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Abstract 

The Amazon is in transition, and its rainforests are increasingly threatened by agricultural 

expansion. A slash-and-burn agriculture and mostly extensive cattle grazing are responsible for 

large-scale ecosystem damage and high levels of greenhouse gas emission. Earth observation 

systems such as the Landsat and Sentinel-2 satellites enable large-scale analysis of these 

developments and are essential for evaluating measures to protect the Amazon. However, cloud 

cover makes remote sensing analysis challenging in the core tropics. The present work aims to 

improve the detection of agricultural processes typical of deforestation frontiers, focusing 

specifically on the Novo Progresso region, Pará, Brazil. To that end, the EO Time Series 

Explorer was developed to interactively visualize the different dimensions of dense multi-

sensor time series and to create reference data. Based on this software tool, the Clear 

Observation Sequences (COS) approach was developed to capture highly dynamic agricultural 

processes such as low-load fires or tillage operations. Finally, the investigation of land-use 

changes in the Novo Progresso region between 2014 and 2020 shows an alarming increase in 

deforestation and agricultural fires since Jair Bolsonaro’s accession to the presidency. Analysis 

by land-use zone and property size shows that protected areas have become less effective and 

that larger properties are driving deforestation. This work demonstrates the value of synergistic 

use of satellite time series for remote sensing analysis of agricultural processes. Further 

densification of time series using higher spatial and spectral resolution sensors promises to 

further improve the description of agricultural dynamics. 
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Zusammenfassung 

Der Amazonas befindet sich im Wandel. Seine Regenwälder sind zunehmend durch die 

expandierende Landwirtschaft bedroht. Brandrodungen und die meist extensive 

Weidewirtschaft verantworten großflächige Ökosystemschäden und hohe 

Treibhausgasemissionen. Erdbeobachtungssysteme wie die Landsat und Sentinel-2 Satelliten 

ermöglichen eine großflächige Analyse dieser Entwicklungen und sind unerlässlich zur 

Evaluierung von Maßnahmen zum Schutze des Amazonas. Allerdings sind in den Kerntropen 

Fernerkundungsanalysen aufgrund des Bewölkungsgrades sehr herausfordernd. Diese Arbeit 

zielt daher auf eine verbesserte Erkennung landwirtschaftlicher Prozesse, wie sie an 

Entwaldungsfronten und speziell in der Region Novo Progresso, Pará, Brasilien, typisch sind. 

Dazu wurde zunächst der EO Time Series Explorer entwickelt, um verschiedene Dimensionen 

dichter Multisensorzeitserien interaktiv zur Erstellung von Referenzdaten in Wert zu setzen. Mit 

den Clear Observation Sequences (COS) wurde darauf basierend ein neuer Ansatz zur Erfassung 

hoch-dynamischer landwirtschaftlicher Prozesse entwickelt, etwa Feuer mit geringer Brandlast 

oder Bodenbearbeitungsmaßnahmen. Darauf aufbauend wurde schließlich der 

Landnutzungswandel in der Region Novo Progresso zwischen 2014 und 2020 untersucht. Die 

Ergebnisse zeigen einen alarmierenden Anstieg der Entwaldung und eine Zunahme 

landwirtschaftlicher Feuer seit der Präsidentschaft von Jair Bolsonaro. Differenziert nach 

Landnutzungszonen und Betriebsgrößen wird deutlich, dass Schutzgebiete weniger wirksam 

sind und insbesondere größere Landwirtschaftsbetriebe die Entwaldung vorantreiben. Diese 

Arbeit zeigt den hohen Wert einer synergetischen Nutzung unterschiedlicher Satellitenzeitserien 

für die fernerkundliche Analyse landwirtschaftlicher Prozesse. Eine weitere Verdichtung der 

Zeitserien mit räumlich und spektral höherauflösenden Sensoren bietet weiteres 

Verbesserungspotential bei der Beschreibung landwirtschaftlicher Dynamiken.
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Chapter I: Introduction 
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1 The Amazon and Global Change 

Covering an area of about 6.7 million square kilometers, the Amazon region is home to the 

world’s largest humid tropical rainforest, with smaller areas of savanna, floodplain forest, 

grassland, swamp, and bamboo and palm forest. As a high-biodiversity locale, the Amazon plays 

an important role in the interaction between the Earth’s surface and the global climate by virtue 

of features like its carbon storage potential (Achard et al., 2002; Bonan, 2008; Ramankutty et 

al., 2007) and water recycling mechanisms (Aragao, 2012), which account for about 20% of 

global freshwater discharge (Davidson et al., 2012). 

So, what exactly is meant by the Amazon? For present purposes, the term is used to refer to the 

Amazon biome, also known as Amazonia (Figure I-1). Much of this biome is accounted for the 

Amazon basin and the eponymous Amazon River—the second longest river on Earth at 3,977 km 

and the largest in terms of discharge. The Amazon biome extends across Brazil, Bolivia, Peru, 

Ecuador, Colombia, Venezuela, Guyana, Suriname, and French Guyana. As the Brazilian 

Amazon is its largest component, the term Amazon is often used synonymously for Brazilian 

 

Figure I-1 Geographical definitions of the Amazon and areas of interest (AOI) in Chapters 3+4 (the Novo Progresso 
region). 
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Amazon in literature and on information platforms. The Brazilian Amazon is part of the 

Brazilian Legal Amazon (BLA), a larger socio-geographic planning division (Law 5.173/1966) 

that also includes parts of the neighboring Cerrado and Pantanal biomes. 

Since the mid-twentieth century, the Amazon’s natural ecosystems have been under threat as 

highways like the BR-230 “Transamazônica” (from eastern Brazil’ to the border of Peru), the 

BR-364 (from Cuiabá to Porto Velho), and the BR-163 (from Cuiabá to Santarem; Figure I-1) 

were constructed to promote economic activity in previously inaccessible areas (Fearnside, 

2007; Nepstad et al., 2002). More than 80,000 km of roads have been built across the Brazilian 

Amazon since 1970, opening the door to large-scale transformation of natural habitats for other 

purposes (da Cruz et al., 2020; Goodland & Irwin, 1974; Margulis, 2003). 

In total, more than 470 thousand square kilometers of natural forest in the BLA were cleared 

between 1988 and 2020 (INPE, 2021c), representing about 5.3% of Brazil’s total area and 

equivalent to the area of Sweden or 1.3 times the area of Germany. This deforestation and post-

deforestation land-uses account for a significant increase in greenhouse gas (GHG) emissions 

and contribute to wider global change and global warming (Hong et al., 2021; Lamb et al., 2021). 

Forest loss and landscape fragmentation also increase the vulnerability of remaining natural 

ecosystems to regional droughts and fires, which are mostly caused by human land use 

(Laurance, 2000; Staal et al., 2020). 

The largest share of this deforestation occurs in the so-called Arc of Deforestation (Aldrich et 

al., 2012), which encompasses the federal state of Rondônia, southern parts of the federal state 

of Amazonas, northern Mato Grosso, and south/south-east Pará (Figure I-1). Mining operations 

are responsible for 9% of deforestation (Sonter et al., 2017) while often illegal artisanal and 

small-scale mining activities cause severe pollution of rivers and connected ecosystems (Veiga 

& Hinton, 2002). Hydroelectric projects drown rainforests and change sediment flows, 

impacting aquatic ecosystems and the livelihoods and health of traditional communities 

(Fearnside, 2016; Greenpeace, 2016; Winemiller et al., 2016). Timber extraction causes forest 

thinning and changes the composition of species in affected forests (Asner et al., 2005; Lima et 

al., 2020; Nepstad et al., 1999), often exceeding the specified limits for the protection of 

endangered species (Brancalion et al., 2018). 

However, the main cause of these losses is the large-scale conversion of natural lands for 

agricultural use (Pacheco et al., 2021): Over the last 20 years, more than 13% of the Amazon’s 

primary forests have been lost to cattle pastures and croplands (Lapola et al., 2014). The main 

indirect driver for these dramatic losses in forest ecosystems (as well as in biomes like the 

Brazilian Cerrado and the Argentinian Chaco) is the global increase in demand for agricultural 
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products (Piquer-Rodríguez et al., 2018; Strassburg et al., 2017). In partnership with China, the 

United States, and the European Union, Brazil has become the world’s top exporter soybeans, 

maize, and beef by quantity (FAO, 2021; Pacheco et al., 2021). 

2 Agriculture in the Brazilian Amazon 

Remote sensing data can reveal how different land uses are affected by topographic conditions 

and political and socio-economic developments. To ground the chapters that follow, this section 

provides a brief overview of agricultural development in the Brazilian Amazon. 

2.1 Agricultural Expansion 
Humans have inhabited the Amazon region for more than 10,000 years (Roosevelt, 2013), 

subsisting by fishing, hunting, and collecting fruits. For at least 5,000 years, these activities have 

included small-scale horticulture to cultivate maize and manioc, as well as creating orchards of 

fruit trees in domesticated forests (Levis et al., 2018). Indigenous communities developed skilled 

cultivation techniques to increase and maintain soil fertility, using high inputs of organic 

material to compensate for the low fertility of tropical soils—mostly Latisols and Acrisols with 

low cation exchange capacity (Weischet, 1993). Shifting cultivation is used to grow crops like 

rice, beans, maize, manioc for a short period (1–2 years) until the soil is depleted of nutrients. 

In the fallow period that follows (14–20 years), soil fertility is restored using nutrient cycling 

and litter from the regrowth of natural forests (Nicholaides et al., 1984). 

Fire is central to many of these traditional cultivation techniques, which include soil fertilization 

using charcoal (slash-and-char), creating fertile dark soils (terra preta), preparing forests for 

shifting cultivation (slash-and-burn), stimulating grass regrowth and fruiting of plants. Fire is 

also used to prevent the spread of pests, to burn trash, and to keep spaces free of vegetation that 

is abundant and fast regrowing. Among indigenous populations, fire management was (and is) 

practiced precisely and carefully to ensure sustainable and resource-efficient land use (Pivello, 

2011). 

In colonial and post-colonial times, some of these cultivation techniques were adopted by local 

peasants, often to less productive or sustainable effect. The displacement and annihilation of 

indigenous populations by war and disease and the arrival of immigrant farmers changed the 

dominant form of agricultural production from shifting to permanent cultivation. In many areas, 

land-use patterns changed from forest-dominated to forest-free; according to Roosevelt (2013), 

“Cattle replaced Indians, and pasture […] the palm forests that were of high food potential.” 

Fires to prepare agricultural land were used more often and less carefully, and these agricultural 
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fires frequently expanded into wildfires, causing severe degradation of natural forest ecosystems 

(Barlow et al., 2020; Uhl & Kauffman, 1990). 

Until the mid-twentieth century, agricultural expansion in the Amazon occurred mainly at the 

region’s outer borders and along its rivers. For example, the rubber boom (between 1879 and 

1912) occurred along rivers that were navigable by steamboat, enabling the rubber tappers to 

connect with towns like Manaus and exporting seaports (Nugent, 2017). Larger traffic 

infrastructure-projects like the Madeira-Mamoré railroad in Rondônia remained an exception; 

that route was abandoned after World War II with the decline of Brazilian rubber production 

(Hecht & Cockburn, 2011, pp. 90-94). 

At the beginning of the 1970s, the construction of highways through the Amazon region 

facilitated the economic exploitation of previously inaccessible areas and accelerated the 

expansion of pastures and croplands along these highways. In particular, ongoing efforts to pave 

these highways render them usable during the rainy season, reduce transportation costs, and 

facilitate export-oriented agricultural activities (Soares-Filho et al., 2004). In addition, Brazilian 

agrarian reform since the 1980s (see Chapter I 2.4) has explicitly promoted agricultural land use 

in the Amazon by creating settlements for smallholders and family farms. It is estimated that 

settlement projects driven by agrarian reform account for 30% of total deforestation between 

1964 and 1997 (Aldrich et al., 2012). 

2.2 Agricultural Frontiers 
Active frontiers of deforestation and agricultural expansion are characterized by social, cultural, 

and technological changes. New job creation and better working conditions can increase 

household incomes, improve the local social context, and promote immigration and cultural 

exchange with other regions. At the same time, competing interests can lead to conflict—for 

example between the indigenous population and new settlers—and a lack of governance and 

law enforcement in remote areas favors violence and criminality such as land grabbing 

(Greenpeace, 2003; Rindfuss et al., 2007; Sauer, 2018; Simmons et al., 2007). 

Frontiers can be linked to each other. For example, the international soy market stimulated the 

soy frontier in the Brazilian state of Mato Grosso, where pasture areas were converted into 

cropland on a large scale. This indirectly pushed the deforestation frontier north into the state of 

Pará, where deforestation rates increased to establish new pastures for cattle production (Arima 

et al., 2011; Gollnow et al., 2018). 

Land management on deforestation frontiers often relies on traditional extensive grazing 

practices, which do not require massive investment in terms of capital and labor. Cattle stocking 
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rates are usually low (less than one animal unit per hectare), and grazing periods can be rather 

long, ranging from multiple months to years. Fire is used to remove trunks, to unleash nutrients, 

and to stimulate the growth of forage grass. Additionally, fire can control weeds and pests and 

constrains the regrowth of secondary vegetation (Bowman et al., 2008; Carmenta et al., 2013; 

Pivello, 2011). Repeated burning of biomass, long-term decay of soil carbon stocks, and enteric 

fermentation in cattle all contribute to excessive GHG emissions. Within seven to ten years, 

pasture soil becomes depleted and requires a fallow period. Estimates suggest that natural 

vegetation succession captures about a third of the previously deforested area (TerraClass, 

2022). While biomass reaches pre-deforestation levels in these areas within a few years, 

biodiversity and carbon stocks take much longer to recover (Meli et al., 2017; Perz & Skole, 

2003a, 2003b; Ramankutty et al., 2007). 

Increasing landscape fragmentation (i.e., the breakup of habitats into smaller disconnected parts) 

causes harm to natural ecosystems, which become vulnerable to the “edge effect” of degradation 

by selective logging and agricultural fires ("edge effect", Matricardi et al., 2010; Shimabukuro 

et al., 2014; Uhl & Buschbacher, 1985). Chemical inputs and invading species from nearby 

agricultural land add to these weakening effects (Davidson et al., 2012; Veldman et al., 2009). 

2.3 Agricultural Intensification 
In contrast to the spatial or horizontal expansion of agriculture, vertical intensification increases 

agricultural productivity per unit of land (i.e., crop and forage yields or livestock density). 

Intensification is often achieved by improving soil fertility—for example, using mineral or 

organic fertilization, liming to alleviate soil acidity, or conservation management schemes to 

increase soil organic content and reduce erosion and soil compaction. Negative effects of 

monocultures, pest-related pressures, and overgrazing can be prevented by optimizing crop and 

grazing rotations and by introducing integrated crop-livestock systems (Galford et al., 2013; 

Valle, 2011). Breeding and genetic modifications facilitate the introduction of more regionally 

adapted crop, forage, or animal species. Infrastructural investment can enhance financial 

systems and access to markets and improve knowledge transfer (Latawiec et al., 2014; Tilman 

et al., 2011).  

Agricultural intensification is central to the land sparing hypothesis, which posits that 

intensification “spares” land that would otherwise be required to meet the demands of extensive 

agricultural production (Phalan et al., 2011). It has been estimated that without intensification 

in the cattle sector since 1950, a pasture area 25% greater than the entire Amazon biome would 

have been required to achieve 2006 levels of production (Martha et al., 2012). The cattle 

production sector accounts for about fifty percent of Brazilian GHG emissions (Bustamante et 
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al., 2012; Lambin et al., 2013). Given the low productivity of many cattle pastures, land sparing 

can be expected to reduce GHG emissions even if global food demand increases in the future in 

line with existing projections (Cohn et al., 2014; Godfray et al., 2010; Strassburg et al., 2014). 

Government institutions such as the Brazilian Institute of Environment and Renewable Natural 

Resources (IBAMA), the Brazilian Corporation of Agricultural Research (EMBRAPA), and the 

National Institute for Colonization and Agrarian Reform (INCRA), as well as NGOs like the 

Institute of Mankind and Environment in the Amazon (IMAZON), promote agricultural 

intensification through research, political consulting, and workshops for agricultural 

stakeholders. Brazil’s Low Carbon Agriculture Program (Plano ABC, MAPA, 2012, 2020b; 

Stabile et al., 2012) provides credit lines to mitigate GHG emissions based on measures that 

include pasture restoration, reforestation, implementation of no-till practices, and integrated 

crop-livestock farming (de Oliveira Silva et al., 2017; MAPA, 2012; Mozzer, 2011). 

However, agricultural intensification does not guarantee environmental sustainability, as it can 

lead to rebound effects that render ongoing agricultural expansion more profitable (Lambin & 

Meyfroidt, 2011). Land sparing therefore depends on land scarcity to suppress traditional 

extensive agriculture, employing territorial constraints such as protected forest zones, 

surveillance, and penalizing illegal deforestation through law enforcement or supply chain 

interventions (de Toledo et al., 2017; Gibbs et al., 2016; Müller-Hansen et al., 2019; Soares-

Filho et al., 2014). Misuse of fertilizers and machinery can cause water eutrophication, soil 

compaction and erosion. Introducing new plant species increases the risk of biological invasion 

and may ultimately increase production costs. For example, South African lovegrass (Eragrostis 

plana) was promoted in Brazil as forage grass but was later found to have poor nutritional 

characteristics and displaced more suitable native forage grasses. South African lovegrass is 

now seen as an invasive species that can cause great economic damage (Zenni & Ziller, 2011). 

Intensification requires financial investment and a willingness to take a risk—for example, to 

purchase fertilizers and machinery or introduce new management practices. For that reason, 

socio-economic inequalities can be widened if intensification favors capital-intensive large-

scale producers with greater financial resources and better market access than smallholders and 

family farms. 

2.4 Agrarian Reform 
Levels of land distribution inequality in Brazil are among the highest worldwide (Albertus et 

al., 2016), with 70% of the country’s agricultural producers operating on farms of between one 

and fifty hectares (IBGE, 2019). While 77% of Brazil’s agricultural producers are classified as 

smallholders or family farms (Law 9.064/2017), these account for only 23% of the country’s 
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agricultural land. This imbalance is a legacy of Brazil’s colonial history and has been a source 

of social and political conflict for decades. 

In 1964, Brazil’s military government initiated agrarian reform by enacting the Land Statute to 

“distribute land among rural workers by means of alterations in the regime of possession and 

use, meeting the principles of social justice and increased productivity” (Law 4.504/1964). The 

military government primarily promoted these measures in the economically underdeveloped 

midwest and north. This entailed the relocation of smallholders to the Amazon, rendered 

accessible by the government’s road building program. This strategy also had the effect of 

suppressing rural labor movements (Albertus et al., 2016; Schneider & Peres, 2015). However, 

economic problems, discontent of the landless rural population and occupations of often 

underused private land increased, leading to violence against the occupying peasants and their 

leaders. The emergence of new political groups like the Workers Party (Partido dos 

Trabalhadores, PT, founded in 1980) and the Landless Rural Workers Movement (port. 

Movimento dos Trabalhadores Rurais Sem Terra, MST, founded in 1984) heightened the 

political pressure to intensify agrarian reform. 

The main instruments of agrarian reform were (i) the creation of settlement projects to 

redistribute land to smallholders and family farms and (ii) beyond land reform itself, the 

provision of infrastructure, credits, technical assistance, and other benefits to support settled 

families. In international terms, Brazilian land reform is considered the most expansive approach 

yet seen (Schneider & Peres, 2015). By 2021, INCRA reported a total of 9,428 agrarian 

settlements involving 1,185,350 families (INCRA, 2021b), the majority located in the Legal 

Amazon and most notably in the state of Pará. 

Rates of deforestation and fire are greater in agrarian settlements than on other private and public 

lands. This is mainly because small economies of scale make it difficult for smallholders to 

achieve minimum living standards while complying with environmental laws. Additionally, law 

enforcement is often weak in in rural areas, and settlement planning often contravenes 

environmental laws—for example, by encroaching on existing conservation units (Pacheco, 

2009; Schneider & Peres, 2015). The different phases of agrarian reform (see Sobreiro Filho et 

al. (2015) also provoke ongoing tensions between political forces in Brazil (Robles, 2018; 

Sobreiro Filho et al., 2015). One recent example is the subordination of the National Institute of 

Colonization and Agrarian Reform (INCRA) from the Ministry of Social Development to Civil 

House to the Civil House in 2016 under President Temer, and from there to the Ministry of 

Agriculture in 2019 under President Bolsonaro, which is perceived as a concession to the agro-

industrial lobby. 
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3 Study Region: Novo Progresso 

To observe how agricultural land use in the Amazon has changed, the present work focused on 

the Novo Progresso region. Located in South Pará, Novo Progresso’s diverse systems of land 

use make it an ideal setting in which to study frontier agricultural patterns in the Brazilian 

Amazon. Colonization of the region is closely linked to the construction of the Cuiabá-Santarem 

highway BR-163 (Fearnside, 2007), which connects the soy production centers of Mato Grosso 

to the ports of North Pará.  

The town and municipality of Novo Progresso are relatively young, with first settlement dating 

back to the 1970s. The discovery of gold in 1984 attracted a first influx of settlers. Since the 

1990s, cattle ranchers have migrated to the region from Mato Grosso and North Pará (Klingler 

& Mack, 2020a), creating a focal point for agricultural expansion and making Novo Progresso 

one of the most active deforestation frontiers in the Brazilian Amazon. The municipality was 

created in 1993 when Novo Progresso was separated from Itaituba (Law 5.700/1991). Since 

1996, four agrarian settlement projects have been created in the municipality, with a total 

capacity of 1,000 families (INCRA, 2021b). By 2020, Novo Progresso had a reported population 

of 25,766 (IBGE, 2020). 

 

Figure I-2 Characteristics of the study region: a) extensive and b) intensive cattle pastures in the vicinity of Novo 
Progresso; c) BR-163 in Cachoeira da Serra, August 2014. See text for further details. 
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The ongoing intensity of environmental destruction, deforestation, and forest degradation 

(Müller et al., 2016a; Pinheiro et al., 2016) has focused government and non-government 

attention on Novo Progresso as a priority area for environmental protection (Gibbs et al., 2015; 

Klingler & Mack, 2020b). Conflicts between farmers, land grabbers, indigenous populations, 

and government institutions (Greenpeace, 2003; Klingler & Mack, 2020a; Richards, 2012) 

regularly attract the attention of the international media (Hyde, 2019; Stadler, 2006).  

Figure I-2 conveys the general character of the Novo Progresso frontier. In the extensive cattle 

pastures (a), solitary trees (1) bear witness to the loss of abundant forest cover, with felled trunks 

(2) still covering the ground, while seeds remain ready to sprout as bushes and young trees. 

Trees are slashed and burned in the dry season by the omnipresent fires (3). On the degraded 

pastures, fodder quality and stocking rates for cattle (4) are often less than 0.5 AU/ha (Strassburg 

et al., 2014). Artificial ponds (5) provide water for the cattle and are also used for fishing. The 

intensively managed pastures (b) show higher stocking rates and a more homogeneous surface 

produced by regular mechanical soil cultivation. Often older, these pastures are located in 

vicinity of the BR-163 highway (c, 6), which crosses the region in a south-north direction (see 

Figure I-1, Box Ch IV). 

The BR-163 is frequently used by trucks and trailers (7) transporting fodder, soy, or corn 

(Wilhelmi et al., 2014). The inscription Ação do IBAMA (IBAMAs action) on the two burned 

trucks on the left (8) indicates that they have been used to commit an environmental crime 

(probably illegal deforestation). The trucks were detected by IBAMA agents and were burned 

as a deterrent against similar crimes. This practice has stopped during the presidency of Jair 

Bolsonaro (Spring & Eisenhammer, 2019), raising questions about how local land-use practices 

have been affected by recent changes in Brazilian politics. The fact that criminals target IBAMA 

equipment in the same way highlights the intensity of land use conflicts in the Novo Progresso 

region (IBAMA, 2017). 

4 Observing Tropical Agriculture from Space 

The Amazon’s remoteness and vast size represent a significant impediment for exhaustive 

observation of land use in the region. For that reason, remote sensing by earth observation (EO) 

satellites are now widely used to capture the dynamics of land cover and land use. However, the 

use of EO data to describe agricultural land use has several limitations, which are discussed 

below. 
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4.1 Spatial and Temporal Scales 
Agricultural land uses show up in EO data if (i) they modify the spectral surface reflectance of 

the Earth in a way that is (ii) detectable within the spatial, spectral, radiometric, and temporal 

resolution of EO sensors. In order to employ remote sensing to describe agricultural land uses, 

it is therefore necessary to consider their visibility in EO data in terms of the spatial, spectral, 

and temporal scale of agricultural processes. As shown in Table I-1, this visibility can differ 

significantly across land uses and related processes. 

The spatial visibility of agricultural land use correlates with area of management units—in 

particular, the size of crop fields or fenced pasture parcels that are uniformly managed. Larger 

and more homogeneous management units yield a more visible spectral-temporal response in 

groups of adjacent image pixels that are more easily distinguished from pixels related to other 

land uses. Similarly, agricultural land use in highly fragmented landscapes becomes more visible 

in EO data at higher spatial resolutions. This relationship between visibility and spatial 

resolution is illustrated in Figure I-3 showing cattle pastures at the agricultural settlement project 

Santa Julia, north-east of Novo Progresso in 2017. While the tilling of pasture (a) is visible in 

the observations recorded by all three sensors (Landsat, Sentinel-2 and Pléiades), the 

visibility/discernibility of the tilled areas’ shape improves with increased spatial resolution. 

Table I-1 Agricultural process scales and visibility in remote sensing data. MU = management unit (e.g., a field 
parcel).

Process Process 
duration(s) 

Typical 
spatial scale(s) 

Visibility in optical  
HR/VHR time series data 

Examples from Literature 

Deforestation 
Clearcutting 

Days to 
weeks 

1 ha to  
> 100 ha 

Homogeneous patterns, 
usually within geometric-
shaped management units, 
remaining visible for many 
years 

Griffiths et al. (2018) 
Hansen et al. (2013) 

Afforestation 
Reforestation 

Years to 
decades 

< 1 ha to  
> 100 ha 

Homogeneous patterns of 
actively planted and 
regrowing forest vegetation 

Meng et al. (2022) 
Nery et al. (2019) 

Land 
abandonment 
Fallowing 
Secondary 
regrowth 

Multiple 
years 

< 1 ha to  
> 10 ha 

Heterogeneous regrowth of 
secondary vegetation 
(shrubs, bushes, younger 
trees). Irregular patterns of 
forest vegetation regrowth 

Dara et al. (2018) 
Estel et al. (2015) 
Yin et al. (2018) 
Tong et al. (2020) 

Selective 
logging 

Days to 
weeks 

1 ha to  
> 10 ha 

In HR imagery: (temporary) 
logging infrastructure (e.g., 
roads and logging decks, 
thinning of forest canopy) 
In VHR imagery: removal of 
single trees 

Koltunov et al. (2009) 
Matricardi et al. (2010) 
Shimabukuro et al. (2014) 
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Forest fires One to  
multiple days 

< 1 ha to 
> 10 ha 

Fire itself is visible in TIR; 
fire scars usually remain 
visible for a longer time, 
depending on burn intensity, 
fuel composition, and 
follow-up processes (e.g., 
active reforestation) 

Shimabukuro et al. (2014) 
Chuvieco et al. (2019) 
Roy et al. (2006) 
Boschetti et al. (2015) 

Cropland and  
pasture fires 

One to  
multiple days 

< 1 ha to 
> 10 ha  
(typical MU) 

Low-intensity burning of 
herbaceous vegetation; 
higher-intensity burning of 
older (slashed) secondary 
vegetation. Depending on 
fuel composition and follow-
up management (seeding, 
tillage), fire scars may 
remain for a limited time 
only 

Drought Months to a 
couple of 
years 

> 100 ha 
(Larger 
region/entire 
landscape)  

Decreasing fractions of 
photosynthetic-active 
(“green”) vegetation 
Changes in species 
composition 

Villarreal et al. (2016) 
Kowalski et al. (2022) 
Hilker et al. (2014) 

Pasture 
degradation 

Years to 
decades 

< 1 ha to  
> 10 ha 

Subtle year-to-year decrease 
in vegetation cover and 
increase in bare soil fraction, 
changed response to rainfall 

Pereira et al. (2018) 
Davidson et al. (2008) 

Grassland 
intensity 
Mowing 

Within a day Typical MU Visible through removal of 
grassland biomass 

Lobert et al. (2021) 
Schwieder et al. (2022) 
Griffiths et al. (2020) 

Plowing 
Tillage 

Within a day Typical MU Visible in rapidly increased 
brightness of soil fraction, 
clear shape, limited to field 
boundaries 

Zheng et al. (2014) 
Watts et al. (2011) 
Bricklemyer et al. (2006) 

Irrigation Days to 
weeks 

Typical MU More vital plant phenology 
than in non-irrigated areas 

Deines et al. (2019) 
Xie and Lark (2021) 

Livestock Within a day Size of one 
animal 

Single animals visible in 
VHR data 

Xue et al. (2017) 

Crop Types 
Cropping 
Frequency 

Within 1-2 
years 

Typical MU Visible as change in seasonal 
plant phenology (e.g., 
number of harvests per year) 
 

Blickensdörfer et al. (2022) 
Rufin et al. (2019) 
Bégué et al. (2018)  
Estel et al. (2015)  
Arvor et al. (2011) 

 

While the Landsat observations show homogeneous pixel values for pasture (b), the very-high 

resolution (VHR) Pléiades data make it possible to identify even single cattle trails and isolated 

shrubs at a spatial resolution of 0.5 m. In contrast, a 500 m pixel (red box) of the Moderate-

resolution Imaging Spectroradiometer (MODIS) captures fewer details of this landscape. 

As another example, deforestation to establish new pastures or croplands occurs within days to 

weeks but so distinctly changes the reflectance of the Earth’s surface that it remains visible years 

after its occurrence and in forests that are already regrowing. However, many other processes 

associated with agricultural land use affect the spectral-temporal response of the Earth’s surface 
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in a less noticeable or enduring way. For example, the cultivation of annual or bi-annual crops 

becomes spectrally visible in time windows shorter than the crop’s live span—that is, from the 

point in time when a crop's spectral reflectance differs from the reflectance of the surrounding 

soil to the point of harvest. The start point and duration of this cultivation period vary with 

climatic and topographic conditions, crop type, and stakeholder-specific crop rotation but 

typically follow a regional crop calendar. 

In Pará, for example, soy is planted between January and April and harvested between March 

and August, while maize is planted between October and December and harvested between 

February and June (CONAB, 2019). Phenological stages of plant development (e.g., peak of 

growth, flowering, senescence, or harvest) generate characteristic spectral-temporal patterns or 

“vegetation signals.” They can be analyzed to distinguish different land covers, crop types, or 

management practices if remote sensing observations are available for these distinct and 

 

Figure I-3 Spatial, spectral, and temporal visibility of pasture (a, red) tilling and (b, green) grazing in 2017 at -
55.415591°E, -6.578583°S, as observed by Landsat (30 m), Sentinel-2 (10 m) and Pleiades (0.5 m, pan-sharpened). 
The red box represents a hypothetical extent of a 500 m MODIS pixel. NDVI (Landsat +, Sentinel-2 ■). SLC-off 
= missing observation due to Landsat 7 scan line correction failure. 
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relatively short periods of the year (Foerster et al., 2012; Gao & Zhang, 2021; Schwieder et al., 

2016; Zhong et al., 2014). 

