each of  the WDP attributes, we adjusted the time lag between 

the predictor and response variables using the DataCombine package (Gandrud, 2016). Further, 
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we analyzed the relation among log-transformed number of WDP, speed, critical duration, and 

rainfall rate (mm min-1) using linear models (i.e., log(y+1) ~ log(x+1)) for the time-lagged 

adjusted data. We fitted a simple linear model for each combination of predictive and response 

variables (e.g., log(speed+1) ~ log(rainfall rate +1)) along different rainfall percentiles varying 

between 0th and 99th. These percentiles were used for testing the magnitude of the effect of 

different rainfall severities on the response variables. For each model combination along the 

percentiles, we calculated the Pearson correlation (r), adjusted coefficient of determination (RĮ) 

and p-value from the regressions using the stats package (R Core Team, 2024) as measures of 

the robustness of the relationship between the rainfall rate and the WDP attributes. Higher r and 

RĮ, and lower p-value indicate the percentile where the best relationship was found. 

 

3 Results 

3.1 What are the WDP patterns in the forest canopy? 

We analyzed 17,348 hours of data, of which around 4% contained WDP. We recorded 

424 events of WDP during the study period. Wind speed and critical duration ranged from 10 

to 17.9 m s-1, and from 1 to 90 seconds, respectively (see details in Table 1). The WDP occurred 

on only 133 (~18%) of the 730 days analyzed. Nonetheless, these represent a daily mean of 3.1 

Ñ 2.9 (Ñ standard deviation) events, monthly mean of 17.2 Ñ 9.6 events, 213 events in Oct/2021 

ï Sept/2022 period, and 211 events in Oct/2022 ï Sept/2023 period.  

Table 1. Attributes and descriptive statistics of the WDP recorded in the INVENTA from Oct 2021 to Sep 

2023. The letters inside the brackets show the results of the Mann-Whitney-Wilcoxon and Dunn Bonferroni 

tests for comparing the medians between the levels of the predictor variables. Equal letters indicate 

statistically similar medians, and different letters indicate the opposite. 

Position Number of WDP 
Speed (m s-1) Critical duration (s) 

Min Max Median Min Max Median 

Plateau 302 10 17.9 11.1 (a) 1 90 3 (a) 

Slope 98 10 16.2 10.9 (a) 1 30 2 (b) 

Valley 24 10.1 13.5 10.7 (a) 1 16 1 (b) 

Daytime Number of WDP Min Max Median Min Max Median 

Day 358 10 17.9 11 (a) 1 90 2 (a) 

Night 66 10 14.7 11.1 (a) 1 30 2 (a) 

Season Number of WDP Min Max Median Min Max Median 

Dry 249 10 17.9 11.1 (a) 1 90 3 (a) 

Wet 175 10 14.8 10.9 (a) 1 30 2 (a) 

 

We found that 358 (84.4%) and 66 (15.6%) WDP occurred in the day and night periods, 

respectively (Figure 3a). However, there was no statistical differences between the medians of 

speed (p = 0.83) and critical duration (p = 0.41) between day and night periods (Figure 3b and 

c; Table 1). Still, the highest values of speed and critical duration were recorded during day 

period, mainly between 10:00 and 16:00 local time (LT) (Figure 3d and e). Despite the similar 
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patterns, these results suggest that the day and night periods show a distinct variation of these 

attributes.  

 

 Figure 3. Daytime effects in the WDP attributes. (a) Number of gusts; (b) Speed; (c) Critical duration; (d) 

Speed along of hours of the day; (e) Critical duration along of hours of the day. In panels b and c, the p-

value of Mann-Whitney-Wilcoxon test is shown above the brackets. In panels d and e, the light-yellow bands 

represent the day period, the maximum values of the attributes recorded in the hours are represented by 

the green points connected by the dashed green lines. In all the panels, the attributes were computed without 

distinction of topographic position. 

 

3.2 How are WDP affected by topography? 

From the total number of WDP (n = 424), 302 (66%) were recorded on the plateau, 98 

(21%) on the slope, and 24 (5%) in the valley (Figure 4a). Although the number of events 

reduced greatly from plateau to valley, the median wind speed of recorded events did not differ 

significantly among the three topographic positions (p= 0.35, Figure 4b; Table 1). Still, the 

median critical duration declined significantly with topographic position (p = 0.02, Figure 4c; 

Table 1). Nevertheless, these differences were only observed between plateau and slope (p = 

0.03) and between plateau and valley (p = 0.02) with slope and valley being similar (p = 0.18). 

We recorded a systematic decrease of the maximum values of speed and critical 

duration reached by the WDP from the plateau to the valley (Table 1). Our results suggest that 

the topographic effect of the WDP is attributable to fewer and shorter events, with only those 

reaching the highest recorded speeds propagating down to the lower portions of the relief (i.e., 
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lower portions of slope and valley). Wind direction was also affected by topography. Overall, 

WDP blew predominantly from the east quadrant in all topographic positions. However, at the 

plateau and slope (Figure 4d and e), WDP had a distribution relatively constrained from east to 

west. This contrasts the distribution observed at the valley, where WDP were predominantly 

aligned from south to north (Figure 4f, see the valley orientation in the Figure 1c). 

 

 Figure 4. Topographic effects in the WDP attributes. (a) Number of gusts; (b) Wind speed; (c) Critical 

duration; (d) Wind direction in the plateau; (e) Wind direction in the slope; (f) Wind direction in the valley. 

