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Fire is the dominant method of deforestation and agricultural maintenance in 

Amazonia, and these land-use fires frequently escape their intended boundaries and 

burn into adjacent forests.  Initial understory fires may increase forest flammability, 

thereby creating a positive fire feedback and the potential for long-term changes in 

Amazon forest structure.  The four studies in this dissertation describe the 

development and integration of satellite remote sensing and ecosystem modeling 

approaches to characterize land-use fires and their consequences in southern Amazon 

forests.  The dissertation contributes three new methods: use of the local frequency of 

satellite-based active fire detections to distinguish between deforestation and 

maintenance fires, use of satellite data time series to identify canopy damage from 

understory fires, and development of a height-structured fire sub-model in Ecosystem 

Demography, an advanced ecosystem model, to evaluate the impacts of a positive fire 

feedback on forest structure and composition.  Conclusions from the dissertation 

  



demonstrate that the expansion of mechanized agricultural production in southern 

Amazonia increased the frequency and duration of fire use compared to less intensive 

methods of deforestation for pasture.  Based on this increase in the frequency of land-

use fires, fire emissions from current deforestation may be higher than estimated for 

previous decades.  Canopy damage from understory fires was widespread in both dry 

and wet years, suggesting that drought conditions may not be necessary to burn 

extensive areas of southern Amazon forests.  Understory fires were five times more 

common in previously-burned than unburned forest, providing satellite-based 

evidence for a positive fire feedback in southern Amazonia.  The impact of this 

positive fire feedback on forest structure and composition was assessed using the 

Ecosystem Demography model.  Scenarios of continued understory fires under 

current climate conditions show the potential to trap forests in a fire-prone structure 

dominated by early-successional trees, similar to secondary forests, reducing net 

carbon storage by 20-46% within 100 years.  In summary, satellite and model-based 

results from the dissertation demonstrate that fire-damaged forests are an extensive 

and long-term component of the frontier landscape in southern Amazonia and suggest 

that a positive fire feedback could maintain long-term changes in forest structure and 

composition in the region.  
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Chapter 1: Introduction 

 

1.1 Background 
 

The Amazon basin contains more than one-third of the world’s remaining 

humid tropical forests (4 x 106 km2) and provides a range of important ecosystem 

services such as climate regulation, carbon sequestration, and maintenance of 

biodiversity (Millennium Ecosystem Assessment, 2005; Hansen et al., 2008).  

Although six countries share administrative control of forest resources in Amazonia, 

the majority (60%) of the Amazon basin is under Brazilian jurisdiction (Figure 1-1).  

The Brazilian “Legal Amazon” designation also includes the full extents of Amapá, 

Mato Grosso, and Tocantins states and Maranhão state west of 44° W longitude.   

The ‘arc of deforestation’ along the southern and eastern extent of the 

Brazilian Amazon is the most active land-use frontier in the world in terms of total 

forest loss (FAO, 2006) and deforestation rates during 2000-2005 (Hansen et al., 

2008) (Figure 1-1).  Numerous studies have documented the economic and political 

incentives driving phases of frontier expansion and deforestation in the Brazilian 

Amazon (e.g., Sawyer, 1984; Schmink & Wood, 1992; Margulis, 2004).  Historically, 

variations in forest clearing rates have been linked with changes in access to the 

region; thus, road construction and migration were critical precursors to forest losses. 

During the 1980s and 1990s, large-scale colonization projects, credit incentives, and 

steady investment in the region led to annual forest losses of 1-3 million ha in the 

Brazilian Amazon (INPE, 2008).  Planned investments to upgrade roads and build  
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Figure 1-1: Six countries administer portions of the Amazon Basin in South America.  
The Brazilian Legal Amazon extends beyond the Amazon Basin to include the 
historic range of contiguous tropical forest in Brazilian territory.  Dense tropical 
forests appear dark green and savanna or Cerrado regions appear light green in the 
2000 percent tree cover data layer from the MODIS Vegetation Continuous Fields 
(VCF) product (Hansen et al., 2002).  The names of Brazilian states in the Legal 
Amazon are abbreviated using postal codes:  RR: Roraima, PA: Pará, AP: Amapá, 
MA: Maranhão, TO: Tocantins, MT: Mato Grosso, RO: Rondônia, AC: Acre, and 
AM: Amazonas. 

dams to extend navigable waterways may therefore accelerate forest losses in regions 

that currently have limited transportation infrastructure (Nepstad et al., 2001; Kirby et 

al., 2006; Soares-Filho et al., 2006). 

In recent years, economic forces within and beyond Amazonia have exerted 

stronger control over deforestation rates and post-clearing land uses, including 

domestic and global demand for beef, soybeans, and wood products (Fearnside, 2001; 
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Chomitz & Thomas, 2003; Margulis, 2004; Asner et al., 2005; Naylor et al., 2005; 

Morton et al., 2006; Nepstad et al., 2006b).  Current deforestation dynamics in the 

Brazilian Amazon represent a new paradigm of intensive agricultural production 

driven by industrial-scale operators (Morton et al., 2006; Hansen et al., 2008).  The 

combination of larger clearings for mechanized agriculture and lower rates of land 

abandonment alters the patterns of forest fragmentation and increases net carbon 

emissions from deforestation in Amazonia compared to previous decades (Alves et 

al., in press).   

The state of Mato Grosso is a focal region in the discussion of changing land 

use dynamics in Amazonia due to high rates of recent deforestation and a strong 

seasonal climate (Figure 1-1).  Mato Grosso contributed 40% of the estimated 

deforestation and nearly 100% of the growth in mechanized cropland in the Brazilian 

Amazon during 2000-2005 (Morton et al., 2006; INPE, 2007).  Forest degradation 

from selective logging was also widespread in Mato Grosso during 1999-2002, 

accounting for more than 60% of satellite-based estimates of logging activity in the 

Brazilian Legal Amazon during this period (Asner et al., 2005).  Mato Grosso 

experiences a 3-5 month dry season which facilitates the use of fire for land clearing 

and management compared to less seasonal Amazon regions (Nepstad et al., 2004; 

Giglio et al., 2006a).  Low dry-season cloud cover and large-scale deforestation 

activity in Mato Grosso also aids satellite-based remote sensing of changes in forest 

cover and land-use fires (Asner, 2001; Morton et al., 2005; INPE, 2006; Schroeder et 

al., 2008a).  Nevertheless, the fragmented and rapidly-changing landscape in Mato 
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Grosso complicates efforts to isolate the individual contributions from selective 

logging, deforestation, and fires to canopy damage identified in satellite data.   

 

1.2 Land-use Fires in Amazonia 
 

Land-use fires are the dominant source of ignitions in Amazonia (Sanford et 

al., 1985; Goldammer, 1990) and the primary method of both deforestation and 

agricultural maintenance (Cochrane, 2003; Schroeder et al., 2005; Schroeder et al., 

2008b).  Fires are in deforested areas set to burn trunks, stumps, and woody roots 

following clear-felling of forest vegetation in preparation for cattle ranching or crop 

production (Figure 1-2).  These fires may also be described as “conversion fires” 

since burning is part of a land cover conversion.  Maintenance fires include burning 

for routine management of cattle pastures to reduce woody encroachment or to 

eliminate crop residues in agricultural fields (Figure 1-2).  Land-use fires in 

Amazonia are most common during the end of the dry season because extended 

rainless periods reduce fuel moisture and the nutrient-rich ash layer enhances 

agricultural productivity at the onset of the rainy season (Schroeder et al., 2005). 

Satellite observations are the only reasonable way to monitor land-use fire 

activity over large regions such as Amazonia (e.g., Setzer & Pereira, 1991; Schroeder 

et al., 2005; Giglio et al., 2006a; Schroeder et al., in press).  A range of data products 

exist for detection of active fires from satellites (e.g., Setzer & Pereira, 1991; Prins & 

Menzel, 1992; Giglio et al., 2003; Giglio et al., in press).  Despite limitations 

regarding spatial and temporal coverage of satellite observations (Cardoso et al., 

2005; Schroeder et al., 2005; Schroeder et al., 2008b), satellite-based time series of  
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Figure 1-2: A photo series of fire types in Amazonia.  Deforestation fires (a) are set 
after cutting trees and understory vegetation to permit agricultural use.  Maintenance 
fires (b) such as this pasture fire are set to reduce woody encroachment.  Understory 
forest fires (c) are typically the result of deforestation or maintenance fires that escape 
their intended boundary and burn into adjacent forest areas. 
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fire activity have defined distinct diurnal, seasonal, and spatial patterns of land-use  

fires in Amazonia (e.g., Schroeder et al., 2005; Giglio et al., 2006a; Giglio, 2007; 

Schroeder et al., in press).  However, the relative contributions from land-use fires for 

deforestation and agricultural maintenance to satellite-based fire detections remain 

uncertain, due in part to the difference in spatial resolution between satellite data and 

landscape heterogeneity.  

 

1.3 Understory Forest Fires in Amazonia 
 

Land-use fires for deforestation and agricultural maintenance in Amazonia 

frequently escape their intended boundaries and burn into adjacent forests (Figure 1-

2).  The resulting understory forest fires are low-intensity surface fires that burn leaf 

litter and fine fuels on the forest floor (Cochrane et al., 1999).  However, damage to 

cambial tissue from these slow-moving understory fires may cause high rates of 

canopy-tree mortality because few Amazon tree species have fire-adapted traits (Uhl 

& Kauffman, 1990; Holdsworth & Uhl, 1997; Cochrane & Schulze, 1999).  Selective 

logging increases the risk of understory fires in Amazon forests because canopy gaps 

permit greater penetration of sunlight to the forest floor and slash from logging 

increases fuel loads (Holdsworth & Uhl, 1997; Nepstad et al., 1999b).  Once burned, 

forests become more susceptible to future burning based on changes in canopy 

structure and the proliferation of short vegetation in canopy-tree gaps (Cochrane & 

Schulze, 1999; Barlow et al., 2003).  Figure 1-3 diagrams this positive fire feedback 

from land-use fires in Amazon forests.  Recurrent fire damage in previously-burned 

forest is one potential mechanism for large-scale changes in Amazon forest structure 
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from land-use fires (Cochrane & Schulze, 1999).  Conversion of Amazon forests into 

fire-adapted grasslands or woodlands from repeated exposure to land-use fires, a 

process referred to as “savannization,” would have dramatic consequences for carbon 

storage and biodiversity (Cochrane & Schulze, 1999; Cochrane, 2003). 

 

 

Positive Fire Feedback 

Forest  
Flammability 

Selective Logging
Drought 
Fragmentation 
Understory Fires 

+

Land-use Fires

+Intact 
Burned 

Understory Fires  

Figure 1-3: Changes in forest structure from initial fire exposure may increase forest 
flammability, leading to a positive fire feedback in Amazon forests (Cochrane & 
Schulze, 1999; Nepstad et al., 1999a).  Selective logging, drought, or edge effects 
from forest fragmentation may also increase forest flammability.  Anthropogenic 
ignitions are critical to initiate and continue the feedback mechanism, as land-use 
fires burn into flammable forest to create understory fires.  The feedback ends when 
land-use fires cease or forest flammability declines due to forest regrowth or 
decomposition of surface fuels (Cochrane, 2003). 
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Understory forest fires represent a challenge for satellite-based active fire 

detection and burn scar mapping since canopy trees may obscure evidence of fire 

energy and ash, respectively (Giglio et al., 2003; Giglio, 2007; Roy et al., 2008).  

Recent studies have mapped understory fires in Amazonia using nighttime active fire 

detections (Elvidge et al., 2001), high-resolution optical sensors such as Landsat (e.g., 

Cochrane & Souza, 1998; Cochrane & Laurence, 2002; Phulpin et al., 2002; Alencar 

et al., 2006), and field surveys (Nepstad et al., 1999b; Alencar et al., 2004).  

However, none of these approaches have been implemented over large regions to 

evaluate the annual or cumulative forest degradation from understory fires in 

Amazonia.  As a result, the total impact from land-use fires on Amazon forests, 

including degradation of habitats and loss of biodiversity, may be significantly 

underestimated (Peres et al., 2006).   

 

1.4 Global Context of Land-use Fires in Amazonia 
 

Globally, tropical deforestation accounted for an estimated 13-25% (0.9 – 2.2 

Pg C) of annual atmospheric CO2 emissions from anthropogenic activities in recent 

decades (Houghton et al., 2000; Achard et al., 2002; DeFries et al., 2002; Houghton, 

2003; Canadell et al., 2007).  Fire emissions contribute to the total carbon loss from 

deforestation, although the fraction of forest biomass that is lost from combustion 

versus decomposition remains uncertain (e.g., Fearnside et al., 1993; Carvalho Jr. et 

al., 2001; Morton et al., 2006).  In tropical forest nations such as Brazil, carbon 

emissions from deforestation also constitute a large fraction of the total greenhouse 

gas emissions from anthropogenic activities (MCT, 2004).  Reducing emissions from 
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Deforestation and Degradation (REDD) in tropical forest regions has therefore 

emerged as a priority for the next global agreement to regulate anthropogenic 

greenhouse gas emissions (e.g., Santilli et al., 2005; Gullison et al., 2007).  

Improving and implementing satellite-based methods to monitor deforestation and 

degradation is a central aspect of REDD (DeFries et al., 2007).  However, technical 

preparations for REDD have largely focused on existing methods for identifying 

deforestation and logging (e.g., Asner et al., 2005; Souza Jr. et al., 2005a; Oliveira et 

al., 2007; INPE, 2008) because satellite-based approaches to detect forest degradation 

from understory fire are not yet available (GOFC-GOLD, 2008).   

Understory fires in Amazon forests are potentially a large source of 

atmospheric carbon emissions, particularly during drought conditions associated with 

El Niño Southern Oscillation (ENSO) phenomena (Nepstad et al., 1999b; van der 

Werf et al., 2004; Randerson et al., 2005; Alencar et al., 2006).  Alencar et al. (2006) 

estimated a gross committed flux of 0.05-0.33 Pg C for respiration of fire-killed trees 

from the 1997-1998 ENSO, but the net contribution of forest burning to carbon 

emissions from Amazonia remains uncertain.  Improving estimates of the long-term 

carbon consequences of understory fires will require time series of satellite 

observations or ecosystem models to evaluate the net impact from forest regrowth and 

future disturbances in burned forests.  Additionally, long-term carbon losses from a 

positive fire feedback in Amazon forests may depend on future climate variability; a 

return of drought conditions during 2005 in western Amazonia resulted in widespread 

forest fire activity (Brown et al., 2006; Aragão et al., 2007; Zeng et al., 2008), 
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highlighting the role of rainfall anomalies for understory fires in regions where land 

use is concentrated.   

 Modeling studies of current (Oyama & Nobre, 2003) and future climate (Cox 

et al., 2004) show the potential for Amazon “dieback” through climate-induced forest 

loss.  However, the mechanisms of forest dieback in these studies, vegetation and 

carbon-cycle feedbacks with regional and global climate, respectively, do not include 

the direct influence of land use on Amazon forest structure or extent.  Continued 

deforestation and understory fires in Amazon forests could also lead to large changes 

in carbon storage in Amazonia in the absence of climate-related feedbacks (Soares-

Filho et al., 2006).   