For pastures and other grazing lands, the spectral-temporal response reflects the duration of 

grazing and recuperation periods by showing decreasing and increasing vegetation signals, 

respectively. In the same way, the vegetation signal responds positively to seeding and 

fertilization and decreases after mowing, burning, or tillage events (Estel et al., 2018; Lobert et 

al., 2021). The timing and alternation of these pasture management periods or events and 

corresponding spectral signals in the EO data occur more irregularly than in cropland 

management. For example, intensively managed pastures may involve multiple alternating 

grazing and recuperation periods annually while extensive pastures can be permanently grazed. 

Figure I-3 illustrates how a vegetation signal responds to different phases of pasture 

management as values on the Normalized Difference Vegetation Index (NDVI). Tillage on 

pasture (a) causes a steep break in NDVI values between June 16 and June 24. In contrast, 

grazing and the dry season drought lead to continuous reduction of photosynthetically active 

vegetation on pasture (b). marked by a non-abrupt decrease in NDVI values. The lack of 

observations from November to March and the outliers (c) are explained by the presence of 

clouds, which are frequent during the rainy season in tropical regions but can in principle occur 

at any time. It follows that higher temporal resolution increases the discernibility of spectral-

temporal characteristics of agricultural management periods in EO time series. 

4.2 Earth Observation Time Series 
EO systems like the Landsat (Woodcock et al., 2008) and Sentinel-2 satellites (Drusch et al., 

2012; Gascon et al., 2017) offer broadband multi-spectral and high spatial resolution and have 

a revisit time of 16 and 10 days, respectively (Table I-2). Additionally, the long history of the 

Landsat program, which began in 1972 and continues with the recent launch of Landsat 9 

(Masek et al., 2020), facilitates comparison of historical and recent land uses and land-use 

changes based on EO data at comparable resolutions. 

Constellations like Landsat 7 and Landsat 8 or Sentinel-2A and B share the same polar and sun-

synchronous orbit; separated by 180°, this enables one of the two satellites to pass the same 

location every 8 and 5 days, respectively. This revisit time principally enables observation of 

many of the spectral-temporal characteristics described in Table I-1, which are often intra-

annual. For sensors with larger cross-track image width (swath) and for images taken at higher 

latitudes, revisit time decreases further, as images from adjacent orbits overlap more often 

(Kovalskyy & Roy, 2013). Using observations from Landsat 8 and both Sentinel-2 sensors, the 
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study region (Figure I-1) therefore has a nominal average revisit time of between 2 and 4 days 

(Li & Roy, 2017). 

However, as is typical for tropical regions, the effective temporal resolution is reduced by 

frequent cloud cover and related cloud shadows (Whitcraft et al., 2015). This becomes still more 

problematic with increasing proximity to the Equator (e.g. Figure 5 in Parente et al., 2017), 

especially during the rainy season. For example, the lack of NDVI values between December 

and May in Figure I-3 is caused by the exclusion of entire data scenes as a consequence of high 

cloud contamination during the rainy season. Remaining clouds (c) must be masked, as they 

would otherwise disturb the spectral-temporal surface signal. Sensor errors can cause additional 

temporal data gaps. The black pixels in the south-western edge of the image observations from 

June 24 originate from the Landsat 7 scan-line correction failure (SLC-off), which affects about 

22% of any Landsat 7 scene collected after May 31, 2003 (Storey et al., 2005; Zhu et al., 2015). 

4.3 Mapping agricultural land use 
Advances in computational power, increasing data storage capacity, and the availability of EO 

time series data free of charge, including MODIS (Justice et al., 2002), Landsat (Woodcock et 

al., 2008; Wulder et al., 2012), and Sentinel-2 (Gascon et al., 2017), facilitate highly automated 

analysis of land cover and land use at large spatial and temporal scales. In addition, the 

development of image processing frameworks for the atmospheric correction (Schmidt et al., 

2013), cloud masking (Sanchez et al., 2020; Zhu & Woodcock, 2012) and spatial, spectral and 

temporal harmonization of EO time series facilitate access to analysis-ready data (ARD, Dwyer 

et al., 2018; Frantz, 2019). 

For example, EO time series data have been used to map deforestation and regrowth of 

secondary vegetation (Griffiths et al., 2018; Hansen et al., 2013; Müller et al., 2016b); to 

distinguish cropland from pasture (Müller et al., 2015); to map crop types and cropping practices 

(Rufin et al., 2019; Schultz et al., 2015); to describe grassland and pasture conditions (Estel et 

al., 2015; Griffiths et al., 2013), grazing impacts (Dara et al., 2020), and farmland abandonment  

(Dara et al., 2018; Yin et al., 2018); and to estimate continuous parameters such as leaf area 

index, green biomass (Ferreira et al., 2013; Tuia et al., 2011), and fractions of land cover 

(Okujeni et al., 2014; Senf et al., 2020). 

The input variables that support agricultural land use mapping must be sensitive to the 

(agricultural) processes of interest. Depending on the mapping objective, different input 

variables can prove useful; commonly used variables include single spectral bands, spectral 

indices or components of a tasseled cap transformation (Kauth & Thomas, 1976), and principal 
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component analysis. More complex approaches first derive biophysical parameters from the 

remote sensing data, such as leaf area index (LAI) or unmixed fractions of soil, photosynthetic 

and non-photosynthetic vegetation per pixel (Hostert et al., 2015). 

Temporal characteristics can be described by spectral-temporal metrics such as the minimum 

and maximum values of a vegetation index calculated per year, quartal, or month (Borak et al., 

Table I-2 Spectral bands and spectral, spatial, radiometric, and temporal resolution and coverage of optical EO 
sensors used in this work. CA=coastal aerosol, PAN=Pan-chromatic, RE=Red Edge, NIR=Near Infrared, 
SWIR=Short-Wave Infrared, MIR = Mid-Infrared; TIR=Thermal Infrared. 

Sensor Bands Spectral 
[nm] 

Spatial 
[m] 

Radio- 
metric 

Temporal Swath 

Landsat 7 

 
Enhanced 
Thematic 

Mapper Plus 
(ETM+) 

1. Blue 
2. Green 
3. Visible 
4. NIR 
5. SWIR 
6. TIR  
7. MIR 
8. PAN 

450 - 520 
520 - 600 
630 - 690 
770 - 900 

1550 - 1750  
1040 - 1250 
2080 - 2350 

520 - 900 

30  
30 
30  
30  
30  
60  
30  
15 

8 bits 16 days 

since 1999 

185 km 

Landsat 8 

 
Operational 
Land Imager 

(OLI) 

 

1. CA 
2. Blue 
3. Green  
4. Red 
5. NIR 
6. SWIR1 
7. SWIR2 
8. PAN 
9. Cirrus 

430 - 450 
450 - 510 
530 - 590 
640 - 670 
850 - 880 

1570 - 1650 
2110 - 2290 
500 - 680 

1360 - 1380 

30 
30 
30 
30 
30 
30 
30 
15 
30 

12 bits 16 days 

since 2013 

 

185 km 

Sentinel-2  
A & B 

 
Multi Spectral 

Instrument 
(MSI) 

 

1. CA  
2. Blue  
3. Green 
4. Red 
5. Red Edge 1 
6. Red Edge 2 
7. Red Edge 3 
8. NIR 
8A Narrow NIR 
9. Water vapor 
10. SWIR Cirrus 
11. SWIR 
12. SWIR 

  432 - 453* 
459 - 525 
542 - 578 
649 - 680 
697 - 712 
733 - 748 
773 - 793 
780 - 886 
854 - 875 
935 - 955 

1358 - 1389 
1568 - 1659 
2115 - 2290 

60 
10 
10 
10 
20 
20 
20 
60 
20 
60 
60 
20 
20 

12 bits 10 days 

2A since 2015  

2B since 2017 

290 km 

RapidEye 
1-5 

RapidEye 
Earth Imaging 

System 
(REIS) 

1. Blue 
2. Green 
3. Red 
4. Red Edge 
5. NIR 

440 - 510 
520 - 590 
630 - 685 
690 - 730 
760 - 850 

6.5 
6.5 
6.5 
6.5 
6.5 

12 bits 5.5 days 

2008 - 2020 

77 km 

Pléiades  
1A & 1B 

High 
Resolution 

Imager (HiRI) 

0. Blue 
1. Green 
2. Red 
3. NIR 
P. PAN 

450 - 530 
510 - 590 
620 - 700 
775 - 915 
480 - 820 

2.8  
2.8 
2.8 
2.8 
0.7 

12 bits 26 days 

1A since 2011 

1B since 2012 

20 km 
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2010; Müller et al., 2015). Pixel-based function fitting over a temporal domain—for example, a 

time series of NDVI values—can be used to derive phenological metrics like growing season 

peak and length (Eklundh & Jönsson, 2016); to identify disturbance events like deforestation 

(Verbesselt et al., 2012; Zhu & Woodcock, 2014); or to capture temporal management (e.g., of 

fallow periods). These and other descriptions of temporal characteristics can reduce the volume 

of data in dense EO time series and alleviate problems caused by data gaps resulting from cloud 

cover or sensor errors (4.2). Otherwise, pixel-based function fitting approaches can be very 

resource-intensive in terms of time and processing power if applied to large areas and dense EO 

time series. 

The final mapping of input variables to thematic categorical (“classification”) or continuous 

output variables increasingly employs supervised machine learning (ML) methods. Non-

parametric approaches like random forests (RF, Breiman, 2001), support vector machines 

(SVM) (Cortes & Vapnik, 1995), and convolutional neural networks (CNN) avoid assumptions 

about data distributions, implement structural risk minimization, and can handle high data 

dimensionality and collinearity (Sheykhmousa et al., 2020; Verrelst et al., 2012). 

As the expansion of agriculture in the Amazon typically impacts tropical rainforests, mapping 

deforestation is often a useful approach. The PRODES program run by the Brazilian Space 

Research Agency INPE (Instituto Nacional de Pesquisas Espaciais) is probably the world’s 

leading deforestation monitoring program. Since 1988, PRODES Amazônia has provided 

annual deforestation estimates for the entire BLA, and the program was recently extended to the 

Cerrado biome (PRODES Cerrado, Parente et al., 2021). In order to map deforestation with low 

commission errors, PRODES incorporates human resource-intensive visual interpretation of 

Landsat-like observations (Landsat, CBERS and Sentinel-2) and manual digitalization of 

deforested areas. However, the program only maps deforestation in primary forests and does not 

include regrowth and clearing in secondary forests. It also uses a minimum mapping unit 

(MMU) of 6.25 ha and so underestimates small-scale deforestation (Milodowski et al., 2017), 

which has become a more frequent occurrence in recent years (Kalamandeen et al., 2018). 

The TerraClass project complements PRODES by describing land use after deforestation. It 

defines 15 different classes and distinguishes, for example, between primary and secondary 

forests, grass, and shrub pastures, and three cropland classes. Like PRODES, TerraClass is based 

on visual interpretation, and only cropland classes are automatically discriminated using a 

MODIS NDVI time series (Almeida et al., 2016; Neves et al., 2020). TerraClass covers only the 

years 2004, 2008, 2010, 2012, and 2014. 
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5 Research Challenges and Motivation 

The use of remote sensing to capture agricultural processes in the Amazon faces one major 

obstacle: frequent data gaps (4.2). Data that are (almost) gap-free can be produced by selecting 

“best-pixel” or aggregated spectral-temporal metrics per quartal or year (Griffiths et al., 2013; 

Hermosilla et al., 2015; Kennedy et al., 2010). These datasets can reduce the volume of data to 

be analyzed in subsequent processing steps while retaining sufficient information to map land-

cover changes that remain visible for longer periods, such as deforestation, cropland 

abandonment, or recovery of forest vegetation. On the other hand, best-pixel approaches can 

obscure features that differentiate land-cover changes; for example, tillage may be spectrally 

confused with gradually appearing desiccation or degradation (Figure I-3), as both generate a 

low vegetation signal. 

Blending approaches can bridge observational gaps and increase temporal density by using EO 

data from imaging systems with higher temporal repetition rates (e.g., MODIS) (Feng et al., 

2006; Zhu et al., 2010). The coarser spatial resolution of these data means that blending 

approaches work well for large and homogeneous changing areas like agro-industrial managed 

croplands but prove less accurate in heterogeneous landscapes (Emelyanova et al., 2013; Senf 

et al., 2015). Additionally, blending approaches are limited to overlapping mission periods; in 

the case of MODIS-based approaches, the unavailability of data prior to 2000 limits their utility 

for historical analyses. 

Instead, observation gaps can be bridged by temporal interpolation (Schwieder et al., 2016; Zhu 

et al., 2015), using similar pixels from the same image or images that are temporally close 

(Brooks et al., 2018; Chen et al., 2011), or a combination of both (Yan & Roy, 2020). Predictive 

quality increases with complexity of the interpretation model and the number of true 

observations considered. Otherwise, performance degrades with reduced observation density (as 

for example in tropical environments with frequent cloud cover). 

In pasture-dominated areas like the Novo Progresso region, soil tillage can highlight different 

aspects of agricultural intensification, including access to machinery and agricultural 

stakeholders’ ability to mobilize resources to restore degraded pastures. In cropland-dominated 

systems, a shift toward no-till practices may also indicate the introduction of carbon-saving 

technologies. However, most existing approaches to tillage mapping from EO data were 

developed and tested in non-tropical cropland environments (Bricklemyer et al., 2006; Zheng et 

al., 2012), and tillage mapping of tropical pasture systems is less well understood. 

In contrast to tillage research, much more is known about mapping fire and burned areas in the 

Amazon. Most existing approaches use coarse imaging systems with fast revisit times (Chuvieco 
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et al., 2019), enabling timely fire mapping and increasing the likelihood of capturing non-

clouded pixels. In fragmented landscapes, however, the spatial resolution of these products is 

usually too coarse to support clear differentiation of land cover that has burned. Mapping burned 

areas at higher spatial resolution is therefore necessary for consistent reconstruction of 

agricultural land use. 

In summary, the climatic conditions and spectral-temporal variability of Amazon agricultural 

systems continue to pose challenges for remote sensing time-series analyses, and further 

research is needed to clarify the opportunities and limitations of EO time series and so improve 

our understanding of agricultural dynamics. In particular, we need to deepen our understanding 

of how agricultural processes become visible in EO data and how we can create reference data 

to support and validate mapping approaches. 

Supervised ML approaches depend heavily on the quantity and quality of training data, which 

consist of (i) input variables (“features”) and (ii) their expected outputs (“labels”). For example, 

features might include band values or derived spectral or temporal indices for selected pixel 

positions in an EO image while labels might include land-cover classes for each pixel (forest, 

agriculture, etc.). To avoid overfitting, ML approaches typically require large volumes of 

unbiased training data (especially CNNs) that optimally represent the entire variability of the 

data to which the “trained” ML model will ultimately be applied.  

Reference data that can be used to derive training data automatically are rare or lack the requisite 

accuracy. For example, with an MMU of 6.25 ha, PRODES and TerraClass maps are often too 

coarse to be used as reference data for pixel-based approaches that map deforestation or land 

cover at higher spatial resolutions. Data augmentation—which generates new synthetic data 

from existing data samples—can alleviate problems of inadequate training data quantity and 

quality (Okujeni et al., 2013; Priem et al., 2019; Shorten & Khoshgoftaar, 2019), but reference 

data based on true observations remain indispensable. 

High-quality reference data are also needed to validate mapping results—that is, to compare 

estimated and observed labels—as inadequate reference data can introduce substantial bias in 

land-cover estimates (Foody, 2010). Validation sets must also be of sufficient size and statistical 

independence to report map estimates with high reliability and statistical confidence (Olofsson 

et al., 2014). In short, more and better ground reference data for training and validation improve 

map quality and increase confidence in map estimates. 

It follows that visual image interpretation often plays a fundamental role in reference data 

collection for EO data analysis. In the best case, this step employs all available means to 
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understand the observed environmental conditions, including specialized views of EO data that 

highlight spectral and temporal patterns typical of the processes of interest (4.1)—for example, 

different band combinations, spectral indices, and their evolution over time (Figure I-3). Other 

potentially useful auxiliary data sources might include crop calendars, meteorological records, 

surveys of crop or pasture management type and timing, and geospatial information like 

cadastral boundaries and historical maps. This means that human interpreters of EO data are 

often confronted with multiple data sets that must be efficiently visualized; band combinations 

to be adjusted, color stretches to be optimized, spatial and temporal subsets to be focused, and 

parallel views of different EO data sets to be synchronized. Using digital image processing (DIP) 

or geographic information systems (GIS) software, this may require only a few steps, which can 

nevertheless prove lengthy when investigating dense time series. Confirming or rejecting the 

occurrence of infrequent, brief, or similar agricultural processes can prove time-consuming. For 

example, the tillage event in Figure I-3 (a) closely resembles natural dry-out (b), requiring 

comparison of different observations from the same year to distinguish tilled from non-tilled 

pasture. 

As outlined in Section 1, agriculture is the main cause of large-scale ecosystem loss in the 

Brazilian Amazon. Specifically, the frontiers of agricultural expansion are characterized by high 

rates of deforestation, ecosystem degradation, and land-use conflict. To protect the remaining 

ecosystems, we need better information about the dynamics of agricultural land use in frontier 

regions to assess and improve the effectiveness of environmental, agricultural, and socio-

economic initiatives. To that end, the present work is motivated by three key issues. 

The first challenge is to make more efficient use of remote sensing data to understand 

environmental change. The increasing availability of dense EO time series has significant 

potential to support more detailed characterization of land use and land-use changes over larger 

areas and at higher spatial resolutions. This in turn means that scientists need appropriate 

methods and tools to identify and extract reference information in timely fashion, using all 

available observations and supporting sources to make optimal use of EO data. 

Second, we need maps that capture the environmental changes caused by agricultural land use 

and intensification in greater detail. To date, agricultural land-use mapping in the Amazon has 

typically focused on spatial expansion or the intensification of cropland systems. For example, 

the MapBiomas land-cover classification (MapBiomas, 2020; Neves et al., 2020) identifies 

seven types of crop land across Brazil but specifies only one pasture class. More detailed 

accounts of land use in pasture systems will help to clarify the occurrence of pasture 

intensification. 
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Finally, beyond its devastating impact on natural ecosystems, the social and economic 

dimensions of agricultural land use in the Brazilian Amazon also affect human welfare and 

social inequality and the environmental and socio-economic conditions of single stakeholders. 

As land-use policies have significant implications for rural populations, sustainable 

intensification depends on political and cultural acceptance, taking account of the life-worlds of 

different socio-economic groups to ensure that conservation policies avoid any rebound effects. 

To design better land-use policies, we need detailed spatial information about the environmental 

context and land-use patterns of individual agricultural stakeholders. 

6 Research Objectives and Thesis Structure 

The overarching goal of the present research is to improve our existing understanding of land-

use dynamics in agricultural frontier regions of the Brazilian Amazon by developing spatially 

explicit maps for agricultural management. To that end, it will first be necessary to identify 

typical management practices and to understand how these appear in EO time series (EOTS) 

data. This depends on solving the practical problems of visualizing and describing large volumes 

of EOTS data and auxiliary data sources such as field work photographs and supporting maps. 

On that basis, the first research objective can be formulated as follows. 

Research Objective 1: To create a software tool for (i) timely, interactive, and dynamic 

visualization of EO data and (ii) extraction of reference data for training and validation of EO 

mapping approaches. 

This objective is addressed in Chapter II, which describes the EO Time Series Viewer software 

tool for visualizing and labeling dense EO time series, a free and open-source plugin for the 

QGIS geospatial information system. This development was strongly influenced by 

requirements that emerged from the research described in Chapters III and IV. 

Research Objective 2: To develop an integrated mapping of land-cover dynamics and 

agricultural management practices that are typical of tropical regions, based on dense intra-

annual EO time series. 

This objective is achieved mainly by the Clear Observation Sequence (COS) approach described 

in Chapter III and applied in Chapter IV. COS provides a gap-free view of dense EO time series 

and can be used for other algorithms that require gap-free feature input. COS avoids any of the 

assumptions about temporal changes in the underlying surface reflectance as introduced for 

example by gap-filling approaches based on temporal interpolation. Using COS, typical pasture 
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management events like burning and secondary regrowth and tillage can be disentangled, 

enabling annual mapping of pasture management practices. 

Following the impeachment of President Dilma Rousseff in 2016, subsequent Brazilian 

governments have made significant changes, moving toward a political agenda that promotes 

economic progress at the expense of nature and traditional communities. Budget cuts affecting 

scientific research institutions and agencies responsible for regularizing and enforcing 

environmental laws have attracted wide international criticism. The third research objective 

addresses these developments, focusing on agricultural land use. 

Research Objective 3: To assess how the dynamics of land use in the frontier region of Novo 

Progresso have changed following recent political developments in Brazil. 

In Chapter IV, the COS approach is used to map agricultural land use in the Novo Progresso 

region between 2014 and 2020. Looking beyond any simple mapping of land cover and land 

use, this chapter describes the use of quasi-experimental methods to assess how patterns of 

deforestation and agricultural fires have changed (i) during the Brazilian presidencies of Dilma 

Rousseff, Michel Temer, and Jair Bolsonaro for (ii) different land-use zones and agricultural 

stakeholders. 

The dissertation comprises five chapters: an introduction (Chapter I); three core chapters (II, III 

and IV); and a synthesis chapter (V). The introduction provides a brief overview of the 

development of agriculture in the Brazilian Amazon, describes the study region (Novo 

Progresso), and outlines the scientific background underpinning the use of remote sensing 

methods to describe agricultural land use. The three core chapters have been published or 

submitted to international peer-reviewed journals as follows. 

Chapter II: Jakimow, B., van der Linden, S., Thiel, F., Frantz, D., & Hostert, P. (2020). 

Visualizing and labeling dense multi-sensor earth observation time series: The EO Time Series 

Viewer. Environmental Modelling & Software, 125. 

Chapter III: Jakimow, B., Griffiths, P., van der Linden, S., & Hostert, P. (2018). Mapping 

pasture management in the Brazilian Amazon from dense Landsat time series. Remote Sensing 

of Environment, 205, 453-468. 

Chapter IV: Jakimow, B., Baumann, M., Bendini, H., Hostert, P. (in review 2022). 

Deforestation and agricultural fires under current political changes in south-west Pará, Brazil. 

Submitted to Journal of Land Use Science. 
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These chapters are reproduced here as published, with minor adjustments to ensure the 

consistent numbering of figures and tables throughout. The main results and findings from the 

core chapters are summarized in Chapter V, which also identifies directions for further research. 
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Abstract 

Multi-spectral spaceborne sensors with different spatial resolutions produce earth observation 

(EO) time series (TS) with global coverage. The interactive visualization and interpretation of 

TS is essential to better understand changes in land use and land cover and to extract reference 

information for model calibration and validation. However, available software tools are often 

limited to specific sensors or optimized for application-specific visualizations. To overcome 

these limitations, we developed the EO Time Series Viewer, a free and open source QGIS plugin 

for user-friendly visualization, interpretation, and labeling of multi-sensor TS data. The EO 

Time Series Viewer (i) combines advantages of spatial, spectral, and temporal data visualization 

concepts that are so far not available in a single tool, (ii) provides maximum flexibility in terms 

of supported data formats, (iii) minimizes the user-interactions required to load and visualize 

multi-sensor TS data and (iv) speeds-up labeling of TS data based on enhanced GIS vector tools 

and formats. 

1 Introduction 

An increasing number of sensors on spaceborne satellite platforms are collecting earth 

observation (EO) data with global coverage and at varying temporal resolutions (Belward & 

Skøien, 2015), e.g. the Sentinel-2A/B (S2) Multispectral Instrument (MSI, Drusch et al., 2012; 

Gascon et al., 2017) and Landsat 8 (L8) Operational Land Imager (OLI, Roy et al., 2014; 

Wulder et al., 2019) that provide raster data with 10–30 m spatial resolution and 16 (L8), 

respectively 5 days (S2) temporal resolution. Such earth observation time series (TS) data allow 

to map land cover and land use (LCLU) and related changes (Gómez et al., 2016; Joshi et al., 

2016), which may occur at different spatial and temporal scales. These processes include, e.g., 

urban growth and dynamics (Liu et al., 2018; Schug et al., 2018; Zhou et al., 2018), crop cycles 

and agricultural intensification (Belgiu & Csillik, 2018; Griffiths et al., 2019; Roy & Yan, 

2020), wildfires and burning (Hawbaker et al., 2017; Roy et al., 2019; Villarreal et al., 2016), 

deforestation and forest management (Griffiths et al., 2018; Hansen et al., 2013), or trends and 

changes in plant phenology (Jönsson et al., 2018). 

Open data policies, the ongoing consolidation of historical data archives and the provision of 

analysis ready data (ARD, CEOS, 2019; Egorov et al., 2018) with already preprocessed and 

atmospherically corrected imagery improved the accessibility and usability of recent and 

historical TS (Claverie et al., 2018; Zhu et al., 2019). At the same time, advances in 

computational technologies allow to process even very large volumes of raster data efficiently. 
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This pushed TS data analysis towards a large area and dense time series monitoring of long 

lasting land cover and land use changes (Griffiths et al., 2012; Hansen et al., 2013) and into the 

domain of big data analysis (Gorelick et al., 2017; Lewis et al., 2017; Liu et al., 2018). Methods 

from the field of machine learning, like image classification and quantitative process analysis 

(Cracknell & Reading, 2014; Lary et al., 2016; Zhu et al., 2017; Zhu, 2017) can analyze the 

high informational content of TS efficiently and on local or cloud-based computer 

infrastructures. 

Nevertheless, the visual interpretation of TS data to better understand LCLU change and to 

create reference data remains an important, yet complex and mostly time-consuming step for 

such analyses. Experienced image interpreters evaluate and contextualize the spectral, spatial, 

and temporal characteristics of the TS data to identify or exclude LCLU changes. They 

incorporate auxiliary data, e.g., very high resolution (VHR) imagery, topographic maps, 

statistical surveys, or data from field studies. Finally, the results of the visual interpretation are 

used to create new reference data sets, e.g., by tagging points or areas of interest, i.e., single 

pixels or groups of neighbored pixels, with their respective attributes. 

Such attributes (in the following: “labels”) can be a category of land cover or land-cover change, 

a time stamp, or more detailed information in writing on what the visual interpretation revealed. 

Reference labels are required to calibrate (or parameterize) supervised classification and change 

detection approaches, as well as regression approaches that allow quantifying extracted 

information. High-quality reference data is also mandatory for a statistically sound assessment 

of map accuracy (Olofsson et al., 2014; Olofsson et al., 2013) and of the temporal accuracy of 

automated change detection algorithms (Dara et al., 2018). Especially if the timing of changes 

has to be included in the reference data with utmost precision, many EO raster images need to 

be browsed and visualized with the highest possible temporal resolution. This demands for 

specialized software that provides efficient and easy-to-use visualization and labeling of TS 

raster data which, as we will show in the next section, rarely exists. 

1.1 Existing Software 
Software that is used in the EO science community for visualizing and (partly) for labeling EO 

data might be differentiated by their development history into (i) Geographical Information 

Systems (GIS) with a strength in the analysis of vector data, (ii) Digital Image Processing (DIP) 

software with a focus on the analysis of raster-based remote sensing data, and (iii) software 

specifically developed for EO time series data analysis (TSA). Existing software offer different 

capabilities if evaluated with specific regard to the loading of TS data, i.e., the opening of many 
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raster images, an interactive visualization of its spatial, spectral and temporal dimensions, and 

the software availability, e.g., license model and costs (Table II-1). 

GIS, like ArcGIS and QGIS, are well-suited to visualize heterogeneous spatial data from local 

sources or web services. They traditionally organize the rendering of spatial data in a layer stack 

and offer a very flexible control for data visualization. Typically, GIS support on-the-fly re-

projections, which eases a visualization of geo-data from different projection systems. 

DIP like ERDAS Imagine, the Environment for Visualizing Images (ENVI) or the Sentinel 

Application Platform (SNAP) have a long development history and provide a rich set of features 

to visualize the spatial and spectral dimensions of EO data. They visualize raster images in 

multiple maps (MM) side-by-side or as an image stack, which are geographically linked and 

allow comparing spatial patterns. They show spectral profiles (SP) for single pixel positions to 

Table II-1 Examples of software for visualizing geoinformation and EO data and their evaluation regarding TS 
visualization support: TS = time / time series is a known concept, MM = multiple maps in parallel visualization, 
TP = temporal profiles, SP = spectral profiles, OF = can be used offline, VI = supports virtual images, FU = free 
to use, OS = open Source, AM = actively maintained (last update not older than one year).  
Support: none/poor (-), yes/basic (+), very good, i.e., for longer TS (++). 

Software Feature Support  AM  References and/or provider 

TS MM TP SP OF VI FU OS    
 

 Geographic Information Systems (GIS) 

ArcGIS Pro - + - - + + - -  +  www.esri.com 

QGIS - + - - + + + +  +  www.qgis.org 

 Digital Image Processing (DIP) Software  

ERDAS Imagine 
      

- -  +  www.hexagongeospatial.com 

ENVI ++ + ++ ++ + - - -  +  www.harrisgeospatial.com 

SNAP + ++ + + + - + +  +  www.step.esa.int/main/toolboxes/snap 

Google Earth 
Engine (GEE) 

++ + + + - - + -  +  Gorelick et al. (2017) 

GEE Explorer ++ + ++ + - - + +  +  https://explorer.earthengine.google.com 

EnMAP-Box - ++ - ++ + + + +  +  QGIS plugin, http://enmap.org/enmapbox  

 Time Series Analysis (TSA) Software 

TSTools ++ - ++ + + + + +  -  QGIS plugin, Holden (2016) 

MuTaNT + - 
  

+ 
 

+ +  -  QGIS plugin, Macho (2016) 

CollectEarth ++ - - - - - + +  +  www.openforis.org/tools/collect-earth.html 
Web-based and GEE-based 

TimeSat ++ - +       +  Eklundh and Jönsson (2016) 
http://web.nateko.lu.se/timesat  

TimeSync ++ ++ ++ + + - + -  +  Cohen et al. (2010) 
http://timesync.forestry.oregonstate.edu  

TimeStats ++ 
   

+ 
 

- -  -  Udelhoven (2011), ENVI plugin 

 

http://www.openforis.org/tools/collect-earth.html
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compare the spectral responses of different surfaces, e.g., vegetation vs. artificial materials, and 

save profiles in spectral libraries. Specialized on remote-sensing raster formats and workflows, 

DIP value sensor-specific meta data, e.g., band wavelength information to identify the raster 

image bands for a true color band combination. 

GIS usually provide a rich toolset for labeling EO data based on vector geometries (points, 

lines, or polygons): spatial objects can flexibly be described as geometries and each geometry 

can be annotated with various attributes, i.e., fields with numeric values or text. This 

information can be saved to vector formats, e.g., Geopackage (Open Geospatial Consortium, 

2018) or the quasi-standard ESRI Shapefile (ESRI, 1998) to interchange label information with 

other software. In contrary, DIP often use individual formats to label EO data, e.g., domain 

specific XML and binary formats that need to be transformed into other formats to be shared 

with other software. Furthermore, virtual raster images (VI), e.g., the Geospatial Data 

Abstraction Library (GDAL) Virtual Format (VRT, GDAL/OGR contributors, 2019) are 

emerging, which allow to reorganize data without the need to reorganize image data physically. 