In panels b and c, the p-value of the Dunn Bonferroni post-hoc test for multiple comparations among the 

topographic positions is shown in the top and the brackets. In panels d to f, the y axis represents the 

frequency (%) of WDP according with wind speed levels legend below the panels. 

 

3.3 How do seasonality and rainfall intensity affect WDP?  

The majority of WDP occurred in the dry season (249 or 58.7% compared to 175 or 

41.3% in the wet season) (Figure 5a). Although the median critical duration of WDP was similar 

(p = 0.14, Fig. 5c; Table 1), the median wind speed in the dry season marginally exceeded that 

of the wet season (p = 0.05, Figure 5b; Table 1). The maximum values of wind speed and critical 

duration of WDP were higher in the dry season (Table 1). July had the highest frequency of 

WDP (n=73) among all months (Figure 5d). The highest wind speeds (Figure 5e) and critical 

durations (Figure 5f) were observed during the transition from the dry to the wet season (i.e., 

September and October). 
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 Figure 5. Seasonality effects in the WDP attributes. (a) Number of gusts; (b) Wind speed; (c) Critical 

duration; (d) Number of gusts during the months; (e) Wind speed during the months; (f) Critical duration 

during the months. In panels d to f, the months are distinguished in relation to the Dry and Wet seasons by 

red and blue colors, respectively. For the panels e and f, the maximum values of WDP attributes recorded 

in the months are represented by the green points connected by the dashed green lines. In all the panels, the 

attributes were computed without distinction of topographic position. 

 

Recorded WDP were predominantly aligned to the east quadrant, both in the dry and 

wet seasons (Figure 6a and b). Nonetheless, we observed a change in direction of WDP during 

the dry season, with events predominantly aligned to the southeast sub-quadrant (Figure 6a). In 

the wet season, most WDP were aligned to the northeast quadrant (Figure 6b). These changes 

in sub-quadrant direction were more evident monthly (Figure 6c), with largest shifts evident in 

May and October, the months marking the end and onset of wet season in the region (Figure 

6c). 
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Figure 6. Seasonal and monthly direction of the WDP. (a) Distribution direction in the dry season; (b) 

Distribution direction in the wet season; (c) Distribution direction of the WDP during the months. The y-

axis in the panels a-c indicates the frequency (%) of gusts according to the direction. In all the panels, the 

attributes were computed without distinction of topographic position. 

 

We found a positive lag ranging from 5 to 20 min between rainfall rates (mm min-1) 

and all WDP attributes Figure 7a-c). There was a positive effect between rainfall rate in the 

number of WDP (Figure 7d) and their critical duration (Figure 7f). Wind speed (above the WDP 

threshold) was not affected by the rainfall rates (Figure 7e). The 5-min lags indicated that 

increases in the number and critical duration of the WDP were linked to subsequent rainfall 

events. However, most of WDP (291 or 68.8%) were not accompanied simultaneously by 

rainfall in a time lag Ó5 min, and another expressive number (122 or 29%) were not 

accompanied by rain in a time lag Ó20 min. A relatively lower number of WDP (133 or 31,3%) 

occurred simultaneously with rainfall in a time lag Ò5 min. For the number and critical duration, 

there was a general upward trend in the relationship with the rainfall rate during the rainfall 

events, where the highest Pearsonôs correlations were recorded at the 87th percentile both for 

number of WDP (r = 0.92, p < 0.01, Figure 7g) and critical duration (r = 0.83, p = 0.01, Figure 

7i). This percentile corresponded to a mean rainfall rate of 0.7 mm min-1 and explained 84% 

and 68% of the variation in number and critical duration of WDP, respectively. In both these 

attributes, this relationship was mainly driven by events occurred during the dry season (Figure 

7j and l). We found no clear relationship between WDP attributes and monthly maximum 

rainfall rate (Figure S5c-e). Median rainfall rate also did not differ between dry and wet seasons 
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(Figure S5a). However, we recorded 30% more extreme rainfall events with rainfall rate Ó0.7 

mm min-1 (87th percentile) during the wet season, especially in February and March (Figure 

S5b). 

 

 Figure 7. Relationship between rainfall and the WDP attributes. Panels a-c: Cross-correlation analysis 

between log-transformed rainfall rate (mm min-1) and log-transformed (a) Number of WDP, (b) Speed, and 

(c) Critical duration. In the a-c panels, the x-axis is a time lag in which the highest significative Pearson 

correlation is observed between rainfall rate and the WDP attributes. This time lag is measure by 5-min 

units of frequency (e.g., 4 lag is equivalent to 20 min). Blue circles in the top of bars indicate the highest 

Pearsonôs correlations (r) found for the relationship. Pearsonôs Correlations numbers are followed by ñ(ns)ò 

indicating non-significative or ñ(s)ò indicating significative p-values. Dashed blue lines are the limits of 

confidence intervals. Panels d-f: Linear models indicating the relationship between log-transformed rainfall 

rate and log-transformed (d) Number of WDP, (e) Wind Speed, and (f) Critical duration. Grey bands are 

the confidence intervals; Panels g-i: Pearsonôs correlation (r) and adjusted coefficient of determination (RĮ) 

between log-transformed rainfall rate and log-transformed (g) Number of WDP, (h) Wind Speed, and (i) 

Critical duration along 0 to 99th percentiles of rainfall rate. The y-axis is the values of Pearson correlation 

and RĮ. Blue circles indicate the percentile which the highest significative Pearsonôs correlation and RĮ were 

found; Panels j-l: Linear models describing the relationship between log-transformed rainfall rate and log-

transformed (j) Number of WDP, (k) Wind Speed, and (l) Critical duration in the selected percentile where 








































