Synergistic effects between land-use fires and changing climate could 

potentially accelerate forest losses in Amazonia.  Reductions in precipitation over the 

Amazon region from climate change may exacerbate future fire risk in Amazon 

forests (Hoffmann et al., 2003), similar to conditions during recent drought events 

(Nepstad et al., 2004; Malhi et al., 2008; Zeng et al., 2008).  Climate projections for 

the 21st century suggest that the strongest reduction in dry-season precipitation may 

occur in southern Amazonia (Meehl et al., 2007; Malhi et al., 2008) where land-use 

fires are currently most concentrated (Giglio et al., 2006a).  Forest burning could also 

feed back on climate, further increasing fire risk; changes in forest structure from fire 

damage could strengthen rainfall reductions by altering local convective activity 

(Werth & Avissar, 2002) or enhancing global climate forcing through carbon-cycle 

feedbacks (Cox et al., 2004; Friedlingstein et al., 2006).  Characterizing the extent of 

canopy damage from understory fires in Amazonia under current climate conditions, 
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in addition to climate anomalies that increase forest fire activity, is therefore an 

important research priority. 

 

1.5 Priority Questions Regarding Land-use Fires in Amazonia  
 

Reducing uncertainties regarding carbon emissions from deforestation and 

degradation and the long-term impacts on Amazon forests of a positive feedback from 

land-use fires remain critical areas for additional research using satellite remote 

sensing and ecosystem models.  Several priority research questions regarding land-

use fires in Amazonia include:  

• How has the trend towards intensification of agricultural production in southern 

Amazonia altered the use of fire for deforestation?  Characterizing the spatial and 

temporal patterns of fire activity for different land uses in Amazonia is critical to 

estimate carbon emissions and their atmospheric transport (e.g., Freitas et al., 

2006; van der Werf et al., 2006) and the risk of understory fires in adjacent forest 

areas (Alencar et al., 2004).   

• What is the extent and frequency of forest damages from understory fires in 

southern Amazonia?  Satellite-based mapping and real-time monitoring of 

deforestation are well-established (INPE, 2006; INPE, 2007), and several recent 

studies have identified new approaches for automated detection of selective 

logging in Amazonia (Asner et al., 2005; Matricardi et al., 2005; Souza Jr. et al., 

2005a).  However, a method for routine mapping of canopy damages from fire 

remains a research priority for both science and policy objectives (e.g., REDD). 
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• What are the long-term carbon consequences from changes in forest structure due 

to recurrent fires in Amazon forests?  A positive fire feedback in Amazon forests 

that maintains changes in forest structure and species composition from initial fire 

damages could reduce long-term carbon storage in Amazonia relative to current 

conditions (Cochrane & Schulze, 1999; Cochrane, 2003; Barlow & Peres, 2008). 

This dissertation integrates satellite remote sensing and ecosystem modeling 

approaches to specifically address the priority research areas outlined above.  

Individual studies in the dissertation focus on dynamics of land-use fires and evidence 

for a positive fire feedback in southern Amazon forests.  The emphasis on this region 

is based on the collocation of rapid land use change (Morton et al., 2006; Hansen et 

al., 2008), seasonal climate (Vourlitis et al., 2001; Nepstad et al., 2004), and 

projections of dry-season precipitation reductions from climate change (e.g., Malhi et 

al., 2008).   

 

1.6 Objectives 
 

The specific objectives of the dissertation were: 

1. To characterize spatial and temporal trends in deforestation fires 

related to intensification of agricultural production in southern 

Amazonia. 

2. To evaluate the interannual variability in fire-damaged forest in 

southern Amazonia in relation to fire ignitions, deforestation, selective 

logging, and regional precipitation anomalies. 
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3. To quantify the frequency of recurrent fires in previously-burned 

forests to assess the potential for changes in forest structure from a 

positive fire feedback in Amazonia. 

4. To evaluate the carbon consequences and long-term changes in forest 

structure from repeated understory fires in Amazon forests by 

integrating satellite remote sensing and ecosystem modeling 

approaches.   

 

1.7 The Dissertation and its Organization 
 

Chapter 1 (this chapter) presents a brief overview of land-use fires in 

Amazonia for deforestation and land management, contemporary trends towards 

intensification of land use, and consequences of forest burning for carbon emissions 

and changes in Amazon forest structure that provide the context for the work 

presented in the dissertation.     

Chapter 2 describes a new approach to estimate the contribution from 

deforestation to fire activity in Amazonia based on the local frequency of active fire 

detections from the Moderate Resolution Imaging Spectroradiometer (MODIS) 

sensors.  Spatial and temporal trends in deforestation fire activity are presented for the 

entire Amazon region before considering the individual contributions from 

deforestation for cropland and pasture in the Brazilian state of Mato Grosso where 

active fire detections are most concentrated.  Several applications of the new 

approach are presented including a new method for monitoring deforestation for 
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cropland in near-real time and direct interpretation of satellite-based fire detections 

for information regarding fire emissions. 

Chapter 3 documents the development of an automated method to identify 

canopy damage from understory fires in time series of satellite data, the Burn Damage 

and Recovery (BDR) algorithm.  This chapter focuses on fire-damaged forest in one 

Landsat scene in the Brazilian state of Mato Grosso, an area identified in Chapter 2 as 

having concentrated land-use fire activity, to compare field observations of 

understory fire damages to results from the BDR algorithm applied to time series of 

high and moderate-resolution satellite data.  Isolating canopy damage from fire is a 

critical first step towards science and policy goals of mapping forest degradation in 

addition to deforestation for agricultural use.   

The BDR algorithm is applied over a larger area using a longer time series of 

MODIS data in Chapter 4 to characterize the frequency and interannual variability in 

fire-damaged forest within the upper Xingu River watershed in the Brazilian state of 

Mato Grosso.  This chapter directly addresses the savannization hypothesis by 

comparing vegetation greenness following repeated understory fires to identify 

evidence for changes in vegetation structure using optical satellite data.   

Chapter 5 describes the development of a new height-structured fire sub-

model to explore the impacts of repeated understory forest fires using Ecosystem 

Demography (ED), an advanced ecosystem model (Hurtt et al., 1998; Moorcroft et 

al., 2001).  The model is calibrated using estimates of forest burning from Chapter 4 

to evaluate the short and long-term consequences of land use on forest structure and 

species composition under current climate conditions. 
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Finally, Chapter 6 presents conclusions and policy implications of the results 

presented in previous chapters, focusing on the consequences of land-use fires in 

Amazonia for carbon emissions from deforestation, forest degradation, and changes 

in forest structure from a positive fire feedback.  The dissertation concludes with a 

discussion of directions for future research.  
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Chapter 2: Agricultural Intensification Increases Deforestation 

Fire Activity in Amazonia1

 

2.1 Summary 

Fire-driven deforestation is the major source of carbon emissions from Amazonia.  

Recent expansion of mechanized agriculture in forested regions of Amazonia has 

increased the average size of deforested areas, but related changes in fire dynamics 

remain poorly characterized.  This study estimated the contribution of fires from the 

deforestation process to total fire activity based on the local frequency of active fire 

detections from the Moderate Resolution Imaging Spectroradiometer (MODIS) 

sensors.  High-confidence fire detections at the same ground location on two or more 

days per year are most common in areas of active deforestation, where trunks, 

branches, and stumps can be piled and burned many times before woody fuels are 

depleted.  Across Amazonia, high-frequency fires typical of deforestation accounted 

for more than 40% of MODIS fire detections during 2003-2007.  Active deforestation 

frontiers in Bolivia and the Brazilian states of Mato Grosso, Pará, and Rondônia 

contributed 84% of these high-frequency fires during this period.  Among deforested 

areas, the frequency and timing of fire activity varies according to post-clearing land 

use.  Fire usage for expansion of mechanized crop production in Mato Grosso is more 

                                                 
1 The material in Chapter 2 was previously published in Morton DC, DeFries RS, Randerson JT, 
Giglio L, Schroeder W, van der Werf GR (2008).  Agricultural intensification increases deforestation 
fire activity in Amazonia.  Global Change Biology 14, 2262-2275. 
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intense and more evenly distributed throughout the dry season than forest clearing for 

cattle ranching (4.6 vs. 1.7 fire days per deforested area, respectively), even for 

clearings >200 ha in size.  Fires for deforestation may continue for several years, 

increasing the combustion completeness of cropland deforestation to nearly 100% and 

pasture deforestation to 50-90% over 1-3 year timescales typical of forest conversion.  

The results from this study demonstrate that there is no uniform relation between 

satellite-based fire detections and carbon emissions.  Improved understanding of 

deforestation carbon losses in Amazonia will require models that capture inter-annual 

variation in the deforested area that contributes to fire activity and variable 

combustion completeness of individual clearings as a function of fire frequency or 

other evidence of post-clearing land use. 

 

2.2 Introduction 

Agricultural expansion is the main cause of tropical deforestation (FAO, 

2006), highlighting the tradeoffs among ecosystem services such as food production, 

carbon storage, and biodiversity preservation inherent in land cover change (Foley et 

al., 2005).  Expansion of intensive agricultural production in southern Amazonia, led 

by the development of specific crop varieties for tropical climates (Warnken, 1999) 

and international market demand (Naylor et al., 2005), contributed one-third of the 

growth in Brazil’s soybean output during 1996-2005 (IBGE, 2007).  The introduction 

of cropland agriculture in forested regions of Amazonia also changed the nature of 

deforestation activities; forest clearings for mechanized crop production are larger, on 

average, than clearings for pasture, and the forest conversion process is often 
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completed in less than one year (Morton et al., 2006).  How this changing 

deforestation dynamic alters fire use and carbon emissions from deforestation in 

Amazonia is germane to studies of future land cover change (Soares-Filho et al., 

2006), carbon accounting in tropical ecosystems (Stephens et al., 2007), and efforts to 

reduce emissions from tropical deforestation (Gullison et al., 2007).   

 Fires for land clearing and management in Amazonia are a large 

anthropogenic source of carbon emissions to the atmosphere (Houghton et al., 2000; 

DeFries et al., 2002; van der Werf et al., 2006; Gullison et al., 2007).  Deforestation 

fires largely determine net carbon losses (Guild et al., 2004), since fuel loads for 

Amazon deforestation fires can exceed 200 Mg C/ha (e.g., Carvalho et al., 1998).  

Reductions in forest biomass from selective logging prior to deforestation are small, 

averaging less than 10 Mg C/ha (Asner et al., 2005).  In contrast, typical grass 

biomass for Cerrado or pasture rarely exceeds 10 Mg C/ha (Ottmar et al., 2001) and 

is rapidly recovered during the subsequent wet season (Santos et al., 2003).  Yet, the 

fraction of all fire activity associated with deforestation (Cardoso et al., 2003; Eva & 

Fritz, 2003; Schroeder et al., 2005) and combustion completeness of the deforestation 

process remain poorly quantified (Ramankutty et al., 2007).   

Satellite fire detections have provided a general indication of spatial and 

temporal variation in fire activity across Amazonia for several decades (e.g., Setzer & 

Pereira, 1991; Prins & Menzel, 1992; Elvidge et al., 2001; Schroeder et al., 2005; 

Giglio et al., 2006a; Koren et al., 2007).  However, specific information regarding 

fire type or fire size can be difficult to estimate directly from active fire detections 

since satellites capture a snapshot of fire energy rather than a time-integrated measure 
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of fire activity (Giglio et al., 2006a).  Overlaying active fire detections on land cover 

maps provides a second approach to classify fire type.  Evaluating fire detections over 

large regions of homogenous land cover can be instructive (e.g., Mollicone et al., 

2006; Aragão et al., 2007), but geolocation errors and spurious fire detections may 

complicate these comparisons, especially in regions of active land cover change and 

high fire activity such as Amazonia (Eva & Fritz, 2003; Schroeder et al., 2008b).  

Finally, post-fire detection of burn-scarred vegetation is the most data-intensive 

method to quantify carbon emissions from fires.  Two recent approaches to map burn 

scars with Moderate Resolution Imaging Spectroradiometer (MODIS) data show 

great promise for identifying large-scale fires (Roy et al., 2005; Giglio et al., 2006b), 

yet neither algorithm is capable of identifying multiple burning events in the same 

ground location typical of deforestation activity in Amazonia.  Deriving patterns of 

fire type, duration and intensity of fire use, and combustion completeness directly 

from satellite fire detections provides an efficient alternative to more data and labor-

intensive methods to estimate carbon emissions from land cover change.   

This chapter assesses the contribution of deforestation to fire activity in 

Amazonia based on the intensity of fire use during the forest conversion process, 

measured as the local frequency of MODIS active fire detections.  High-confidence 

fire detections on two or more days in the same dry season are possible in areas of 

active deforestation, where trunks, branches, and other woody fuels can be piled and 

burned many times.  Low-frequency fire detections are typical of fires in Cerrado 

woodland savannas and for agricultural maintenance, since grass and crop residues 

are fully consumed by a single fire.  The frequency of fires at the same location, or 
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fire persistence, has been used previously to assess Amazon forest fire severity 

(Elvidge et al., 2001), adjust burned area estimates in tropical forest ecosystems 

(Giglio et al., 2006b), and scale combustion completeness estimates in a coarse-

resolution fire emissions model (van der Werf et al., 2006).  This study builds on 

these approaches to characterize fire activity at multiple scales.  First, the frequency 

of satellite fire detections over recently-deforested areas is compared to other land 

cover types.  Next, an assessment is conducted of regional trends in the contribution 

of high-frequency fires typical of deforestation activity to the total satellite-based fire 

detections for Amazonia during 2003-2007.  Finally, temporal patterns of fire usage 

are compared among individual deforested areas with different post-clearing land 

uses, based on recent work to separate pasture and cropland following forest 

conversion in the Brazilian state of Mato Grosso with vegetation phenology data 

(Morton et al., 2006).  The goals of this research are to 1) test whether fire frequency 

distinguishes between deforestation fires and other fire types and 2) characterize fire 

frequency as a function of post-clearing land use to enable direct interpretation of 

MODIS active fire data for relevant information on carbon emissions.   

 

2.3 Methods 

2.3.1 Data 
 

This study analyzed active fire detections from the MODIS sensors aboard the 

Terra (2002-2007) and Aqua (2003-2007) satellite platforms to determine spatial and 

temporal patterns in satellite fire detections from deforestation in Amazonia during 

this period.  Combined, the MODIS sensors provide two daytime (10:30/13:30 local  
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Figure 2-1: Total high-confidence fire detections across the Amazon Basin (upper) 
and percentage of all fires detected on two or more days during the same dry season 
(lower) summarized at 0.25° resolution.  North of the equator, the fire year is July-
June (July 2003-June 2004, July 2004-June 2005); south of the equator, the fire year 
is January-December (2004, 2005).  Outlines show country borders (gray), Brazilian 
state boundaries (blue), and the extent of the Amazon Basin (black).  In clockwise 
order, letter codes for Brazilian states are:  AP: Amapá, PA: Pará, MA: Maranhão, 
TO: Tocantins, MT: Mato Grosso, RO: Rondônia, AC: Acre, AM: Amazonas, RR: 
Roraima. 

time) and two nighttime (22:30/01:30 local time) observations of fire activity.  Figure 

2-1 shows the location of the study area and administrative boundaries of the nine 

countries that contain portions of the Amazon Basin.  For data from 2002-2006, the 

date and center location of each MODIS active fire detection, satellite (Terra or 

Aqua), time of overpass, 4 micron brightness temperature (band 20/21), and 

 21 
 



 

confidence score were extracted from the Collection 4 MODIS Thermal 

Anomalies/Fire 5-minute swath (Level 2) product at 1 km spatial resolution 

(MOD14/MYD14) (Justice et al., 2006).  Beginning in 2007, MODIS products were 

transitioned to Collection 5 algorithms.  Data for 1 January - 1 November 2007 were 

provided by the Fire Information for Resource Management System (FIRMS) at the 

University of Maryland, College Park (http://maps.geog.umd.edu) based on the 

Collection 5 processing code.  Seasonal differences in fire activity north and south of 

the equator related to precipitation (Schroeder et al., 2005) were captured using 

different annual calculations.  North of the equator, the fire year was July-June; south 

of the equator, the fire year was January-December. 