For example, single-band raster datasets can be virtually combined into a multi-multiband 

dataset with unified spatial resolution, band names and additional metadata information for 

visualization in a GIS – without copying of actual image data. 

Working with TS data creates special needs for data visualization and management in addition 

to the capabilities brought by standard DIP and GIS software. Users of TS data are often 

confronted with a multitude of physical raster images, and software specific to visualize TS 

preferable accounts for that by recognizing observation dates from file names or image 

metadata. The EO science community therefore developed TSA tools like TimeSync (Cohen et 

al., 2010), TimeStats (Udelhoven, 2011), TimeSat (Eklundh & Jönsson, 2016), TSTools 

(Holden, 2016) or Collect Earth (Bey et al., 2016). TSA tools have an explicit concept of raster 

time series. They are usually strong with regard to a certain field of application or the 

characteristics of a single sensor, e.g., TimeSync for Landsat time series and TimeSat for 

deriving vegetation phenology from MODIS time series, or more recently also for Landsat and 

Sentinel-2 data (Jönsson et al., 2018). Collect Earth, on the other hand, focusses on the labeling 

of pre-sampled plots, for which extensive dialogs can be customized to enter label attributes. 

Collect Earth is based on the Google Earth (https://www.google.com/earth/) interface and 

makes use of EO data stored in or uploaded to the Google Earth Engine (GEE, Gorelick et al., 

2017) archives. Uploading data to cloud-services might be constrained by legal limits of data 

usage agreements, e.g., in case of commercial VHR data sources, and is problematic for larger, 
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e.g., Terabyte-scale data sources. Furthermore, web-based tools cannot be used offline (OF), 

e.g., during field work. 

However, the focus of existing TSA software often comes with tradeoffs in terms of broad 

applicability, e.g., a need for unified file formats, file naming and map projection. In general, 

there is a lack of applicability to heterogeneous multi-sensor TS, e.g., to simultaneously inspect 

two or more TS from sensors with different spatial, spectral, and temporal resolutions. 

Moreover, existing tools for labeling TS rarely adequately value the temporal context, e.g., the 

need to save time stamps and file paths related to the observations on which a labeling decision 

is based. 

1.2 EO Time Series Viewer 
Software that combines the advantages of different concepts from the worlds of DIP, GIS and 

TSA to visualize and label TS data in a data agnostic way, i.e., the support of a direct reading 

of different raster formats and in particular data from multiple sensors, is so far not available. 

Table II-2 Required capabilities of a multi-sensor TS viewer. 

Task Capabilities 
Rich support of different 
raster data format 

• read raster images from different sensors / products  
• read different file formats 
• support virtual file formats to minimize physical reorganization of input data 
• read non-equidistant multi-temporal input data 

Use of data-inherent 
information and 
metadata 

• minimize the preprocessing required to visualize EOTS 
• use data of different spatial extents and resolutions  
• make use of time stamps 
• use wavelength information, e.g., to ease the selection of band combinations in 

the map representation 
Map visualization 
 

• change of spatial extent by zooming + panning 
• spatial-temporal visualization: one or multiple maps per observation date 
• spectral-spatial visualization: multiple maps to highlight different spectral 

properties 
• simultaneous application of contrast enhancements to multiple map instances 
• multi-band rendering (classic RGB band-selection) 
• single-band rendering (color bars for continuous values, color palettes for 

categorical data) 
• visualization of auxiliary data on top of TS maps, in particular vector data like 

administrative boundaries  
Profile visualization • spectral and temporal profiles for selected locations and observation dates  

• interaction between map- and profile visualization:  select profiles in map, select 
map/observation date of interest from profile. 

Mobility • allow to explore TS data offline and on standard hardware, to be used during 
field work and environments with slow web access 

Labeling of space, time, 
and user specific 
attributes 

• support labeling of points, lines, or polygons 
• support labeling observation dates or periods 
• customizable attribute scheme to meet user/application-specific demands 
• support easy exchange of label data through common GIS vector formats 
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Therefore, we summarized the strengths and weaknesses of existing software (Table II-1) plus 

demands that arose during our own work to compile a list of desired software capabilities and 

requirements (Table II-2). Based on that list, we conceptually laid out the EO Time Series 

Viewer (EOTSV, Figure II-1). 

The main goal of the EOTSV is to enable and simplify the visualization and labeling of TS, as 

well as to accelerate these often time-consuming steps in scientific analyses. In particular, our 

aims were: 

1. To combine different visualization concepts that are well-known from established DIP, 

GIS and TSA to visualize the spatial, spectral and temporal domains of multi-sensor TS, 

2. To provide maximum flexibility in terms of supported sensors, data sources and image 

properties, e.g., different data projections and file formats, 

3. To minimize the number of user-interactions (“mouse-clicks”) that is required to load 

and visualize TS data, 

 

Figure II-1 EO Time Series Viewer graphical user interface, exemplified with true color (Map View 1) and near-
infrared (Map View 2) visualization of a multi sensor time series (a + b), map settings (c), spatial navigation (d), 
extraction of location specific information (e), vector feature handling (f), temporal navigation (g), spectral library 
(h), cursor location value tool (i). 
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4. To ease the labeling and extraction of information from TS based on standard GIS vector 

and DIP spectral library formats, respectively, for good interoperability with other 

software, and 

5. To allow for an offline visualization of TS, e.g., during fieldwork and in regions with 

poor internet access. 

In the following we describe the features of the EOTSV, i.e., how TS data is provided and 

loaded (Section 2), how spatial, temporal, and spectral data information content is visualized 

(Section 3) and how the EOTSV eases the labeling of TS data (Section 4). We then provide an 

overview on case studies where the EOTSV was used to assess TS data (Section 5), show a 

benchmark (Section 6), and discuss the usability and potential future developments of the 

EOTSV (Section 7). 

2 Data Model 

Software for visualizing TS often demands the adaptation of raster data to specific structural 

properties, e.g., file formats, naming conventions or a shared map projection. This often 

requires additional preprocessing of the input data and its metadata, often at the expense of the 

original spatial or temporal resolution of the data. The EOTSV mitigates such preprocessing by 

 

Figure II-2 Multi sensor time series model. Each valid source raster image is automatically linked to a Sensor and 
an Image Group according to its date-time-group (DTG) and Sensor attributes like ground sampling distance 
(GSD) and band-related information. 
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supporting a wide range of data formats and evaluating the relevant metadata for required 

information retrieval. The EOTSV therefore provides a flexibility that, to our best knowledge, 

is not offered by any other comparable tool. 

Valid raster inputs for the EOTSV multi sensor time series model (Figure II-2) are geolocated 

raster images that can be read with the GDAL and define a date-time group (DTG). 

2.1 Geolocated raster images 
Based on GDAL and the QGIS API, the EOTSV currently reads more than 140 different raster 

formats (GDAL/OGR contributors, 2019), e.g., file formats like TIFF and JPEG2000, as well 

as web sources with web-coverage (WCS) and web-map services (WMS). Source images are 

visualized independently from differences in coordinate reference systems, spatial extents or 

number of bands. This avoids that large amount of TS data need first to be preprocessed into a 

unified raster format, raster dimensions or projection system. If necessary, VRT images can be 

used for re-organizing input raster files and its metadata without changing the original data 

sources. This is useful, e.g., for stacking single-band data sources into virtual multi-band 

images, for mosaicking tiled raster data, or for adding missing metadata, like the DTG and band 

wavelength information. Temporal information can either be stored image- or band-wise, i.e., 

one image per observation date, or as a raster stack with each raster band relating to a different 

observation date, respectively. 

2.2 Date time group 
The DTG is required to locate an image on the temporal axis of the time series. It is searched 

in order of the following source image locations: 

1. Image internal metadata key-value pairs, like “acquisition date = 2014-04-23”. If a 

metadata key matches the case-insensitive regular expression  

“(acquisition[ ]*date|datetime)” it will be checked for a valid DTG definition. 

2. The image base-name, like in “image2014-04-23.bsq”, or 

3. The image directory like in “C:/data/2014-04-23/image.bsq”. 

DTGs can be specified according to ISO 8601, e.g., like in “2014-04-23” or 

“20140423T123112234”, as date without hyphens (YYYYMMDD), e.g., “20140423”, in year 

+ day-of-year (YYYYDOY) notation, e.g., “2014113” or as year-only (YYYY). 

2.3 Multi-sensor time series 
If a source image is readable and defines a DTG, the EOTSV describes its image product 

specification, hereafter referred as Sensor. The EOTSV reads the ground sampling distance 
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(GSD, colloquially “pixel size”), number of bands, data type and, if defined in the source image 

metadata, band wavelength and sensor name. Source images are treated as coming from 

different sensors if they differ in either GSD, band count or data type. In addition, sensors can 

be differentiated by wavelength (default) and sensor name. It is, for example, possible to 

distinguish images between Sentinel-2A and 2B or to regard both as from the same sensor. 

Source images from the same Sensor with identical DTG are considered to be tiles from an 

image mosaic and are grouped in the same Image Group. Each Image Group represents an 

entity on the temporal axis of the multi-sensor time series, ordered by DTG and Sensor name. 

In some cases, it is useful that source images with different DTGs are binned to a unified DTG 

and get linked to the same Image Group. For example, the acquisition time of RapidEye Level 

3A images is specified with millisecond precision. It is useful to group these images by the day 

of observation, i.e., all images from the same overpass. Therefore, the EOTSV matches source 

images from the same sensor with a DTG precision of one day by default (Figure II-1, b) yet 

may be of higher or lower temporal resolution. 

The Sensor Panel (Figure II-1, a) gives an overview on derived Sensors and the total number 

of source image sources linked to each Sensor. The panel allows to modify the sensor name, 

which, if not defined in the source image metadata, is initialized with a short description like 

“6bands@30m”. The current state of the multi sensor time series model, i.e., all source images, 

Image Groups and Sensors, is shown in the Time Series Panel (Figure II-1, b). It allows to add 

or to remove source images, to modify the visibility of single image groups and it highlights 

which of them are currently visible as spatial maps. The source image paths can be saved to a 

text file that may be used to reload the time series or to pass the file path information to other 

algorithms, e.g., processing scripts that demand for a visually filtered TS. 

3 Data visualization 

3.1 Spatial data 
Showing a TS as a set of spatial maps is a well-known concept and used in other TS viewer 

software, e.g., TimeSync (Cohen et al., 2010). However, we are only aware of static solutions 

where adjustments to the map render settings require several user interactions, e.g., to quickly 

enhance image contrasts, change visualized band combinations or shift a geographic map 

extent. The EOTSV overcomes these drawbacks and applies established GIS handling (Figure 

II-1, e) to all images, e.g., to change map extents and adjust the raster layer render settings. 
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For a consistent and interactive representation of spectral and temporal relations between source 

images, the EOTSV uses a standardized grid arrangement of individual GIS maps (3.1.1). The 

Mapping panel (Figure II-1 c) controls the map size and content, and the number of maps n = j 

x k, with j = the number of Image Groups or maps in a row (3.1.2) and k = the number of Map 

Views, or maps in a column (3.1.3) shown at the same time. 

3.1.1. Maps 
All maps are linked and, thus, share the same projection and spatial extent, which can be 

modified using standard QGIS tools, e.g., to zoom and pan (Figure II-1, d). Each map relates to 

one Image Group, i.e., one Sensor and DTG, and visualizes all of its source images in the same 

style, e.g., raster tiles of a larger satellite data take. Additional raster and vector layers can be 

added, e.g., locations of visualized temporal (3.2) and spectral profiles (3.3), or layers that have 

been opened in QGIS, e.g., an Open Street Map layer. Vector layers can utilize map-specific 

variables like the DTG, DOY, Sensor name or Map View, e.g., to render vector features only, if 

they match the map’s DTG (Figure II-3, Map View 1, point feature “1”). 

The map context menu (Figure II-3, a) provides access to the layer settings of raster and vector 

layers (Figure II-3, d + e), which spatially intersect with the map location for which the context 

Figure II-3 Maps for one image date and two Map Views, both showing point features of the same vector layer. 
The map context menu (a) was called for map 1 at the location marked with “X”. The context menu allows to label 
linked vector features (b + c), optimize the image stretch for the shown map extent (d), to visualize properties of 
shown map layers (e + f), to copy or save map-extent specific properties (g), or to change the Image Group 
visibility (h). 
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menu was called. This, for example, eases the identification of individual source images in long 

TS to e.g., identify individual raster tiles with erroneous data. 

3.1.2. Image groups 
The time slider and navigation buttons (Figure II-1, g) control the temporal subset that is 

visualized, i.e., which Image Groups are shown as columns of maps. The Image Group visibility 

can be changed individually. This allows to focus on Image Groups that contain interpretable 

data, e.g., by hiding Image Groups with clouded observations. Map and Image Group specific 

information, like the DTG, the sensor name, or a bitmap of the map, can be copied to the 

clipboard to be used in other software (Figure II-3, g). 

3.1.3. Map Views 
Maps in the same Map View, which are represented as maps in the same row, share a similar 

spectral representation over time, regardless of the Sensor used. Each Map View specifies a 

layer tree that lists (i) a raster layer for each Sensor of the TS data and (ii) other raster or vector 

layers (Figure II-1, c). The visualization of sensor-related raster layers can be optimized based 

 

Figure II-4 List of temporal profiles (a) and profile visualization (b). Settings allow to specify which locations (c), 
sensors (d), style (e) and band values or derived spectral indices (f, NDVI) to draw. Locations of temporal profiles 
can be shown on maps (g) to compare spatial and spectral changes between observations (h). 
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on the current map extent (Figure II-3, d + f). Such changes will be applied automatically to all 

other raster layers in the Map View that are linked to the same Sensor. Raster- and vector layer 

styles can be shared (Copy/Paste Style) with other layers and between map layers in the EOTSV 

or QGIS. 

Multiple Map Views are stacked vertically, i.e., in rows, and allow to define multiple layer trees. 

These allow to specify different data visualization at the same time, e.g., to visualize both true 

color bands and near-infrared bands. They can be used to show different sets of vector layers, 

too, which otherwise would visually overload the map if shown together in the same Map View. 

3.2 Temporal Profiles 
A visualization of temporal profiles is usually not foreseen in GIS environments and can be 

cumbersome with many DIP tools. TS-viewers often only focus on visualizing single bands or 

index values from single locations over time. 

The EOTSV overcomes such limitations, as it flexibly allows comparing temporal profiles from 

separate locations, band values or on-the-fly-derived spectral indices and various Sensors, 

simultaneously. Temporal profiles are extracted by selecting their locations in a map or loading 

them from a vector data source. The EOTSV loads image band values for (i) all pixels that 

intersect the profile’s geolocation, and (ii) which are not masked by image internal no data 

values (Figure II-4). 

The visualized profiles can be specified individually to compare different locations, Sensors or 

bands in the same plot window (Figure II-4). The plotted values are specified with an individual 

expression, like “b1” to plot values of the first raster band (Table II-3). This can be used to 

account for Sensor-specific scaling differences and to compare spectral indices like the 

normalized difference vegetation index (NDVI, Figure II-4) between different Sensors. Style 

and scale settings can be changed interactively, and using the plot context menu, the map 

Table II-3 Values extracted for each Image date in a temporal profile. 

Field Data Type Description Example 
DTG String Date-time-group of image acquisition 2011-09-12 
DOY Integer Day of year 216 
geo_x Float x / longitude value of geo-coordinate 53.233344 
geo_y Float y / latitude value of geo-coordinate 54.343434 
px_x Integer x pixel index [0, number of image rows) 95 
px_y Integer y pixel index [0, number of image lines) 43 
b1 … bn Float or Integer n band values with  

n from [1, number of bands] 
453 
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visualizations can be moved to an identified date of interest. Temporal profile coordinates can 

be saved as vector data set and band values in a CSV text file. 

3.3 Spectral Profiles 
Spectral profiles are stored in spectral libraries together with metadata, like location and time 

of measurement or attributes to describe the measured surfaces. Spectral libraries are widely 

used in EO, e.g., to parameterize land cover and land use classification models or to derive 

fractions of land cover (Dudley et al., 2015; Priem et al., 2019; Schug et al., 2018; Viscarra 

Rossel et al., 2016). Spectral profiles can be extracted for each image pixel and are collected 

and visualized in the Spectral Library viewer (Figure II-5). The plot window allows comparing 

profiles from different Sensors based on their different band wavelength information. Collected 

spectral profiles can be tagged and labeled and are internally stored in an in-memory spectral 

library, which can then be saved e.g., as CSV text file, ENVI Spectral Library or copied to the 

clipboard to be used in table calculation software. 

 

Figure II-5 Spectral Library viewer (a) with spectral profiles different in date and location (b). Extracted profiles 
get annotated with map date, DOY and Sensor (c) by default. Additional fields (d, “notes”) can be added manually. 
The increased reflectance in the infrared bands clearly identified the location (e) as active fire pixel. 
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4 Data labeling 

Labeling areas or points of interest on single raster images, but in particular for TS, is often 

adapted to the requirements of specific workflows. This complicates the labeling process for 

more complex labeling scenarios, e.g., when multiple attributes need to be described. The 

EOTSV speeds-up labeling sessions by shortcuts to quickly label temporal and categorical 

information. This reduces the number of user interactions required to edit informational content. 

The EOTSV Labeling panel (Figure II-6) can be used to edit features of a vector layer, i.e., to 

label TS data. Like in QGIS, vector layer manipulations are performed in an attribute table that 

allows to edit feature attributes, while new feature geometries, i.e., point, lines or polygons, can 

be draw directly in each map. Modifications to the vector layer exists in a transaction model 

and need to be confirmed or rejected before leaving the edit mode. 

 

Figure II-6 Labeling panel (bottom) and quick labeling workflow: (1) select the next feature to center the map on 
(2), open the map context menu (3) to write attributes derived from the map (4, see Table 4) or a classification 
label (5) to linked fields of selected feature(s). Repeat (1) to label the next feature. 
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The EOTSV Quick Labels functionality enhances existing QGIS vector manipulation functions 

by saving the acquisition-date, Sensor-specific or categorical information. Further it allows to 

quickly label multiple attributes, e.g., a land-cover category and the date and path of the image 

source they have been observed. If specified in the vector layers’ property dialog (Figure II-7), 

the map context menu allows sending Image Group date and classification scheme specific 

values to the fields of selected vector features (Table II-4). Together with the labeling panel’s 

“Next feature” and “Previous feature” buttons, this allows for a workflow that quickly 

visualizes the spatial environment of selected vector features and labels them with the requested 

information (Figure II-6). 

 

Figure II-7 Activating Quick Labels in the vector layer properties dialog, e.g., to derive (a) the Sensor name and 
write it into the vector field “sensor”. Similarly, raster classification schemes (b) can be defined to write a class 
number or name to linked vector fields of selected features. 

Table II-4 Quick Label types to semi-automatically label selected vector features. 

Type Vector Fields Examples Notes 
Sensor Name Text “Landsat 8” Sensor name as specified in the 

Sensor Panel 
Date-Time Text “2014-04-03” 

“2014-04-03T10:15” 
Derived from the map’s Image 
Group. 

Year Text, Integer “2014”, 2014 
Day of Year (DOY) Text, Integer  
Decimal Year Text, Integer  
Classification Value 
 

Text 
Integer 

“1”, “Forest” 
1 

 

Source Image Text “~/data/timeseries/image42.tif” 
 

Path of raster image under the 
geolocation for which the map 
context menu was called. 
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The vector layer can be edited in QGIS at the same time, allowing to use QGIS and other QGIS 

Plugin vector functionalities as well, e.g., a straightforward renaming of attribute values based 

on field calculations or to export the labeled vector data into formats understood by other 

applications. 

5 Case studies 

The EOTSV was initially developed to support the analysis described in Chapter III, where a 

3-year time series of 80 Landsat images was analyzed for mapping burning and tillage on 

pastures and areas with secondary regrowth in the region of Novo Progresso, Brazilian Amazon. 

The region’s frequent cloud cover and a quick sequence of management processes, e.g., the 

subsequent ploughing of burnt pasture (Figure II-8) inspired the development of the clear 

observation sequence (COS) approach: At pixel level, a COS consists of an unclouded, 

unshaded, non-masked – and therefore “clear” observation at reference date t, it’s next clear 

predecessor and next clear successor. In case of clouded, shaded or otherwise masked pixels, 

the entire COS is masked with a no-data value. COS were generated for each Landsat 

observation and used to extract a band stack of 42 spectral and temporal features. 

The feature stacks were classified with a Random Forest (Breiman, 2001) to obtain class-

probabilities for burned pasture, tilled pasture and burned secondary regrowth for each Landsat 

observation. The class-probabilities were aggregated into an annual score for each class, from 

which final maps of burned pasture, burned secondary regrowth, tilled pasture and burned and 

tilled pastures were derived for 2013–2015. The area-adjusted accuracy assessment (Olofsson 

et al., 2014) revealed overall accuracies (OAA) ≥ 88% and user accuracies (UA) ≥ 86% for 

burned areas, and ≥ 74% for tilled areas. 

The EOTSV helped to synergistically visualize the Landsat TS together with auxiliary spatial 

data, e.g., 42 RapidEye observations, PRODES (INPE, 2021b) deforestation and TerraClass 

(INPE, 2019) landcover maps, GPS tracks and geo-located photographs made in field. Because 

reference data for burned and tilled areas were not available at Landsat spatial resolution with 

exact date of management, the EOTSV was used to digitize 196 reference polygons and to label 

them with identified classes of land use or land management and the corresponding dates of the 

Landsat observation, e.g., when a tilled pasture became visible the first time. These reference 

polygons were input to a python script that extracted the related COS feature stacks from the 

Landsat time series and calibrated the Random Forest. The EOTSV ability for simultaneous 

visualization of TS data in a true color Map View and a near-infrared Map View provided 

several advantages and generally greatly facilitated the visual recognition of the temporal 
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course of, e.g., burning and tillage measures, as compared to previously available software 

packages or the stock QGIS. Burned areas, for example, were better visible in the near-

shortwave infrared because of an increased contrast of vital vegetation in false-color 

visualization, as compared to true-color visualization (Figure II-8, b + c). The simultaneous true 

color visualization better highlighted soil condition in dried and tilled areas (Figure II-8, d + e). 

Taking into account the temporal development, as, e.g., described in temporal profiles and 

adjacent maps of a map view, allowed separating natural drying from short-termed tilling. In 

order to determine the map accuracy of the three land management maps according to (Olofsson 

et al., 2014), a total of 969 validation points was created by stratified random sampling. Due to 

the sometimes-short visibility of burning or ploughing, all Landsat and RapidEye observation 

of the respective year had to be inspected for the validation of each point. The EOTSV allowed 

 

Figure II-8 Visibility of land management in a Landsat 7 (L7) and Landsat 8 (L8) time series, clouds and cloud 
shadows (a), burned pasture (b), burned shrub paste/ secondary regrowth (c), tilling (d), tilling after previous 
burning (e). 

 

Figure II-9 Sentinel-1 based OSARIS products. Map View 1 (top row): coherence in single-band grey color 
rendering. Map View 2 (bottom row): multiband rendering of coherence (red), amplitude (green) and 
interferometry (blue).
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to quickly pan to the next validation point and to scroll through the Landsat observation dates, 

which substantially shortened the work that would have been much more time-consuming with 

a conventional GIS or DIP. 

Another case study that used the EOTSV is described in (Yin et al., 2018). The authors mapped 

agricultural land abandonment in parts of Russia and Georgia using a Landsat TS with 301 

images from 1985 to 2015. They used a spatial segmentation to obtain agricultural land objects 

and calculated a time series of annual agricultural land probabilities, which then was segmented 

with the Landsat-based detection of Trends in Disturbance and Recovery (LandTrendr Kennedy 

et al., 2010) algorithm. The segments were classified to yield annual maps of stable agricultural 

land, fallow land and re-cultivation of agricultural land. The authors used the EOTSV to label 

450 randomly sampled validation points based on the Landsat TS, plus 51 ASTER images, 

high-resolution images from Google Earth and Bing maps, and temporal profiles from a 

MODIS NDVI TS (MOD13Q1). The accuracy assessment according to (Olofsson et al., 2014) 

achieved an area adjusted overall accuracy of 97 ± 1% and average user and producer 

accuracies of 66% and 69% for fallow and re-cultivation class. 

Rufin et al. (2019) used 2403 Landsat observations to map five cropping practices across entire 

Turkey for 2015. They used EOTSV to inspect the Landsat surface reflectance time series and 

derived products like stacks of Tasseled Cap Component time series, which were generated with 

the Framework for Operational Radiometric Correction for Environmental monitoring 

(FORCE, Frantz, 2019). According to personal communication, the authors also used the 

EOTSV to validate annual Landsat-based irrigated area products (Rufin et al., 2021b) and to 

compare the results of a Landsat – Sentinel Co-registration approach (Rufin et al., 2021a). 

6 Benchmark 

6.1 Setup 
The time required to interpret and label a TS is influenced by various aspects, e.g., data quality, 

the respective research question and related goals, or knowledge and experience of the image 

interpreter. A prerequisite for an efficient interactive interpretation and labeling is that data 

loading operations occur fast. We therefore benchmarked how long it takes to change the map 

visualization and to load temporal and spectral profiles from different TS (Table II-5). 

An optical TS of tiled Landsat and Sentinel-2 surface reflectance data was generated with 

FORCE and used along with RapidEye Level 3A and Pléiades images, as delivered by its data 

providers. A Sentinel-1 radar TS (coherence, amplitude, and interferograms) was generated with 
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the Open Source SAR Investigation System (OSARIS, Loibl et al., 2019). As OSARIS outputs 

are single-band images, we virtually stacked coherence, amplitude and interferogram bands for 

each date using the GDAL VRT format (“Sentinel-1 VRT”) and visualized this TS in a 

multiband color visualization (Figure II-9). To assess if loading benefits from overview images, 

i.e., image pyramids (Adelson et al., 1984), we duplicated the virtual Sentinel-1 time series and 

generated overview images for zoom levels 2 to 64 (“Sentinel-1 VRT + OVR”). 

To simulate different user-interactions and their realization times, we measured the following 

durations, starting with a randomly selected source image:  

a. We simulated navigation on the time axis by showing the source image with its “Full 

Extent” in the center Image Group of the map visualization. This forced the EOTSV to 

load the image data for previous and following observation dates into the two Image 

Groups left and right of the center Image Group. 

b. We performed a zoom operation by focusing the visible map extent to the 200 x 200 

pixels around the source image center (“Image Subset 200 x 200”). 

c. We extracted a “Temporal Profile” of all band 1 (“b1”) values for the center pixel of the 

source image, and finally, 

d. Loaded the “Spectral Profile” from the source image center. 

We repeated the measurements (a-d) for a total of 200 randomly selected source images per TS, 

with 14 maps (7 Image Groups x 2 Map Views) of 200 x 200 pixels. This way the benchmark 

simulates different “user-interactions” that require to change the temporal and spatial scope of 

the map visualization. In order to accelerate the visualization speed, the EOTSV buffers raster 

layers. When, e.g., the map visualization scrolls to the next image group, the EOTSV uses all 

Table II-5 Time Series used to measure loading times for map and profile visualizations (n = number of source 
images, nt = number of different observation dates, nb = number of bands, dt = data type, GSD = ground sampling 
distance, 1 median size, 2 max of varying sizes, 3 VRT stack of 3 netCDF raster bands). 

Time Series n nt Format rows lines nb dt GSD Total 
[GB] 

Image1 
[MB] 

Landsat 7 227 87 TIFF 1000 1000 6 Int16 30 m 1.9 10.3 
Landsat 8 206 59 TIFF 1000 1000 6 Int16 30 m 2.4 12.3 
Sentinel-2A 87 36 TIFF 3000 3000 10 Int16 10 m 13.1 176.0 
Sentinel-2B 114 44 TIFF 3000 3000 10 Int16 10 m 16.3 176.3 
RapidEye 29 18 TIFF 5000 5000 5 UInt16 6 m 6.7 238.5 
Pléiades 24 7 JP2ECW 362532  413312  4 UInt16 5 m 34.9 1849.2 
Sentinel-1 Coherence 80 80 netCDF 4068 3960 1 Float32 0.0027° 4.8 61.5 
Sentinel-1 VRT 80 80 VRT3 4068 3960 3 Float32 0.0027° 14.4 184.6 
Sentinel-1 VRT+OVR 80 80 VRT3 4068 3960 3 Float32 0.0027° 18.0 230.9 
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raster layers which the current and new visualized temporal selection have in common. Raster 

layers that are excluded from the visualized temporal selection are deleted to free memory 

resources. We therefore repeated tests a + b using a single map (1 Image Group x 1 Map View) 

to measure loading times without layer buffering. 

To identify differences between a direct reading of source images and reading through virtual 

images, we measured the loading times for the “Sentinel-1 Coherence” time series and the VRT 

stack’s coherence band, “Sentinel-1 VRT Coherence”, both using a single-band grey-color 

render style. The “Sentinel-1 VRT” and “Sentinel-1 VRT + OVR” TS were visualized in a 

multiband color rendering that required to load the map data from all three source bands. All 

tests were run on a desktop windows PC (Intel Core i7-2600, 3.4 GHz, 16 GB RAM) with QGIS 

3.10 and all source images were stored in the same external Network Area Storage (NAS). 

6.2 Results 
On average, it required less than 5 s to refresh all 14 maps, respectively less than 0.3 s for a 

single map (Table II-6, a + b). Loading map data for the full image extent required for all TS 

more time than for the subsets of 200 x 200 pixels. Since the number of different observation 

dates (nt, Table II-5) corresponds to that of the image groups, the visualization of the Pléiades 

TS benefits greatly from the layer buffering in the 7 x 2 maps visualization. Otherwise, the 1 x 1 

single map visualization shows that due to the larger image size, Pléiades images required about 

twice as much time to be loaded. 

In single cases, the loading required up to 18 s, e.g., for the Sentinel-1 VRT stack. The log files 

and repetitions of the benchmark showed no clear pattern, so it is likely that this slowdown is 

due to a different use of the NAS by other users. 
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Accessing the Sentinel-1 coherence band directly improved the access rate by a factor of ~1.5 

as compared to loading it via the VRT stack. Consequently, the visualization in a multiband 

RGB style, which required loading data from 3 different bands, took longest in case of the 

Sentinel-1 VRT stack (without overview images) compared to all other TS. The temporal 

difference between a direct data access and an indirect VRT data access became smaller when 

visualizing the image data for a 200 x 200-pixel subset instead of the full image extent. Using 

overview images required 25% more disk space but increased the map loading speed by a factor 

of up to 1.5 (full image extent). Loading a temporal profile (Table II-6, c) needed up to ~5 s 

(Landsat 7) and, on average, less than 2 s for all tested TS (Table II-5). The extraction of a single 

spectral profile was considerably faster and required less than 0.5 s in all cases. 

Table II-6 Loading times [s] (n = 200) to visualize a full image and a 200x200 pixel subset in 14 maps and as 
single map, and to load temporal and spectral profiles from each time series described in Table II-5. 

 (a) Full Image Extent    (c) Temporal Profile 
 7x2 maps  single map   
 Time Series mean min max sd  mean min max sd  mean min max sd 
Landsat 7 2.78 0.54 3.95 0.49  0.39 0.08 0.86 0.11  1.90 1.74 4.77 0.22 
Landsat 8 3.17 0.68 4.15 0.55  0.43 0.19 0.88 0.11  1.71 1.56 3.34 0.13 
Sentinel-2A 2.45 0.75 4.03 0.60  0.48 0.21 1.05 0.14  0.96 0.89 1.54 0.05 
Sentinel-2B 2.39 0.76 3.31 0.56  0.47 0.20 1.10 0.16  0.75 0.68 1.67 0.07 
RapidEye 1.53 0.90 2.45 0.37  0.54 0.32 1.04 0.14  0.16 0.09 0.25 0.04 
Pléiades 1.59 1.16 1.97 0.17  1.06 0.51 2.53 0.36  0.34 0.25 0.52 0.04 
Sentinel-1 
Coherence 

2.42 1.64 2.81 0.13  1.19 0.82 1.76 0.23  0.51 0.41 0.62 0.02 

Sentinel-1 VRT 
Coherence 

3.87 2.73 17.03 1.71  1.80 1.24 2.65 0.34  0.72 0.56 3.35 0.40 

Sentinel-1 VRT 5.11 2.02 17.85 1.63  1.74 1.29 2.36 0.19  0.73 0.56 3.65 0.45 
Sentinel-1 VRT+OVR 3.28 2.92 4.16 0.18  1.91 1.49 2.64 0.31  0.62 0.57 2.87 0.16 
Time Series (b) Image Subset 200x200  (d) Spectral Profile 

7x2 maps  single map  
 

mean min max sd  mean min max sd  mean min max sd 
Landsat 7 0.69 0.58 0.94 0.08  0.10 0.07 0.41 0.02  0.03 0.01 0.08 0.02 
Landsat 8 0.76 0.60 1.21 0.10  0.10 0.08 0.13 0.01  0.03 0.01 0.08 0.02 
Sentinel-2A 1.01 0.73 1.20 0.06  0.22 0.18 0.51 0.05  0.03 0.01 0.19 0.04 
Sentinel-2B 1.02 0.88 1.42 0.06  0.22 0.18 0.51 0.03  0.03 0.01 0.19 0.02 
RapidEye 1.22 0.88 1.33 0.04  0.37 0.31 1.03 0.10  0.01 0.00 0.01 0.00 
Pléiades 1.65 1.16 1.97 0.16  0.53 0.46 0.68 0.02  0.02 0.01 0.10 0.02 
Sentinel-1 
Coherence 

2.02 1.85 2.63 0.10  1.13 0.81 1.40 0.12  0.01 0.00 0.01 0.00 

Sentinel-1 VRT 
Coherence 

2.50 2.18 2.79 0.08  1.60 1.18 2.09 0.14  0.01 0.00 0.04 0.00 

Sentinel-1 VRT 2.87 2.02 3.71 0.39  1.26 1.04 1.92 0.25  0.01 0.00 0.03 0.00 
Sentinel-1 VRT+OVR 3.18 1.94 4.79 0.34  1.64 1.40 2.42 0.31  0.05 0.00 0.10 0.02 
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7 Discussion and outlook 

By systematically developing the EOTSV along the demands listed in Table II-2, we achieved 

our aims to implement a QGIS plugin for an integrated and interactive visualization and labeling 

of multi-sensor TS, which provides the flexibility to be used in different data and application 

scenarios. One has to consider how many steps are required in a conventional GIS to switch 

between different views on the TS data, for example, to display a certain observation date and 

the previous and next observations, to optimize the image contrast and to synchronize it along 

all image sources from the same sensor. 

Based on GDAL, the EOTSV is able to read more than 140 different raster image formats 

(GDAL/OGR contributors, 2019). Its data-agnostic implementation allowed us to visualize 

optical Landsat, Sentinel-2, RapidEye and Pléiades data, as well as SAR Sentinel-1 products. 

However, per definition the EOTSV data model demands for single- or multiband source 

images with unified band size and ground sampling distance. Multi-dimensional raster images, 

like the Hierarchical Data Format (HDF) that is commonly used for MODIS products, cannot 

be directly loaded by opening a file path. We first need to define which of the internally 

available datasets are to be used. As shown with the “Sentinel-1 VRT” TS (6.1), this can be 

achieved with virtual raster files that map desired source bands into a virtual multi-band image 

understood by the EOTSV. EOTSV users can prepare VRT files e.g., using the GDAL 

‘gdalbuildvrt’ command line application or tools like the VRT Raster Builder 

(https://plugins.qgis.org/plugins/vrtbuilderplugin). However, they should be aware that in using 

VRT might increase the time required to map image data, even that our benchmarking showed 

that time loss is negligible. 

Being a desktop software, the EOTSV can be used offline and for field work. EOTSV’s 

performance is hence depending on the respective specifications of local hardware 

specifications (not on internet connectivity as, e.g., web client-based solutions). Our tests 

showed that the EOTSV easily handles TS with ~700 images (Figure II-1, a). In principle, the 

EOTSV can help to inspect even Terabyte-sized collections of TS data on standard desktop 

computers. The increased amount of data affects the EOTSV loading times in different ways: 

The time to (i) setup-up the multi-sensor TS model increases proportionally with the total 

number of source images, because more files are inspected for its DTG and sensor specification. 

Using virtual mosaics to group images with same DTG and sensor properties reduces the total 

number of source images and therefore speeds-up the initial loading. 

The time to (ii) realize map visualizations increases with the spatial resolution of the source 

images or by visualizing a larger map extent, as more pixels have to be read for the same map 

https://plugins.qgis.org/plugins/vrtbuilderplugin
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extent. As shown in the benchmark, the loading times can be reduced by focusing on smaller 

spatial map extents and by generating overview images on suitable scales. In this way the 

EOTSV benefits from the same means that improve the performance of other desktop GIS and 

DIP software as well. Otherwise, requirements for a fluid interactive map visualization have to 

be balanced with that for redundancy-free data storage. 

The map visualization time is not affected by an increased temporal length of the TS or 

increased number of bands per source image, because the total number of maps, i.e., Map Views 

x number of maps per Map View, and the number of source image bands loaded per map is 

fixed. This is different for the visualization of temporal and spectral profiles, which requires 

more time with using longer TS, respectively more bands per source image. However, in both 

cases the band values are loaded for single pixels only. Therefore, loading times should be 

acceptable even for longer TS with more temporal observation and hyperspectral TS data with 

more than 200 bands per source image bands, like observed by the Hyperspectral Precursor and 

Application Mission (PRISMA) or the upcoming Environmental Mapping and Analysis 

Program (EnMAP, Transon et al., 2018). 

Some features of the EOTSV, e.g., the loading of spectral and temporal profiles, are planned to 

be optimized by future revisions and optimizations of the source code. A 3D visualization of 

temporal profiles or spectral-temporal surfaces would enhance the ability to interpret changes 

that occur over time and space. Instead of single points or pixel locations only, spectral and 

temporal profiles could be displayed (and saved) or visualized as average values for areas of 

interest, which may reduce spectral or temporal noise. 

Our free and open-source QGIS plugin takes only a few mouse-clicks to be installed with the 

QGIS Plugin manager and to be run on Linux, Windows and macOS systems. We envisage that 

the open-source character of the EOTSV encourages others to support its development, i.e. by 

providing feature requests, bug reports or own source-code. Being open source and supporting 

standard image and vector data formats, the EOTSV can be easily used with other tools and 

algorithms from the QGIS ecosystem and beyond. For example, scientific workflows could use 

validation points that were labeled with the EOTSV as input to the Accuracy Assessment of 

Thematic Maps (AcATaMa, Llano, 2019) plugin to calculate the area adjusted accuracy metrics 

recommended by (Olofsson et al., 2014). 

In future EOTSV versions, we plan to further simplify the loading of multi-dimensional raster 

images, e.g., through an automated creation of VRTs to access bands in HDF data sets. We will 

also improve the integration between spectral- and temporal profile visualization and speedup 

the loading of profile data. A session setting system will restore the Sensor- and Map-View 
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specific visualization settings. Bug fixing, integrating user recommendations, adopting changes 

in the specification of prominent EO products, and valuing improvements in QGIS and GDAL 

libraries are inherent to our software development strategy. 

8 Conclusion 

The EO Time Series Viewer is a free and open source QGIS plugin to visualize, understand and 

describe changes on Earth, e.g., in the generation of reference data regarding changes in land 

cover and land use. It enhances established QGIS functionality with concepts well-known from 

digital image processing software. Some of its most innovative features are a data-agnostic 

support of image sources from multiple sensors, an integrated visualization of spatial maps, 

spectral and temporal profiles to compare different observation dates, spectral regions and 

sensors, and its support to speed-up the labeling of time series data. 

This way, the EO Time Series Viewer provides a toolset that bridges between the GIS world 

and analyses of raster time series, supports mandatory workflows for many users of EO data 

and helps to better put in value long-term EO data archives and free data sharing policies. 
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Abstract 

Intensification of cattle ranching has the potential to reduce deforestation rates in the Brazilian 

Amazon by decreasing the demand for new agricultural land. Explicit spatial knowledge on 

where, when and how pastures are managed, and intensification takes place is needed to better 

estimate potentials of more sustainable management. Monitoring the frequency of management 

practices like burning of pastureland and tillage treatment with adequate spatial resolution 

therefore offers novel indicators for describing land-use intensity. With dense time series of 

Landsat data, it appears possible to quantify land-use intensity also in heterogeneous landscapes 

where fine-scale processes cannot be monitored with previously available datasets. 

Our overarching goal is to describe the occurrence or absence of extensive or intensive 

management regimes over time. For this study, we focused on detecting fire and tillage events 

in the region of Novo Progresso, Pará, Brazil, where deforested land is mostly used for cattle 

ranching by both largeholders and smallholders. We used a dense time series of Landsat-7 and 

Landsat-8 surface reflectance data to mitigate the problem of varying cloud cover. For each 

acquisition date, we extracted a temporal sequence of three subsequent clear observations at 

pixel level. The temporal variation in each clear observation sequence was characterized by a 

stack of spectral and temporal features. These feature stacks were classified with a random 

forest to identify the management events. We aggregated the classification results based on the 

random forest class probabilities and derived normalized annual class scores for land 

management events. The yielded class score maps show burned and tilled areas on a yearly 

basis and provide a measure of model confidence. 

We detected burned pastures with area adjusted user accuracies of 80–98%, burned secondary 

regrowth with 63–80% and tilled pastures with 74–78%. Our approach was able to discriminate 

management events even when they succeeded very fast. This way, the mapping approach with 

clear observation sequences allows us to contextualize management events directly from dense 

time series of high-resolution satellite data. This opens new pathways to disentangle how 

management practices between smallholders and agribusinesses vary in the Brazilian Amazon. 

With sensor constellations from Sentinel-2 and Landsat data becoming a unified source for 

much denser time series soon, our method bears great potential to better understand and map 

pasture dynamics in the Amazon. 
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1 Introduction 

Deforestation and cattle ranching that establishes on most of the recently deforested land in 

Brazil are the largest contributors to Brazil's greenhouse gas (GHG) emissions (Davidson et al., 

2012; Lapola et al., 2014; Malhi et al., 2008). Sustainable intensification of grazing regimes on 

existing pastoral land therefore bears great potential to avoid further deforestation, to protect 

ecological diversity in the Amazon and ultimately to reduce Brazilian GHG emissions 

(Bustamante et al., 2012; Cohn et al., 2014; Lambin et al., 2013). Detailed maps on current 

pasture management practices are hence needed to describe land-use intensity (Erb et al., 2013), 

to better quantify carbon budgets and GHG emissions (Bustamante et al., 2016; Sánchez-

Azofeifa et al., 2009) and to support land management policies, such as “Reducing Emissions 

from Deforestation and Forest Degradation” (REDD+, Barlow et al., 2012) and Brazil's 

program for low carbon agriculture (ABC, Stabile et al., 2012). 

The management of cattle pastures in the Amazon often follows traditional practices, leaving 

high potential for intensification. Fire is a common land management practice with long cultural 

tradition (Carmenta et al., 2013; Pivello, 2011). Burning land serves numerous goals, including 

nutrient mineralization, forage growth stimulation, control of weeds and pest species, and the 

removal of shrubs and trees (Bowman et al., 2008; Lima et al., 2012). The lack of protective 

measures like fire breaks often causes uncontrolled fires, which also affect adjacent forests on 

a regular basis (Aragao & Shimabukuro, 2010; Uhl & Buschbacher, 1985). Secondly, grazing 

traditionally follows suboptimal patterns that promote shrub encroachment in under-grazed 

areas, while simultaneously over-using forage grasses e.g., close to water supply. Thirdly, soil 

fertility is naturally low (Cerri et al., 2007) and demands for liming and fertilization. Fallows, 

in Brazil known as capoeira, are required to recuperate soil fertility through regrowth of 

secondary vegetation (Hohnwald et al., 2015; Uhl et al., 1988). Estimates show that secondary 

vegetation regrowth takes place on around one third of the deforested areas of the Amazon 

(Moran et al., 1996; Pacheco, 2012), forcing additional forests to be transformed into pastures. 

Recent studies suggest that sustainable pasture intensification could spare deforestation for new 

pastureland to an amount, where future demands for cattle production comply with national 

aims of GHG reduction (Barbosa et al., 2015; Strassburg et al., 2014). Such intensification can 

be achieved by improved management practices, for example (i) avoidance of burning and 

hence of related volatilization of carbon stocks, (ii) soil-conserving tillage schemes to minimize 

erosion and soil compaction, (iii) grazing rotations optimized towards recuperating forage 

grass, as well as (iv) implementation of integrated crop-livestock-forestry systems for increased 

ecosystem diversification and sustainability (Latawiec et al., 2014; Undersander et al., 2014). 
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These management practices and the frequency of related events affect the spectral-temporal 

properties of pasture lands, which renders remote sensing a powerful tool to monitor 

intensification processes. However, most studies that describe intensification on pastures in the 

Amazon are rather based on census data or exist at spatially coarse resolutions only (Barretto 

et al., 2013; de Espindola et al., 2012; Soler et al., 2014). One reason for the lack of better 

information sources is that spectral-temporal patterns of pasture systems are often very 

heterogeneous in space and time compared to croplands that exhibit more distinct phenologies 

(Arvor et al., 2012; Maus et al., 2016). Pasture vegetation ranges from fragmented agro-forestry 

systems to grassmono-cultures. Grazing pressure varies, e.g., due to terrain, fodder quality, 

distance to water sources and grazing duration. Grazing periods last from a few weeks in well-

managed rotation systems to years on extensively managed pastures and are superimposed on 

climate-driven phenology. Land ownership has shown to influence spatial-temporal patterns of 

management, since smallholders often operate subsistencebased and on finer scales than 

largeholders (Godar et al., 2012; Hohnwald et al., 2015; Pacheco, 2012). Determining the extent 

and frequency of management events like (i) burning of vegetation and (ii) tillage to prepare 

re-sowing of forage grass therefore provide key information to characterize land-use intensity 

and potential for further intensification. 

The Landsat missions provide optical time series data with 30 m spatial resolution and with two 

simultaneously operating platforms that theoretically observe land surface properties with a 

temporal resolution of 8 days (Roy et al., 2014; Wulder et al., 2012). This allows to detect fine 

scale land management, e.g., in small-holder agriculture systems (DeVries et al., 2015b; Grogan 

et al., 2015). Besides its importance in forest monitoring in the Amazon (Shimabukuro et al., 

2012; Souza et al., 2013), Landsat has been used e.g., to describe grazing intensities (Numata 

et al., 2007), pasture degradation (Davidson et al., 2008), succession of woody vegetation 

(Rufin et al., 2015) or regrowth of secondary forests (Mausel et al., 1993). With respect to fire, 

Landsat was used e.g., to map burned areas (Bastarrika et al., 2014; Bastarrika et al., 2011; 

Shimabukuro et al., 2014) or to describe agricultural slash-and-burn cycles (Dutrieux et al., 

2016). So far, tillage was described only on croplands outside the tropics (Bricklemyer et al., 

2006; Zheng et al., 2014). 

Tropical areas with high cloud coverage do not allow for high frequent, equidistant observations 

(Sánchez-Azofeifa et al., 2009). Moreover, timing of pasture management like tillage is not 

necessarily linked to specific months of the year. Pastures can change rapidly, and spectral 

characteristics might get superposed quickly by follow up events, e.g., burned land that is tilled 

or greening of tilled land. It is therefore crucial to consider all available clear observations, i.e., 
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pixels that are free of clouds, cloud shadows, or – in the case of Landsat-7 data - scan-line 

corrector (SLC) off errors and any other artefacts. For this work, we were accordingly interested 

in the overarching question on how pasture management practices in the Brazilian Amazon can 

be mapped accurately by means of dense Landsat time series. We specifically aimed at: 

a) Exploiting the entire spectral-temporal information from Landsat time series to 

disentangle pasture management events, namely the burning of pastures or secondary 

regrowth and tillage, and to 

b) Provide a method for mapping yearly pasture management practices in tropical 

environments. 

2 Study Area 

Our study area (Figure III-1) was the region of Novo Progresso, Pará, Brazil, covered by 

Landsat footprint 227/065. The area consists of evergreen and seasonal tropical forests, while 

few savanna patches occur on rock outcrops. The Cuiabá-Santarém highway BR-163 

transverses our study area from SE to NNW. It links the soy production areas in Mato Grosso 

with the northern arc, Brazil's fastest growing exportation route of soy to Europe and China. 

The BR-163 marks a forefront of deforestation and agricultural expansion in the region 

(Fearnside, 2007). Most of the deforested land is converted into extensively managed pastures, 

while conversion into cropland has recently occurred as well (Boy et al., 2016; Fearnside, 2007; 

Gollnow & Lakes, 2014). The study region entails both largeholder pasture plots and 

smallholder rangelands with mosaic land-use patterns, which dominate in settlement projects 

planned by the Brazilian National Institute for Colonization and Agrarian Reform (INCRA), 

i.e. traditional rural settlement projects (PA) and sustainable development projects (PDS), 

where landowners are supposed to focus on traditional management with low environmental 

impact (Alves Filho & Ribeiro, 2014). A national park was established in the western part of 

the study region in 2006, following the creation of pastures in this area. This causes conflicts 
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between landowners and aims of environmental protection, leading to different strategies of 

pasture management. 

3 Data and preprocessing 

We downloaded 80 Landsat-7 (37) and Landsat-8 (43) images for footprint 227/065 (all 

available datasets recorded between January 2013 and November 2015) as surface reflectance 

products with systematic terrain correction from the USGS Landsat Data Archive (Masek et al., 

2006; USGS, 2016a, 2016b). To support the analysis of the Landsat time series, we also 

downloaded 43 RapidEye images processed to level 3A, PRODES deforestation maps (INPE, 

2015) and the TerraClass (Almeida et al., 2016) datasets for 2012 and 2014, which describe 

post-deforestation land use based on visual image interpretation. We further took > 1000 geo-

located field photographs during a field survey in August 2014 that document land cover and 

land use around Novo Progresso. The photographs characterize the state of pastures with respect 

to different times of establishment and management practices. GPS located photos from earlier 

field trips and interviews with local farmers and experts complemented our knowledge on land 

management practices (Müller et al., 2016a; Rufin et al., 2015). 

 

Figure III-1 Study region in Southern Pará, Brazil, in Landsat-8 WRS-2 footprint 227/065, 11. August 2014 (RGB: 
nIR-swIR- red). 
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We applied the Function of Mask algorithm (Fmask Zhu & Woodcock, 2012) with a 

conservative cloud-probability threshold of 10% to improve the cloud masks delivered with the 

data. This yielded a more rigorous cloud- and consequently shadow detection, particularly for 

images from the early wet season in October and November. The average cloud cover detected 

increased by 4.8% compared to the default parameterization in Fmask. Landsat images with 

<50% cloud cover are limited to the dry season between June and early September (DOY 145 

to 250; Rufin et al., 2015). Due to the launch of Landsat 8 in 2013, the effective observation 

density reached 6 to 12 observations for almost 80% of the study area in 2014 and 2015. 

We used the water labels from Fmask to create a permanent water body mask. Single Fmask 

results detect water pixels with varying accuracy, e.g., because of varying cloud coverage and 

minor shifts in image co-registration. We therefore flagged only those pixels as permanent water 

that have been detected in the entire time series for at least three times, including adjacent areas 

within a two-pixel buffer to avoid mixing pixel problems in riparian areas. We further masked 

pixels labeled as primary forest in the TerraClass 2012 dataset. 

4 Methods 

Our workflow (Figure III-2) entailed four steps to map the occurrence of burning and tillage 

events on an annual basis: First, we extracted sequences of clear Landsat observations, i.e., 

pixels unaffected by clouds, cloud shadows or sensor errors. A clear observation sequence 

(COS) at a given acquisition date (AD) consisted of three subsequent clear observations: (i) one 

AD observation and the temporally closest available clear observations recorded (ii) before and 

(iii) after the AD. These COS were derived on a pixel basis and for the entire time-series. 

For each COS we first derived a feature stack to describe the spectral-temporal context of the 

AD (Section 4.1). Secondly, we used a random forest (RF) classifier to calculate class 

probabilities for all pixels in the time series, which were not previously masked, using their 

respective COS feature stack as input and the land management and land-cover classes 

according to Table III-1. Since we analyzed short sequences of three observations, the term 

“class” is used for both, land management events and land cover considered as not being 
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managed. A plausibility check accounted for the broader temporal context of each class 

probability and spectrally ambiguous classes were re-labeled based on temporal context 

(Section 4.2). Third, we aggregated the RF class probabilities per year to calculate a class-score 

between 0 and 1 for each class. The class-score combined the results calculated on all non-

clouded observations at pixel level and accounts for RF model confidence and the observation 

frequency (Section 4.3). In the fourth step, we derived annual layers that synthesized the 

occurrence of management events and summarized the combinations of different management 

in single annual maps (Section 4.4). By applying this sequence of processing steps, the 

occurrence of management events could be identified with a single classification model, even 

when they occurred at arbitrary dates and in different combinations. Detecting pasture 

management events over multiple years helps to better differentiate land-use regimes. For 

example, avoidance of fire and increased occurrence of tillage indicate intensified pasture 

management. 

4.1 Extracting clear observation sequences 
A COS (Figure III-3) considers the clear Landsat observations at an AD and those recorded 

closest in time before (AD-1) and after (AD + 1) the AD. Two cases of invalid COS exist that 

 

Figure III-2 Clear observation sequence (COS) feature stacks are derived for each acquisition date (AD) and 
classified with a random forest (RF). The RF class probabilities of an entire year are aggregated to annual class 
scores from which we derive categorical maps of land management. Numbering of steps in the figure refers to 
respective text sections below. 
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resulted in pixels being excluded from further analyses: (i) A pixel was masked at the AD itself, 

e.g., due to clouds (Figure III-3, pixel 1 and 2 at AD = DOY 191). The high cloud cover 

frequency and rapid change events related to fire and tillage in the region prohibited 

interpolation and we accordingly did not fill-in observation gaps. (ii) The pixel was masked, 

e.g., in the case of water or if it was still forest in the TerraClass 2012 dataset, as we were 

interested in post-deforestation dynamics. 

We extracted the features listed in Table III-2 for each valid COS. These are known to be 

sensitive to different spectral characteristics of vegetation, burned materials or soil properties, 

in particular to detect burned areas (Bastarrika et al., 2011; Mohler & Goodin, 2013) and tillage 

(Watts et al., 2009; Zheng et al., 2014). Despite sometimes similar value ranges amongst 

indices, like EVI, EVI2 and SAVI, they all were used as input features, because the differences 

between them still showed temporal patterns that may include relevant information. 

Nevertheless, the RF classifier can handle redundant features and possible redundancies would 

not harm results. 

Table III-1 Relevant land management (first section of the table) and land-cover classes (second section) with 
respect to pasture management practices. 

Class Land management / Land cover Spectral-temporal behavior 

Burned pasture Scars of burned pasture vegetation Decrease of reflectance between two 
observations, 

Tilled pasture Bare soil exposed by plowing or disking, 
mixed with vegetation residues 

Increase of bright soil spectra between two 
observations 

Burned secondary 
regrowth 

Scars of burned secondary vegetation. 
Varying burning intensities cause patterns of 
burned and non-burned secondary 
vegetation, e.g., burned grass with unaffected 
tree cover. 

Decrease of swIR reflectance between two 
observations 

Forest Primary forest and older secondary regrowth 
with tree-dominated dense vegetation 
structure. 

Lowest reflectance in the VIS compared to other 
land surfaces. 

Pasture Pasture with 50-100% coverage of forage 
grass that might wilt during dry season. 

Increased overall brightness during dry season 

Secondary 
regrowth 

> 50% woody vegetation, sometimes still 
used for livestock grazing. Shrubs and 
younger tree vegetation with pioneer species 
like palms and bamboo. Can follow on 
deforested land. 

Higher swIR reflectance compared to old 
growth forest 

Permanent 
infrastructure 

Settlements; some paved, but mostly 
unpaved roads. 

Bright in the VIS, dark in case of asphalt, often 
like soil spectra, but little temporal variations. 
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Each of the resulting 13 spectral features was calculated for all COS observations. Three 

additional features were used to describe temporal aspects of the COS: The DOY of the AD 

expresses the seasonal aspect. The time lags between AD and the preceding observation 

(DTIME-1) and the following observation (DTIME + 1) described the temporal window 

covered by the entire COS and the time lag between the observations in a COS. Time lags varied 

on a pixel-by-pixel basis due to varying cloud cover and SLC-off impacts and were a proxy for 

the maximum duration of underlying processes in each COS. The 42 features (3 × 13 spectral 

features + 3 temporal features) were written into raster bands to describe the COS feature stack 

in the following classification. 

4.2 Model parameterization and classification of pasture management events 
We opted for using a RF classifier to classify the COS feature stacks, as RFs have proven to 

achieve high classification accuracies and offer probabilistic classification outputs at 

comparably low computational cost (Breiman, 2001; Polikar, 2007). Calibrating a RF classifier 

 

Figure III-3 Extraction of clear observation sequence (COS) dates for the three successive acquisition dates (AD) 
with day of year (DOY) 183, 191 and 199 and three exemplary pixels. No COS is created for pixels that are masked 
at AD (pixel 1+2 at DOY 191 and pixel 1 at DOY 199). 
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requires a representative set of training data, in our case spectral-temporal descriptions of the 

classes from Table III-1. 

Similar to Cohen et al. (2010) we generated our reference data from the Landsat time series. 

Where available, we cross-checked our observations with RapidEye data, the TerraClass land-

cover maps for 2012 and 2014 and geo-located photographs, overall yielding 193 polygons with 

a spatially consistent land management. Each polygon was labeled with a sequence of (i) class 

labels according to Table 1 and (ii) the dates of their respective observation. We used the 

resulting database to automatically extract pixels and their respective COS feature stack from 

Landsat time series as described before. Because non-managed land covers were observed more 

frequently than management events, the number of labeled samples per class was imbalanced. 

We therefore drew a stratified random subset (2000 samples per class at maximum, see Table 

Table III-2 Spectral and temporal features that describe the observations in a COS. 

Metric Description 
Spectral indices 
NDVI = 

𝜌𝜌nIR − 𝜌𝜌Red

𝜌𝜌nIR + 𝜌𝜌𝑅𝑅𝑅𝑅 𝑑𝑑
 Normalized Difference Vegetation Index (Rouse et al., 1974) 

EVI = 
(𝜌𝜌nIR − 𝜌𝜌Red)

𝜌𝜌nIR + 6𝜌𝜌Red − 7.5𝜌𝜌Blue + 1
 

Enhanced Vegetation Index (Huete et al., 2006) 

EVI2 = 
2.5(𝜌𝜌nIR − 𝜌𝜌Red)
𝜌𝜌nIR + 2.5𝜌𝜌Red + 1

 
Enhanced Vegetation Index 2 (Jiang et al., 2008) 

SAVI = 1.5
𝜌𝜌nIR − 𝜌𝜌Red

(𝜌𝜌nIR + 𝜌𝜌Red + 0.5)
 Soil Adjusted Vegetation Index (Huete, 1988) 

𝜂𝜂 =
2(𝜌𝜌nIR

2 − 𝜌𝜌Red
2 ) + 1.5𝜌𝜌nIR + 0.5𝜌𝜌𝑅𝑅𝑅𝑅 𝑑𝑑
𝜌𝜌nIR + 𝜌𝜌Red + 0.5

 

GEMI = 𝜂𝜂(1 − 0.25𝜂𝜂) −
𝜌𝜌Red − 0.125

1 − 𝜌𝜌Red
 

Global Environment Monitoring Index (Cao et al., 2009; Pinty 
& Verstraete) 

NDMI = 
𝜌𝜌nIR − 𝜌𝜌swIR1

𝜌𝜌nIR + 𝜌𝜌𝑠𝑠𝑠𝑠𝑠𝑠𝑅𝑅1
 Normalized Differences Moisture Index, also known as 

Normalized Difference SWIR (Gerard et al., 2003) and NDI5 
(Zheng et al., 2012) 

NBR = 
𝜌𝜌nIR − 𝜌𝜌swIR2

𝜌𝜌nIR + 𝜌𝜌𝑠𝑠𝑠𝑠𝑠𝑠𝑅𝑅2
 Normalized Burn Ratio (García & Caselles, 1991), also known 

as NDI7 (Zheng et al., 2012) 
NBR2 = 

𝜌𝜌swIR1 − 𝜌𝜌swIR2

𝜌𝜌swIR1 + 𝜌𝜌𝑠𝑠𝑠𝑠𝑠𝑠𝑅𝑅2
 Normalized Burn Ratio 2 (Norton et al., 2009) or Normalized 

Difference Tillage index (Van Deventer et al., 1997) 
MIRBI = 10𝜌𝜌swIR2 − 9.8𝜌𝜌swIR1 Burned Area Index (Trigg & Flasse, 2010) 

BAIM = 
1

(𝜌𝜌nIR − 0.05)2 + (𝜌𝜌𝑠𝑠𝑠𝑠𝑠𝑠𝑅𝑅2 − 0.2)2
 Improved BAI (Martín et al., 2006) 

TCB, TCG, TCW Tasseled Cap Transformation components for brightness, 
greenness, and wetness (Crist, 1985; Masek et al., 2008) 

Temporal metrics 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 − 1 Number of days between AD and preceding clear observation. 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 + 1 Number of days between AD and following clear observation 

𝐷𝐷𝐷𝐷𝐷𝐷 Day of year of the AD 
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III-A 1 for details) and calibrated the RF classifier with class weights inversely proportional to 

the remaining class sample sizes (RF parameterization details: 12,751 samples in total, Gini 

impurity as measure of split quality, 6 features considered per split). The number of trees was 

set to 200, since learning curves showed that the classifiers performance will not increase using 

more trees. Despite masking forest areas in the further analysis, we used training data for forests 

in the RF parameterization. This was necessary to discriminate forest pixels not captured in 

TerraClass data set, i.e., gallery forests and smaller forest patches. 

For each AD, we generated the COS feature image and masked water and forest pixels (cf. 

Section 3). This way, we avoided confusion with burning events in primary forests and recently 

deforested areas in the early phase of the forest clearing, where burning events can appear 

spectrally similar to burned secondary regrowth. Finally, we classified the COS feature images 

and created a class probability image for each AD. The class probabilities are the probabilistic 

predictions for the respective class labels, averaged over all decision trees. 