This study considered a high-confidence subset of all MODIS fire detections 

to reduce the influence of false fire detections over small forest clearings in 

Amazonia (Schroeder et al., 2008b).  For daytime fires, only those 1-km fire pixels 

having >330 K brightness temperature in the 4 µm channel were considered.  This 

threshold is set based on recent work to identify true and false MODIS fire detections 

with coincident high-resolution satellite imagery (Schroeder et al., 2008b), 

comparisons with field data (D. Morton, unpublished data), and evidence of 

unrealistic MODIS fire detections over small historic forest clearings in Mato Grosso 

state with >20 days of fire detections (fire days) per year in 3 or more consecutive 

years, none of which exceeded 330 K during the day.  Daytime fire detections >330 K 

correspond to a MOD14/MYD14 product confidence score of approximately 80/100.  

The subset of high-confidence fires includes all nighttime fire detections, regardless 

of brightness temperature.  Differential surface heating between forested and cleared 
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areas during daylight hours that may contribute to false detections (Schroeder et al., 

2008b) should dissipate by the 22:30 or 01:30 local time overpasses for Terra and 

Aqua, respectively.  Subsequent references to MODIS fire detections refer only to the 

high-confidence subset of all 1-km fire pixels described above. 

2.3.2 Identifying High-Frequency Fires 
 

This study proposes a simple method for separating deforestation and 

agricultural maintenance fires based on evidence for repeated burning at the same 

ground locations.  The spatial resolution of the analysis is defined by the orbital and 

sensor specifications of the MODIS sensors and the 1 km resolution bands used for 

fire detection.  The geolocation of MODIS products is highly accurate, and surface 

location errors are generally less than 70 m (Salomonson & Wolfe, 2004).  However, 

due to the orbital characteristics of the Terra and Aqua satellite platforms, the ground 

locations of each 1 km pixel are not fixed.  This study analyzed three static fire 

sources from gas (Urucu, Amazonas, Brazil: 65.3° W, 4.86° S), mining 

(Chuquicamata, Antofagasta, Chile: 68.89° W, 22.31° S), and steel production (CST, 

Espírito-Santo, Brazil: 40.43° W, 20.24° S) in South America to identify the spatial 

envelope for MODIS active fire detections referencing the same ground location.  

Over 98% of high-confidence 2004 MODIS active fire detections from Terra and 

Aqua for these static sources were within 1 km of the ground location of these 

facilities.  Therefore, this empirically-derived search radius was used to identify 

repeated burning of forest vegetation during the conversion process.  High-frequency 

fire activity was defined as fire detections on two or more days within a 1 km radius 

during the same fire year.  The time interval between fire detections is not considered 
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in this analysis, such that fires on consecutive and non-consecutive days at the same 

ground location are treated equally.  A 1 km radius is also consistent with fire spread 

rates of 200-5,000 m/hr (4.8-140 km/day) for grass, grass/shrub, and deforestation 

fuel types (Scott & Burgan, 2005), such that even slow-moving grassland fires would 

spread beyond the 1 km search limit on sequential days.  Fires which burn on 

consecutive days at the same ground location can occur where fuel loads are very 

high, as is the case in deforestation fires when woody fuels that are piled together 

may smolder for several days. 

The frequency of fire detections was calculated using a neighborhood search 

algorithm.  Specifically, the variety of days on which fires were detected was 

determined for each cell of the standard MODIS 250 m grid using a search radius of 1 

km to interpret the center locations of all high-confidence fire detections for each 

year.  This gridded product of fire days was then used to select those fire detections 

contributing to high-frequency fire activity and characterize fire frequency for recent 

deforestation events.   

2.3.3 Fire Types in Amazonia 
 

To determine whether active fire detections associated with the conversion of 

forest to other land uses are unique in terms of fire frequency, this study compared 

active fire detections from recently-deforested areas to four additional types of fire 

management.  This section describes the test datasets used to evaluate patterns in 

active fire detections for maintenance of cattle pastures, indigenous reserves in 

Cerrado savanna-woodland land cover, small properties associated with government 

settlement programs, and sugarcane production regions. 
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This study used data on recent deforestation and land use following 

deforestation to identify and characterize active fire detections associated with forest 

conversion.  Data for the annual deforestation increment in the Brazilian Amazon 

were acquired from the Brazilian National Institute for Space Research (INPE) 

PRODES (Program for the estimation of deforestation in the Brazilian Amazon), 

available at http://www.obt.inpe.br/prodes.  Deforestation was mapped using high-

resolution Landsat Thematic Mapper or Chinese-Brazilian Environmental Research 

Satellite data from approximately August of each year 2001-2005 (INPE, 2007).   

Data for Mato Grosso state were used to develop the approach for identifying 

deforestation fires.  For individual deforestation events >25 ha in size, this study also 

evaluated differences in patterns of active fire detections for conversion of forest to 

pasture, forest to mechanized agriculture, and forest conversions not in agricultural 

production (NIP).  The post-clearing land use for each deforestation event was 

identified previously using phenological information from time series of MODIS data 

at 250 m resolution (Morton et al., 2006).  Finally, this study examines fire activity in 

the year prior to deforestation detection by PRODES, year of forest clearing, and for 

as many years post-clearing as possible to characterize the nature of fire usage during 

the conversion process.  These comparisons provide the timing, frequency, and 

degree of repeated burning detected by the MODIS sensors for forest conversion to 

different land uses.  Annual deforestation from 2003-2005 was selected to utilize 

combined Terra and Aqua fire observations.  Since few areas are deforested without 

the use of fire in Amazonia, deforestation events without any MODIS fire detections 
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provide a measure of the extent of omission due to satellite observation (e.g., orbital, 

sensor, and atmospheric) and fire characteristics (size, intensity, and timing).     

This study utilized data on historic deforestation and recent land use changes 

to identify maintenance fires on agricultural lands in Mato Grosso state.  The dataset 

is derived from areas that were deforested prior to the initial year of PRODES digital 

data (1997-2000 analysis), buffered by 1 km from remaining forest edges to exclude 

fires from new deforestation.  Next, areas were removed that underwent conversion 

from pasture to cropland during 2001-2004 (Morton et al., in press) or were identified 

as secondary forest in previously-cleared areas (Morton et al., 2007a).  The resulting 

dataset isolates old deforestation not associated with forest edges, secondary forest, or 

recent conversion to cropland. 

To identify patterns of fire detections for extensive grassland fires in Cerrado 

regions, 18 indigenous reserves were selected in Mato Grosso and Tocantins states 

covering more than 42,000 km2.  Fire is used during the dry season on some 

indigenous reserves to facilitate hunting, but extensive land cover change is rare 

(Nepstad et al., 2006a). 

Small properties are an additional challenge for separating evidence of fire 

activity in the same location.  To test the influence of property size on fire frequency, 

this study considered a subset of the demarcated Instituto Nacional de Colonização e 

Reforma Agrária (INCRA) land reform settlements in Mato Grosso without large 

deforestation events (>25 ha) in either 2004 or 2005 (N=127).  The typical lot size in 

these settlements is 100 ha, of which 20-50 ha may be cleared for agricultural use. 
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Although some sugarcane is grown in the Amazon region, the majority of 

Brazil’s sugarcane industry is located in the southern and northeastern regions of the 

country.  São Paulo State had more than 3 million hectares planted in sugarcane in 

2005.  This study evaluated active fire detections in 31 municipalities in São Paulo 

state with >20,000 ha of sugarcane planted in 2005 (IBGE, 2007) to calculate the 

degree of high-frequency fire associated with sugarcane production.   

2.3.4 Basin-Wide Analysis 
 

This study analyzed the high-confidence subset of the MODIS active fire data 

record for the entire Amazon Basin to distinguish the contribution of deforestation 

and agricultural maintenance fires to overall fire activity during 2003-2007.  Fire type 

statistics for each Amazon country and Brazilian state are provided.  Finally, this 

study summarizes the ratio of high-frequency to low-frequency fires at 0.25° degree 

spatial resolution to evaluate inter-annual variations in deforestation fire activity 

across the basin.    

 

2.4 Results 

2.4.1 Deforestation Fires 
 
 High-frequency fire activity (more than two fire days per year) is common in 

areas of recent deforestation but rare for other fire types in Amazonia (Table 2-1).  

Deforestation in Mato Grosso state had more total fire detections than all other fire 

types in Table 2-1 combined and seven times the number of fires detected in the same 

location on two or more days during one year.  High-frequency fire activity accounted  
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Table 2-1: Combined MODIS Terra and Aqua fire detections associated with 
deforestation, indigenous reserves, agricultural maintenance, and small properties in 
government settlement areas in the Brazilian State of Mato Grosso and sugarcane 
production in São Paulo state according to the number of days with fire detections in 
the same year.  Fire frequency for 2004 and 2005 deforestation events is calculated 
for the year of deforestation detection, and clearings >25 ha are classified based on 
post-clearing land use as cropland, pasture, or not in production (NIP).   
 

Fire Location
Area 
(km2) 1 (%) 2 (%) 3+ (%) Total

Area 
(km2) 1 (%) 2 (%) 3+ (%) Total

Deforestation 10,009 2,573 (19) 2,684 (20) 7,946 (60) 13,203 8,279 2,600 (33) 2,449 (31) 2,817 (36) 7,866

Cropland 1,807 374 (7) 468 (9) 4,192 (83) 658 259 (20) 172 (14) 836 (66)

Pasture 6,159 1,892 (26) 1,970 (27) 3,491 (47) 5,297 1,823 (34) 1,744 (32) 1,804 (34)

NIP 698 108 (41) 67 (25) 90 (34) 932 133 (39) 106 (31) 106 (31)
Small            
(<25 ha) 1,345 199 (36) 179 (32) 173 (31) 1,392 264 (43) 200 (32) 155 (25)

Indigenous 42,598 3,300 (84) 600 (15) 21 (1) 3,921 42,598 3,877 (82) 480 (16) 38 (2) 4,395

Maintenance 35,013 718 (73) 160 (16) 111 (12) 989 35,013 497 (76) 68 (16) 54 (8) 619

Small producers 7,598 328 (73) 68 (15) 54 (12) 450 7,598 230 (73) 55 (18) 29 (9) 314

24,219 782 (84) 138 (15) 10 (1) 930 24,219 799 (79) 182 (18) 30 (3) 1,011São Paulo 
Sugarcane

2004 MODIS Fire Days 2005 MODIS Fire Days

 

 

for 27% of high-confidence MODIS detections associated with small producers in 

Mato Grosso 2004 and 2005, but the total number of detections was small (N=764), 

suggesting that property size is not a main component of the pattern of repeated fire 

usage associated with deforestation.  Fires detected on two days at the same location 

are rare within indigenous reserves and agricultural areas of Mato Grosso state or 

sugarcane production municipalities in São Paulo state; fires on three or more days 

are almost exclusively linked to deforestation.   

Mato Grosso had both the highest total fire activity and greatest fraction of 

high-frequency fire activity during 2003-2007 of any state in Brazilian Amazonia 

(Table 2-2).  Combined with fires in neighboring Pará and Rondônia states, these 

three states contributed 83% of the fires that burn on two or more days and 74% of 
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the total fire activity in the Brazilian portion of the Amazon Basin during this period.  

Inter-annual variability in the total number of fires highlights drought conditions in 

Roraima state during 2003 and widespread drought in 2005 affecting Rondônia, Acre, 

and Amazonas states.  The fraction of total fire activity from burning on two or more 

days also increased during drought years in these states.  Fire detections were highest 

in 2005 for Pará and Amapá states, although these regions were less affected by 

drought conditions; the fraction of repeated fire activity did not increase in 2005 

compared to other years.  After a decrease in fire activity in Brazilian Amazonia 

during 2006, fires in 2007 returned to a similar level as seen in 2004 and 2005, led by 

increased fire activity in south-eastern Amazonia.  Major contributions to this 

increase in 2007 were from low-frequency fires in Tocantins and Maranhão states and 

additional high frequency fires in Mato Grosso and Pará.  Overall, fires on two or 

more days during the same dry season accounted for 36-47% of annual fire activity in 

Brazilian Amazonia during 2003-2007, with greater contributions from repeated fires 

in years with highest fire activity. 

At the national scale, fire activity in Brazil (85%) and Bolivia (13%) 

accounted for 98% of all fire detections in the Amazon Basin during 2003-2007 

(Table 2-3).  High-frequency fires contribute a large fraction of MODIS detections in 

both countries, with peak repeated fire activity during 2004 in Brazil and 2007 in 

Bolivia.  Small contributions to overall fire activity from other Amazon countries are 

primarily low-frequency fires, with the notable exceptions of 2004 and 2007 in 

Colombia, 2003 in Guyana and Suriname, and 2003 and 2007 in Venezuela.   
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Table 2-2: Number of high-confidence MODIS Terra and Aqua fire detections (1-km 
pixels) for the nine states of the Brazilian Legal Amazon during 2003-2007 as a 
function of fire frequency.  States are listed in decreasing order of fire activity. 
 

State
Fire 

Days 2003 2004 2005 2006 2007*
Mato Grosso 1 27,036 43% 37,575 41% 33,711 51% 20,875 57% 39,592 50%

2 12,938 21% 19,992 22% 16,848 25% 8,851 24% 22,434 28%
3+ 22,359 36% 33,979 37% 15,853 24% 7,078 19% 17,475 22%
Total 62,333 91,546 66,412 36,804 79,501

Para 1 18,501 69% 25,729 58% 28,439 59% 20,423 66% 21,068 54%
2 6,072 23% 11,738 27% 13,182 27% 7,255 24% 11,821 30%

3+ 2,407 9% 6,626 15% 6,581 14% 3,140 10% 6,321 16%
Total 26,980 44,093 48,202 30,818 39,210

Maranhao 1 12,566 72% 12,954 73% 16,388 71% 8,397 80% 16,592 65%
2 3,538 20% 3,425 19% 4,906 21% 1,528 15% 6,285 25%

3+ 1,378 8% 1,463 8% 1,784 8% 559 5% 2,760 11%
Total 17,482 17,842 23,078 10,484 25,637

Rondonia 1 8,018 62% 11,107 55% 12,523 47% 8,911 52% 7,227 51%
2 3,394 26% 6,114 30% 8,427 32% 5,272 31% 4,435 32%

3+ 1,470 11% 2,886 14% 5,745 22% 2,791 16% 2,382 17%
Total 12,882 20,107 26,695 16,974 14,044

Tocantins 1 7,732 86% 11,139 81% 12,540 83% 6,140 86% 20,243 73%
2 921 10% 1,987 14% 2,050 14% 807 11% 6,153 22%

3+ 306 3% 693 5% 526 3% 200 3% 1,288 5%
Total 8,959 13,819 15,116 7,147 27,684

Amazonas 1 2,253 68% 1,795 78% 4,068 55% 3,145 66% 2,089 65%
2 727 22% 386 17% 1,874 25% 1,038 22% 665 21%

3+ 342 10% 121 5% 1,479 20% 573 12% 477 15%
Total 3,322 2,302 7,421 4,756 3,231

Acre 1 1,893 73% 1,159 76% 3,894 50% 1,274 87% 1,368 83%
2 540 21% 249 16% 2,479 32% 169 12% 245 15%

3+ 174 7% 120 8% 1,340 17% 18 1% 43 3%
Total 2,607 1,528 7,713 1,461 1,656

Roraima 1 3,955 54% 1,075 91% 583 96% 811 93% 1,866 69%
2 1,958 27% 82 7% 26 4% 49 6% 535 20%

3+ 1,427 19% 21 2% 1 0% 8 1% 313 12%
Total 7,340 1,178 610 868 2,714

Amapa 1 687 56% 828 65% 1,121 69% 492 69% 447 83%
2 180 15% 251 20% 345 21% 113 16% 73 14%

3+ 355 29% 204 16% 152 9% 112 16% 19 4%
Total 1,222 1,283 1,618 717 539

* Data through 11-01-07  
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Table 2-3: Number of high-confidence MODIS Terra and Aqua fire detections (1-km 
pixels) within the Amazon Basin during 2003-2006, summarized at the national level 
according to the frequency of fire detections.  Countries are listed in decreasing order 
of fire activity. 
 