When a pasture is tilled, it often appears spectrally similar to unpaved roads. To account for 

this, we introduced a plausibility check that relabeled pixels from spectrally similar classes if 

the temporal context hints to opposing decisions: 

1. Re-label sequences of “permanent infrastructure” as “tillage” if they are directly 

preceded by tillage detection. This rule accounts for the spectral similarity between 

pastures after tillage and permanent open soils/dirt roads. 

2. Re-label sequences of “secondary forest” as “forest” if they are directly preceded or 

followed by forest detections. 

Since we worked on class probabilities, we re-labeled by adjusting the class probability values. 

The new probability of the benefitting class is the sum of its probability and that of the loosing 

class. The new probability of the loosing class is set to zero. 

4.3 Deriving annual class scores 
The confidence of the RF's decision for a winning class c increases (i) with an increasing class 

probability 𝑃𝑃𝑐𝑐 and (ii) an increasing classification margin M, which is the difference to the 

second highest class probability (Schultz et al., 2015). To account for both, we weighted the 

winner's class probabilities with its margin: 

𝑃𝑃𝑐𝑐∗ = � 0
𝑃𝑃𝑐𝑐𝐷𝐷 ,𝑃𝑃𝑐𝑐 = 𝑚𝑚𝑚𝑚𝑚𝑚(𝑃𝑃 ) 

The more observations with a high margin existed, i.e., the more often we detected burning 

scars or tilled soil, the more certain we were that the specific management event occurred. 
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Therefore, we summarized the weighted class probabilities 𝑃𝑃𝑐𝑐∗ and divided them by the number 

of class specific occurrences 𝑙𝑙𝑐𝑐 to yield an annual class score 𝑆𝑆𝑐𝑐: 

𝑆𝑆𝑐𝑐 = �
1
𝑙𝑙𝑐𝑐
�𝑃𝑃𝑐𝑐∗ , 𝑙𝑙𝑐𝑐 > 0

0 , 𝑙𝑙𝑐𝑐 = 0
� 

We calculated layers of annual class scores that considered all class probability images of the 

respective calendar year. The values of 𝑆𝑆𝑐𝑐 are always in the range from zero (no detection of 

this class) to one (all detections with maximum RF class probability). This allows comparing 

class scores of different years but the same class, regardless of potentially varying observation 

densities. 

4.4 Mapping annual pasture management 
We considered burned pastures and burned secondary regrowth as spatially exclusive 

management types, while tillage can follow a burning event within the same year. Therefore, 

we generated two separate categorical layers for each year: burned areas (burned pastures + 

burned secondary regrowth) and tilled areas. We aimed for a conservative estimate with high 

user accuracy and tried to reduce the commission error by choosing only pixels with class score 

values beyond a class specific threshold that was empirically derived based on a visual 

interpretation of the class score layers. We chose a threshold of 0.10 for burned areas and 0.25 

for tilled areas. The two categorical layers were smoothed with a 3 × 3 filter to exclude isolated 

pixels: From the burned area layer, we kept only pixels that lied within at least 1 ha of burned 

land. We observed that tillage is usually applied on larger areas only. Therefore, we choose a 

minimum mapping unit of 2 ha for the tillage map. This spatial filtering helped to discriminate 

from processes with similar spectra-temporal behavior but usually smaller spatial extent, like 

the creation of construction places in the vicinity of farms. The combination of both categorical 

layers created the final management maps with five management classes: “no burning/tillage”, 

“burned pasture”, “burned secondary regrowth”, “tilled pasture” and “burned and tilled 

pasture”. This last class resulted from the spatial overlap of “burned pasture” and “tilled 

pasture”. For map completeness, we also added the “forest” and “water” areas masked in the 

pre-processing (Section 3). 

4.5 Validation 
We adapted the best practices from Olofsson et al. (2014) and used the management classes of 

our maps as sampling strata for validation pixels, as external reference data on burned and tilled 

areas with Landsat-like spatial and temporal resolution did not exist. We therefore needed to 
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visualize the entire annual time series to investigate the spatial and spectral context of each 

validation pixel and to identify burning and tillage events. We sampled ~290 pixel for each the 

tillage and the fire maps based on a targeted standard error of overall map accuracy below 0.02 

(Olofsson et al., 2014),, assuming a high user accuracy (UA) of 0.9 for “no burning/tillage” and 

lower UA for the four management classes (Table III-A 1). Our aim was to validate at least 50 

pixels from the burned pasture and burned secondary regrowth strata and at least 30 from strata 

with tillage (Table III-A 2). Sampled pixels were rejected in case they had already been used in 

the RF training data or if we were not confident enough concerning the occurrence or absence 

of management events. 

5 Results 

5.1 Clear observation sequences and model calibration 
The extracted COS (Figure III-4) were acquired in time periods of 16 days (i.e., the minimum 

time needed when using COS from three acquisitions in the same Landsat orbit) to 288 days. 

Across all years, the median COS time window was 24 days, or, correspondingly, it required 

four Landsat overpasses to extract a sequence of three clear observations, and still 75% of all 

COS had a duration of 56 days or less. The COS was acquired in shorter time periods and more 

frequently during dry-season, when up to 90% of the COS covered a time-window of 56 days 

or less and the total area covered increased. In late September and October 2014, and thus 

 

Figure III-4 Top: absolute area and fraction of study area covered by COS for all acquisition dates in 2013-2015. 
Bottom: percentiles of COS length and number of Landsat overpasses required to collect three clear observations. 
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following the fixed dry-season window used e.g. in Rufin et al. (2015, DOI 145 to 250), still 

50% of the COS had a total length of 56 days or shorter. 

The RF model achieved an out-of-bag score of 93.8% on the training data with class specific 

F1-scores ranging from 98% (burned pasture and tilled pasture) to 85% (secondary regrowth). 

Except for tasseled cap brightness (TCB) at AD, the feature importance did not show that any 

spectral index was clearly more important than the others. Feature importance was generally 

higher for spectral features compared to the three temporal features. However, they also varied 

stronger, leading to lower normalized feature importance (Figure III-5). 

 

Figure III-5 Raw (top) and normalized (bottom) RF feature importance. Dark to light grey: spectral features derived 
from clear observations before (AD-1), on (AD) and after (AD+1) the acquisition date. White: temporal features. 
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5.2 Land management maps 
Final maps were derived for each year (Figure III-6) and complemented by the forest and water 

areas that were excluded during the pre-processing. The maps showed good accordance with 

fire management observed on extensively managed pastures (Figure III-7a and Figure III-A 1 

for corresponding field photographs) and secondary regrowth (Figure III-7b), as well as on 

intensively managed pastures (B), where tillage can follow immediately after burning (Figure 

III-7c; see Figure III-A 2 for corresponding time series). 

 

Figure III-6 Land management on deforested land in 2014. A+B denote subset locations shown in Figure III-7. See 
Figures S1 and S2 for maps of 2013 and 2015, respectively. 
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Figure III-7 Annual class scores for 2014 related to subset locations A and B in Figure III-6, with A being 
extensively and B intensively managed areas. Class-scores superimposed on Landsat 8 observation from 12 
September 2014, RGB: nIR-swIR-R). (a) Pasture and (b) secondary regrowth burned in August. (c) pasture burned 
before 14 July and tilled until 6 Oct. (d) pasture burned and successively tilled between 24 June and 2 July (for 
corresponding photographs see Figure III-A 1).



68 

Table III-3 Area-adjusted accuracies: no burning/tillage (nbt), burned pasture (bp), burned secondary regrowth (bs), tilled pasture (tp), burned and tilled pasture (btp), map area 
weights (Wi), user’s accuracy (UA), producer’s accuracy (PA) and overall accuracy (OAA) for non-adjusted and area adjusted calculation with class wise confidence intervals. 
 

Reference  Map  Adjusted  Confidence Intervals 
Map nbt bp bs tp btp Total  Wi A PA UA  A PA UA  ± km² ±% low. up. 
2013 
nbt 116 9 4 2 1 132  0.96 5304 0.86 0.88  4689 0.99 0.88  303 6% 4386 4991 
bp 0 47 1 0 0 48  0.02 133 0.60 0.98  496 0.26 0.98  234 47% 262 729 
bs 5 10 34 0 0 49  0.00 15 0.87 0.69  174 0.06 0.69  159 92% 15 333 
tp 14 0 0 31 5 50  0.02 92 0.94 0.62  137 0.41 0.62  114 83% 23 251 
btp 0 12 0 0 47 59  0.00 2 0.89 0.80  51 0.04 0.80  81 157% 0 132 
Total 135 78 39 33 53 338  1.00 5547 OAA 0.81  5547 OAA 0.88          
2014 
nbt 116 9 4 3 0 132  0.85 4704 0.89 0.88  4180 0.99 0.88  269 6% 3911 4449 
bp 0 54 1 0 1 56  0.11 605 0.70 0.96  922 0.63 0.96  210 23% 712 1132 
bs 1 9 40 0 0 50  0.02 91 0.89 0.80  226 0.32 0.80  143 63% 83 369 
tp 13 0 0 26 1 40  0.02 136 0.90 0.65  196 0.45 0.65  124 64% 71 320 
btp 1 5 0 0 26 32  0.00 10 0.93 0.81  23 0.37 0.81  23 100% 0 45 
Total 131 77 45 29 28 310  1.00 5547 OAA 0.85  5547 OAA 0.88          
2015 

     
   

   
   

  
   

    

nbt 121 9 1 0 1 132  0.92 5110 0.86 0.92  4727 0.99 0.92  248 5% 4479 4975 
bp 2 40 5 2 1 50  0.04 246 0.57 0.80  553 0.36 0.80  227 41% 326 779 
bs 9 10 33 0 0 52  0.01 31 0.85 0.63  83 0.24 0.63  80 97% 3 164 
tp 8 0 0 34 2 44  0.03 154 0.77 0.77  130 0.92 0.77  24 19% 106 154 
btp 0 11 0 8 24 43  0.00 5 0.86 0.56  54 0.05 0.56  79 147% 0 132 
Total 140 70 39 44 28 321  1.00 5547 OAA 0.79  5547 OAA 0.91    
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Table III-4 Area-adjusted accuracies for classes aggregated to burned (b) or not burned (nb) and tilled (t) or not tilled (nt). Metrics as in Table III-3. 

 Reference  Map  Adjusted  Confidence Intervals 
Map nb b  Total Wi A PA UA  A PA UA  ± km² ± % low. up. 

Burned 
2013 nb 163 19  182 0.97 5396 0.97 0.90  4838 1.00 0.90  245 5% 4592 5083 

b 5 151  156 0.03 150 0.89 0.97  709 0.21 0.97  245 35% 464 954 
Total 168 170  338 1.00 5547 OAA 0.93  5547 OAA 0.90  

    

2014 nb 158 14  172 0.87 4840 0.99 0.92  4456 1.00 0.92  203 5% 4254 4659 
b 2 136  138 0.13 706 0.91 0.99  1090 0.64 0.99  203 19% 887 1293 
Total 160 150  310 1.00 5547 OAA 0.95  5547 OAA 0.93  

    

2015 nb 163 13  176 0.95 5264 0.89 0.93  4916 0.99 0.93  209 4% 4707 5125 
b 21 124  145 0.05 283 0.91 0.86  631 0.38 0.86  209 33% 422 839 
Total 184 137  321 1.00 5547 OAA 0.89  5547 OAA 0.92  

    

 Reference  Map  Adjusted  Confidence Intervals 
Map nt t  Total Wi A PA UA  A PA UA  ± km² ± % low. up. 

Tilled 
2013 nt 226 3  229 0.98 5452 0.90 0.99  5403 1.00 0.99  82 2% 5321 5486 

t 26 83  109 0.02 94 0.97 0.76  143 0.50 0.76  82 58% 61 226 
Total 252 86  338 1.00 5547 OAA 0.91  5547 OAA 0.98  

    

2014 nt 234 4  238 0.97 5400 0.92 0.98  5348 0.99 0.98  91 2% 5256 5439 
t 19 53  72 0.03 147 0.93 0.74  199 0.54 0.74  91 46% 107 290 
Total 253 57  310 1.00 5547 OAA 0.93  5547 OAA 0.98  

    

2015 nt 230 4  234 0.97 5387 0.92 0.98  5330 0.99 0.98  93 2% 5237 5422 
t 19 68  87 0.03 159 0.94 0.78  217 0.58 0.78  93 43% 124 309 
Total 249 72  321 1.00 5547 OAA 0.93  5547 OAA 0.98  
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The area-adjusted user's, producer‘s (PA), and overall accuracies (OAA), as well as area 

estimates and confidence intervals were calculated for each management class (Table III-3). 

Forest and water pixels were excluded from the accuracy assessment, as they were not mapped 

by the RF. All maps achieved an OAA better 85%. UA were generally highest for burned 

pastures and lowest for tilled pastures. UA for burned secondary regrowth remained below 70% 

in 2013 and 2015, mostly caused by confusion with burned pastures. Interestingly, the class 

“burned and tilled” pastures was often better mapped better than tilled (only) pastures. The area 

confidence intervals varied with the sizes of mapped areas and were highest for smallest class 

“burned and tilled pasture”. Commission errors of tillage in particular occurred on dry pastures, 

which appeared spectrally similar, as well as on unpaved roads. We detected burned areas with 

an UA of ≥ 86% and tilled areas with an UA ≥ 74% when aggregating classes to “burned areas 

vs. non-burned areas” and “tilled areas vs. non-tilled areas” (Table III-4). 

Fire was the most dominant management process in our study region. Fires had the largest 

extent in 2014, for which we estimated a total area of 1090 km² (± 203 km²), equaling 20% of 

the deforested land (Table III-4). Overall, fires occurred on 2098 km² (± 852 km²) of pasture 

land during the three years that we studied (Figure III-A 3). Compared to that, burning of 

secondary regrowth was detected on 483 km² (± 382 km²) only, but showed a remarkable peak 

in 2014, when large areas of secondary regrowth burned in the area shown by Figure III-3 subset 

A. Fire scars on pastures and secondary regrowth were observed on deforested land of any age, 

while tillage observation generally increased with increasing pasture age. 

As we were interested in the intra-annual distribution of management events, we calculated the 

temporal differences between dates of burning or tillage in the reference data and the RF 

classification of single COS images (Figure III-8). Conceptually our scoring approach uses 

multiple observations of burned and tilled areas. When more than one COS was classified as 

burned or tilled per year, the date with the highest RF class probability was chosen, as it is the 

observation with highest RF certainty and most likely to be the COS which a visual interpreter 

would have selected as well. Most fires occurred in August and September. 70% of the fires 

were detected at same date as in the visual interpretation, 17% before and 13% after the 

validation date. Tillage detections occurred largely between March and end of December. 47% 
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of these single-COS tillage detections were classified afterwards the date selected by the visual 

interpreter, 29% at the same date and 23% before. 

6 Discussion 

6.1 Land management maps 
To our best knowledge, no other studies were performed with a focus on monitoring pasture 

management in the tropics from dense Landsat time series. We mapped burned areas and tilled 

areas with area-adjusted OAA of ≥90% (Table III-4). Differentiating “burned pasture” from 

“burned secondary regrowth” (Table III-3) provided a relevant distinction of land management 

practices on pastures and for differentiating damages in neighboring forests. Tillage is an 

indicator of mechanization and intensified land use on pastures, as grass seeds are sown with 

or without previous plowing. In the latter case, biomass and pasture quality are lower and 

succession more likely to occur quickly. The proposed method therefore provides insights on 

pasture management and how it changes with pasture intensification. 

The produced annual land management maps show (i) burned pastures, (ii) burned secondary 

regrowth, (iii) tilled pasture and (iv) burned and tilled pastures and correspond well with field 

evidence from the study region: As local farmers and IBAMA personnel told us, farmers rarely 

used fire in 2013 due to weather conditions. Consequently, they burned more land in the dry 

season of 2014. Burned secondary regrowth often appeared close to burned pastures, but 

spatially scattered and generally limited to the pasture neighborhoods. This is likely an edge 

 

Figure III-8 Visually identified DOY vs. DOY of classification with annually highest RF probability for burned 
(left) and tilled (right) pixels. Dry-season window after Rufin et al. (2015). Circle area corresponds to the number 
of points found with same DOY difference. 
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effect related to pasture management, as described e.g. by Cano-Crespo et al. (2015) and might 

have affected primary forests as well (which we excluded from this study). The larger areas of 

secondary regrowth that were burned in 2014 often relates to re-clearings of comparably young 

secondary regrowth on extensively grazed land. For example, area b in Figure III-7 was 

deforested for the first time in 2009 according to PRODES. 

Tillage detections occurred more regularly across all years, as compared to fire events. This is 

reasonable since tillage depends less on weather conditions and is less constrained by 

environmental laws. It is, for example, required to obtain a license to use fire in the Novo 

Progresso region. The number of tillage events increased with pasture age, which can be 

explained e.g., by the absence of trunks and stems, which are common leftovers from previously 

cleared primary forest. These are removed during the first years after deforestation, which 

increases accessibility for tractors to perform mechanical soil treatment. Tillage was mapped 

less accurate than burned areas, but still achieved UA ≥ 74%. This corresponds well to our 

experience that tillage is less obvious to differentiate from dried pastures and tillage intensities 

can vary from intensive plowing to less-intensive disking that keeps more dried and active 

vegetation. As previous burn creates a strong contrast to a succeeding tillage event and explains 

the better mapping accuracy for the class burn and tilled pasture. 

Map confidence intervals for area estimates were highest for small classes, in particular “tilled 

and burned areas” (± 157% in 2013, Table III-3). This relates to the proportional lower number 

of validation pixels that was sampled from the “no burning/tillage” class. We accepted this, 

since capacities to validate maps based on a visual interpretation of dense time series were 

limited. 

6.2 Clear observation sequences 
Except for the start and end points of the time-series we retrieved a COS for each pixel that 

Fmask considered as being “clear” (Figure III-4). This approach even allowed detecting quickly 

vanishing fire scars, where the burned land was tilled immediately after the fire event (Figure 

III-A 2). In areas with frequent cloud cover as in our study region, compositing or gap-filling 

approaches could reduce the detectability of such events, e.g., by skipping the single available 

“burned area” observation in a time series and thereby attenuating its spectral characteristic. 

In contrast to our expectations the tillage events showed a large temporal variation (Figure 

III-8). Limiting our analysis to observations in a fixed time-window, e.g. the dry season window 

like in Rufin et al. (2015), where only DOY 145 to 250 were used, would have caused omitted 

detections. The same applies to burning events that also may occur outside of this seasonal 
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window. In addition to the high cloud cover frequency both, the seasonal variation of 

management events and the short visibility of some management events, underline the 

importance of methods that use all available observations on the per pixel level. 

The timing of management detections was mostly the same as found by visual interpretation 

(Figure III-8). Some burn scars were detected >100 days before their visual detection. In these 

cases, commission errors were caused by remnant cloud shadows in COS from the wet season, 

i.e., between January and April, while the burning events occurring in late August or beginning 

of October were omitted. The timing of tillage detections varied more widely, which is likely 

caused by the lower classification accuracy for tillage. This is particularly relevant during the 

dry season, when soil on pastures is gradually more visible due to the senescence of forage 

vegetation. 

The COS length, in terms of days or required Landsat overpasses, increases with seasonal cloud 

cover (Figure III-4). This raises the question if the maximum COS length should be limited. 

However, we did not find a relationship in our validation data supporting such a limit. The 

frequency of classification errors followed the seasonal distribution of management events and 

those most errors occurred on COS of average length, while correctly classified pixels were 

also identified in COS that covered extremely long periods (up to 288 days). 

In general, we expect that the COS approach tends to detect burning or tillage less accurately 

in regions with more intensive cloud cover, simply because there is a reduced chance to classify 

pre- and post-event observations with sufficient contrast. This might in particular decrease the 

detection of tilled areas, as plowing is not dependent on dry weather and plots may be 

revegetated quickly after tillage. Detectability of any kind of process is related to the relation 

between observation density over time and phenology of the respective process. It is therefore 

mandatory to have a precise idea about process regimes and their temporal characteristics. In 

that respect, creating denser time series by implementing COS based on data from sensor 

constellations will improve the detectability in cloud-prone regions (Wulder et al., 2015). 

However, there is a limitation for COS-based analyses in the wet tropics, where cloud cover 

prevails over the entire year (Ju et al., 2012; King et al., 2013). 

Even though time series observations are not equidistant at the pixel level, COS feature stacks 

can be analyzed with techniques that operate efficiently on raster images. This marks a 

difference to approaches that detect changes with pixel- and often single-metric based models, 

like described in Zhu and Woodcock (2014) or DeVries et al. (2015b), which is usually a 

computationally more demanding task. 
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6.3 Random forest classification 
The RFs' ability to discriminate burned or tilled areas from areas without such management is 

a prerequisite for good land management map accuracies. Based on visual interpretation, our 

training data is likely biased to the more distinct cases of change events. An iterative sampling 

of new training samples, e.g., based on the annual class score values, can most likely further 

improve the RF classification. However, as “secondary regrowth” is a transitional class, its 

visual differentiation from shrub pastures is always a challenge, even when based on very high-

resolution data for training (Carreiras et al., 2006; Powell et al., 2004). Similarly, there are 

limitations in differentiating tilled from dried pastures. Synthetic training data based on 

endmember mixtures (Okujeni et al., 2013) may be used to simulate how pastures and 

secondary regrowth appear spectrally and temporally after burning and tillage events and on 

different pastures types. This might help to improve the RF by providing calibration data with 

more variability than interactively sampled data can provide and to describe gradual variations 

better, e.g., between dried and tilled pastures. 

Involving auxiliary information based on long-term characteristics at pixel level, such as the 

date of deforestation (Müller et al., 2016a), phenological profiles (DeVries et al., 2015a), or 

spatially explicit survey data on land management practices offers opportunities to support the 

classification, in particular to improve differentiating between burned pastures and burned 

secondary regrowth. 

As shown in an overview by Zheng et al. (2014), most remote sensing studies on tillage 

detection analyze the visible red and short-wave infrared. Specifically, on dried pastures with 

low photosynthetic active vegetation fractions, tillage relates to an increased reflectance in the 

visible bands. The high raw and normalized feature importance of tasseled cap brightness 

(Figure III-5) might relate to this, as it is one of the few indices that accounts for reflectance in 

the visible blue and green wavelengths (and weights these bands relatively high compared to 

the other tasseled cap bands). Apart from that, raw feature importance varied widely, causing 

low normalized importance without clearly dominating spectral features. This pattern prevailed 

even when we considerably increased the number of trees in the RF (up to 2000, not shown). 

The day-of-year achieved the highest normalized feature importance, suggesting that including 

the day-of-year feature supported the RF's ability to disentangle the respective seasonal 

variation of spectral features. In contrast, time-lags in the COS were less important. This is 

likely caused by the little variation of COS time lags, as most management events occurred in 

the dry season. For example, most burning events occurred in August (Figure III-8), which is 

also reflected in the training data on which the feature importance is based upon. 
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6.4 Annual class scores 
The weighted RF classification margins express the RFs confidence to discriminate land 

management in a single COS classification. We combine these weighted margins into annual 

class scores to account for the temporal confidence, which increases with the number of 

management classifications with high classification margins. For example, cloud shadows are 

a source of commission errors in burned area detection (Bastarrika et al., 2011). Too 

conservative cloud masking, though, comes at the risk of losing vital observations crucial for 

analyzing the dynamics of swift land management regimes in the region. As shadows 

misclassified as burned area usually achieve lower class scores, e.g., because repeated 

misclassifications are unlikely for the same pixel, a threshold is a pragmatic way to avoid such 

misclassifications. Generally speaking, using thresholds to discriminate burned and tilled areas, 

our approach is capable to deal with residual noise in the time series. 

As class scores represent an aggregated metric that integrates information from an entire year, 

a further spatial analysis on them is less limited by e.g., clouded areas. With the kernel filtering 

and minimum area thresholds we applied rather simple methods to remove remaining 

misclassifications. More sophisticated algorithms, like object-based segmentation approaches, 

may even better account for the spatial distribution of class scores and for separating 

management from pseudo management. Furthermore, the class scores in our approach can be 

used to increase the representativeness of training data, e.g., by labeling additional samples 

from regions with low-score values. This is analogous to Schultz et al. (2015), who recommend 

to use RF classification margins for such purposes. Finally, annual class scores support a visual 

interpretation of time-series data by highlighting potential areas of interest, similar to RF class 

probabilities in the case of single image classification. 

7 Conclusion and outlook 

We detected short-termed land management events in a pasture dominated agricultural frontier 

area of the Brazilian Amazon with relatively high confidence. The mapping of temporally 

irregular occurring burning and tillage events from all available cloud free pixel observations 

became possible through a sequential processing using clear observation sequences (COS). The 

classification of COS feature stacks combined the strength of a machine learning based change 

classification with the analysis of dense Landsat time series at the pixel level. This way we 

successfully identified management events, even when their spectral appearance was quickly 

concealed by follow up management. The derivation of annual class scores based on multiple 

random forest class probabilities created meaningful thematic layers from which we mapped 
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burned and tilled areas with good accuracies. The generated land management maps match 

abundant field evidence very well and show the general suitability of our approach to exploit 

dense intra annual Landsat time series for mapping fire and tillage practices on tropical pastures. 

Future work should make use of Landsat and Sentinel-2 constellation data, as this bears great 

potential to increase the number of clear observations and to better detect breaks related to 

agricultural management. With respect to tropical study regions and related land-use events and 

management regimes, our approach should allow exploring differences in agricultural 

management between largeholder and smallholder farm systems, for which the improved spatial 

resolution of Sentinel-2 will offer valuable improvements. 
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Appendix 

Table III-A 1 Labeled samples in reference data base and, after stratified sampling, for random forest calibration. 

  
Class 

Reference DB  RF Training 

Samples %  Samples % 
Burned Pasture 7963 1,64%  2000 15,69% 
Tilled Pasture 10831 2,23%  2000 15,69% 
Burned secondary regrowth 751 0,15%  751 5,89% 
Forest 188347 38,86%  2000 15,69% 
Pasture 151287 31,22%  2000 15,69% 
Secondary Regrowth 88534 18,27%  2000 15,69% 
Permanent Infrastructure 36913 7,62%  2000 15,69% 
Total 484626 100,00%  12751 100,00% 

 

Table III-A 2 Allocation of validation samples following Olofsson et al. (2014): Pixel per stratum and year, 
conjected user accuracies (UA), stratum standard deviation (S) and resulting areas weights according to Olofsson 
et al. (2014). Strata: no burning/tillage (nbt), burned pasture (bp), burned secondary regrowth (bs), tilled pasture 
(t) and burned and tilled pasture (btp). 
   

Area Weights  Equal Allocation.  Proportional Alloc.  Target 
Class UAi Si 2013 2014 2015  2013 2014 2015  2013 2014 2015  Alloc. 
nbt 0.90 0.30 0.9564 0.8481 0.9212  47 50 48  223 213 221  130 
bp 0.80 0.40 0.0240 0.1091 0.0444  47 50 48  6 27 11  50 
bs 0.80 0.40 0.0026 0.0164 0.0057  47 50 48  1 4 1  50 
t 0.70 0.46 0.0165 0.0246 0.0278  47 50 48  4 6 7  30 
btp 0.56 0.50 0.0004 0.0019 0.0009  47 50 48  0 0 0  30 

    n 233 251 240  235 250 240  234 250 240  290 
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Figure III-A 1 (a) Grass pasture and (b) secondary regrowth on pastureland, both map subset A (Figure III-6), 
6. August 2014. (c) burned pasture and (d) burned and tilled pasture, both map subset B, 8 August 2014. 

 

Figure III-A 2 Landsat time series for map subset B (Figure III-6) in true color (top) and nIR-swIR-Red (bottom), 
showing burning and tillage of pasture (c). Tillage followed immediately after the fire event. 
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Figure III-A 3 Land management by land age since deforestation. 
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Supplementary Data 

Supplementary figures to this article can be found online at 

https://doi.org/10.1016/j.rse.2017.10.009. The maps for 2013-2015 are available under 

https://doi.org/10.5281/zenodo.1014869. 
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Abstract 

The drastic political changes in Brazil have led to a surge in deforestation and agricultural 

burnings, but we do not know how forests were impacted across different actor types and 

property sizes. We re-constructed recent (2014-2020) deforestation and fire history in southern 

Pará and applied quasi-experimental methods to better understand the role of land-use zonation 

and rural property sizes. Deforestation nearly quadrupled during that time, mostly in 

conservation units and on larger properties. Similarly, burning increased, but less strong 

compared to deforestation, and was mostly used for management and not deforestation. Our 

results show that political changes after President Rousseff’s impeachment had immediate and 

drastic effects on land use and land management. More broadly, our results emphasize the value 

of the combined use of remote-sensing and quasi-experimental methods to quantify effects of 

policy changes. 

1 Introduction 

Agricultural expansion has been a key factor in the past to meet the growing global demand for 

food, feed, and fuel (Godfray et al., 2010), but at substantial environmental costs. Today, 

agricultural expansion is recognized as the world’s main source for land use related greenhouse 

gas emissions (Hong et al., 2021) and loss of biodiversity (Kehoe et al., 2017). During the past 

decades, tropical regions have absorbed most of the demand for agricultural areas (Gibbs et al., 

2010; Laurance et al., 2014), as most of the uncultivated but potentially available croplands are 

located there (Lambin et al., 2013). Understanding where agricultural expands, is therefore 

important to steer land use on sustainable pathways and to minimize undesirable socio-

ecological outcomes. 

This requires a thorough understanding of the mechanisms behind agricultural expansion, such 

as the effects of policy objectives on land-use outcomes. For example, policies dismantling 

trade barriers and enabling long-term market access for producers may stimulate private sector 

investments, and hence encourage deforestation and agricultural expansion (Abman & 

Lundberg, 2020; Binswanger, 1991). Similarly, infrastructure programs can increase 

accessibility in regions that were previously too remote for profitable production (Fearnside, 

2007; Jayathilake et al., 2021; Scouvart et al., 2008). Lastly, land-reforms supporting socially 

weaker groups and the socio-economic conditions under which they can operate (Clements et 

al., 2021; Fitz, 2018) may also result in expanding agriculture. Contrary, policies can constrain 

agricultural expansion and reduce the impact of land-use practices, e.g., though zonation, 
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declaring protected areas and demarcation of indigenous communities' territories, by 

prohibiting environmentally harmful management practices, or by providing incentives for 

ecofriendly production, education programs or support for knowledge- and technology transfer 

(Broadbent et al., 2008; Garnett et al., 2013; Tilman et al., 2011). Effects of policies in land 

system may be particularly pronounced where not only individual policies may change or 

zonation laws are introduced, but where large-scale policy changes occur, such as where entire 

policy systems collapse or where they transition onto different pathways. For example, after the 

collapse of the Soviet Union and the introduction of market principles, farmland abandonment 

and illegal logging became widespread (Baumann et al., 2011; Prishchepov et al., 2017). 

Contrary, after defaulting in 2001 Argentina devaluated its currently massively resulting in 

increasing profits for farmers and incentives to expand agriculture (Gasparri & Grau, 2009). 

Clearly, different policy regimes with different sets of agricultural policies may trigger different 

land-use outcomes, but we are still missing a thorough understanding on how general policy 

changes affect different actor groups. 

Understanding the effects of large-scale policy changes on land use requires overcoming at least 

two main challenges. First, it requires a representative and timely description of the processes 

of agricultural expansion and land use (Godde et al., 2018; Pretty, 2018). Much has been done 

in the past to reconstruct agricultural expansion and land use in the tropics at high spatial and 

temporal resolution, including mapping deforestation (Griffiths et al., 2018; Hansen et al., 2013; 

Müller et al., 2016a; Potapov et al., 2012), mapping the expansion of individual commodities 

such as soy or pastures (Parente et al., 2019; Song et al., 2021; Zalles et al., 2019), or mapping 

fires (Cano-Crespo et al., 2015; Silva et al., 2021b), which are common in tropical agriculture 

and a frequent reason for forest degradation (Barlow et al., 2012; Bowman et al., 2009; 

Carmenta et al., 2013). 

However, the interlinkages of fire and agricultural land use are often not well represented. For 

example, the coarse scale of many fire maps hinders a precise differentiation of fires used for 

deforestation and those for managing pastures and croplands, because small and less intense 

fires are often undetected (Chuvieco et al., 2019). Contrary, high-spatial resolution mapping 

approaches are often limited in the number of observations they analyze or the temporal window 

from which they consider observations (e.g. Silva et al. (2021b) classify burned area based on 

3 Landsat 8 observations between July and September), and hence miss burning events out of 

its temporal scope and due to the partially excessive cloud cover in tropical regions (Potapov et 

al., 2012). Consolidated image archives from multiple sensors with high spatial resolution and 

similar spectral ranges, like the Landsat and Sentinel-2 satellites, offers the chance to 
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reconstruct complex land-use/fire histories based on the analysis of dense time series, but to our 

knowledge this potential has not been exploited. 

Second, when assessing the effect of zonation on land use, one needs to account for other factors 

influencing this relationship, as in particular agriculture is constrained by climatic, pedologic, 

hydrologic and topologic (e.g., accessibility and distance to infrastructure) suitability of land, 

which may vary between different zonation types (Nolte et al., 2017). Likewise, areas where 

agriculture is legally prohibited may be located in remote regions, and hence less likely to be 

converted into agriculture compared to areas that are well connected to suitable infrastructure, 

independently of their zonation status (Nepstad et al., 2001). Not accounting for these 

differences would produce biased outcomes. Quasi-experimental methods, such as matching 

statistics are suitable tools for that purpose (Butsic et al., 2017), have been successfully applied 

to assess the effectiveness of protected areas (Joppa & Pfaff, 2009), and are a common tool in 

ecology and economics (Schleicher et al., 2020). Yet for assessing how different zonation affect 

land use under different policy regimes, they are largely unexplored. 

One country where agricultural expansion has been widespread and that experienced strong 

political changes during the past decade is Brazil. Since the 1990s, Brazil has developed as one 

of the world’s leading exporters of agricultural products (Zalles et al., 2019), driven by global 

demands for agricultural products, mainly soy and beef. Most of the required agricultural land 

to produce these commodities came on the expense of tropical forest and savannas in the 

Amazon and the Cerrado biomes (Barretto et al., 2013; Seymour & Harris, 2019). Around 90% 

of deforestation in the Brazilian Legal Amazon is for pastures (Tyukavina et al., 2017) and 

interlinked to expansion of soy cultivation in the areas to the south, where older pastures are 

transformed into croplands (Arima et al., 2011; Gollnow et al., 2018; Richards, 2015). 

Furthermore, Brazil is undergoing an agrarian reform with the goal to solve land conflicts, 

reduce poverty of the rural population, and generally to improve income and food supply. By 

today, nearly 9,500 agricultural settlements for over 960,000 families have been founded or 

recognized by the National Institute for Colonization and Agrarian Reform (Instituto Nacional 

de Colonização e Reforma Agrária - INCRA), of which most exist in the Brazilian Amazon 

(Farias et al., 2018; INCRA, 2021b). These smallholders practice family- and subsistence 

farming and often operate under poor economic conditions and limited possibilities to comply 

with environmental regulations (Fitz, 2018; Garrett & Rausch, 2015; Pacheco, 2009; Sobreiro 

Filho et al., 2015). At the same time, Brazil restricts land use by zonation like conservation units 

and indigenous territories, and the Brazilian forest code (Código Florestal - Law 12,651/2012) 

demands for the Brazilian Amazon, that landowners maintain natural vegetation on 80% of their 
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property as Legal Reserve, and a permanent preservation (APP) along water streams, springs, 

hilltops and steep slopes (Rajao et al., 2020; Soares-Filho et al., 2014). 

However, Brazil experienced strong changes in its political leadership during the past years, 

that resulted in reduced enforcement of these restrictions. The impeachment of President Dilma 

Rousseff in 2016 marked a sharp shift in related Brazilian politics. Under the presidencies of 

Michel Temer and, since January 2019, Jair Bolsonaro, environmental protection and 

restrictions for agricultural expansion have declined (Abessa et al., 2019; Fernandes et al., 

2017), leading to highest deforestation rates since 2008 (INPE, 2021b), and increasing use of 

fire as well (e.g. Libonati et al., 2021; Qin et al., 2021; Rajao et al., 2020; Silva et al., 2021b). 

What remains unclear, however, is whether these changes in regulation differed across different 

land-use zones, and whether small- and large-scale landowners reacted differently to these 

policy changes. 

Our goal here was to combine remote sensing-based land-use reconstructions of deforestation 

and fire use with quasi-experimental methods to better understand how the political changes in 

Brazil affected land-use change and land management. Specifically, we asked the following 

questions: 

1. How did trends of deforestation and the use of fire change during the past three Brazilian 

presidencies? 

2. How did these trends differ between different land-use zones and hence with zoning-

specific regulations? 

3. How did these trends specifically differ between agricultural smallholders and large-

scale producers? 
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2 Study Region 

Our study region comprises a corridor of 150,000 km² along the federal highway BR-163 in 

southern Pará (Figure IV-1 a+b). It covers the municipality of Novo Progresso and parts of 

Itaituba, Altamira and Jacareacanga down to the border of Mato Grosso. The region features 

one of Brazil’s highest deforestation rates and became a priority region for increased monitoring 

and control by IBAMA to stop illegal deforestation and other violations of environmental 

regulation, e.g., illegal gold mining (Assunção & Rocha, 2019; Nepstad et al., 2014). However, 

despite deforestation rates decreased, illegal forest clearing and cattle ranching on embargoed 

areas remained a problem (Klingler et al., 2017). 

 

Figure IV-1 Study region around Novo Progresso and the BR-163 highway in south-east Pará, Brazil. Property 
sizes defined by number of fiscal units they occupy (see Chapter IV 3.3 details). 
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The region features different land-tenure systems and different categories of protected land, i.e., 

land-use zones: (i) conservation units (CU), (ii) Indigenous territories (Terra Indigena, TI), (iii) 

agrarian settlement projects (ASP) created as part of the Brazilian agrarian reform, (iv) non-

designated public areas (NDA) and (v) the Cachimbo military (MIL). 

Colonization started with the construction of the BR-163 in the 1970’s, which allowed gold 

miners, wood loggers and first cattle ranchers to settle. The expansion and intensification of 

soybean production in Mato Grosso from 1990 onwards pushed cattle ranching into this region 

(Arima et al., 2011), and forest clearing rates raised up to establish extensively managed beef-

cattle pastures and the related farm infrastructure (Klingler & Mack, 2020b; Richards, 2012). 

INCRA created nine ASPs, which are either “traditional” (PA) settlements for settlers with a 

focus on agriculture and specifically cattle ranching, or “environmentally distinctive” (PDS) 

projects, providing land to traditional population, while aiming on low-deforestation rates and 

sustainable forest management (Yanai et al., 2017 and supplement S1). 

By number and area, most of the rural properties listed in the national rural environmental 

registry (Cadastro Ambiental Rural - CAR, Roitman et al., 2018) lie in NDAs (63%), followed 

by ASPs (19%) and CUs (17%, Figure IV-1c). Properties in ASPs are generally smaller than in 

other zones with 73% of the ASP properties being smaller than 100 ha, while this only applies 

to 24% of the properties in NDAs and 6% in CUs. Many ASP properties have a typical size 

around 20ha or 80ha, falling into the INCRA category of mini and small properties (text S2). 

3 Methods 

3.1 Mapping deforestation and burned areas 
We based our analysis on all available Landsat 7+8 (Collection 1, L1T, EROS, 2020) and 

Sentinel 2 A+B observations for the study region with a cloud coverage less than 80% between 

January 1st 2014 and October 31st 2020 (Text S3). We pre-processed all imagery using the 

Framework for Operational Radiometric Correction for Environmental monitoring - FORCE 

(Frantz, 2019) and calculated six spectral indices which are known to be sensitive to changes 

in vegetation cover, burned areas, soils and soil-moisture (Table S4-1). Once available, we used 

the time series of spectral indices to extract a clear observation sequence (COS) feature stack 

(Chapter III and S4). 

We collected reference data by visually identifying examples for burned areas and different 

land-cover types through on-screen digitization using the EO Time Series Viewer (Chapter II). 

We identified examples for the classes “natural vegetation” (primary and secondary forests and 
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dense shrublands), “agriculture” (pastures and cropland), “tilled land”, “burned areas”, 

“deforestation” and “others” (e.g., infrastructure, open water). We then trained a Random Forest 

(RF) on these examples, applied the RF to the entire time series to calculate class probabilities 

for each observation date, and aggregated the class probabilities into annual COS scores for 

each class (Chapter III and text S4). 

Using the annual scores, we derived a burned area and land-cover map (BLCM) for each year 

(2014-2020) with six classes: natural vegetation (NV), deforested-not-burned (DEF) and 

burned deforested land (bDEF), agriculture-not-burned (AGR) and burned agricultural land 

(bAGR) and other (OTH) land covers (e.g., mining, settlements, infrastructure, water). We then 

applied a minimum mapping unit of 1 ha for the classes AGR, bAGR and OTH. Deforested 

areas (DEF + bDEF) were only allowed to occur in primary forests, and we applied a minimum 

mapping unit of 3 ha to reduce commission errors due to seasonality. Removal of secondary 

natural vegetation was labeled as AGR or OTH. Lastly, we assessed for each deforestation pixel 

the year of deforestation according based on our BLCMs and the land-cover maps from 

Griffiths et al. (2018). 

We validated our maps following best practices (Olofsson et al., 2014) by generating for each 

year a random sample of ~350 validation points by considering the sampling strata of our six 

map classes. We additionally accounted (a) for the effects of omission errors caused by the 

disproportional high area weight of large classes (e.g., NV and AGR) and introduced an 

additional 500m buffer (Olofsson et al., 2020) around deforested (DEF or bDEF) areas and (b) 

minimized the effect of spatial autocorrelation by ensuring a minimum distance of 200m 

between validation points. We then visually examined each individual point based on Landsat 

and Sentinel-2, and, where available, high-resolution imagery (i.e., RapidEye and Pléiades). 

Using this sample, we generated an error matrix, and calculated the adjusted area estimates for 

each map class and confidence intervals (Olofsson et al. (2014) and text S5 & S7). 

3.2 Analysis of land-use zones 
We assessed differences in deforestation and burned area across the entire study area as well as 

across different zonation types in two ways. First, we assessed annual deforested-not-burned 

(DEF) and burned deforested land (bDEF), as well as agriculture-not-burned (AGR) and burned 

agricultural land (bAGR) areas. Second, we statistically assessed differences between the 

zonation types in preventing burning and deforestation by accounting for possible confounding 

factors. We assessed these differences separately across the three different presidencies (i.e., 

Rousseff, Temer and Bolsonaro). To do so, we created for each year a random sample of 10,000 

points per year by sampling 5,000 points from the area affected by the process (e.g., the 



 

89 

deforested or burned area) and 5,000 points from the non-process area (e.g., primary vegetation 

areas or deforested or agricultural area without burning). We then extracted for each point the 

corresponding land cover, as well as a number of location specific-variables (Table IV-1) 

representing topography and proximity, as well as the zonation type it is located in (i.e., CU, 

ASP, or NDA). Additionally, we added temporal information on the years since deforestation, 

as well as a dummy variable representing the respective presidency during which deforestation 

or burning occurred (i.e., Rousseff 2014-2016, Temer 2017-2018 and Bolsonaro 2019-2020). 

We then estimated two models in the general form of: 

(1)     𝑦𝑦 = 𝑧𝑧𝑧𝑧𝑧𝑧𝑧𝑧 ∗ 𝑝𝑝𝑝𝑝𝑧𝑧𝑝𝑝𝑝𝑝𝑝𝑝𝑧𝑧𝑧𝑧𝑝𝑝𝑦𝑦 +  𝜀𝜀 

where y represented the binary outcome (i.e., deforestation/not deforestation and 

burned/unburned, respectively), zone represented the zonation type which formed our 

treatment, and presidency the political administration. Prior to the model estimation, we 

calculated inverse probability weights from propensity scores (Austin & Stuart, 2015) for each 

data point to ensure an optimal balance of the co-variates (Austin, 2011; Schleicher et al., 2020), 

and we used the WeightIt package in R (Greifer, 2021) across zonations: 

(2)     𝑧𝑧𝑧𝑧𝑧𝑧𝑧𝑧 = 𝑧𝑧𝑙𝑙𝑧𝑧𝑒𝑒 + 𝑝𝑝𝑧𝑧𝑟𝑟𝑟𝑟ℎ + 𝑝𝑝𝑧𝑧𝑚𝑚𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟 + 𝑝𝑝𝑙𝑙𝑧𝑧𝑝𝑝𝑧𝑧 

where zone represents our three zonation types (i.e., CU, ASP or NDA), elev is elevation, rough 

represents terrain roughness, RoadDist the distance to the nearest road, and slope the slope at 

the location. Once we ensured optimal covariate balance, we used the weights from (2) in our 

general model (1) to estimate the average treatment effect (ATE) of the zonation type on 

deforestation and burning. 

Table IV-1 Matching variables and co-variates to analyze average treatment effects of land-use zone and presidencies. 

Variable Type 

Response variable 

y binary outcome (True/False), i.e., is deforested or is burned  

Explanatory variables 

zone land-use zone (ASP, CU or NDA) 

presidency presidency (Rousseff, Temer or Bolsonaro) 

Matching covariates 

elev terrain elevation in meters 

rough terrain roughness 

slope terrain slope 

roaddist distance to closest road [m] 
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3.3 Analysis of property size effects 
Lastly, we assessed how deforestation and burning varied with property size between different 

presidential periods and land-use zones. To do that, we calculated the relative deforestation rates 

(tDEF / area) and relative burning rates (tBUR / area) for each property in the study region with 

completed (3,392) or pending registration (2,381) in the CAR. We categorized the rural 

properties into four size classes based on the legal categorization by the number of fiscal units 

(módulo fiscal, MF) occupied (INCRA, 2021a, Law 8.629): (i) “mini” properties with < 1 MF, 

(ii) “small” properties with 1 to 4 MF, (iii) “medium” properties with > 4 up to 15 MF and (iv) 

“large” properties with > 15 MF. The size of a single MF is specified per municipality and 

ranges in our study region from 75 to 100 ha (text S2). Properties of types “mini” and “small” 

are typically related to smallholders. 

We then estimated the ATE of the respective presidential period and zonation type on the 

relative deforestation and burning rates by fitting linear models in the form: 

(3)    𝑚𝑚𝑝𝑝𝑧𝑧𝑚𝑚 𝑓𝑓𝑝𝑝𝑚𝑚𝑝𝑝𝑟𝑟𝑝𝑝𝑧𝑧𝑧𝑧 = 𝑝𝑝𝑝𝑝𝑧𝑧𝑧𝑧 𝑝𝑝𝑙𝑙𝑚𝑚𝑝𝑝𝑝𝑝 ∗ 𝑝𝑝𝑝𝑝𝑧𝑧𝑝𝑝𝑝𝑝𝑝𝑝𝑧𝑧𝑧𝑧𝑝𝑝𝑦𝑦 +  𝜀𝜀 

(4)    𝑚𝑚𝑝𝑝𝑧𝑧𝑚𝑚 𝑓𝑓𝑝𝑝𝑚𝑚𝑝𝑝𝑟𝑟𝑝𝑝𝑧𝑧𝑧𝑧 = 𝑝𝑝𝑝𝑝𝑧𝑧𝑧𝑧 𝑝𝑝𝑙𝑙𝑚𝑚𝑝𝑝𝑝𝑝 ∗ 𝑧𝑧𝑧𝑧𝑧𝑧𝑧𝑧 +  𝜀𝜀  

Prior to the estimation, we again accounted for other confounding factors affecting 

deforestation and burning by applying covariate weighting. Contrary to the point-level analysis, 

however, we summarized our covariates at the property level by calculating the mean of these 

variables (Table IV-2). 

Table IV-2 Matching variables and co-variates to analyze average treatment effects of property size and presidencies. 

Variable Type 

Response variable 

y area fraction, i.e., deforestation and burned area per property area  

Explanatory variables 

size size category (mini, small, medium or large) 

zone land-use zone (ASP, CU or NDA) 

presidency presidency (Rousseff, Temer or Bolsonaro) 

Matching covariates 

elev mean of terrain elevation 

rough mean of terrain roughness 

slope mean of terrain slope 

dist2road mean of distance to next road 
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4 Results 

4.1 Trends of deforestation and burned areas 
During our study period, we identified 4,720 km² (3.8% of the study area) of deforestation 

(tDEF = DEF + bDEF). The annual deforestation decreased until 2017 to 331 km², then more 

than doubled in 2018 (875 km²) and was highest in 2020 (1,201 km², Figure IV-2 and text S5). 

The burned area maximum was in 2020 (4,805 km²), whereas it was lowest in 2018 (2,343 km²). 

The fraction of burned areas for deforestation (bDEF/tBUR) was lowest in 2016 and 2017 with 

3% and 4%, respectively, increased to 19% in 2018 and remained above 12% until 2020. 

Between 32% and 63% of the deforested area was detected as being burned too (bDEF/tDEF). 

The majority of burned areas was older than 5 years (Figure IV-3).  

The overall accuracies of the BLCMs reached on average 99% (minimum 97% (2018), 

maximum 100% (2016)). The class-specific user’s (UA) and producer’s (PA) accuracies were 

generally highest for NV (mean UA/PA = 100%/100%) and (unburned) AGR (97%/97%). All 

classes were mapped with a UA of ≥ 90%, except of unburned deforestation (DEF) with a mean 

UA of 69%, often because being mapped as burned deforestation (bDEF) instead. The accuracy 

for the total deforested area (tDEF = DEF + bDEF) was still high with a mean UA of 92% (85% 

in 2017 to 100% in 2014) and a mean PA of 89% (74% in 2018 to 100% in 2017). Similarly, 

the accuracy of total burned area (tBUR = bDEF + bAGR) showed a high mean UA of 92% 

 

Figure IV-2 Annual deforestation by land-use zone with (bDEF) and without burning (DEF). The error bars 
represent the uncertainty in the area estimates resulting from our accuracy assessment. 
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(79% in 2018 to 96% in 2014 and 2016) and a mean PA of 90% (74% in 2018 to 100% in 2016). 

More details on the accuracy assessment are presented in S5. 

4.2 Differences between land-use zones 
Summarizing across our entire observation period, 57.6% of deforestation (2,801 km²) occurred 

in NDAs (Figure IV-2), followed by CUs (25.0%, 1,183 km²) and ASPs (13.1%, 576 km²), 

whereas we found almost no deforestation in the military area (MIL, 3.3%, 116 km²) or in 

indigenous territories (TI, 1.1%, 45 km²). 

 

Figure IV-3 Absolute (top, in km²) and relative (bottom) burned areas by years since deforestation and by land-
use zone. Error bars relate to total area burned. 
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Most burning occurred in NDAs (65.1%, 2,180 km²/yr., Figure IV-3 + Table S5-4), while the 

remaining occurring in CUs (18.3%, 617 km²/yr.) and ASPs (14.9% 504 km²/yr.). We found 

almost no burning in MIL (1.5%, 329 km²/yr.) or TI (0.3%, 10 km/yr.) zones (which are 

therefore not further considered in the ATE assessment). Areas burning in a CU zone were often 

younger, i.e., the year of deforestation was often closer to the fire event than for burned areas 

in ASPs or NDAs. 

Areas in CUs were significantly less likely (-2.05) subject of deforestation compared to NDAs 

(Table IV-3a). This effect significantly increased since 2017 (Temer, +0.35) and even stronger 

from 2019 onwards (Bolsonaro, +0.52). The highest likelihood for deforestation we found for 

ASPs (+0.12), but the effect was not significant. 

The likelihood of areas being affected by fire was generally higher in ASPs (+0.84) and CUs 

(+0.39) compared to NDAs. Fires became more likely during the presidency Temer (+0.23) and 

presidency Bolsonaro (+0.20), both highly significant. At the same time, the ATE decreased for 

CUs (e.g., -0.25 during presidency Bolsonaro) and ASPs compared to that in NDAs. 

4.3 Differences between smallholders and largeholders 
By absolute area, most deforestation occurred on medium properties and within NDAs (Figure 

IV-4). Increase of deforestation from 2018 was high on small and medium properties within 

NDAs, and medium to large properties in CUs. The removal of natural vegetation on CAR 

Table IV-3 Summary average treatment effects (ATE) of land-use zone and political period on (a) deforestation 
(is_def) and (b) burning (is_burn). Intercept represents the situation for Non-designated Areas (NDA) during 
presidency Rousseff. Sign. Codes: *** 0.001, ** 0.001, ** 0.01, * 0.05, . 0.1. 

 
a) is_def ~ zone * pres.  b) is_burn ~ zone * pres. 

Coefficients ATE (Std.Err)  ATE (Std.Err) 

intercept) 0.6218 (0.0367) ***  -0.5212 (0.0204) *** 

CU -2.0579 (0.0478) ***  0.3952 (0.0467) *** 

ASP 0.1204 (0.1207)    0.8441 (0.0574) *** 

emer -0.0706 (0.0473)    0.2321 (0.0259) *** 

Bolsonaro -0.6510 (0.0541) ***  0.2014 (0.0285) *** 

CU:Temer 0.3546 (0.0605) ***  -0.1235 (0.0600) * 

ASP:Temer 0.2964 (0.1543) .  -0.1565 (0.0722) * 

CU:Bolsonaro 0.5248 (0.0698) ***  -0.2553 (0.0664) *** 

ASP:Bolsonaro -0.0665 (0.1801)    -0.1482 (0.0780) . 

s. Rousseff NDA CU ASP  NDA CU ASP 

emer -0.0706 2.4124 0.1760  0.2321 -0.5187 -1.0006 

Bolsonaro -0.6510 2.5827 -0.1869  0.2014 -0.6504 -0.9923 
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properties (i.e., deforestation of primary vegetation and re-clearing of secondary vegetation) 

always exceeded rates of regrowing natural vegetation. The mean fraction of cleared land on 

CAR properties increased from 45% (2014) to 56% (2020). This particularly affected properties 

in ASPs, where the mean fraction of cleared land increased by 20.3%, compared to only 4.4% 

in CUs (Figure S8-2). The increase of clearing rates was reciprocal to the respective property 

size category: mini properties showed an increase of mean fraction of cleared land by +15%, 

followed by small (+13%), medium (+9%) and large (+6%) properties. While in 2014 30% of 

the CAR properties still had a natural vegetation cover ≥ 80%, it was down to 21% in 2020. 

Compared to the total area used for agriculture, properties in the ASP and smallholder properties 

often showed higher burned area fractions (bAGR / tAGR), specifically in 2017, 2019 and 2020 

(Figure S8-3).  

However, in terms of absolute areas clearly medium properties in NDAs contributed most 

deforestation and burned areas in the study region (Figure IV-4). The ATE assessment of the 

deforested property fraction (tDEF / property area, Table IV-4 a) showed significant less 

deforestation on larger properties during period Rousseff, in particular for medium (-0.0087) 

 

Figure IV-4 Deforested (a) and burned (b) areas mapped on CAR properties by property size class and land-use 
zone. 
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and large (-0.0098) properties. During the following presidencies deforested property fractions 

increased with increasing property size. Compared by land-use zone (Table IV-4 c), properties 

in ASPs showed significantly more deforestation per property than properties in NDAs, while 

it was less on properties in CUs. 

The relative burned area (tBUR / property area, Table IV-4 b) decreased with increasing 

property size (highly significant). During the presidencies Temer and Bolsonaro, it increased in 

all size classes except small properties during Temer, and most on mini properties (+0.05 and 

+0.08). Small to large properties in CUs showed higher fractions of burning compared to 

properties of the same size class in NDAs, while lower fractions occurred in ASPs (Table 

IV-4 d). 
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Table IV-4 Average treatment effects (ATE) of property size and presidency or land-use zone on property 
fraction that was deforested (f_def, a+c) or burned (f_bur, b+d). Intercept represents the situation for mini 
properties, respectively Non-designated Areas (NDA) during presidency Rousseff. Sign. Codes: *** 0.001, 
** 0.001, ** 0.01, * 0.05, . 0.1. 

  a) f_def ~ size * pres.  b) f_bur ~ size * pres 
Coefficients ATE (Std.Err.)  ATE (Std.Err.) 
(intercept) 0.0198 (0.0019) ***  0.1281 (0.0068) *** 
small -0.0043 (0.0024) .  -0.0301 (0.0079) *** 
medium -0.0087 (0.0023) ***  -0.0672 (0.0073) *** 
large -0.0098 (0.0028) ***  -0.0741 (0.0080) *** 
Temer -0.0012 (0.0028)    0.0559 (0.0093) *** 
Bolsonaro -0.0037 (0.0028)    0.0878 (0.0117) *** 
small:Temer 0.0005 (0.0032)    -0.0301 (0.0107) ** 
medium:Temer 0.0009 (0.0032)    -0.0378 (0.0101) *** 
large:Temer -0.0022 (0.0037)    -0.0432 (0.0110) *** 
small:Bolsonaro 0.0097 (0.0033) **  -0.0012 (0.0140) 

 

medium:Bolsonaro 0.0109 (0.0033) ***  -0.0462 (0.0124) *** 
large:Bolsonaro 0.0111 (0.0046) *  -0.0632 (0.0135) *** 
vs. Rousseff Temer Bolsonaro  Temer Bolsonaro 
mini -0.0012 -0.0037  0.0559 0.0878 
small 0.0048 0.0141  0.0000 0.0289 
medium 0.0096 0.0196  0.0294 0.0209 
large 0.0077 0.0209  0.0309 0.0109 
  c) f_def ~ size * zone  d) f_bur ~ size * zone 
Coefficients ATE (Std.Err.)  ATE (Std.Err.) 
(intercept) 0.0146 (0.0013) ***  0.1350 (0.0034) *** 
small 0.0003 (0.0015)      -0.0277 (0.0039) *** 
medium -0.0024 (0.0015)      -0.0613 (0.0037) *** 
large -0.0012 (0.0024)      -0.0574 (0.0049) *** 
CU -0.0115 (0.0019) ***  -0.0685 (0.0162) *** 
ASP 0.0166 (0.0029) ***  0.1656 (0.0075) *** 
small:CU 0.0039 (0.0023) .    0.1049 (0.0233) *** 
medium:CU 0.0075 (0.0024) **   0.0687 (0.0174) *** 
large:CU 0.0032 (0.0028)      0.0331 (0.0169) *   
small:ASP -0.0047 (0.0034)      -0.0773 (0.0091) *** 
medium:ASP -0.0018 (0.0053)      -0.0936 (0.0109) *** 
large:ASP -0.0043 (0.0102)    -0.0970 (0.0251) *** 
vs. NDA CU ASP  CU ASP 
mini -0.0115 0.0166  -0.0685 0.1656 
small 0.0036 -0.0050  0.1325 -0.0496 
medium 0.0099 0.0006  0.1300 -0.0323 
large 0.0044 -0.0031  0.0905 -0.0396 
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5 Discussion 

After decades of high deforestation, Brazil managed to drastically reduce deforestation rates 

until 2014. However, the recent changes in political conditions resulted in a surge of 

deforestation and fires. What remains unclear, however, is whether these changes occurred 

uniformly across different zonation types as well as across different land-use actors. Here, we 

combined a detailed reconstruction of deforestation and burning history with quasi-

experimental methods to assess the role of different policies in shaping land management of 

different agricultural stakeholders in the Novo Progresso deforestation frontier. Our study 

provides the following key insights: First, the Novo Progresso region exhibited a significant 

increase in deforestation after the impeachment of President Rousseff and particular under 

President Bolsonaro, that became particularly more prevalent in conservation units. Second, 

deforestation on medium and large properties strongly increased under presidencies Temer and 

Bolsonaro, whereas deforestation on smallholder properties remained stable. Third, the 

majority of burned areas relates to agricultural fires, and thus occurred on land that had been 

deforested in previous years. In any year, less than 20% of the burned areas related to 

deforestation, indicating that fire is an important agricultural management tool that became 

even more popular in recent years. 

This study adds to existing mapping efforts of the study region in at least two major ways: First, 

we reconstructed land-cover change and fire history jointly at substantially higher spatial detail 

compared to, e.g., approaches based on PRODES deforestation (Rajao et al., 2020) and coarser, 

e.g. MODIS-based estimates of fire hotspots or burned areas (e.g. Lizundia-Loiola et al., 2020; 

Qin et al., 2021; Silva et al., 2021a). Second, by classifying each individual observation date of 

the combined Landsat and Sentinel-2 archive our approach is, compared to classifications of 

single-sensor time series or aggregated spectral-temporal metrics (Griffiths et al., 2018), likely 

more sensitive in detecting land covers of short duration. For example, burned agricultural areas 

can disappear quickly due to tillage, rain or low amounts of burning residue (Jakimow et al., 

2018). By considering the full temporal density per year we furthermore minimize potential 

omissions of burned areas compared to approaches that map burned areas based on selected 

observation dates per year only (e.g. Silva et al., 2021b). 

Our results suggest that deforestation rates almost fourfold between 2017 (311 km²/yr) and 

2020 (1,201 km²/yr), which is an increase in just three years from a historic low value to the 

highest deforestation rates since more than 10 years. Despite our short time series, the timing 

of this increase closely follows the inaugurations of the Temer (since 31. August 2016) and 

Bolsonaro (since 2019) governments. This suggests the drastic impacts of political changes on 
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land use in the study region, as particularly the Bolsonaro government has lowered levels of 

environmental protection and shown support for capital-intensive large-scale agricultural 

producers (Abessa et al., 2019; Ferrante & Fearnside, 2019; Oliveira et al., 2021). Likewise, 

laws that restrict land use in certain areas, such as in conservation units, were less strongly 

enforced. For example, institutional authorities such as IBAMA suffered budget cuts what 

reduced their operational capabilities, started to give warning where environmental inspection 

will take place and is supposedly prohibited to destroy equipment that was used for illegal 

deforestation (Ferrante & Fearnside, 2019). Together with lacking fining of environmental 

crimes and favorable prospects to land titles (Barbosa et al., 2021), e.g., by amnesties on illegal 

logged land, this could explain why deforestation rates substantially increased in conservation 

units. All in all, while our results cannot draw clear inference on the underlying mechanisms, 

they clearly show that the strong political changes in Brazil had an immediate and short-term 

effect on land use. 

The picture becomes more nuanced, however, when considering the size of the properties, on 

which we observed deforestation and burnings. On one hand we found that deforestation per 

property area on smallholder properties were comparatively higher compared to larger 

properties. This is in line with findings by other authors (e.g. Godar et al., 2012). Smallholders 

in the Amazon often rely on extensive cattle pasturing, which usually requires large clearings 

of land to ensure basic family income (Walker et al., 2000). As a result, large clearing fractions 

per property already existed prior to the 2018 (Figure S8-2), leaving only lower amounts of 

remaining forest on their properties to be cleared and showing lower increases of ATE values 

over the Temer and Bolsonaro years compared to medium and large properties (Table IV-3a). 