Country
Fire 
Days 2003 2004 2005 2006 2007*

Brazil 1 82,641 58% 103,361 53% 113,267 58% 70,468 64% 110,492 57%
2 30,268 21% 44,224 23% 50,137 25% 25,082 23% 52,646 27%

3+ 30,218 21% 46,113 24% 33,461 17% 14,479 13% 31,078 16%
Total 143,127 193,698 196,865 110,029 194,216

Bolivia 1 9,611 77% 23,368 65% 18,918 68% 13,143 64% 15,383 53%
2 1,797 14% 8,343 23% 5,705 20% 3,885 19% 6,558 23%

3+ 1,029 8% 4,396 12% 3,287 12% 3,440 17% 7,094 24%
Total 12,437 36,107 27,910 20,468 29,035

Peru 1 1,418 92% 815 95% 2,453 87% 1,240 92% 1,800 79%
2 107 7% 36 4% 319 11% 84 6% 360 16%

3+ 19 1% 6 1% 45 2% 21 2% 125 5%
Total 1,544 857 2,817 1,345 2,285

Colombia 1 958 95% 2,019 79% 486 96% 480 96% 2,784 72%
2 54 5% 427 17% 20 4% 19 4% 818 21%

3+ 0 0% 107 4% 0 0% 0 0% 244 6%
Total 1,012 2,553 506 499 3,846

Venezuela 1 515 67% 323 79% 227 76% 179 87% 599 75%
2 146 19% 50 12% 61 20% 13 6% 155 19%

3+ 107 14% 37 9% 10 3% 14 7% 43 5%
Total 768 410 298 206 797

Guyana 1 833 80% 198 96% 203 94% 228 88% 210 94%
2 133 13% 8 4% 8 4% 28 11% 13 6%

3+ 80 8% 0 0% 4 2% 4 2% 0 0%
Total 1,046 206 215 260 223

Suriname 1 155 72% 67 86% 95 98% 14 100% 66 97%
2 42 20% 11 14% 2 2% 0 0% 2 3%

3+ 18 8% 0 0% 0 0% 0 0% 0 0%
Total 215 78 97 14 68

French 1 33 94% 24 62% 67 70% 61 87% 35 71%
Guiana 2 2 6% 9 23% 7 7% 3 4% 7 14%

3+ 0 0% 6 15% 22 23% 6 9% 7 14%
Total 35 39 96 70 49

Ecuador 1 4 100% 20 40% 41 43% 8 73% 12 21%
2 0 0% 4 8% 3 3% 3 27% 0 0%

3+ 0 0% 26 52% 51 54% 0 0% 46 79%
Total 4 50 95 11 58

* Data through 11-01-07  
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Spatial patterns of high-frequency fire activity in 2004 and 2005 highlight 

active deforestation frontiers in Mato Grosso, Rondônia, and Pará states in Brazil and 

in southeastern Bolivia (Figure 2-1).  Isolated locations of high-frequency fire activity 

can also be seen across other portions of the Amazon Basin, but these areas have low 

total fire detections.  Differences in the total fire activity and high-frequency fire 

detections between 2004 and 2005 highlight the influence of drought conditions in 

western Amazonia on fire frequency.  Total fire detections in central Mato Grosso 

decreased slightly between 2004 and 2005, while fire detections in drought-stricken 

northern Rondônia, southern Amazonas, and eastern Acre states in Brazil show 

higher total fire activity in 2005 than in 2004.  The number of 0.25° cells with >50% 

of fire activity occurring on 2 or more days is similar during 2004 (n=733) and 2005 

(n=773), but the spatial distribution is broader in 2005 than 2004, as fires associated 

with deforestation activity in Mato Grosso, Pará, and southern Rondônia spread west 

into northern Rondônia, Acre, and southern Amazonas states.  In addition to 

deforestation-linked fires, slow-moving forest fires and contagion of other accidental 

burning events may also have contributed to the higher fraction of repeated fire 

activity in these regions. 

2.4.2 Patterns of Fire Use Stratified by Post-Clearing Land Use 
 
 Among deforested areas in Mato Grosso, the intensity of fire usage varies 

according to post-clearing land use (Figure 2-2).  Forest conversion for cropland 

exhibits the most frequent fire usage; more than 50% of 2004 cropland deforestation 

events had fire detections on three or more days during the 2004 dry season and 14% 

burned on ten or more days.  Over 70% of the forest clearings with fires on more than  
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Figure 2-2: Intensity of fire use for 2004 deforestation events >25 ha in Mato Grosso 
state according to post-clearing land use (cropland, pasture, and not in production-
NIP), measured as the maximum fire frequency in each deforested area during 2004. 

 

five days were subsequently used for cropland.  Due to more frequent fire usage in 

preparation for mechanized agriculture, few areas deforested for cropland in 2004 had 

no high-confidence fire detections during 2004 (12%).    

Deforestation for pasture averaged less than half as many fire days as 

deforestation for cropland, measured as either the maximum (pasture = 1.7, cropland 

= 4.6) or mean (pasture = 1.15, cropland = 3.0) days of fire detection per clearing.  

Even among very large clearings (>200 ha), fire usage was significantly higher for 

cropland deforestation than forest clearing for pasture (Wilcoxon Rank Test, 

p<0.0001).  Only 13% of all deforestation events for pasture >200 ha averaged three 
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or more fire days in any year, suggesting that mechanized forest clearing and high-

frequency burning is more related to post-clearing land use than clearing size.  For 

both pasture and cropland deforestation, polygons in which the conversion occurs 

within one year have a greater number of fire days in the year that the deforestation 

was detected than conversions occurring over two or more years (Wilcoxon Rank 

Test, p<0.0001), consistent with the expectation that higher fire frequency leads to 

higher combustion completeness.   

For those areas that showed no clear pasture or cropland phenology in the 

years following deforestation, fire activity was minimal.  Nearly 50% of the areas 

described as NIP showed no high-confidence fires in 2004, and only 22% of these 

deforestation events exhibited fires on two or more days typical of other deforestation 

events. 

The timing of fire use during the dry season also differed for cropland and 

pasture deforestation (Figure 2-3).  Deforestation fire activity may begin during the 

late dry season (September-November) in the year before the deforestation is mapped 

and continue for several years post-clearing as the initial forest biomass is gradually 

depleted to the desired conditions for cropland or pasture use.  September was the 

most common month of fire activity for all types of deforestation in Mato Grosso in 

2004.  More than 70% of fires associated with 2004 deforestation for pasture during 

2003-2005 occurred during the late dry season (August-October).  In contrast, fire 

activity for conversion to cropland was more evenly distributed through the dry 

season, with 45% of fire detections occurring in May-July.   
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Burning activities initiated in the early dry season for both pasture and 

cropland deforestation continue to burn in subsequent months.  The highest 

percentage of fires without detections on additional days (fire days = 1) occurred 

during the late dry season; approximately 30% of fires for conversion to pasture 

during September and October were the first fire detection for those deforestation 

events compared to 11% of all fires for cropland conversion during this period.  

 

 

Figure 2-3:  Seasonality of fire activity during 2003-2005 for pasture and cropland 
deforestation events >25 ha in Mato Grosso state from 2004.  
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High-frequency fire activity may last for several years following initial forest 

clearing, further increasing the expected combustion completeness of the 

deforestation process (Figure 2-4).  Forty percent of the areas deforested for cropland 

during 2003-2005 had two or more years during 2002-2006 with 3+ fire days.  The 

duration of clearing for pasture was more variable.  Most areas cleared for pasture 

had 0-1 years of high-frequency fire usage, although a small portion (14%) had 

frequent fire detections over 2-3 years typical of mechanized forest clearing.   

  

 
Figure 2-4: Years of high-frequency fire activity for three different land uses 
following deforestation in Mato Grosso state.  The typical duration of high-frequency 
fire activity (>2 fire days per year) is shown as a percentage of deforestation events 
during 2003-2005 for each land use.  Fire activity was examined for the year prior to 
deforestation mapping until 2006. 
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The carryover of fire activity from forest clearing into subsequent years is a 

cumulative process, such that total high-frequency fire activity in any year represents 

burning for multiple years of forest loss (Figure 2-5).  For example, elevated fire 

activity during 2004 in Mato Grosso (Table 2-2) is the product of deforestation rates 

during 2002-2005 and high fire frequencies in 2004 for cropland and pasture 

deforestation.  In general, fire frequency is highest for the year in which the 

deforestation was mapped.  For cropland deforestation, fire frequency is similar in the 

year prior to (n-1) and following (n+1) deforestation mapping.  For pasture 

deforestation, fire frequency is consistently higher in the year following deforestation 

mapping than the year prior to detection of deforestation.  Deforestation NIP 

contributes little to the fire activity or deforested area during this period. 

 

2.5 Discussion 

2.5.1 Deforestation Fires in Amazonia 
 
The number of days on which fires are detected at the same ground location is higher 

for areas undergoing deforestation than for other fire types in Amazonia, and fires on 

three or more days at the same ground location are almost exclusively linked with 

forest conversion.  During 2003-2007, more than 40% of all high-confidence MODIS 

fire detections within Amazonia were associated with deforestation.  Within this 

subset of repeated fire detections, variations in fire frequency suggest that carbon 

losses from deforestation vary with post-clearing land use.  Deforestation for cropland 
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Figure 2-5: The duration of deforestation fire activity following forest clearing 
highlights the contribution of multiple years of deforestation to fire in any year.  
Average fire frequency and total deforested area in polygons >25 ha in size for 2002-
2005 are shown separately for cropland (top), pasture (middle), and areas not in 
agricultural production (NIP, bottom).  Deforested area for each post-clearing land 
use is taken from Morton et al. (2006, 2007). Fire data for 2002 are derived only from 
Terra-MODIS observations. 
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may involve burning on as many as 15 days during the same dry season as woody 

fuels are piled and re-burned to prepare the land for mechanized agricultural 

production.  Forest conversion for pasture is characterized by fewer days of burning 

during the dry season, on average, and fewer years of high-frequency fire detections 

than conversion to cropland.  Forests without evidence for cropland or pasture usage 

following deforestation detection have the lowest fire activity. 

Higher fire frequency associated with mechanized deforestation suggests 

greater combustion completeness of the deforestation process compared to less 

intensive clearing methods.  Whereas the first fire following deforestation may 

consume 20-62% of forest biomass depending on fuel moisture conditions (Fearnside 

et al., 1993; Kauffman et al., 1995; Carvalho et al., 1998; Guild et al., 1998; Araujo 

et al., 1999; Carvalho et al., 2001), piling and burning trunks, branches, and woody 

roots many times in the same dry season may increase the combustion completeness 

of the deforestation process to near 100% (Figure 2-6).  Based on published 

combustion completeness estimates of 20% or 62% per fire, repeated burning during 

the deforestation process could eliminate initial forest biomass after 5-22 fire events.   

Combustion completeness and fire emissions from recent deforestation may 

be higher than previous estimates for deforestation carbon losses.  Mechanized 

equipment can remove stumps and woody roots in preparation for cropland (Morton 

et al., 2006) such that both above and below-ground forest biomass are burned.  

Burning woody roots may increase the fire-affected biomass by as much as 20% 

(Houghton et al., 2001).  Fires that burn piled wood are likely to be at the high end of 

the published range for combustion completeness, given field measurements of high 
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Figure 2-6: Percent of initial forest biomass remaining following repeated 
deforestation fire activity.  The range of combustion completeness for each fire is 
shown as low (19.5%, Carvalho et al., 2001), average of published figures for 
Amazonia (40.6%, (Fearnside et al., 1993; Kauffman et al., 1995; Carvalho et al., 
1998; Guild et al., 1998; Araujo et al., 1999; Carvalho et al., 2001), and high (61.5%, 
Carvalho et al., 2001).  Curves end once initial forest biomass drops below 1% (5-22 
fires).  Vertical lines show the mean number of fire days for 2004 deforestation in 
Mato Grosso for pasture and cropland in 2004 (year 1) and during 2003-2006 (total). 

 

fire temperature and longer duration of flaming and smoldering stages of combustion 

in piled fuels compared to pasture or initial deforestation fires (Schroeder et al., 

2008b).  High fire frequency for recent deforestation also generates higher total fire 

emissions compared to previous estimates that assume a majority of carbon is lost as 
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CO2 from heterotrophic respiration of unburned biomass (e.g., Houghton et al., 

2000).   

These attributes of fire use for mechanized deforestation in Amazonia 

challenge the basic assumptions that monitoring deforested area and estimating 

above-ground biomass of tropical forests are sufficient to estimate carbon emissions 

from deforestation  (DeFries et al., 2007; Gullison et al., 2007).  Failure to consider 

the evolving roles of post-clearing land use on combustion completeness could 

introduce substantial uncertainty into calculated reductions in carbon emissions from 

declines in deforestation rates.  Findings in this study suggest that average 

combustion completeness for recent deforestation may be 2-4 times greater than 

estimated for deforestation during 1989-1998 (Houghton et al., 2000), increasing per-

area gross fire emissions for the current decade by a similar magnitude in regions 

where mechanized deforestation is common.  Deforestation for highly-capitalized, 

intensive agricultural production may also reduce the rates of land abandonment to 

secondary forest compared with previous periods of Amazon colonization, reducing 

the offset of gross fire emissions from regrowing forests (Ramankutty et al., 2007).  

In addition to further field measurements, a detailed model representing variations in 

forest biomass, combustion completeness of new deforestation, and offset of fire 

emissions from regrowing vegetation is needed to more accurately quantify the 

influence of agricultural intensification on carbon emissions in the region. 

The use of heavy equipment to manage forest biomass may also change the 

nature of trace-gas emissions from deforestation.  Emissions factors for CO2 are 

relatively similar for flaming and smoldering phase combustion, but emissions of 

 41 
 



 

CH4, CO, and some VOCs from the smoldering stage of deforestation fires are nearly 

double that during the flaming phase (Guild et al., 2004).  The balance between 

flaming and smoldering phase combustion for 2nd - Nth fires during the forest 

conversion process is unknown.  If emissions ratios do change during the course of 

the deforestation process as a function of the size or moisture content of woody fuels, 

the frequency of satellite-based fire detections provides one method to characterize 

time-varying trace gas emissions for Amazonia.  Combining day and nighttime 

observations from multiple sensors may better characterize the duration of individual 

fires to allow more direct interpretation of satellite data for trace gas emissions.    

2.5.2 Spatial and Temporal Dynamics of Fire Activity 
 

Inter-annual differences in total and high-frequency fire activity highlight 

trends in both economic and climate conditions across Amazonia.  Concentrated fire 

activity in Mato Grosso state during 2003-2004 is consistent with peak deforestation 

for cropland, driven, in part, by high prices for soybean exports (Morton et al., 2006).  