On the other hand, we found that total deforestation accelerated on large properties, contributing 

most to the increase of deforestation after 2017. This may indicate that export-oriented 

agribusiness expanded their activities to increase production or to secure land for future 

production (Rajao et al., 2020; Walker et al., 2000). Hence, what currently drives deforestation 

in the south-west Pará are large-scale producers, which is important to consider when targeting 

interventions or conservation actions in the region. Programs aiming at the protection of 

primary forests in the region should therefore focus on largeholder properties and NDAs, which 

have a higher deforestation potential due to their passive protection and vulnerability to land 

grabbing (Azevedo-Ramos et al., 2020). 

Though, our result cannot be interpreted as statement on the legal permissibility of the 

deforestation observed. According to the Brazilian forest code, landowners in the Brazilian 

Amazon need to maintain natural vegetation on 80% of their property (Legal Reserve), in 
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addition to an area of permanent preservation along water streams, hilltops and steep slopes 

(Soares-Filho et al., 2014). There are several exceptions from these restrictions, though. 

Depending on local regulations, property history and type of ownership, landowners might have 

a permission to remove more natural vegetation, even in conservation zones, e.g. if illegally 

cleared land got amnestied (Rajao et al., 2020). Nevertheless, it is worrying from an 

environmental protection perspective that most properties showed significantly less natural 

vegetation than legally demanded and that most deforestation occurred on properties with more 

than 20% of the forested land already being cleared. 

The substantially increase in burned area from 2018 onwards is consistent with active fire 

detections in monitoring projects (e.g. GFED, 2020). However, albeit closely related to 

deforestation and forest degradation, our study shows that most fire is used for maintenance of 

agricultural land, i.e. to sanitize pastures or to re-clear fallow pastures (Barlow et al., 2020). 

This is consistent with field interviews in the region, where farmers described fire as the key 

tool for pasture sanitation, i.e., to control pest species and prevent the spread of the pasture 

sudden death syndrome that affects locally forage species (Barlow et al., 2020; Eri et al., 2020; 

Silva et al., 2018). The dependence of smallholders on fire as an easy-to-use land management 

tool might also explain why observations of burned areas were more likely on mini and small 

properties and within ASPs: Both are associated with communities where access to and 

experience with fire-free practices is limited and economically constrained (Carmenta et al., 

2018; Fonseca-Morello et al., 2017). It is also likely that institutional law-enforcement to 

confine burning, e.g., through licensing and monitoring of agricultural fires, has been weakened 

too. For example in August 2019 local producers organized a “Fire day” (Dia do Fogo) to burn 

deforested areas and pastures “to show the President [Bolsonaro] that they want to work” (Piran, 

2019), while IBAMA agents found themselves condemned to watch (Hecht, 2020). However, 

the effect of such high-profile events remains questionable. For example, the military conducted 

operations to fight forest fires and environmental crimes in 2019 and 2020 (Silva et al., 2021b). 

Although these operations have been criticized for their low efficiency, they might explain the 

slightly lower likelihoods for burning (Table IV-3) and lower burned area fractions (Table III-4) 

during the Bolsonaro years compared to Temer - which nevertheless by large exceed those 

obtained for the Rousseff period. 

Our study provides the most comprehensive reconstruction of deforestation and fire in south-

west Pará and were able to link changes therein to different presidencies. Yet, a few 

uncertainties are worth mentioning. First, we mapped only those burned areas that were clearly 

visible in the optical Landsat and Sentinel-2 data, hence underestimating low intensity burns, 
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e.g., in dried litter layers of forests, where top tree or shrub cover remained unaffected or where 

burn scars were barely visible after the fire event. Yet, these types of fire are comparatively less 

frequent, and hence do not affect our overall conclusion. Second, while we control for 

confounding factors that may influence deforestation and burning, we were limited to a few 

time-invariant variables and were not able to consider e.g., crop types, or household income as 

matching variable. Third, while our results indicate a strong relation of deforestation/burning 

to the different presidencies, we are unable to quantify the mechanisms behind. 

Our study highlights the usefulness of quasi-experimental methods in combination with 

spatially and temporally adequately resolved remote sensing-based maps, when comparing land 

use and land-use change under different political land-use regimes. Using our methodology, we 

were able to clearly identify how deforestation and the use of fire accelerated during the recent 

presidencies, and the diversity in outcomes between smallholders and large producers helps 

improving our understanding how different agricultural stakeholders respond to the recent shifts 

in environmental politics of Brazil. Only such a differentiated view allows judging policy 

impacts on land-use regimes in areas of utmost importance for both safeguarding biodiversity 

and carbon stocks, as well as upholding local livelihoods. More broadly, this research 

specifically reveals how fast changes in national governance regimes can impact local decision 

making, concretely deforestation and fire regimes of smallholder and large-scale producers in 

Southern Amazonia and highlights the importance of integrating quasi-experimental methods 

and remote sensing. 

Acknowledgements 

We acknowledge the Global Forest Observation Initiative (GFOI) R&D Group 13 for the 

provision of Pléiades satellite data. We thank David Franz for his support in using the FORCE 

software. This research contributes to the Global Land Programme (https://glp.earth/) and to 

the Landsat Science Team 2018-2023 (https://www.usgs.gov/core-science-

systems/nli/landsat/landsat-science-teams). 

Declaration of interest 

No potential conflicts of interest were reported by the authors. 



 

101 

Supplementary Information 

S1 Agricultural Settlement Projects (ASP) in the study region 
Table S1-1: Settlement Projects of the Agrarian Reform in the study region. State 16.04.2021, INCRA (2021b), values related to properties registered in CAR 
within the project area. PA = Federal Settlement Project (port. Projeto Assentamento Federal), PDS = Sustainable Development Project (port. Projetos de 
Desenvolvimento Sustentável). Sources: MAPA (2020a), CAR registration data downloaded from https://www.car.gov.br/publico/imoveis/index. 

   
Families 

 
 CAR registration in study region 

Name Municipality Area [ha] Capacity Actual Created  n Area Min Max Median 

PA ESPERANÇA ALTAMIRA 12,654.80 168 164 14.12.2006  89 11,584.07 4.71 798.85 95.73 

PA NOVA FRONTEIRA NOVO PROGRESSO 19,816.25 215 214 30.05.1996  155 12,460.63 73.99 95.95 80.07 

PA SANTA JULIA NOVO PROGRESSO 28,100.00 325 322 07.10.1997  223 19,243.07 32.09 909.37 77.31 

PDS BRASÍLIA ALTAMIRA 19,947.78 500 339 23.11.2005  359 15,085.09 9.32 822.86 20.22 

PDS ESPERANÇA ALTAMIRA 15,172.13 235 220 14.12.2006  11 4,235.57 119.29 973.96 300.12 

PDS MÃE MENININHA ALTAMIRA 12,651.79 253 219 14.12.2006  30 14,291.38 15.96 1,122.56 456.47 

PDS NELSON DE OLIVEIRA NOVO PROGRESSO 4,666.90 53 53 06.06.2006  7 3,376.30 19.83 1,124.86 178.95 

PDS TERRA NOSSA ALTAMIRA 149,842.47 1000 982 03.06.2006  211 104,409.81 15.28 2,495.29 283.96 

PDS VALE DO JAMANXIM NOVO PROGRESSO 77,858.42 800 411 12.12.2005  12 6,382.84 1.41 3,161.04 179.78 
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S2 Fiscal Unit sizes in the study region 
Table S2-1: Size of fiscal units. MF = Módulo Fiscal = Fiscal Unit, PA = Pará, Source: https://www.gov.br/incra/pt-
br/acesso-a-informacao/indices_basicos_2013_por_municipio.pdf. 

State  Municipality MF [ha] 

PA  ALTAMIRA 75 

PA  ITAITUBA 100 

PA  JACAREACANGA 75 

PA  NOVO PROGRESSO 75 

S3 Datasets used in this study 
Our analysis used all available Landsat 7+8 (Collection 1, L1T, EROS, 2020) and Sentinel 2 

A+B (L1C) observations for the study region with a cloud coverage less than 80% between 

January 1st 2014 and October 31st 2020. The timespan until end of October covers the regional 

dry-season and the typical months for deforestation and fire events in the study region (Jakimow 

et al., 2018). 

As base-map for landcover and deforestation-history bevor 2014 we used the landcover maps 

created by Griffiths et al. (2018). The boundaries of conservation units, indigenous areas and 

municipalities, the latest TerraClass land-cover classification from 2014 and, for comparison 

with our own mapping results, annual PRODES deforestation data (INPE, 2021a) were 

downloaded from the TerraBrasilis data base (de Assis et al., 2019). From the SICAR (2020) 

database we downloaded boundaries of agricultural properties and agrarian reform settlements 

that are registered to the national rural environmental registry (Cadastro Ambiental Rural - 

CAR, Roitman et al. (2018)). The road network was downloaded from the Open Street Map 

(OSM) project. It includes official road data from IBGE (OSM, 2018). 
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S4 Data processing & Mapping  
Pre-processing 

We used the Framework for Operational Radiometric Correction for Environmental monitoring 

(FORCE, Frantz, 2019) to convert Landsat and Sentinel-2 observations to bottom-of-

atmosphere reflectance and to homogenize the multi-sensor data for a joint analysis. We 

restricted our analyses to the six spectral bands, covering the visible blue to the shortwave-

infrared spectral domain and excluding the Sentinel-2 red-edge spectral bands. Pixels affected 

by clouds, cloud shadows or by the Landsat-7 scan-line-correction failure (SLC-off) were 

masked. All images were arranged in 100 km x 100 km tiles of the Global LANd Cover 

mapping and Estimation Grid (GLANCE, Holden, 2020). To remove spatial mismatches 

between Landsat and Sentinel images, the Sentinel-2 images were co-registered to an averaged, 

cloud-free Landsat master-image from the same year (Rufin et al., 2021a). Based on this 

workflow, we obtained a spatially and spectrally harmonized time series with 30 m spatial 

resolution and 6 spectral bands. Depending on the year and region, this time series consisted of 

zero to 38 cloud free observations per pixel in 2014 (median 14, Landsat only) and up to 98 in 

2018 (median 35, Landsat + Sentinel-2), in particular in areas of overlapping image swaths 

Table S3-1: Datasets used in this study. 

Name Source  Notes 

Landsat 7 + 8  
(L1T) 

USGS  Precision & terrain corrected top-of-atmosphere 
reflectance. 30 m spatial resolution. 

Sentinel 2 A+B 
(L1C) 

ESA  Precision & terrain corrected top-of-atmosphere 
reflectance.  
60, 20 and 10 m spatial resolution. 

Annual deforestation  
1984 - 2014 

Griffiths et al. 
(2018) 

 Annual deforestation based on Landsat time series data.  
30 m spatial resolution. 

Copernicus-DEM  
(GLO-30) 

ESA  Digital Surface Model 30 m spatial resolution. 

PRODES INPE  Annual deforestation based on visual interpretation of 
Landsat time series data, 6.25 ha minimum mapping unit. 

Terra Class 2014 INPE 
 

 Land cover in deforested areas, based on visual 
interpretation. 6.25 ha minimum mapping unit. 

Rural Settlements INCRA   

Rural Cadastre 
(CAR) 

SICAR  https://www.car.gov.br/publico/imoveis/index 

Conservation Units INPE   

Road Network Open Street Map   

 

 

       

    

     
 

       
     

   
 

       
  

       

   
   

   
 

          
    

  
 

         

          
         

    
 

         
      

     

  
 

   

     

       

 



104 

(Figure S4-1). The FORCE quality assessment images were used to derive a water mask for 

each year, by masking pixels that had been flagged as water in at least 5 observations of the 

same year. 

Spectral Indices calculated for each Landsat and Sentinel-2 observation  

We calculated the six spectral indices in Table S4-1. They are sensitive to changes in vegetation 

cover (EVI, SARVI), burning (NBR, NDTI - also known as Normalized Burn Ratio 2), as well 

as soils and soil-moisture (NDTI, NDMI, NDWI). To avoid taking indices which by concept 

are too similar, we only used indices that build upon different spectral bands. For example, we 

 

Figure S4-1: Cloud-free pixel observations per year (area covered refers to the area-of-interest. 
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choose the EVI while omitting the Normalized Difference Vegetation Index (NDVI), as both 

are primarily sensitive to the NIR – Red band relation. 

Clear Observation Sequences 

We extracted clear observation sequences (COS, Jakimow et al., 2018) for each spectral index 

to describe the temporal character of short-timed change events, like burning and deforestation. 

A single COS consists of the spectral index value at observation date (COS+0), its cloud-free 

and shadow-free (“clear”) predecessor (COS-1) and its clear successor (COS+1) observation. 

We calculated for each observation date a COS feature stack, that consists of (i) the time lags 

between the observation date and the previous (COS-1_DTIME) and following 

(COS+1_DTIME) observations, and (ii) the COS-1, COS+0 and COS-1 value for each of the 

six spectral indices in Table S4-1. 

Table S4-1: Spectral Indices calculated for each Landsat and Sentinel-2 observation. 

# Spectral Index Abbr. Formula  
1 Enhanced  

Vegetation Index 
EVI G * ((NIR - RED) /  

(NIR + C1 * RED – C2 * BLUE + L))  
with G = 2.5, L = 1, C1 = 6, C2 = 7.5 

Huete et al. (2006) 

2 Normalized Burn Ratio NBR (NIR - SWIR2) / (NIR + SWIR2) García and Caselles (1991); 
Key and Benson (2002) 

3 Normalized Difference  
Tillage Index 

NDTI (SWIR1 - SWIR2) / (SWIR1 + SWIR2) Van Deventer et al. (1997)  
aka  
Normalized Burn Ratio 2 

4 Soil Adjusted and  
Atmospheric Resistant 
Vegetation Index 

SARVI (NIR - RB) / (NIR + RB + L) * (1 + L)  
with RB = RED - (BLUE - RED)  
and L = 0.5 

Kaufman and Tanre (1992) 

5 Normalized Difference  
Moisture Index 

NDMI (NIR - SWIR1) / (NIR + SWIR1) Gao (1996) 

6 Normalized Difference  
Water Index 

NDWI (GREEN - NIR) / (GREEN + NIR) McFeeters (1996) 
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Model Reference Data 

We used the EO Time Series Viewer (Jakimow et al., 2020) to visually identify examples for 

stable land-cover classes like natural vegetation (NV), agriculture and pasture land (AGR), and 

for process-like classes like deforestation (DEF), burning (BUR) and tillage (TIL) events. Each 

example was digitized as a polygon and labelled. Labelling included the respective land cover 

/ process and a range of consecutive cloud-free observations dates (“date1”, “date2”). Finally, 

each polygon was saved into a spatial database. 

Based on this database, we extracted a first reference data set of exemplary, pixel-based COS 

feature stack profiles. To reduce the extraction time and the size of the reference data set, the 

maximum number of temporal observations per polygon was limited to 30, and the maximum 

number of COS feature stack pixel-profiles per polygon and observation date to 300, using 

random sampling. 

Training data generation 

Our reference observations covered different dates and areas, i.e., related COS feature stack 

profiles vary within each class. For example, forest and pasture profiles contain seasonal 

variations, and profiles of burned areas vary by intensities of combustion residues.  

To calibrate the Random Forest (RF) Classifier (Breiman, 2001) on the entire variability of COS 

feature profiles, and to balance the final number of samples per class, we applied a second, 

stratified cluster sampling on the reference data set (Table S4-3): For each class 𝑝𝑝, the 𝑧𝑧𝑐𝑐 

reference profiles were clustered with an increasing number of clusters 𝑧𝑧𝑐𝑐𝑐𝑐 ≥ 2 by a KMeans 

clusterer, until the smallest cluster had a size 𝑝𝑝𝑐𝑐𝑐𝑐 < 0.25 𝑧𝑧𝑐𝑐, i.e. contained less than 25 % of the 

reference profiles for this class. The sampling probability of each single reference profiles was 

then defined by its inverse-proportional cluster size as 𝑃𝑃𝑖𝑖 = (1 − 𝑝𝑝𝑖𝑖/𝑧𝑧) / ∑ (1 − 𝑝𝑝𝑖𝑖/𝑧𝑧)𝑛𝑛 
𝑖𝑖=0 , with 

1 = ∑ 𝑃𝑃𝑖𝑖𝑛𝑛
𝑖𝑖=0 . The following random probability sampling selected 𝑧𝑧𝑡𝑡  = 2,500 training samples 

Table S4-2: Clear observation sequence (COS) feature stacks for a single Landsat / Sentinel-2 observation. Each 
feature represents a raster band. 

# Feature Description 
1 COS-1_DTIME Days between COS+0 and previous clear observation (COS-1). 
2 COS+1_DTIME Days between COS+0 and following clear observation (COS+1). 
3 COS-1_EVI EVI at previous clear observation. 
4 COS+0_EVI EVI at observation date. 
5 COS+1_EVI EVI at following clear observation. 
6  COS-1_<index> Clear observation sequences for other spectral indices:  

NBR, NDTI, SARVI, NDMI, NDWI (see 0 for definition). ⋮ COS+0_<index> 
20 COS+1_<index> 
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for each class, ensuring that the samples covered the entire variety of COS feature profiles as 

expressed by the KMeans clustering. 

The final training sample consisted of 6 x 2,500 labelled COS feature stack profiles and was 

used to calibrate a RF model. We achieved ~98% out-of-bag accuracy when using 100 or more 

trees and therefore calibrated the final RF model with 150 trees, to allow for the additional class 

variance when applying the model to the full dataset. 

Classification 

For each Landsat and Sentinel-2 observation date 𝑟𝑟 we classified the related COS feature stack 

image and obtained a RF class probability 𝑃𝑃 for each land-cover/ land change class 𝑝𝑝. These 

class probabilities were aggregated to annual class scores 𝑆𝑆𝑐𝑐,𝑦𝑦 as described in Jakimow et al. 

(2018): If a class was selected as the winning class, it’s class probability was weighted with the 

classification margin 𝐷𝐷, i.e. the difference to the second highest class probability: 

𝐷𝐷𝑡𝑡 = 𝑚𝑚𝑚𝑚𝑚𝑚�𝑃𝑃∗,𝑡𝑡� − 𝑚𝑚𝑚𝑚𝑚𝑚(𝑃𝑃′)      𝑃𝑃′ �𝑃𝑃∗,𝑡𝑡|𝑃𝑃∗,𝑡𝑡 < 𝑚𝑚𝑚𝑚𝑚𝑚�𝑃𝑃∗,𝑡𝑡� 

𝑃𝑃𝑐𝑐,𝑡𝑡
∗ = �

0 𝑃𝑃𝑐𝑐,𝑡𝑡 < 𝑚𝑚𝑚𝑚𝑚𝑚�𝑃𝑃∗,𝑡𝑡�
𝑃𝑃𝑐𝑐,𝑡𝑡𝐷𝐷𝑡𝑡 𝑃𝑃𝑐𝑐,𝑡𝑡 = 𝑚𝑚𝑚𝑚𝑚𝑚�𝑃𝑃∗,𝑡𝑡� 

 

To summarize the varying number of class detections, we averaged weighted class probabilities 

𝑃𝑃∗𝑐𝑐,𝑡𝑡 larger zero to obtain the annual class score 𝑆𝑆𝑐𝑐,𝑦𝑦: 

𝑆𝑆𝑐𝑐,𝑦𝑦 = �
0

1
𝑙𝑙𝑐𝑐
�𝑃𝑃𝑐𝑐,𝑡𝑡

∗ ∀ 𝑃𝑃𝑐𝑐,𝑡𝑡 = 𝑚𝑚𝑚𝑚𝑚𝑚�𝑃𝑃∗,𝑡𝑡�, 

Annual scores remain in the range [0, 1] and are generally higher, the more RF trees voted for 

a winning class, i.e., the “more certain” the RF model is in detecting a class over time. During 

Table S4-3: Class-specific training data used to calibrate the Random Forest Classifier.  
𝑧𝑧c = number of samples in reference data base, 𝑧𝑧cl = KMean clusters to sample 𝑧𝑧t samples used for the random 
forest model. 

Land cover /  
Event class 𝑧𝑧𝑐𝑐 𝑧𝑧𝑐𝑐𝑐𝑐 𝑧𝑧𝑡𝑡 Notes 
Natural Vegetation  129,503 2 2,500 Primary and secondary tree vegetation 
Agriculture 108,566 4 2,500 Pastures and croplands 
Deforestation 11,658 3 2,500  
Burning 50,021 3 2,500  
Tillage 18,144 3 2,500 Distinct, fast appearance of bright open soil  
Others 8,244 3 2,500 E.g., mining, roads, settlements 
 

 

 

              
                     

  

    
      

           
       

     
     



108 

a year, a pixel can be classified differently, e.g., AGR in most observations but also as “burned” 

after burning events. In that case the pixel will have annual scores larger zero in both classes. 

Mapping annual land cover and burning 

From the scores we derived a burned are and land-cover map (BLCM, Figure S4-2) for each 

year: In the first step, we incorporated the “event” based information given by the deforestation 

and tillage scores into the “land-cover” scores, by deducing the NV scores by the value of the 

deforestation scores and increasing the AGR scores by value of the tillage scores. In the second 

step, each pixel was allocated to either the class NV, AGR or OTH using a maximum vote 

classifier on their (modified) scores. In addition, we accounted for spatial homogeneity by 

allowing pixels being mapped as AGR only, if they occurred in an area with >= 2 ha. As third 

step, we created a land-cover map with 4 classes by re-labelling AGR and OTH pixel as DEF, 

if (i) they had never been mapped as deforested before, (ii) they had been mapped as NV in the 

previous year, (ii) were part of a minimum mapping area of at least 2 ha and (iv) remained 

deforested in the following year. Landcover and deforestation years before 2014 were derived 

from the maps created in Griffiths et al. (2018), which for this purpose had to be reprojected 

into the GLANCE projection used for this work. 

Burned areas were defined as areas with a burned area score >= 0.1 and a minimum mapping 

area >= 1 ha. Mining areas, outcrops, urban areas, and rivers defined in the TerraClass dataset 

from 2014 were not important for further analyses and therefore masked. To exclude 

waterbodies that had been created after 2014, e.g., areas flooded by hydropower projects, we 
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also masked pixels which had been identified as water in the quality assessment information 

(QAI) during the FORCE pre-processing. 

 

Figure S4-2: Derivation of annual burned land-cover map (BLCM) from annual COS feature scores. 
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S5 Map Validation & Estimates 
Map Accuracies 

Our class-specific user’s and producer’s accuracies were generally highest for NV and 

(unburned) AGR (Table S5-1). We mapped burned deforested (bDEF) areas with area-adjusted 

user-accuracies of 92 % to 100 %, which was slightly better than our accuracies for burned 

agricultural areas (bAGR) with min. 69 % (2018) to max. 96 % (2016). Averaged over all years, 

~ 22 % of all mapping errors (or 0.2 % of the total map area) relate to unburned agricultural 

 

Figure S4-3: Land-cover mapped in annual Burned Area and Land Cover Maps (BLCM). 
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land that was mapped as being burned (Table S5-2), while 19 % related to (correctly) identified 

agricultural land for which we did not identify that it was also burned. 

14 % of all errors related to NV being erroneously mapped as AGR. A visual inspection showed 

that these errors often occurred in savanna-like environments with sparse tree-cover, related to 

the spectral similarities to shrub-pastures. Spectral signatures related to such mixed land covers 

increased the chance to get mapped as DEF in a previous year, e.g., through related seasonal 

spectral variations and an earlier dry-out and loss of vegetation greenness compared to dense 

tree vegetation. 

Without differentiation into burned and unburned areas, i.e., land cover only (LC), deforestation 

was mapped with a user’s accuracy ≥ 85 % and a producer’s accuracy ≥ 74 %. Comparing 

burned vs. unburned areas only (BA), we mapped burned areas with a user’s accuracy ≥ 90 % 

(except 2018 with 79 %) and a producer’s accuracy ≥ 81 % (except 2018 with 74 %). 

Table S5-1: Area Adjusted Map Accuracies for yearly Burned Area and Land Cover Map (BLCM), Land-cover 
only (LC, tAGR = total agriculture, tDEF = total deforestation) and Burned Areas only (BA, nb = unburned, tBUR 
= total burned). 

  User Accuracy, adjusted  Producer Accuracy, adjusted 
Year  Year  

Map Class 2014 2015 2016 2017 2018 2019 2020 mean  2014 2015 2016 2017 2018 2019 2020 mean 

B
LC

M
 

NV 1.00 1.00 1.00 1.00 0.99 1.00 1.00 1.00  1.00 1.00 1.00 1.00 0.99 1.00 1.00 1.00 
AGR 0.96 0.98 1.00 0.97 0.93 0.94 0.99 0.97  0.99 0.99 0.99 0.97 0.92 0.98 0.96 0.97 
DEF 0.72 0.60 0.86 0.66 0.76 0.62 0.59 0.69  0.67 0.91 0.98 1.00 0.99 0.51 0.64 0.81 
OTH 1.00 0.99 1.00 1.00 0.99 1.00 0.87 0.98  0.89 1.00 1.00 1.00 0.85 0.91 1.00 0.95 
bDEF 1.00 0.96 0.93 0.92 0.93 0.96 1.00 0.96  0.68 0.72 0.93 0.68 0.34 0.82 0.91 0.73 
bAGR 0.95 0.92 0.96 0.95 0.69 0.90 0.92 0.90  0.83 0.94 1.00 0.91 0.72 0.95 1.00 0.91 

LC
 

NV 1.00 1.00 1.00 1.00 0.99 1.00 1.00 1.00  1.00 1.00 1.00 1.00 0.99 1.00 1.00 1.00 
tAGR 0.99 0.99 1.00 1.00 0.94 0.96 0.99 0.98  1.00 1.00 1.00 0.99 0.94 1.00 0.99 0.99 
tDEF 1.00 0.94 0.91 0.85 0.91 0.96 0.89 0.92  0.82 0.98 1.00 1.00 0.74 0.81 0.86 0.89 
OTH 1.00 0.99 1.00 1.00 0.99 1.00 0.87 0.98  0.89 1.00 1.00 1.00 0.85 0.91 1.00 0.95 

B
A

 nb 1.00 1.00 1.00 1.00 0.99 1.00 1.00 1.00  1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 
tBUR 0.96 0.92 0.96 0.95 0.79 0.91 0.93 0.92  0.81 0.92 1.00 0.91 0.74 0.94 0.99 0.90 

Map 

Overall Accuracy, adjusted    
       

Year           
2014 2015 2016 2017 2018 2019 2020 mean          

BLCM 0.99 0.99 1.00 0.99 0.97 0.99 0.99 0.99    
       

LCM 1.00 1.00 1.00 1.00 0.98 0.99 1.00 1.00    
       

BAM 1.00 1.00 1.00 0.99 0.99 1.00 1.00 1.00    
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Table S5-2: Class-wise accuracies of the Burned Area and Land Cover Maps (BLCM). 
 

total confusion, validation samples  proportion of error samples [%] 
  NV AGR DEF OTH bDEF bAGR Total  NV AGR DEF OTH bDEF bAGR Total 
NV 1006 4 1 0 0 1 1012    3.15 0.79 0.00 0.00 0.79 4.72 
AGR 7 683 2 3 0 11 706  5.51 

 
1.57 2.36 0.00 8.66 18.11 

DEF 17 4 123 0 29 0 173  13.39 3.15 
 

0.00 22.83 0.00 39.37 
OTH 0 4 1 147 0 0 152  0.00 3.15 0.79 

 
0.00 0.00 3.94 

bDEF 0 2 4 0 190 3 199  0.00 1.57 3.15 0.00 
 

2.36 7.09 
bAGR 1 31 0 0 2 278 312  0.79 24.41 0.00 0.00 1.57   26.77 
Total 1031 728 131 150 221 293 2554  19.69 35.43 6.30 2.36 24.41 11.81 100.00  

avg. proportion of map area [%]  avg. proportion of map errors [%] 
 NV AGR DEF OTH bDEF bAGR Total  NV AGR DEF OTH bDEF bAGR Total 
NV 83.64 0.13 0.01 0.00 0.00 0.02 83.81    14.34 1.43 0.00 0.00 2.33 18.11 
AGR 0.13 11.82 0.03 0.05 0.00 0.18 12.21  14.13 

 
3.76 5.46 0.00 19.17 42.53 

DEF 0.03 0.01 0.20 0.00 0.05 0.00 0.29  3.43 0.60 
 

0.00 5.60 0.00 9.64 
OTH 0.00 0.02 0.00 0.80 0.00 0.00 0.82  0.00 2.19 0.10 

 
0.00 0.00 2.28 

bDEF 0.00 0.00 0.00 0.00 0.20 0.00 0.21  0.00 0.10 0.44 0.00 
 

0.16 0.70 
bAGR 0.02 0.20 0.00 0.00 0.03 2.41 2.66  2.33 21.57 0.00 0.00 2.85   26.75 
Total 83.82 12.18 0.25 0.85 0.28 2.61 100.00  19.90 38.80 5.73 5.46 8.45 21.66 100.00 
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Area Estimates 

Table S5-3: Estimated map areas and confidence intervalls [km²] for Burned Land Cover Map (BLCM), fraction of burned deforested area to total deforested area (bDEF/tDEF) 
respectively to total burned area (bDEF/tBUR), landcover only (LC, tAGR = total agriculture = AGR + bAGR, tDEF = DEF + bDEF) and burned areas only (BA, nb = not burned, 
tBUR = total burned). 

Map Class 2014 2015 2016 2017 2018 2019 2020 

B
LC

M
 

NV 112,008 ±601 111,230 ±497 110,545 ±697 109,693 ±708 109,232 ±1,835 109,140 ±880 106,717 ±843 

AGR 8,723 ±387 9,789 ±507 9,961 ±371 9,412 ±507 11,433 ±1,247 9,891 ±700 11,339 ±627 

DEF 335 ±224 167 ±83 287 ±37 180 ±48 421 ±87 332 ±296 432 ±320 

OTH 1,138 ±583 609 ±426 590 ±453 763 ±459 873 ±645 1,517 ±806 960 ±606 

bDEF 304 ±63 289 ±83 136 ±21 151 ±40 454 ±375 456 ±66 768 ±74 

bAGR 2,282 ±658 2,303 ±659 2,969 ±702 4,191 ±783 1,899 ±732 3,258 ±885 4,036 ±881 

bDEF/tDEF 47(30-76) % 63 (45-81) % 32 (26-38) % 45 (32-59) % 51 (13-71) % 57 (38-93) % 63 (47-88) % 

bDEF/tBUR 11 (7-18) % 11 (6-18) % 4 (3-6) % 3 (2-5) % 19 (2-41) % 12 (8-18) % 15 (12-21) % 

LC
 

NV 112,008 ±601 111,230 ±497  110,545 ±697  109,693 ±708 109,232 ±1,835 109,140 ±880  106,717 ±843 

tAGR 11,005 ±444 12,093 ±457  12,930 ±530  13,604 ±536 13,332 ±1,258 13,150 ±802 15,376 ±685 

tDEF 640 ±228 457 ±54 423 ±34 331 ±40 875 ±377  789 ±302 1,201 ±333 

OTH 1,138 ±583 609 ±426 590 ±453 763 ±459 873 ±645  1,517 ±806 960 ±606 

B
A

 nb 122,206 ±667 121,797 ±744 121,384 ±780 120,049 ±839 121,960 ±931  120,881 ±905 119,450 ±991 

tBUR 2,587 ±666 2,593 ±673 3,105 ±704 4,343 ±784 2,353 ±797  3,715 ±895 4,805 ±911 
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Table S5-4: Estimated map areas for Burned Land Cover Map (BLCM) by land-use zone. 
  