Carryover of fire activity from previous years’ deforestation also contributes to high 

fire detections during 2003-2005 in Mato Grosso.  Thus, reductions in fire-intensive 

cropland deforestation during 2005 (Morton et al., 2007b) do not result in a shift in 

fire intensity away from central Mato Grosso state until 2006.   

Regional differences in concentrated fire activity also highlight the role of 

climate in mediating human-caused fires.  Roraima, Acre, and Tocantins states in 

Brazil show dramatic differences in fire activity during 2003, 2005, and 2007.  

During drought periods in 2003 and 2005, Roraima and Acre had approximately 7 

and 4 times as many fires as under normal climate conditions, respectively.  The 
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fraction of high-frequency fires was also highest during these drought years, 

supporting the results from recent studies showing anomalous fire activity (Aragão et 

al., 2007) and large areas of burned agricultural land and forest in drought-affected 

areas (Shimabukuro et al., 2006).  Future work to verify the detection of active forest 

burning by satellites is needed to quantify the contribution of forest fires to the 

regional patterns of high-frequency fire in drought years.  In 2007, anomalous fire 

activity was driven primarily by low-frequency fires concentrated in south-eastern 

Amazonia and a return to 2004 levels of deforestation fire activity in southeastern 

Bolivia and the Brazilian states of Mato Grosso and Pará.  These examples suggest 

that even localized drought conditions can spur anomalous fire activity in the 

presence of anthropogenic ignition sources for deforestation and agricultural land 

management with important consequences for gross fire emissions. 

The timing of fires for forest conversion may influence the likelihood of fires 

escaping their intended boundaries and burning neighboring forest and Cerrado 

vegetation.  Deforestation for pasture contributes more fires during the late dry season 

when forests in Mato Grosso state may be most flammable after 3-5 months with little 

rainfall.  More even distribution of fires for cropland clearing throughout the dry 

season may reduce the risk of forest fires.  Different timing for cropland and pasture 

deforestation fires is consistent with management practices for intensive agriculture; 

mechanized crop production with chemical fertilizers is less reliant on the ash layer 

from deforestation fires for soil fertility than cattle pasture or smallholder agriculture 

land uses.  However, deforestation fires for both cropland and pasture in Mato Grosso 

state were common during July and August of 2003-2005 despite local regulations 
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prohibiting fires during these months to minimize the risk of unintended forest fires 

(Schroeder et al., in press). 

Because the most frequent fire detections are indicative of mechanized 

deforestation and post-clearing land use for intensive agricultural production, 

monitoring cumulative fire frequency could aid the rapid detection of mechanized 

forest clearing.  Improved geolocation and fire detection capabilities of the MODIS 

sensors compared to previous satellite instruments enables a higher-resolution 

investigation of these patterns of repeated fire activity.  Despite the moderate 

resolution of the MODIS sensors, information on fire frequency at 1 km resolution is 

commensurate with clearing sizes for mechanized crop production in Amazonia that 

average 3.3 km2 (Morton et al., 2006).  Active fire information has not previously 

been merged with land cover change estimates for deforestation monitoring.     

2.5.3 Uncertainties 
 

The approach in this study to quantify the contribution of deforestation to 

satellite-based fire activity and characterize individual forest conversions in terms of 

fire frequency is intentionally conservative.  Due to issues of both omission and 

commission of fires by the MODIS sensors, it is not possible to determine the exact 

timing or frequency of all fires for the conversion process.  This study begins with a 

high-confidence subset of active fire detections to reduce data errors from spurious 

fire detections over tropical forest (Schroeder et al., 2008b).  Next, deforestation fire 

activity is linked to high-frequency fire detections, such that fires must be detected at 

the same ground location on two or more days, despite omission of fires from 

MODIS attributable to fire size (Cardoso et al., 2005), orbital coverage (Schroeder et 
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al., 2005), and the diurnal cycle of fire activity (Giglio, 2007).   Despite well-defined 

changes in land cover, 12% of cropland and 27% of pasture deforestation events in 

2004 showed no fire activity in the high-confidence subset of fire detections.  

Therefore, low-frequency and omitted fires likely increase the fraction of total fire 

activity in Amazonia linked to deforestation.  Due to omission of active fires by 

MODIS, a more robust method to estimate combustion completeness of the 

deforestation process may be to combine active fire detections from multiple sensors 

with other satellite data on deforestation or vegetation phenology to follow the fate of 

cleared areas over time.   

 

2.6 Conclusions 

The spatial and temporal patterns of fire activity in Amazonia characterize the 

differences in fire frequency for deforestation and agricultural maintenance.  This 

chapter presents the fraction of MODIS fire detections associated with forest 

conversion, quantifying the disproportionate contribution of high-frequency burning 

for conversion of forest to mechanized cropland in satellite-based fire detections.  

Patterns of high-frequency fire use for deforestation compared to agricultural 

maintenance highlight the fact that post-clearing land use is more important than 

clearing size for determining the intensity of fire use during deforestation.  Fire 

activity for both cropland and pasture deforestation may continue over multiple years, 

contributing to higher combustion completeness compared to previous estimates of 

carbon losses from deforestation.  Since deforestation from multiple years may 
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contribute to fire activity in any given year, a decrease in deforestation may not 

reduce fire activity in that year.   

The trend towards more intensive land management in Amazonia is clearly 

linked with an increase in the frequency of fire usage for deforestation.  Proper 

characterization of related changes in fire emissions will therefore depend on the 

ability to separate fires from repeated burning of deforested areas from other fire 

types in Amazonia, as demonstrated here.  In addition, combining the frequency of 

active fire detections with existing deforestation monitoring approaches could assist 

in the identification of mechanized forest clearing typical of intensive agricultural 

production.   
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Chapter 3: A Time Series Approach to Map Canopy Damage 

from Understory Fires in Amazon Forests 

3.1 Summary 

Understory fires in Amazon forests alter forest structure, species composition, and the 

likelihood of future disturbance.  The annual extent of fire-damaged forest in 

Amazonia remains uncertain due to difficulties in separating burning from other 

forest damages in satellite data.  This chapter documents the development of a new 

approach, the Burn Damage and Recovery (BDR) algorithm, to identify fire-related 

canopy damages in multi-year time series of satellite data.  The BDR algorithm was 

applied to time series of Landsat (1997-2004) and MODIS (2000-2005) data covering 

one Landsat scene (path/row 226/68) in southern Amazonia and the results were 

compared to field and image-derived burn scars and independent data on selective 

logging and deforestation.  Landsat resolution was essential for high-confidence 

detection of small burn scars (<50 ha).  However, small burn scars contributed only 

12% of all fire-damaged forest area during 1997-2002.  MODIS data were suitable for 

mapping medium (50-500 ha) and large (>500 ha) burn scars which accounted for the 

majority of all fire-damaged forest in this study.  Thus, moderate resolution satellite 

data may be suitable to provide estimates of fire-damaged Amazon forest at a 

regional scale.  Similar overlap of Landsat and MODIS results with independent data 

on selective logging and deforestation was unexpected, given that high and moderate 

resolution satellite data typically generate different types of commission errors in 

studies of land cover change.  Further resolution of the individual contributions from 
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fire, logging, and deforestation to annual forest damages in Amazonia may require an 

integrated time-series approach to classify multiple sources of canopy damage in an 

internally-consistent manner.  In the study region, Landsat-based understory fire 

damages in 1999 (1508 km2) were an order of magnitude higher than during the 

1997-1998 El Niño (124 km2 and 39 km2, respectively), suggesting a different link 

between climate and understory fires compared to other Amazon regions.  The results 

in this study illustrate the potential to address critical questions concerning climate 

and fire risk in Amazon forests when the BDR algorithm is applied over larger areas. 

 

3.2 Introduction 

 
Fire is an important cause of tropical forest degradation with myriad impacts 

on forest structure, biodiversity, and nutrient cycling (Goldammer, 1990; Cochrane, 

2003).  In Amazonia, forest fires occur when human ignitions for deforestation or 

land management escape their intended boundaries and burn into neighboring forest 

areas (e.g., Uhl & Buschbacher, 1985; Cochrane et al., 1999).  Damages from 

understory fires in tropical forests can be severe, reducing species richness by 30% 

and above-ground live biomass by up to 50% (Cochrane & Schulze, 1999).  Even 

moderate-intensity understory fires can result in high canopy mortality, as few 

Amazon forest species have fire-adapted traits (Uhl & Kauffman, 1990).  Widespread 

forest fire activity in Amazonia occurred during drought conditions associated with 

the El Niño Southern Oscillation (ENSO) in 1997-1998 (Barbosa & Fearnside, 1999; 

Elvidge et al., 2001; Phulpin et al., 2002; Alencar et al., 2006), yet the interannual 
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variation in burned forest extent remains uncertain due to difficulties in separating 

fires from other forest damages using satellite data.  

Fire, selective logging, and deforestation are related and often sequential 

processes in dynamic Amazon frontier landscapes (Uhl & Buschbacher, 1985; 

Nepstad et al., 1999b; Alencar et al., 2004; Souza Jr. et al., 2005a; Asner et al., 

2006).  Thus, isolating the unique contribution to forest degradation from fire requires 

reconciling the spatial and spectral similarities among disturbance types in satellite 

imagery.  Previous methods to map understory forest fires in Amazonia have 

combined field data with high-resolution imagery from a single date to identify 

canopy damage from fire in near-real time (Elvidge et al., 2001; Phulpin et al., 2002; 

Brown et al., 2006) or during the subsequent dry season (Pereira & Setzer, 1993; 

Cochrane & Souza, 1998; Alencar et al., 2004; Souza Jr. et al., 2005a).  However, 

single-date methods are ill-equipped to separate fire-related canopy damage from 

conventional logging and deforestation that may be spectrally similar in any given 

year (e.g., Cochrane et al., 1999; Souza Jr. et al., 2005b).  Changes in forest structure 

remain visible for several years following fire exposure (Cochrane & Souza, 1998; 

Souza Jr. et al., 2005b), whereas canopy closure removes evidence of most logging 

within one year (Asner et al., 2004; Souza Jr. et al., 2005b) and deforestation for 

pasture or cropland remains cleared following forest conversion (Morton et al., 2006), 

introducing the possibility that a time-series method with images over three or more 

years may aid the separation of disturbance types in Amazonia.   

Time series of satellite imagery have been used to map burned forest at a 

range of spatial and temporal scales (e.g., Lopez Garcia & Caselles, 1991; Kasischke 
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& French, 1995; Viedma et al., 1997; Barbosa et al., 1999; Roy et al., 2002; Giglio et 

al., submitted).  In most biomes, multiple images within a single season can 

accurately track the timing and extent of vegetation fires, but these approaches have 

lower performance in tropical forest regions due to persistent cloud cover and subtle 

changes in surface reflectance associated with sub-canopy burning (Eva & Lambin, 

1998; Roy et al., 2008; Giglio et al., submitted).  Evidence of forest disturbance and 

recovery in time series of annual or biannual Landsat imagery has been used to 

identify forest fires in northern Spain (Viedma et al., 1997) and logging activity in 

North America (Kennedy et al., 2007).  Souza et al. (2005b) documented a similar 

trajectory of loss and recovery of green vegetation fraction over four years following 

fire in an Amazon forest.  This study builds on these efforts to design a multi-year 

time-series approach to differentiate canopy damage related to understory fires from 

other forest damages. 

This chapter describes the development of an automated approach, the Burn 

Damage and Recovery algorithm (BDR), to map the annual extent of canopy damage 

from understory fires in Amazonia based on the unique trajectory of disturbance and 

recovery for fire-damaged forests in time series of dry-season imagery.  The BDR 

algorithm was applied to time series of Landsat and MODIS data to compare 

automated detection of forest fire damages across a range of spatial scales.  Landsat 

data (30 m) are an important intermediary between field information and MODIS data 

because higher-resolution data permit detection of small forest disturbances.  

Advantages of 250 m MODIS data for time series processing and burn detection 

include reduced data volumes, consistent data quality (e.g., atmospheric correction, 
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georeferencing, cloud cover), and more homogenous depiction of canopy damage that 

facilitate automated detection of fire-damaged forests in regional-scale studies.  The 

goals of this study were three-fold: 1) to evaluate the accuracy of the BDR approach 

for mapping fire-damaged forest with field validation data and independent, satellite-

based measures of selective logging and deforestation, 2) to determine what size 

burned scars are appropriate for detection with moderate and high-resolution data, 

and 3) to quantify the interannual variability in fire-damaged forest area in ENSO and 

non-ENSO years during 1997-2002.  

 

3.3 Methods 

3.3.1 Study Area 
 
 This study mapped the annual extent of canopy damage from fire for the area 

covered by one Landsat scene (path/row 226/68) in central Mato Grosso state, Brazil 

(Figure 3-1).  In the past decade, the region experienced high rates of deforestation 

for cattle ranching and soybean cultivation (Morton et al., 2005; Morton et al., 2006) 

and forest degradation from selective logging (Asner et al., 2005; Matricardi et al., 

2005; Souza Jr. et al., 2005b), but the unique contribution from fire to forest 

degradation has not been documented previously.  The 29,275 km2 study area was 

77% forested in 1997 (>70% shade-normalized green vegetation fraction, following 

Souza et al., 2005a) and lies predominantly within the Xingu River basin near the 

southern extent of Amazon forests.  Prior to analysis, topographic data were used to 

exclude 1,450 km2 of water and seasonally-inundated vegetation for three main 

tributaries of the Xingu River (Rio Manissuiá-Miçu, Rio Arraias, and Rio Ferro) in  
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Figure 3-1: MODIS mean dry-season NDVI (mNDVI) in 2000 for the upper Xingu 
River watershed (blue) and Landsat study area (black) in the Brazilian state of Mato 
Grosso (inset, white).  Forested areas are shown in green, grasslands and Cerrado in 
shades of yellow, and bare soils typical of cropland in dry-season months appear red.  

 

order to avoid spurious errors associated with interannual changes in river levels or 

unreliable vegetation index values over water (SEPLAN-MT, 2004).   

3.3.2 Satellite-Based Measures of Fire Effects in Amazon Forests 

 Canopy damage from understory fires in Amazon forests is highly variable.  

Field studies suggest that understory fires may kill 6-44% of trees >10 cm diameter at 

breast height, and canopy mortality is typically higher in logged forest than in un-
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logged areas (Holdsworth & Uhl, 1997; Barbosa & Fearnside, 1999; Pinard et al., 

1999; Barlow et al., 2003; Haugaasen et al., 2003; Ivanauskas et al., 2003; Balch et 

al., 2008).  Canopy mortality from understory fire also exhibits fine-scale spatial 

heterogeneity.  Edaphic conditions and differential mortality among tree species may 

partially explain these patterns (Ivanauskas et al., 2003), although the distribution of 

leaf litter and fine fuels may also be important for patterns of canopy mortality in 

more seasonal Amazon forests (Balch et al., 2008).  In the months following fire, the 

patchy distribution of high and low canopy damage areas from understory fires can be 

detected with high-resolution optical satellite data (e.g., Cochrane & Souza, 1998; 

Souza Jr. & Roberts, 2005).   