Absolute Area (km²)  Relative Area (%) 
Year Zone Zone tDEF DEF bDEF bAGR tBUR  Zon

e 
tDE

F 
DEF bDE

F 
bAG

R 
tBUR 

20
14

 

ASP 3,539 90 46 44 418 462  2.8 14.0 13.6 14.4 18.3 17.9 
CU 57,143 121 75 46 369 415  45.8 18.9 22.4 15.0 16.2 16.0 
MIL 18,172 6 6 0 29 29  14.6 0.9 1.8 0.0 1.3 1.1 
NDA 24,318 420 205 215 1,461 1,676  19.5 65.6 61.2 70.5 64.0 64.8 
TI 21,494 4 3 0 5 5  17.2 0.6 1.0 0.1 0.2 0.2 

20
15

 

ASP 3,539 62 29 33 252 286  2.8 13.6 17.3 11.5 11.0 11.0 
CU 57,147 142 40 102 420 522  45.8 31.1 23.8 35.4 18.2 20.1 
MIL 18,172 7 5 2 55 57  14.6 1.4 2.8 0.7 2.4 2.2 
NDA 24,317 244 92 152 1,566 1,717  19.5 53.4 55.1 52.4 68.0 66.2 
TI 21,494 2 2 0 10 11  17.2 0.5 1.1 0.1 0.4 0.4 

20
16

 

ASP 3,539 67 44 23 439 462  2.8 15.8 15.2 17.0 14.8 14.9 
CU 57,148 103 74 29 501 530  45.8 24.3 25.6 21.4 16.9 17.1 
MIL 18,172 30 28 2 67 69  14.6 7.2 9.8 1.6 2.3 2.2 
NDA 24,315 211 130 81 1,946 2,027  19.5 49.8 45.4 59.1 65.5 65.3 
TI 21,493 13 11 1 15 16  17.2 3.0 3.9 0.9 0.5 0.5 

20
17

 

ASP 3,539 49 22 27 681 709  2.8 14.8 12.1 18.0 16.3 16.3 
CU 57,138 73 44 29 805 834  45.8 22.0 24.3 19.2 19.2 19.2 
MIL 18,172 31 27 4 29 33  14.6 9.3 14.8 2.8 0.7 0.8 
NDA 24,311 173 83 90 2,669 2,759  19.5 52.1 46.0 59.4 63.7 63.5 
TI 21,492 6 5 1 8 9  17.2 1.8 2.8 0.6 0.2 0.2 

20
18

 

ASP 3,539 112 69 44 258 301  2.8 12.8 16.3 9.6 13.6 12.8 
CU 57,141 192 103 88 350 438  45.8 21.9 24.5 19.4 18.4 18.6 
MIL 18,172 15 10 5 47 52  14.6 1.7 2.3 1.1 2.5 2.2 
NDA 24,310 555 238 317 1,236 1,553  19.5 63.3 56.4 69.8 65.1 66.0 
TI 21,490 2 2 1 8 9  17.2 0.3 0.4 0.1 0.4 0.4 

20
19

 

ASP 3,539 95 40 56 592 647  2.8 12.1 12.0 12.2 18.2 17.4 
CU 57,139 248 119 128 528 656  45.8 31.4 35.9 28.1 16.2 17.7 
MIL 18,172 4 2 2 25 26  14.6 0.5 0.7 0.4 0.8 0.7 
NDA 24,308 437 166 271 2,109 2,380  19.5 55.3 49.9 59.2 64.7 64.0 
TI 21,490 6 5 0 5 6  17.2 0.7 1.5 0.1 0.2 0.2 

20
20

 

ASP 3,539 100 47 54 606 659  2.8 8.3 10.8 7.0 15.0 13.7 
CU 57,138 305 129 176 746 923  45.8 25.4 29.7 22.9 18.5 19.2 
MIL 18,172 24 15 8 53 61  14.6 2.0 3.6 1.1 1.3 1.3 
NDA 24,308 762 233 529 2,621 3,150  19.5 63.4 53.8 68.8 64.9 65.6 
TI 21,490 11 9 2 11 13  17.2 0.9 2.1 0.2 0.3 0.3 

Av
g 

(k
m

²/y
r)

 ASP 3,539 82 42 40 464 504  2.8 13.1 13.9 12.8 15.3 14.9 
CU 57,142 169 83 86 531 617  45.8 25.0 26.6 23.1 17.7 18.3 
MIL 18,172 17 13 3 44 47  14.6 3.3 5.1 1.1 1.6 1.5 
NDA 24,312 400 164 236 1,944 2,180  19.5 57.6 52.6 62.7 65.1 65.1 
TI 21,492 6 5 1 9 10  17.2 1.1 1.8 0.3 0.3 0.3 

To
ta

l 2
01

4-
20

20
 

ASP  576 295 280 3,246 3,526  
      

CU  1,183 584 600 3,719 4,319  
      

MIL  116 93 23 305 329  
      

NDA  2,801 1,148 1,654 13,608 15,262  
      

TI  43 38 5 63 68  
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Map Examples 

 

Figure S5-1: The image matrix shows Sentinel-2 (SEN) and Landsat (LND) observations from 2016 in a R-G-B = nIR-swIR-Red band combination, which are summarized 
in the BLCM map in the lower right.  NV = natural vegetation, (b)AGR = (burned) agriculture, (b)DEF = (burned) deforestation, OTH = others. Vicinity of 55.197914° 
W, 7.710598°S. 
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Figure S5-2: Selected Sentinel-2 (SEN) and Landsat (LND), Burned Area and Land Cover Map (BLCM) 2017 in vicinity of 55.04°W, 6.73°S, showing agricultural fires 
and forest fires, but small-scale deforestation only. YoD = Year of Deforestation map with overlaid PRODES polygons and deforestation years. 
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S6 Comparison with PRODES 
While we mapped higher deforestation rate than PRODES, the general temporal trends like the 

increase since 2017 were similar. A visual comparison revealed several examples, where the 

BLCM correctly mapped deforestation in the nominal year of occurrence but not so PRODES, 

as PRODES methodically considers the period from 1 August of the previous year to the 31 

July of the nominal year.  Specifically, for 2017 – 2019 we found examples like in Figure S7-1 

where PRODES did not map the loss of dense vegetation cover. However, there were also cases 

where BLCM did not map the deforestation described in PRODES, for example when the 

clearing of understory vegetation was not yet completed or continued for several years after the 

starting point of a logging event. 

The differences between the deforestation mapped in BLCM and PRODES can be explained 

by methodological differences: The BLCM considers deforestation within a nominal calendar 

year and its entire dry season, while PRODES refers to the period between August of the 

previous year to July. However, for a joint consideration of deforested and burned areas we 

think it makes more sense to consider a time period that encompasses the entire dry season. 

With a minimum mapping area of 3 ha, we potentially map more small-scale deforestation than 

PRODES with its minimum mapping area of 6.25 ha. This effect has been observed e.g. by 

Rajao et al. (2020), who reported that an increase of the minimum mapping area from 6.25 ha 

to 12.5 ha reduced the detected deforestation by 4 %. Complementing PRODIS by deforestation 

maps with higher spatial resolution is as more important, as small scale deforestation has 

increased in the past to avoid its detection by means of remote sensing (Kalamandeen et al., 

2018). Visual interpretation confirmed that our pixel-driven approach often mapped boundaries 

of deforested areas more accurate. However, we also found examples where the BLCM omitted 

 

Figure S6-1: Example for small-scale deforestation omitted by PRODES but mapped in BLCM. 
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deforestation, e.g., because it was stopped or delayer after the largest trees were removed, and 

a strong vegetation cover remained. In such cases, the deforestation was usually detected in a 

later year, when tree and shrub vegetation is finally removed to establish agricultural land-use. 

.

Figure S6-2: Comparison of mapped deforestation per land-use zone by PRODES (P) and BLCM (B). 
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S7 Calculation of adjusted map estimation for sub-areas: 
The accuracy assessment and correction of map estimates described in S5 provided adjusted 

map estimates for the entire study area. As a simplification we assume, that map errors are 

distributed equally over the entire study error and potentially affect the map estimation for sub-

areas, e.g., a land-use zone or a rural property, in the same way as they do for the entire map.  

To account for this, we adjusted the map estimation in sub-areas as followed: 

A = Total map area 

Ac = Total map area mapped with class c  

A’c = Total adjusted map area with class c 

A’ = Total adjusted map area 

fc = A’c / Ac = correction factor for class c 

S = Total subset area (S ≤ A) = Sc1 + … + Scn = sum of class areas mapped in subset 

S’c = Sc * fc = adjusted subset area of class c 

S’= S’c1 + … + S’cn = sum of adjusted subset class area 

The class proportions in a subset area are likely different to that in the entire map. To ensure 

that the sum of adjusted subset class areas is equal to the total subset area we scale the adjusted 

subset class areas by factor s = S / S’: 

S’’c1*s = final adjusted subset class area 

S’’ = S’c1*s + … + S’cn * s = S 
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S8 Rural property data 
Polygon data of rural properties was downloaded from the SICAR website 

(https://www.car.gov.br/publico/imoveis/index). The data was filtered by polygons which were 

located entirely within the study area. From these we removed duplicates with same geometry 

or same attributes, and polygons smaller than 0.1 ha, as they are likely digitizing errors. 

Violin plots visualize the development of land clearing (Figure S8-1) and agricultural burning 

(Figure S8-2) on different property size classes and land-use zones according to this legend. 

The distribution of fractional clearing / burning per property is shown by fraction density 

distribution and the mean value over all properties. 

 

Figure S8-1: Legend for violine plots in Figure S8-2 and Figure S8-3. 

https://www.car.gov.br/publico/imoveis/index
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Figure S8-2: Fraction of cleared (i.e., not NV) land by property size class and land-use zone. 
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Figure S8-3: Fraction of agricultural land that was burned (bAGR / tAGR) by property size class and land-use 
zone. 
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S9 Propensity score weighting 
Of all confounding variables, distance to road and elevation varied strongest between CU, ASP 

and NDAs (Figure S9-1). In CUs, for example, some deforested areas were often more than 

10 km away from a major road, while all ASP are located in vicinity of the BR-163 or one of 

its major transversal roads (Figure IV-1). 

 

Figure S9-1: Co-variate balances of sample points for each pair of land-use zone before and after propensity score 
adjustment. 
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Figure S9-2: Co-variate balances before and after pairwise propensity score matching for mean co-variate values 
calculated per rural property. 
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Chapter V: 
Synthesis 
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1 Summary 

Agricultural expansion is the main driver of the ongoing large-scale loss of tropical forests in 

the Brazilian Amazon. Deforestation (to establish new pastures and croplands) and fires are 

responsible for severe degradation and loss of natural habitats, increasing landscape 

fragmentation and GHG emissions. The spatial extent of these land-cover changes makes 

agriculture a key driver of global change. Environmental legislation, land-use policies, and 

public sector interventions seek to constrain further loss of tropical forests and to promote land 

sparing through sustainable agricultural intensification. However, land-use policies and 

enforcement, as well as landowners’ responses, tend to vary across space and time. At a time of 

unprecedented global change, explicit spatial mapping of agricultural expansion and detailed 

description of post-deforestation management practices improve our understanding of how 

land-use policies affect agricultural stakeholders and sustainability. 

Given the vast size and remoteness of the Amazon region, remote sensing is an indispensable 

tool when assessing agricultural expansion and post-deforestation land-use dynamics. EO 

sensors like Landsat and Sentinel-2 provide time series of sufficient spatial resolution to 

differentiate land uses at the scale of management units and rural properties. However, because 

of cloud cover and the nominal lower observation density in the tropics, the availability of 

usable EO data at pixel level is lower and more variable, making it difficult to map agricultural 

management activities beyond deforestation, such as tillage and agricultural fires. These may 

remain visible for only a short time and are quickly overlaid by subsequent processes. To date, 

while many studies have mapped deforestation and broader categories of landcover in the 

Amazon, spatially explicit maps of intra-annual land-use dynamics are rare, especially for 

pasture land uses. 

Against this background, the overarching goal of the present work was to improve our 

understanding of land-use dynamics in frontier regions of the Brazilian Amazon through 

spatially explicit mapping of agricultural management. To address this goal, the research 

bridges gaps related to (i) the visual identification and manual recording of agricultural 

management and (ii) the analysis of dense but often incomplete time series using a highly 

automated machine-learning approach. This made it possible to assess (iii) changes in 

deforestation and agricultural fires across different agricultural stakeholders under three 

governments. The research focused on the agricultural frontier region of Novo Progresso, which 

is characterized by high deforestation rates and different land tenure systems and has gained an 

infamous reputation for conflicts between agricultural producers, land grabbers, indigenous 
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populations, and environmental protection agencies. The key findings are summarized below 

in relation to the three main research objectives: 

1.1 Research Objective 1  
To create a software tool for (i) timely, interactive, and dynamic visualization of EO data and 

(ii) extraction of reference data for training and validation of EO mapping approaches. This 

research objective drove the development of the EO Time Series Viewer (EOTSV), a tool for 

visualizing and labeling EO time series data. The EOTSV provides a novel means of integrating 

a set of visualizations that are well known but not always well integrated, enabling interactive 

inspection of the spatial, spectral, and temporal properties of EO time series. The EOTSV also 

offers various shortcuts that accelerate the often time-consuming manual extraction of reference 

data for training and validation of EO mapping approaches. 

The EOTSV bridges functional gaps between various specialized GIS and DIP systems and 

viewers for visualizing EO time series data. The tool’s data-agnostic design supports the 

visualization of a wide range of remote sensing data formats and makes it easier to handle EO 

time series from multiple sensors. Published as a free open-source plugin for QGIS (the leading 

open-source GIS), the EOTSV can be used by a broad community of users of commercial and 

non-commercial applications. Ease of installation and the data-agnostic design facilitate 

integration with other remote sensing workflows. Although optimized for optical EO data, the 

EOTSV has also proved capable for Synthetic Aperture Radar (SAR) time series data. 

The first public version of the EOTSV (version 0.5) was released in May 2018. With continuous 

improvements based on the author’s own research, feedback from other scientists, and the 

evolution of the QGIS application programming interface (API), the EOTSV has now reached 

version 1.17. During this time, cloud processing platforms, especially those using the Google 

Earth Engine (GEE, Amani et al., 2020; Tamiminia et al., 2020). This raises the question of 

whether it would be more appropriate to implement the EOTSV as a GEE service. However, 

more recent projects like the GEE Time Series Explorer (Rufin et al., 2021c) have shown that 

GEE results can also be visualized smoothly on desktop systems running QGIS. 

Based on free- and open-source frameworks, software solutions like the EOTSV can be 

installed and used on a broad range of platforms ranging from local laptops to online cloud 

providers that offer big data processing and infrastructure as a service (IaaS). In addition, the 

EOTSV can visualize EO time series data offline, and this capability should not be 

underestimated, as it remains indispensable for fieldwork—for example, to capture 

environmental conditions in situ, plan day excursions, or communicate with local stakeholders. 

https://de.wikipedia.org/wiki/Synthetic_Aperture_Radar
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The research in Chapter III and Chapter IV was facilitated by the EOTSV. Both studies 

depended on an extensive review of all available observations from Landsat 7+8, as well as 

observations from Sentinel 2A+B in the case of IV. Other GIS data were also consulted, 

including the PRODES deforestation data and TerraClass land-cover maps, along with very 

high spatial resolution (VHR) observations from RapidEye and Pléiades. The EOTSV 

significantly accelerated identification of reference data, including training examples for 

deforested, burned, and tilled areas, as well as counter-patterns like undisturbed forests and 

dried but non-tilled pastures. In addition, the EOTSV was extensively used to label randomly 

sampled validation points. For many of these training and validation samples, it was necessary 

to inspect multiple observations from the year in question and to compare these with previous 

years. The experience gained during this process also informed EOTSV improvements such as 

debugging, optimization of code execution, and new shortcuts for faster navigation and 

labeling. 

1.2 Research Objective 2 
To develop an integrated mapping of land-cover dynamics and agricultural management 

practices that are typical of tropical regions, based on dense intra-annual EO time series. 

This research objective was addressed by the development of the clear observation sequence 

(COS) approach described in Chapter III and its further adjustment for the study in Chapter IV. 

The core aim of COS is to map land-cover changes that typically occur in a short time window 

and remain only briefly visible; in the study region, this is often the case for agricultural 

management activities like burning and tillage. The novelty of COS lies in its approach to data 

gaps in EO time series. First, by strictly avoiding temporal data gap interpolation, COS 

preserves the order and magnitude of spectral characteristics that are distinctive but sometimes 

quickly overlaid because of agricultural management practices. In so doing, the temporal signal 

is not overprinted (for example, by a “smoothing” interpolation model). Second, COS converts 

incomplete EO time series into gap-free feature stacks, supporting seamless processing that 

uses state-of-the-art mapping approaches. For present purposes, the Random Forest (RF) 

algorithm was favored for its fast runtime behavior, but COS feature stacks could readily be 

used as input for other mapping approaches involving SVM or deep learning methods like 

convolutional, recurrent, or transformer networks. 

As reported in Chapter IV, COS can also be used with time series comprising observations from 

different EO sensors (in this case, Landsat and Sentinel-2), as well as different sets of spectral 

or temporal indices optimized for the given research question. Finally, the successive evaluation 

of COS feature stacks derived for each single observation date and aggregation into annual COS 
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feature scores ensures the exhaustive analysis of all available observations. Compared to “best-

pixel” approaches, which rely on single pivotal observations or those within smaller temporal 

windows, the COS approach literally leaves no clear pixel behind. COS can also be calculated 

for limited time windows, what may be useful for mapping land management activities like 

crop harvesting, which typically occurs only during certain months of the year. 

In Chapter III, the COS approach enabled detection of indicators of burning and tillage in post-

deforestation areas with adjusted overall accuracies of ≥ 90% and ~98%, respectively. In 

Chapter IV COS were used to map a modified set of thematic classes for a larger area and a 

greater number of years. Overall accuracies were generally high; for example, mapping of 

burned areas achieved a mean accuracy of 92% and 90% for users and producers, respectively. 

1.3 Research Objective 3  
To assess how the dynamics of land use in the frontier region of Novo Progresso have changed 

following recent political developments in Brazil. 

This research objective was addressed in Chapter IV, which analyzed burned areas and land-

cover changes in the Novo Progresso region between 2014 and 2020. This period overlaps with 

three Brazilian presidencies: Dilma Rousseff (2011–2016), Michel Temer (2016–2018) and Jair 

Bolsonaro (since 2019). Based on the analysis of dense Landsat and Sentinel-2 time series using 

COS and novel quasi-experimental methods of statistical assessment, Chapter IV represents 

one of the most comprehensive reconstructions to date of land-cover dynamics in the study 

region. The results clearly show that political changes in Brazil have had a strong and immediate 

negative effect on the environmental sustainability of land-use practices. 

Between 2014 and 2020, 4.3% of primary forests in Novo Progresso (4,720 km² or 3.8% of the 

area) suffered deforestation; this is equivalent to three times the area of São Paulo or five times 

the area of Berlin. In 2017—the year following the impeachment of President Dilma Rousseff—

deforestation in the study region (331 km²) was the lowest in more than ten years. However, 

deforestation rates increased rapidly from 2018 onward, reaching 1,201 km² in 2020—the 

highest level in a decade. Similar developments have been reported in other parts in the 

Amazon, largely as a result of political decisions made by the Temer and Bolsonaro 

administrations (especially the latter) that weakened environmental legislation and 

enforcement. 

Most of this deforestation and burning has occurred in non-designated areas (57.6% and 

65.1%), conservation units (25.0% and 18.3%), and agricultural settlement projects (13.1% and 

14.9%); large military and indigenous territories remain mostly unaffected. In general, 
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conservation units are less likely to suffer deforestation than non-designated areas and 

agricultural settlement projects. Following the Rousseff presidency, however, deforestation 

rates increased in all three land-use zones, most alarmingly in conservation units. The 

agricultural settlement projects and smaller rural properties associated with smallholder and 

family farming were most likely to suffer deforestation and recorded the highest number of 

clearing fractions per property. In terms of absolute area, most of this deforestation affected 

non-designated areas and medium- to large-sized properties. This may indicate that export-

oriented agribusinesses in particular expanded their production area in response to political 

change. 

During the same period, the total area burned annually was much larger, ranging from 2,343 km² 

in 2018 to 4,805 km² in 2020. Although burning activities have clearly increased during the 

Bolsonaro presidency, these changes were less marked than the increase in deforestation, 

confirming that fire remains an important management tool frequently used by local agricultural 

producers. Chapter IV clearly shows that a majority of these burned areas were agricultural land 

that had been deforested some years ago; only 3% to 19% of burned areas involved clearance 

of primary forest vegetation. 

2 Conclusions 

EO time series data from satellite missions like Landsat and Sentinel-2 can be used to map the 

dynamics of land-use and land-cover changes in large and remote areas of the Brazilian 

Amazon. These maps facilitate assessment of the impacts of policy changes on natural and 

agricultural ecosystems in agricultural frontier areas. However, frequent cloud cover and the 

often fleeting visibility of intra-annual agricultural management activities pose major 

challenges for remote-sensing analysis of agricultural land-use dynamics in these areas. To 

address these challenges, the present research reports the development of the EO Time Series 

Viewer and the Clear Observation Sequence (COS) approach, which were used to analyze the 

impacts of political change on agricultural land use in the Novo Progresso region. Based on this 

work, the following conclusions can be drawn. 

The EO Time Series Viewer facilitates visualization and labeling of EO time series. 

Interactive visualization tools are crucial for the description and analysis of land-use dynamics. 

Visual interpretation of large volumes of EO data is often time-consuming but remains an 

indispensable step in remote sensing analysis. The present findings confirm that the EOTSV’s 

unprecedented integration of different interactive visualizations allows remote sensing analysts 
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to explore the spatial, spectral, and temporal dimensions of EO time series more quickly and 

efficiently. Use of the EOTSV also accelerates collection of the reference data needed for 

training and validation of mapping techniques and results. The EOTSV’s data-agnostic design 

and flexible sensor model make it useful in a wide range of settings from laptop-based fieldwork 

in remote areas to cloud infrastructures for processing big EO data. The EOTSV improves 

understanding of land-use dynamics by supporting the mapping of land-use and land-cover 

changes and quality assessment of the resulting maps. 

The EOTSV also demonstrates how the synergistic use of GIS and DIP data visualization 

concepts can enhance the analysis of remote sensing data and confirms the value of platform-

independent free- and open-source frameworks like QGIS and GDAL. Developed by an active 

user community, these frameworks are continuously maintained and improved, and platforms 

like the QGIS plugin repository help to dismantle barriers to the distribution and use of 

scientific software. 

Clear observation sequences support the mapping of agricultural land-use dynamics. 

The COS approach introduces a new methodology for deriving detailed information about land-

use dynamics from remote sensing time series data. In many agricultural ecosystems, land-

cover changes serve as indicators of plant phenology and the presence and intensity of land 

management practices. While the increasing number of EO systems promises to reduce 

temporal observation gaps, mapping agricultural land management remains challenging in 

tropical regions because of frequent cloud cover. To address this problem, COS exhaustively 

analyzes all available non-clouded or “clear” observations in short time windows, which may 

be of variable duration. In the present research, COS was successfully used to map deforested, 

burned, and tilled areas, as well as more persistent land cover. This ability to analyze dense but 

irregular or interrupted EO time series complements other state-of-the-art techniques such as 

spectral temporal metrics for time windows of static duration (e.g., annual or monthly). 

Agricultural expansion and fires have increased in the Novo Progresso region. 

The present findings improve existing understanding of agricultural land-use dynamics in the 

Brazilian Amazon and especially in the Novo Progresso region in Southern Pará. As reported 

in Chapter IV, the use of COS to map land cover and land-cover changes supported one of most 

comprehensive reconstructions to date of recent land-cover dynamics in an Amazon agricultural 

frontier. Combining data on deforestation, fire, and land-cover changes at high spatial 

resolution, COS provides a synergistic view of agricultural expansion and management beyond 

PRODES and MODIS mapping of deforestation and burned areas, respectively. Using quasi-
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experimental methods, Chapter IV provides strong statistical evidence of the Bolsonaro 

administration’s negative impact on conservation efforts. In particular, agricultural expansion 

in non-designated areas and conservation units often involves rural properties associated with 

large-scale and export-oriented agribusiness. The present research clearly demonstrates how 

rapid and radical national policy changes can affect local patterns of agricultural land use and 

reverse previous successes related to deforestation reduction. 

In relation to agricultural land-use mapping, the present research focused on tillage (Chapter 

III) and burning (Chapter III and IV) as characteristic agricultural management processes in the 

study region. Differentiation by pasture age confirmed that fire remains important as a tool for 

pasture management years after the clearance of primary forest vegetation. 

3 Implications and Outlook 

Reconciling climate and environmental protection goals with demands for prosperity and social 

justice is one of the greatest challenges of the twenty-first century (Sachs et al., 2019). Given 

the high levels of agricultural land use and the relevance of agriculture for food security and 

GHG emissions reduction, the use of remote sensing to monitor farming practices will play a 

key role in achieve the United Nations Sustainable Development Goals (SDG, Whitcraft et al., 

2019). 

To that end, dense EO time series will remain crucial as a means of capturing agricultural land-

use intensity. The successful launch of Landsat 9, the scheduled launch of Sentinel-2C in 2024 

(ESA, 2021), and the planned Landsat 10 (Wu et al., 2019) mean that EO data similar to those 

used here will be available in the near future to complement existing EO time series. It also 

seems likely that the increasing activities of commercial data providers will continue to change 

the “Landscape of Geoinformation markets” (Mathieu & Aubrecht, 2018) by offering EO data 

at increasing spatial and temporal resolutions and cloud-based analysis at decreasing cost. In 

the present research, VHR observations from RapidEye and Pléiades were used for visual 

interpretation only. With the increased availability of such data (based on appropriate funding 

or free-data models for scientific use), mapping intra-annual land-cover dynamics can be 

expected to benefit from automated approaches that use EO time series data from HR and VHR 

sensors, as well as SAR data from sources like Sentinel-1. 

Systematic analysis of VHR time series data is likely to improve agricultural land-use mapping 

based on HR Landsat and Sentinel-2 time series data in a number of ways. As VHR observations 

support identification of reference fractions per HR pixel, this information could be used for 
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unmixing to estimate fractional cover of soil and photosynthetic and non-photosynthetic 

vegetation per HR pixel (Kowalski et al., 2022). Using pan-sharpening, VHR observations 

could also be used to increase the spatial resolution of HR time series. With similar spectral 

bands, VHR observations could also be used to densify HR time series, bridging cloud-related 

observational gaps and improving the visibility of pasture grazing cycles and the timing of 

burning, moving, tilling, and other management events. Geographic object-based image 

analysis (GEOBIA, Lang et al., 2019) could be used to assess the spatial and topological 

information in VHR images; for example, segmentation algorithms or convolutional neural 

networks could be used to delineate the boundaries of pastures and crop fields or to identify 

farm infrastructure. Data at submeter resolution would enable differentiation of vegetation 

communities based on differences in canopy structures or patterns typical of shrubs and 

secondary regrowth on degraded pastures. 

Satellite missions like the forthcoming Environmental Mapping and Analysis Program 

(EnMAP), the Copernicus Hyper Imaging Mission (CHIME), and the Soil Biology and 

Geology (SBG) program will provide EO time series data based on imaging spectroscopy (Rast 

& Painter, 2019). The hyperspectral resolution of these data can further enhance agricultural 

land-use mapping—for example, by deriving biophysical and biochemical variables or land-

cover fractions (Hank et al., 2018; Verrelst et al., 2018). 

In any case, given the ongoing importance of reference data for training and validation based 

on the interpretation of multiple GIS and remote sensing data sources, it will be essential to 

develop and enhance tools for visualizing these diverse data sets for optimal use of EO time 

series data. This should include continued development of the EOTSV—for instance, by 

incorporating new native QGIS features to improve runtime behavior and integration with other 

QGIS components. EOTSV labeling could be enhanced specifically for tasks based on VHR 

data; for example, new shortcuts might help to accelerate labeling of land-cover fractions per 

single HR pixel as inputs for unmixing or extraction of labeled image chips for calibration of 

deep CNNs. To date, the EOTSV relies on 2D visualization in the form of spatial maps or as 

plots with spectral or temporal profiles. These could be complemented by interactive 3D 

visualizations to highlight changes in temporal or spatial gradients. For example, no interactive 

tool has yet been developed to generate the spectral-temporal or spectral-spatial surfaces 

referred to in the literature (e.g. in Villa et al., 2013). 

For practical reasons, the COS approach could usefully be ported into a framework specialized 

for large-area image processing. In the present case, COS was implemented in Python for rapid 

prototyping and customization, but performance penalties became evident when processing 
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large data volumes. As FORCE has already been used here for pre-processing and 

harmonization of Landsat and Sentinel-2 data, this seems the best candidate for COS 

integration. The ESA OpenEO cloud and the Google Earth Engine are also promising 

candidates for COS rollout for larger areas. 

Differentiation of agricultural areas (e.g., cropland, intensive/extensive pasture, abandoned 

land) would potentially enable differentiation of agricultural management purposes in greater 

detail. Combining COS-based maps with vegetation gradients derived from phenological 

metrics (Schwieder et al., 2016) or spectral unmixing (Senf et al., 2020) seems likely to deliver 

more spatially explicit insights into agricultural management. For example, pixel-based 

fractions of shrub, grass, or tree vegetation might help to distinguish fires used for weed control 

or removal of crop residue from those used to restore fallowed pastureland (capoeiras). 

Mapping of land-cover dynamics in the Amazon and other ecoregions will remain an important 

element in assessing human-ecosystem interactions and evaluating the sustainability of land-

use policies. While the current situation in the Brazilian Amazon is extremely worrying, the 

country’s ability (before 2018) to implement land-use policies that significantly reduced 

deforestation may offer some hope. The present work suggests a number of opportunities for 

further research. In light of the upcoming general elections in Brazil (in October 2022), the 

analysis in Chapter IV could be extended to examine the implications of a (potentially) new 

administration for land-use dynamics in the Novo Progresso region. By extending the study 

area (for example, to include the entire Pará and Mato Grosso or the Brazilian Legal Amazon 

as a whole), any differences between related federal states could be analyzed, including 

differences between land-use zones and agricultural stakeholders. 

In that context, it is worth noting that the author initially expected to observe opposite trends in 

regional agricultural development—in other words, decreasing rates of deforestation and fewer 

agricultural fires. This misapprehension was based on subjective impressions formed during 

fieldwork for an earlier research project in 2014. At that time, levels of environmental protection 

and law enforcement were visibly higher, and local farmers discussed how pasture productivity 

and contents of soil organic carbon could be improved without using fires to control weeds and 

pests. Unfortunately, the Ukraine crisis and its likely impacts on global trade in agricultural 

commodities means that the present unsustainable path of agricultural production in the 

Amazon and across South America is likely to continue; again, perhaps future research will 

prove this judgment wrong. 
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