 This study derived two parameters of canopy damage from fire using high and 

moderate resolution satellite data.  Because the BDR algorithm uses imagery from the 

early dry season to detect evidence of burning from the previous year, this study 

mapped post-fire effects on canopy trees and not burned area, per se (Lentile et al., 

2006).  Therefore, the total fire-damaged forest area was calculated as the sum of all 

pixels within the study area with canopy damage from fire.  Individual burn scars of 

different sizes were delineated from the map of fire-damaged forest area based on 

contiguous patches of canopy damage.  Individual burn scars represent perimeters of 

contiguous canopy damage from fire at high and moderate resolution.  Given the fine-

scale spatial heterogeneity in canopy mortality from fire observed in field and 

satellite-based studies, burn scars derived from both high and moderate resolution 

satellite data may include some fraction of unburned forest at the sub-pixel level.  
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This study did not attempt to further classify canopy damage within the perimeter of 

individual burn scars into classes of burn severity (Lentile et al., 2006).     

3.3.3 Data  

This study used a variety of data sources to build and test the BDR algorithm 

for mapping the extent of canopy damage from fire.  The pre-processing steps to 

generate dry-season time series of Landsat and MODIS data and describe the satellite 

and field data used to calibrate the BDR algorithm are described below.  Section 3.3.4 

provides a detailed description of the BDR algorithm.  Finally, Section 3.3.5 presents 

the approach for validation of the satellite-based maps of canopy damage from fire 

using field observations of burned forest and independent data products on selective 

logging and deforestation.   

3.3.3.1 Landsat TM 1997-2004 
 
 This study used a recently-published Landsat TM/ETM+ dataset for the Mato 

Grosso study area to characterize patterns of disturbance and recovery from fire at 

high resolution (30 m) (Souza Jr. et al., 2005b).  Reflectance values in annual dry-

season images from June-August of each year were normalized to one 

atmospherically-corrected scene, and a linear spectral mixture model with common 

endmembers for green vegetation (GV), non-photosynthetic vegetation (NPV), shade, 

and soil was used to derive annual fraction images and normalized difference fraction 

index (NDFI) data layers (Souza Jr. et al., 2005a; Souza Jr. et al., 2005b).  Annual 

shade-normalized green vegetation fraction (GVs) data layers from 1997-2004 were 

analyzed in this study following the calculation presented by Souza et al., (2005a):  
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GVs = ( )Shade
GV
−100

         (3-1) 

Souza et al. (2005a) showed that the GV fraction was best for separating logged and 

burned forests, while the composite NDFI was best for separating logged and intact 

forest classes.   

3.3.3.2 MODIS 250 m Dry-season Mean NDVI 2000-2005 
 
 An annual time series of MODIS dry-season mean normalized difference 

vegetation index (mNDVI) was constructed to identify evidence of forest disturbance 

and recovery from fire at moderate resolution (250 m).  mNDVI data layers were 

produced by averaging dry-season NDVI values from the Collection 4 MOD13 Q1 

Vegetation Indices (Huete et al., 2002).  Annual mNDVI data values for each 250 m 

pixel were derived from seven 16-day composite periods (day 129-225) in order to 1) 

limit interference from clouds or biomass burning aerosols typical of wet-season and 

late dry-season months, respectively, 2) eliminate artifacts from new forest burning 

that occurs during the late dry season, and 3) maintain consistent solar illumination 

conditions relative to the June solstice to minimize the impacts of seasonal changes in 

solar illumination on canopy reflectance.  Remaining cloudy or other low-quality data 

values identified in the Quality Assurance data layer were replaced using a local 

spline function with high-quality data values in each pixel’s time series prior to 

averaging for each annual mNDVI data layer for 2000-2005 (Morton et al., 2006).  

Finally, in order to evaluate evidence of fire damage prior to the MODIS era, all 

regions were assigned a forested mNDVI value in 1999 (mNDVI = 0.85).  Landsat-

based maps of fire-damaged forest from 1998 and 1999 were used to quantify the  
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Table 3-1: Data sources for calibration and validation of fire-damaged forest area 
derived from the BDR algorithm.   
 
 Calibration   Validation   

Class Source Years* Area (km2) Source Years* 
Area 
(km2) 

Forest Field Obs. 2005  NA   

Selective 
Logging 

Souza et al. 
2005a 2002 102.8 Asner et al., 

2005 1999-2001 5932.3 

Logged & 
Burned 
Forest** 

Souza et al. 
2005a 2002 105.2 

Field Obs.; 
Image-derived; 
Inter-
comparison 

1999-2002; 
1999; 
1999-2002 

144.7; 
1767.9; 

*** 

Deforestation 
INPE, 2007; 
Morton et 
al., 2006 

2002 

Pasture: 
89.6; 

Cropland: 
91.6 

INPE, 2007; 
Morton et al., 
2006 

2000-2002 1332.6 

* Deforestation and selective logging between annual images are assigned to the end image date by 
INPE (2007) and Asner et al. (2005), respectively.  Calibration and validation comparisons used 
forest damages identified in the same year; for consistency this study reports all comparisons 
according to the year of forest burning from the BDR approach (e.g., Year 1999 = 1999 fire damages 
and 2000 logging).   
** Souza et al. (2005a) identified forest areas that were logged and subsequently burned.  Field and 
image-derived forest burn scars used for validation were not necessarily logged prior to burning. 
***Inter-comparison of annual high confidence fire-damaged forest area, total: Landsat (1879.8 km2), 
MODIS (3040.1 km2) 
 

 

fraction of historic burning from these years that was visible in 2000 MODIS 

imagery. 

3.3.3.3 Calibration Data 

Algorithm calibration data for logged, burned, deforested, and intact forest 

areas were derived from Landsat data products and field observations (Table 3-1).  

Calibration data were used to characterize the trajectory of GVs and mNDVI over 

time for each forest disturbance class and the spatial attributes (size, shape) of 

selective logging and fire-damaged forest areas derived at high and moderate 

resolution to assign individual burn scars to low or high-confidence classes.  Forest 

damages between 2002 and 2003 were selected for algorithm calibration based on 

overlap with the MODIS era.  Logged forest and logged forests that subsequently 
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burned were identified using NDFI results from Souza et al. (2005a) and were 

visually inspected to eliminate areas that were later deforested using data from the 

PRODES (Monitoramento da Floresta Amazônica Brasileira por Satélite) annual 

Landsat-based deforestation assessments (INPE, 2007).  Field observations of intact 

forest in 2005 were used to identify forest areas that were not logged, burned, or 

cleared during the combined Landsat and MODIS time series (1997-2005).  Finally, 

large deforestation events (>25 ha) with post-clearing land use of either pasture or 

cropland were selected to compare time series trajectories among major classes of 

forest cover change within the study area (Morton et al., 2006; INPE, 2007). 

Calibration data totaled approximately 100 km2 for each class (Table 3-1).   

3.3.4 Burn Damage and Recovery (BDR) Algorithm 

 The BDR algorithm is a time-series approach to distinguish fire-related 

canopy damage from selective logging and deforestation.  The idealized BDR time 

series trajectory for fire-damaged forest has three components (Figure 3-2, Figure 3-

3): 1) forested conditions in the year prior to burning, 2) intermediate change in post-

burn vegetation greenness relative to either logging or deforestation (0.75 years post-

fire), and 3) recovery of mNDVI or GVs values during subsequent years (1.75 and 

2.75 years post-fire).  Based on calibration data, minor canopy damages from logging 

and complete canopy removal during deforestation for agricultural use have different 

MODIS mNDVI and Landsat GVs trajectories over time compared to burned forest.  

Similar vegetation greenness values among forest disturbance classes in individual 

years highlights the value of a time series approach for isolating canopy damages 

from fire in Amazonia (Figure 3-2).   

 57 
 



 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

2001 2002 2003 2004 2005

M
O

D
IS

 m
N

D
VI

Forest Logged Forest
Burned Forest Pasture Deforestation
Cropland Deforestation

0

10

20

30

40

50

60

70

80

90

100

2001 2002 2003 2004

La
nd

sa
t G

Vs
 F

ra
ct

io
n

 

Figure 3-2: Time series of annual mean ± 1 S.D. MODIS mean dry-season NDVI 
(mNDVI, top) and Landsat shade-normalized green vegetation fraction (GVs, 
bottom) for calibration data on intact, logged, and burned forest and deforestation for 
pasture and cropland during 2002.  
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The automated BDR algorithm also uses spatial attributes to separate fire-

damaged forest from logged forest and eliminate possible edge effects along class 

boundaries common at MODIS resolution.  Consistent linear and point patterns from 

roads (skid trails) and log decks (patios) facilitate automated detection of selective 

logging in Amazonia using high resolution satellite data (Asner et al., 2005; 

Matricardi et al., 2005; Souza Jr. et al., 2005a).  To minimize confusion between 

canopy damage from fire and selective logging infrastructure, the BDR algorithm 

only identifies burn scars larger than individual log decks (0.4 ha) (Souza Jr. et al., 

2005a), and burn scars with linear or dendritic patterns are considered low confidence 

detections to reduce potential overlap with skid trails and logging roads.   

3.3.4.1 BDR Processing 
 

The BDR algorithm has three main processing steps to identify canopy 

damage from fire (Figure 3-3).  The first step is to identify core areas of canopy 

damage from fire for each year based on the BDR time series trajectory.  Clusters of 

pixels that satisfy all criteria for pre-burn, burn, and recovery elements of the BDR 

trajectory are considered core areas.  Next, suitably-sized core areas are grown into 

larger regions by running a neighborhood search for adjacent pixels that meet BDR 

trajectory criteria for growth regions.  Compared to core areas of canopy damage 

from fire, pixels that fit the growth region BDR trajectory have a wider range of pre 

and post-burn values and may have slower recovery of vegetation greenness over 

time.  A similar, two-phase classification approach was used previously to map 

burned forest in Alaska with AVHRR data (Kasischke & French, 1995).  The third 

step is to calculate spatial statistics for each burn scar: size, perimeter-area ratio, 

average greenness in the year of burn detection, and interior fraction.  Interior fraction  
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3. Calculate Spatial and Spectral Metrics to 
Classify Burn Scar Confidence

BDR Trajectory Parameters
1. Pre-Burn 2. Burn 3. Recovery 4. 2 yr Recovery

MODIS Minimum Drop Range Minimum Minimum
Core 0.8 -0.05 0.70-0.80 + 0.02

Growth 0.75 -0.01 0.65-0.83 +0.01 + 0.01
Landsat

Core 75 -11 50-70 + 6
Growth 70 -6 35-75 + 5 + 1

Metric Remove HC* Remove HC*
Size - >1.5 ha <15 ha >50 ha
Perimeter:Area >0.05 <0.04 >0.012 -
Mean Greenness - <62 >0.81 >0.71 and <0.8
Interior Fraction - - <0.5 >0.6
* High confidence (HC) subset of forest burn scars

Landsat MODIS
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Figure 3-3: The BDR algorithm has three main processing steps: 1) MODIS (top) and 
Landsat (bottom) time series trajectories are used to identify candidate core areas of 
canopy damage from fire (black) and growth regions (gray).  Dashed lines show the 
range of values for 2-year recovery in growth regions.  See table (bottom) for pre-
burn, drop, burn, and recovery parameter ranges for each BDR trajectory.  2) Large 
core areas (white) are joined to adjacent growth areas (red) to generate forest burn 
scars.  3) Individual burn scars are classified as low and high confidence based on 
spatial and spectral metrics. Small or linear burn scars are removed from 
consideration; high-confidence burn detections are large and non-linear, with burn 
values intermediate between damages from deforestation and logging. 
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is the percentage of an individual burn scar that is not edge, calculated based on the 

reduction in burn scar size after applying a majority filter to the initial results using a 

3 x 3 pixel window.  These spatial and spectral statistics form the basis of a burn scar 

confidence classification in which large burn scars with low perimeter-area ratio, high 

interior fraction, and low average greenness are considered most confident.  

Characteristics of low and high-confidence burn scars were derived from calibration 

data.  Low confidence burn scars at Landsat resolution have high perimeter-area ratio 

typical of the dendritic pattern of selective logging operations; MODIS low-

confidence detections are small or linear edge effects common along class boundaries 

at moderate resolution (Figure 3-4).  The final outputs of the automated BDR 

approach are annual maps of canopy damage from fire in which each burn scar is 

classified as high or low confidence according to spatial and spectral metrics. 

In summary, the BDR algorithm applied to time series of Landsat GVs data 

searches for core areas of contiguous canopy damage from fire that are at least three 

times larger than previously documented for selective logging, uses recovery in years 

1-2 after damage to differentiate forest burning from deforestation, and corrects the 

final burn scars to eliminate potential logging artifacts based on the shape (perimeter-

area ratio) and degree of canopy damage within each burn scar (mean GVs).  The 

minimum burn scar size in Landsat-based results is 1.5 ha, equivalent to the smallest 

core area considered by the algorithm.   

The BDR algorithm applied to time series of MODIS mNDVI also begins 

with large core areas to search for canopy damage from fire (≥10.7 ha), and initial 

results are corrected to eliminate potential edge effects with cleared areas or small 
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burn scars that cannot be well-characterized by moderate resolution data (<3 250 m 

pixels, (Morton et al., 2005).  MODIS results are then classified according to 

confidence levels by size, shape, and mean mNDVI in the year of burn detection.  

High confidence burn scars are large (>50 ha), non-linear (interior fraction >0.6), 

with intermediate mNDVI values between potential logged areas (>0.8) and 

deforested regions (<0.71). 

 

 

Figure 3-4: Landsat and MODIS 1999 forest burn scar results classified according to 
high and low confidence based on spatial and spectral metrics for a subset of the 
study area (inset).  The background image shows the shade-normalized green 
vegetation fraction (GVs) for 2000. 
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Figure 3-5: Flow diagram of data processing and analysis for annual maps of fire-
damaged forest area from the BDR algorithm applied to time series of MODIS and 
Landsat data.  We compared low and high-confidence burn scars to validation data on 
burned forest, selective logging, and deforestation, but only high-confidence burn 
scars were used to examine interannual variability in burn scar size and total fire-
damaged forest area. 

 

3.3.5 Validation 

The accuracies of burn scars from the BDR algorithm were evaluated using 

four independent validation datasets and an inter-comparison of high-confidence 

Landsat and MODIS results (Table 3-1).  Figure 3-5 summarizes the overall approach 

for validation and analysis of results from the BDR algorithm.  Omission and 

commission were calculated on a per-pixel and per-polygon basis.  Per-pixel 

comparisons quantified the total overlap between validation data and fire-damaged 

forest.  Per-polygon analyses quantified the overlap between BDR results and 

validation data for individual validation polygons (perimeters) of different sizes.  By 

stratifying omission and commission errors by polygon size, this study quantified the 

advantages and disadvantages of the BDR algorithm applied to high and moderate 

resolution time series.  The accuracies of both low and high-confidence detections 
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were evaluated in order to 1) test whether spatial and spectral metrics derived from 

calibration data reduced the overlap with independent estimates of logging and 

deforestation, and 2) evaluate the potential for MODIS to identify small burn scars, 

since low-confidence results from MODIS include all burn scars <50 ha.  Each 

validation dataset is briefly described below.   

 Field observations of fire-damaged forest were collected during June-

September of 2001 and 2003.  In each year, field transects along existing roads 

targeted fire scars visible in coincident high-resolution imagery.  The location and 

perimeter of each forest burn scar was recorded using a hand-held Global Positioning 

System (GPS) unit.  The date and ignition source for each fire was determined using a 

combination of satellite data and information from landowners.  Immediately 

following field campaigns, field-mapped burn perimeters were identified in 

coincident high-resolution data (ASTER or Landsat TM/ETM+) to complete portions 

of the burn perimeter that were not accessible during fieldwork.  The total fire-

damaged forest area mapped during fieldwork was 145 km2 in 18 forest burn scars 

that ranged in size from 27-5,086 ha (Table 3-2).   

An additional validation dataset of burned forest perimeters from 1999 was 

generated through visual inspection of Landsat imagery from 1999-2001.  Spatial and 

spectral characteristics of field-mapped forest burn scars were used to identify similar 

features within the study area.  A total of 145 forest burn scars from 1999 (1767.9 

km2), ranging in size from 13-14,462 ha, were digitized within the study area to test 

omission of canopy damage from fire in the BDR results (Figure 3-6).  For per-

polygon analyses, this study used linear regression to determine whether the area of  
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Figure 3-6: Number of burn scars (bars) and cumulative contribution to total 
validation fire-damaged forest area (◊) by size class for 145 validation burn scars 
from 1999 identified in Landsat imagery.  

 

fire-damaged forest identified in Landsat and MODIS results within individual 

validation burn scars was similar for burn scars of different sizes.  We ran separate 

regression analyses for large (>500 ha) and small (<500 ha) burn scars.   

Agreement between fire-damaged forest results from Landsat and MODIS 

time series was used as an additional validation test since canopy damages are 

captured differently in high and moderate resolution data.  Subtle damages from 

selective logging are less likely to be detected with moderate resolution data than 

with data from Landsat-like sensors (Asner et al., 2004), while mixed pixel effects at 

class boundaries typical at MODIS resolution are less likely to occur with higher 

resolution data (Morton et al., 2005).  Therefore, detection by both MODIS and 
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Landsat BDR results increases the confidence of an individual burn scar.  To compare 

the burn scar results from moderate and high resolution data, linear regression was 

used to determine whether the area identified in Landsat results (y) was similar to the 

area identified in MODIS results (x).  Separate regression analyses were run for large 

(>500 ha) and small (<500 ha) burn scars.  The fraction of the total fire-damaged 

forest in high-confidence burn scars that was detected at both Landsat and MODIS 

resolutions was also calculated.   

Independent datasets on selective logging (Asner et al., 2005) and 

deforestation (INPE, 2007) were used to characterize potential commission errors in 

the Landsat and MODIS results of fire-damaged forest.  These comparisons did not 

provide a rigorous test of commission errors in results from the BDR algorithm 

because neither product was specifically designed to exclude burned forest.  Instead, 

evaluation of overlap between canopy damage from fire, selective logging, and 

deforestation was useful to characterize the nature and extent of classification 

confusion among disturbance types in southern Amazonia.  As shown in Table 3-1, 

overlap between deforestation events >25 ha and fire-damaged forests was further 

defined according to post-clearing land use based on results from Morton et al. 

(2006).  Finally, accounting methods differ between the BDR algorithm and datasets 

of selective logging and deforestation.  For fire-damaged forest, early dry-season 

images capture evidence of forest burning during the previous dry season.  Selective 

logging and deforestation damages are assigned to the year in which they were 

mapped, representing the sum of all damages between annual images.  For validation, 

this study compared fire-damaged forests, selective logging, and deforestation 
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identified in the same year (e.g., burn damages from 1999 were compared with 

selective logging from 2000, and burn damages from 2002 were compared with 2003 

deforestation).  For consistency, this study described validation comparisons using the 

year of burn damages. 

 

3.4 Results 

3.4.1 Validation: Omission 

Field and image-derived forest burn scars were used to quantify omission in 

results from the automated BDR algorithm applied to Landsat and MODIS time 

series.  Overall, the BDR algorithm accurately identified forest burn scars mapped 

during fieldwork (Table 3-2).  Landsat results identified some canopy damage from 

fire in all 18 field-mapped burn scars, and MODIS results detected fire damages in all 

but one field-mapped burn scar in 2000 (103 ha).  MODIS results captured a higher 

percentage of the fire-damaged forest area mapped during fieldwork than Landsat due 

to heterogeneity of canopy damage within the burn scar perimeters at high resolution 

(82% and 74%, respectively).  The high-confidence subset of all burn scars reduced 

the area of overlap with field validation data by <1% in both Landsat and MODIS 

results (Table 3-2). 

Fire-damaged forest results for 1999 from Landsat and MODIS also 

corresponded well with image-derived burn scars (Table 3-2).  Landsat results 

detected 61% of the total fire-damaged forest area, with some canopy damage from 

fire detected in 143/145 burn scars.  The fraction of digitized burn scars detected by 

Landsat was consistent for large (>500 ha, y = 0.61x, R2 = 0.96, n = 65, p<0.001) and  
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Table 3-2: Detection of field and image-derived validation forest burn scars with 
results from the BDR algorithm applied to time series of Landsat and MODIS data. 
 

Obs. Burn scars (ha) Area (km2) km2 % km2 %

Field
1999 9 34, 205, 237, 496, 505, 

820, 1148, 1479, 5086
96.3 78.9 82 82.8 86

2000* 2 49, 103 1.5 0.8 53 0.3 20
2001 1 979 9.7 1.1 12 2.5 25
2002 6 27, 272, 300, 632, 873, 

1672
37.2 26.4 71 33.4 90

Total 18 144.7 107.2 74 119.0 82
Image
1999** 145 (see Fig. 6) 1767.9 1071.1 61 1344.5 76
*Only year in which results were different for high-confidence burn scars than total
  fire-damaged forest area (Landsat: 0.6 km2, MODIS = 0).
**Overlap of high confidence burn scars with image-derived validation data differed
   by <1% from total results (Landsat:1063 km2; MODIS: 1331 km2).

Landsat MODISValidation

 

 

small validation burn scars (<500ha, y = 0.68x, R2 = 0.97, n = 81, p<0.001).  MODIS 

results detected a higher percentage of the total fire-damaged forest area (76%) but 

fewer individual burn scars than Landsat (136/145).  Four of the 9 digitized forest 

burn scars without a corresponding MODIS detection were <50 ha.  Automated 

results from MODIS underestimated the area in individual burn scars by 

approximately 25% for digitized burn scars of all sizes (>500 ha, y = 0.75x, R2 = 

0.97, n = 65, p<0.001; <500 ha, y = 0.74x, R2 = 0.89, n = 81, p<0.001).  The high-

confidence subset of burn scars reduced the overlap with digitized fire-damaged 

forest area by <1% for both Landsat and MODIS results since large burn scars (>500 

ha) accounted for 93% of the total digitized area (Figure 3-6). 
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3.4.2 Validation: Commission 

3.4.2.1 Selective Logging 
 

Maps of annual selective logging damages independently derived from 

Landsat data (Asner et al., 2005) were used to characterize potential commission 

errors in results from the BDR algorithm.  Overlap between selective logging and 

canopy damage from fire was high in 1999 but very low in 2000 and 2001 (Table 3-

3).  Coincident burning and logging classifications in 1999 were predominantly in 

high-confidence results (Table 3-3).  Forest areas classified as logged and burned also 

overlapped with field-mapped burn scars (52%) and digitized forest burn scars (48%) 

in that year.  In 2000 and 2001, there was little overlap between fire-damaged forest 

and selective logging, and most coincident detections occurred in the low-confidence 

burn scars.  In all years, forest burning extended beyond areas of coincident logging.  

For example, burn scars in Landsat and MODIS results from 1999 that were also 

classified as logging averaged only 49% and 33% logged, respectively.   

Table 3-3: Overlap between Landsat-based selective logging from Asner et al. (2005) 
and fire-damaged forest for all BDR results (Total) and high-confidence burn scars 
(HC) from Landsat and MODIS time series.  Total high confidence fire-damaged 
forest area (HC Area) and the percentage of HC Area that overlapped with selective 
logging are also shown. 
 

Logged Landsat MODIS
Area HC Area Total HC  HC Area Total HC 

Year* (km2)  (km2) (km2) (km2) % (km2) (km2) (km2) %
1999 2587.6 1508.1 653.8 633.4 42 2526.3 848.2 821.0 33
2000 1466.1 55.4 10.7 5.2 9 65.5 12.8 4.4 7
2001 1878.6 34.9 2.2 2.0 6 45.5 11.5 2.8 6
* Asner et al. (2005) assigned logging between annual Landsat images to the end image 
  date, whereas burn damages from the BDR algorithm are attributed to previous year.  
  As shown, year 1999 corresponds to logging in 2000, etc.

Landsat Overlap MODIS Overlap
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Table 3-4: Overlap between fire-damaged forest (2000-2002) and PRODES 
deforestation (2001-2003) (INPE, 2007) for all BDR results (Total) and high-
confidence burn scars (HC).  Total overlap with PRODES deforestation is further 
divided by size and post-clearing land use (Morton et al., 2006).  Total high 
confidence fire-damaged forest area (HC Area) and the percentage of HC Area that 
overlapped with deforestation are also shown. 
 

Deforested Landsat MODIS
Area HC Area Total HC HC Area Total HC 

Year* (km2)**  (km2) (km2) (km2) % (km2) (km2) (km2) %
2000 Total 287.0 55.4 13.0 12.9 23 65.5 21.5 11.9 18

  >25 ha
     Cropland 78.5 0.0 0.0 0.6 0.1
     Pasture 165.4 10.0 10.0 15.7 8.4
     NIP 15.3 2.2 2.1 3.7 3.0
  <25 ha 27.8 0.8 0.8 1.5 0.5

2001 Total 398.3 34.9 19.3 19.1 55 45.5 26.3 18.7 41
  >25 ha
     Cropland 113.5 0.0 0.0 0.9 0.0
     Pasture 225.9 16.1 16.0 18.2 12.5
     NIP 24.3 2.7 2.6 6.2 5.7
  <25 ha 34.6 0.5 0.5 1.0 0.5

2002 Total 649.3 281.4 119.3 115.3 41 402.7 125.6 108.3 27
  >25 ha
     Cropland 235.2 13.5 13.5 4.3 1.9
     Pasture 275.2 63.7 63.1 61.5 53.4
     NIP 75.2 35.3 32.1 49.7 44.2
  <25 ha 63.7 6.9 6.6 10.2 8.8

*Burn year 2000 corresponds to 2001 deforestation due to differences in annual accounting 
  between BDR and PRODES.
**Landsat-based annual deforestation from PRODES (INPE, 2007). Clearings >25 ha classified 
  according to post-clearing land use (Morton et al., 2006).

MODIS OverlapLandsat Overlap

 

 

3.4.2.2 Deforestation 
 

Landsat-based maps of annual deforestation from the PRODES program 

(INPE, 2007) were also used to quantify potential commission errors in results from 

the BDR algorithm.  Overlap between fire-damaged forest and PRODES 

deforestation occurred primarily in high-confidence burn scars (Table 3-4).  The area 

of overlap between fire-damaged forest and deforestation was similar for Landsat and 

MODIS results in all years (Table 3-4).   
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 Coincident detection of burn damages and deforestation varied according to 

clearing size and post-clearing land use (Table 3-4).  In 2000 and 2001, confusion 

between deforestation and fire-damaged forest was mostly confined to large (>25 ha) 

forest clearings for pasture.  Burn scars only overlapped with a small fraction of the 

individual areas cleared for pasture in those years; the average fraction of forest 

clearings for pasture mapped as canopy damage from fire was 28% in 2000 and 25% 

in 2001.  In 2002, a small number of individual clearings for pasture (37/192) that 

were mapped as >50% fire-damaged forest accounted for 75% of the area of overlap 

between deforestation for pasture and fire-damaged forest in that year.  Forest burn 

scars overlapped less frequently with deforestation classified as not in agricultural 

production (NIP), and did not overlap with cropland deforestation and clearings <25 

ha except in 2002 (Table 3-4).   

Table 3-5: Fire-damaged forest area detected by the BDR algorithm using Landsat 
and MODIS time series for all forest burn scars (Total) and high-confidence burn 
scars (HC).  Coincident detections at both high and moderate resolution (overlap) 
were derived from high-confidence burn scars.    
 

Year
Total Fire-damaged 
Forest Area (km2)

HC Fire-damaged 
Forest Area (km2) Overlap (km2)*

Landsat
1997 150.3 123.6
1998 41.6 38.6
1999 1549.9 1508.1 1435.8
2000 67.5 55.4 28.1
2001 35.9 34.9 17.4
2002 290.5 281.4 185.6

MODIS
1999 2788.7 2526.3 2317.3
2000 143.4 65.5 52.4
2001 88.9 45.5 40.4
2002 507.8 402.7 359.5

* Forest burn scars with high-confidence detections in Landsat and
  MODIS results during 1999-2002.  
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Figure 3-7: Total Landsat high confidence fire-damaged forest area during 1997-2002 
(white) impacted 10% of the forested area in 1997.  Forested regions appear gray and 
deforested areas appear black in the background image of the study area (2003 shade-
normalized green vegetation fraction, GVs).   

 

3.4.3 Interannual Variation in Fire-Damaged Forest, 1997-2002 

The majority of fire-damaged forest mapped with Landsat and MODIS time 

series was not associated with the 1997-1998 ENSO.  Fire-damaged forest area from 

Landsat in 1999 was 10 and 15 times greater than the amount of canopy damage from 

fire during 1997 and 1998, respectively (Table 3-5).  Similarly, <1% of MODIS fire-
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damaged forest area in 1999 was identified as burned forest in 1998 in Landsat results 

(12 km2).   

Interannual variation in fire-damaged forest area was similar between results 

from the BDR algorithm applied to Landsat and MODIS time series (Table 3-5).  The 

location of individual burn scars during 1999-2002 was also similar between 

moderate and high resolution results.  MODIS burn scars with corresponding Landsat 

detections accounted for over 91% of all MODIS high confidence fire-damaged forest 

area (Table 3-5). 

In the southern Amazon study area, the total Landsat high confidence fire-

damaged forest area during 1997-2002 was 2136 km2 (Table 3-5), equivalent to 10% 

of all forest in the study area in 1997 (Figure 3-7).  The total area in high confidence 

burn scars during 1999-2002 at MODIS resolution was 2832 km2 (13% of 1997 

forested area).  

3.4.4 Burn Scar Sizes 

 The contribution of large and small burn scars to total fire-damaged forest 

area varied interanually (Figure 3-8).  Very large burn scars (>500 ha) were only 

mapped in years with highest fire damages (1999, 2002).  However, these largest burn 

scars contributed the majority of canopy damage from fire during 1997-2002.  Burn 

scars >500 ha accounted for 56% of the Landsat fire-damaged forest area during 

1997-2002 and 78% of the MODIS fire-damaged forest area during 1999-2002.  

Small burn scars (<50 ha) in Landsat results were common in all years but 

contributed only 12% of the total fire-damaged forest area over the study period.  
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Small burn scars contributed 46% of total fire-damaged forest area in years with 

lowest canopy damage from fire (1998, 2001). 

The estimated size of individual burn scars was larger from MODIS than from 

Landsat, but the exact relationship between MODIS and Landsat-based area was 

strongly dependent on burn scar size.  For very large burn scars (>500 ha), MODIS-

based burn scar size was consistently twice that derived from higher resolution data: 

1999 (y = 0.52x, R2 = 0.92, n = 79, p<0.001) and 2002 (y = 0.49x, R2 = 0.94, n = 19, 

p<0.001).  The correlation between MODIS and Landsat-based burn scar size was 

lower for smaller burn scars (<500 ha), and the slope of the linear fit was more 

variable (1999: y = 0.23x, R2 = 0.47, n = 200, p<0.001; 2000: y = 0.40x, R2 = 0.82, n 

= 38, p<0.001; 2001: y = 0.23x, R2 = 0.56, n = 30, p<0.001; and 2002: y = 0.37x, R2 = 

0.68, n = 105, p<0.001).   

 

3.5 Discussion 

The BDR algorithm is a fully-automated approach to estimate the annual 

extent of canopy damage from understory fires in Amazon forests.  The use of a time 

series approach enabled accurate identification of fire-damaged forest areas and 

improved separability of burning from logging and deforestation for cropland and 

pasture compared to single-date methods.  Results from the BDR algorithm applied to 

time series of Landsat and MODIS data demonstrate the high degree of interannual 

variability in the extent of fire-damaged forest.  Surprisingly, fire-damaged forest in 

1999 was an order of magnitude higher than during the 1997-1998 El Niño.  Large 

burn scars (>500 ha) were also detected in 2002, highlighting potential 
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Figure 3-8: Percent contribution from burn scars of different sizes to annual high-
confidence fire-damaged forest area for the BDR algorithm applied to time series of 
Landsat (top) and MODIS (bottom).   

 

differences in the relationship between climate and fire in this study area compared to 

other Amazon regions (e.g., Barbosa & Fearnside, 1999; Nepstad et al., 2004; 

Alencar et al., 2006).  Our results illustrate the potential to address critical questions 
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concerning climate and fire risk in Amazon forests when the BDR algorithm is 

applied over larger areas. 

Both Landsat and MODIS time series were suitable for mapping canopy 

damage from fire using the BDR algorithm.  MODIS results captured a higher 

fraction of the area in field validation burn scars and had very similar commission of 

selective logging and deforestation compared with Landsat results.  Landsat 

resolution was essential for high-confidence detection of small burn scars (<50 ha), 

but results from this study demonstrate that moderate resolution data are suitable for 

identifying burn scars >50 ha which contributed the majority of fire-damaged forest 

area in every year. Thus, moderate resolution satellite data may be suitable to provide 

estimates of fire-damaged Amazon forest at a regional scale.   

MODIS and Landsat data have complementary characteristics for mapping 

canopy damage from fire in tropical forests using time series of satellite data.  Lower 

data volumes and a more homogenous disturbance signature in 250 m MODIS data 

facilitated automated BDR processing; some canopy damage was not detected at 

Landsat resolution because damaged pixels were not contiguous, interrupting the 

search portion of the BDR algorithm.  Improvements to the BDR algorithm, such as 

improved characterization of burn scar fragments, or data filtering techniques (e.g., 

Souza et al., 2005a) could improve automated burn scar detection in Landsat or other 

higher-resolution satellite time series.  As shown in Figure 3-2, values of Landsat 

GVs were less stable over time than mNDVI derived from MODIS for intact forest 

areas, likely due to interannual variability in the timing of image acquisition and 

atmospheric conditions.  Cloud cover may also limit the degree to which time-series 
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processing of high resolution data can be conducted in less seasonal tropical forest 

regions (Asner, 2001).  Accurate geolocation (Salomonson & Wolfe, 2004), 

atmospheric correction (Vermote et al., 2002), and bi-weekly data mosaics may 

therefore facilitate the use of MODIS data for regional scale studies of fire-damaged 

tropical forests.  Nevertheless, high-resolution satellite data may still be required for 

studies in regions with only small burn scars and to characterize canopy damage 

within the burn perimeters identified using the BDR algorithm with moderate 

resolution data.  As demonstrated here, Landsat data are also an essential link 

between field and satellite-based observations. 

The BDR approach successfully isolated fire-damaged forest from areas of 

selective logging in years with low fire activity (2000-2001, when <0.4% of logging 

was classified as burning and <9% of burning was also classified as logging).  Given 

previous reports of low sensitivity to fine-scale canopy damages from selective 

logging in moderate resolution data (e.g., Asner et al., 2004), the high degree of 

confusion between MODIS-based burn scars and logging in 1999 was unexpected 

(821 km2 represented 31% of logging and 33% of canopy damage from fire).  

Overlap between validation burn scars and selective logging suggests that logging 

and burning may have occurred in the same year (1999) or that burning re-exposed 

evidence of selective logging prior to 1999.  Clarifying the role of logging for 

generating both fuels and ignition sources for forest fires in Amazonia during years 

with extensive forest fire damages is an important subject for future study.   

Overlap between deforestation and fire-damaged forest in both Landsat and 

MODIS results suggests that PRODES may have overestimated the amount of 
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deforestation in the study area.  Because the BDR algorithm identifies areas of fire-

damaged forest based on forest recovery over time, it is likely that the areas of 

overlap between burn scars and deforestation were never fully cleared for agricultural 

use.  Our results further suggest that cropland expansion may be a more important 

driver of recent deforestation than previously reported because most overlap between 

burning and PRODES deforestation was associated with clearing for pasture (Morton 

et al., 2006).  Lower overlap between mechanized forest clearing for cropland and 

fire-damaged forest may be a result of seasonal differences in the timing of fires for 

deforestation; fires for cropland deforestation occur earlier in the dry season than fires 

for pasture deforestation when surrounding forests may be less flammable (Morton et 

al., 2008).  However, confusion between forest fires and deforestation cannot be 

completely resolved by combining independent data products derived from different 

methods.   

Development of an integrated time-series approach to separately account for 

the contributions from understory fires, selective logging, and deforestation to annual 

forest damage would satisfy information needs for both policy and science 

applications.  All three types of forest disturbance could be identified in time series of 

data from Landsat-like sensors by combining methods demonstrated in this study to 

follow fire damages and deforestation over time with techniques to detect spatial 

attributes of forestry infrastructure (Asner et al., 2005; Matricardi et al., 2005; Souza 

Jr. et al., 2005a).  Time series of MODIS data could be used to estimate fire-damaged 

forest and deforestation in an internally-consistent manner, given that MODIS-based 

results in this study were largely insensitive to subtle canopy damages from selective 
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logging.  Any integrated approach that requires several years of satellite imagery will 

not replace the need for operational deforestation monitoring (INPE, 2006) or global 

burn scar mapping (e.g., Roy et al., 2008; Giglio et al., submitted).  As presented 

here, the BDR algorithm can only map canopy damages from fire with high 

confidence on a two-year delay.  However, longer time horizons under discussion for 

policy and market mechanisms to reduce carbon emissions from deforestation and 

degradation (REDD) may permit this type of retrospective approach (Gullison et al., 

2007), given the substantial differences in carbon losses from understory fires (e.g., 

Barlow et al., 2003; Alencar et al., 2006; Balch et al., 2008), selective logging (e.g., 

Asner et al., 2005), and deforestation (Houghton et al., 2000; van der Werf et al., in 

press-b). 

Interannual variation in fire-damaged forest area was high within the study 

area in southern Amazonia.  Fires damaged 10% of all forest in the study area during 

1997-2002, and three quarters of all canopy damage from fire occurred during 1999.  

In contrast to findings in this study, Alencar et al. (2006) reported extensive fire 

damages in 1998 for a neighboring study area in northern Mato Grosso state, Brazil.  

Localized differences in site conditions, land use, forest structure, disturbance history, 

or climate that generate spatial heterogeneity in understory forest fire damages merit 

further study.  Once burned, Amazon forests may be more susceptible to future fires 

based on the influence of canopy damage on forest microclimate and fuels (Cochrane 

et al., 1999).  Using a longer time series, the BDR approach could also be used to 

characterize the frequency of fires in previously-burned forest to evaluate long-term 
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changes in the structure of tropical forest ecosystems from frequent fire exposure 

(Cochrane & Schulze, 1999; Barlow & Peres, 2008). 

Very large burn scars were only mapped during years with extensive forest 

burning, consistent with previous findings of greater penetration of understory fires in 

periodic high-fire years (Cochrane & Laurence, 2002; Alencar et al., 2004; Alencar et 

al., 2006).  Based on published understory fire spread rates of 0.1 – 0.5 m/min 

(Cochrane et al., 1999; Balch et al., 2008), the largest fires in 1999 may have burned 

continuously for approximately two weeks.  Whether high fire damages in these years 

were linked with climate (e.g., Ray et al., 2005) or an increase in fuel availability 

(Alvarado et al., 2004; Balch et al., 2008), prolonged rainless periods once understory 

fires begin appear necessary for individual fires to damage large areas.     

 

3.6 Uncertainties 

Several limitations of the BDR algorithm should be taken into account.  

Omission of fire-damaged forest was tested using field and image-derived validation 

burn scars, and commission errors were evaluated using independent data on selective 

logging and deforestation in the region.  However, several additional sources of 

uncertainty may lead to an underestimate of fire-damaged forest in this study.  

Understory fires that do not generate any canopy damage will not be detected by the 

BDR algorithm.  Similarly, fires that generate very low or very high canopy damage 

will be considered low confidence detections to minimize potential classification 

errors with selective logging and deforestation, respectively.  During sequential forest 

disturbance events, such as fire following selective logging (Souza Jr. et al., 2005a), 
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fire damages that follow the network of skid roads and log decks installed during 

forestry operations may not be considered high confidence burn scars in the BDR 

approach.  Finally, immediate abandonment of partially-cleared areas or installation 

of plantation forests could generate a recovery trajectory similar to burned forest, 

leading to commission errors with the BDR approach.  Data on land abandonment 

and plantation forests were not available, but based on field knowledge of the study 

region, these practices are rare relative to widespread damages from understory fires, 

selective logging, and deforestation for agricultural use. 

 

3.7 Conclusions 

The BDR algorithm is a novel method to identify temporal and spatial 

characteristics of burned forest in time series of satellite data.  Time series 

information from a minimum of three consecutive years permits detection of two 

changes—a reduction in green vegetation following fire and immediate recovery of 

canopy material in subsequent years.  The results from this study demonstrate that 

both Landsat and MODIS time series are suitable for isolating understory forest fire 

damages from selective logging and deforestation in Amazonia using the BDR 

algorithm.    

Mapping the annual extent of canopy damage from understory fires in 

Amazonia is critical to improve estimates of carbon emissions from forest 

degradation to meet both scientific and policy objectives (Gullison et al., 2007).   

This study confirms that periodic high fire years contribute substantially to forest 

degradation in southern Amazonia, but extensive burning in the study area did not 
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coincide with the 1997-1998 ENSO as reported in previous studies.  Applying the 

BDR algorithm to longer time series over larger study areas will improve 

understanding of relationships among climate, land use, and forest fire activity in 

Amazonia.     
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Chapter 4: A Positive Fire Feedback in Southern Amazon 

Forests  

4.1 Summary 

 Initial anthropogenic understory fires may increase Amazon forest 

flammability.  This positive fire feedback is one potential mechanism for 

savannization of tropical forests under current climate conditions.  Testing the 

savannization hypothesis over large areas requires annual satellite data to determine 

the frequency of understory fire damages and characterize vegetation recovery 

following repeated burning.  This chapter describes the combination of field 

observations and a moderate resolution satellite time series to create annual maps of 

burned Amazon forest (1999-2005) and deforestation (2000-2006) for the upper 

Xingu River watershed in the Brazilian state of Mato Grosso.  This study tests the 

hypotheses that fire-damaged forest area is highest during dry years and that repeated 

fire exposure reduces satellite-measured vegetation greenness compared to initial 

burn damages as herbaceous vegetation replaces closed-canopy forest.  The results 

from this study suggest that burned forests are an extensive and long-term component 

of frontier landscapes in southern Amazonia.  The area of fire-damaged forest during 

the MODIS era was equivalent to the area deforested for cropland and pasture, and 

combined damages from fire and deforestation totaled 30% of the initial forested area 

outside of the Xingu Indigenous Park.  Contrary to the first study hypothesis, annual 

fire-damaged forest did not show a consistent trend with precipitation anomalies 

derived from the Tropical Rainfall Measuring Mission (TRMM) satellite during 
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1998-2005.  Highest fire damages in 1999 (8,815 km2) did coincide with low 

accumulated (6/98-5/99) and dry season (6/99-8/99) rainfall, but precipitation was 

average and anomalously wet preceding elevated forest fire damages in 2002 and 

2004, respectively.  Approximately 20% of all forests damaged by fire burned two or 

three times during 1999-2005 with an average fire return interval of 3.2 years.  

Comparable recovery of dry-season greenness two years after first, second, and third 

burns implied a continued dominance of deep-rooted, woody vegetation in fire-

damaged forest areas.  While three fires in 5-7 years did not lead to evidence of 

savannization in satellite-based measures of vegetation greenness, higher frequency 

of fire damages in previously-burned than unburned forests supports the hypothesis of 

a positive fire feedback in southern Amazon forests.   

 

4.2 Introduction 

Widespread fires in tropical forests more than doubled estimates of 

atmospheric carbon emissions from annual deforestation during the 1997-1998 El 

Niño event (Nepstad et al., 1999b; van der Werf et al., 2004; van der Werf et al., in 

press-a) and demonstrated the sensitivity of humid forest types to severe degradation 

from fire during drought conditions (Barbosa & Fearnside, 1999; Cochrane et al., 

1999; Page et al., 2002).  Fires in tropical forests may initiate a positive feedback in 

which canopy gaps from fire-killed trees alter the forest microclimate, drying leaf 

litter and accumulated woody fuels, thereby making future fires more likely 

(Cochrane & Schulze, 1999).  Repeated exposure to fire may eventually convert 

tropical forest into fire-adapted grasslands or woodlands, a process described as 
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savannization, with dramatic consequences for carbon storage, regional climate, and 

biodiversity (Cochrane et al., 1999; Cochrane & Schulze, 1999; Malhi et al., 2008).  

In Amazonia, the extent of fire-damaged forests has been estimated for ENSO years 

(Barbosa & Fearnside, 1999; Elvidge et al., 2001; Cochrane & Laurence, 2002; 

Phulpin et al., 2002; Alencar et al., 2006) and other drought conditions (e.g., Brown 

et al., 2006), but the frequency of fire damages have never been determined from 

annual satellite data over large regions.  Estimating the frequency of fire damages 

under current climate is critical to understand how anthropogenic fire use may 

accelerate Amazon forest dieback from climate change (e.g., Cox et al., 2000; Cox et 

al., 2004; Malhi et al., 2008).  

 Fire risk in Amazon forests is a function of climate, fuels, and ignition sources 

(Nepstad et al., 1999b; Alencar et al., 2004; Nepstad et al., 2004; Ray et al., 2005; 

Balch et al., 2008).  Previous studies have identified important linkages between 

annual or dry-season precipitation and fire risk for regions of eastern and central 

Amazonia (Holdsworth & Uhl, 1997; Cochrane & Schulze, 1999; Nepstad et al., 

2004; Ray et al., 2005; Aragão et al., 2007; Zeng et al., 2008).  The increase in fuels 

from selective logging has also been cited as a critical precursor to forest fires (e.g., 

Uhl & Buschbacher, 1985; Holdsworth & Uhl, 1997; Nepstad et al., 1999b), and 

recent work in southern Amazonia suggests that fuel availability may be more 

important than rainfall for fire risk in more seasonal forest types (Balch et al., 2008).  

Ignitions are most concentrated along the arc of deforestation, where rapid conversion 

of forest for cropland and pasture is the primary source of satellite fire detections 

(Morton et al., 2008).  The Brazilian state of Mato Grosso is a focal point for studies 
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on forest fires because of seasonal climate (see methods) and the highest rates of 

logging (Asner et al., 2005), deforestation (INPE, 2007), and satellite-based fire 

detections (Morton et al., 2008) of any Amazon region during this decade.  In 

addition, previous studies have presented conflicting results for the importance of 

climate and fuels as the source of interannual variability of fire damages in Mato 

Grosso (Chapter 3; Alencar et al., 2006; Balch et al., 2008).  

 Understory fires in Amazon forests can result in severe and long-term changes 

in forest structure.  Field measurements of canopy mortality from initial fire exposure 

range from 6-44% (e.g., Holdsworth & Uhl, 1997; Barbosa & Fearnside, 1999; 

Cochrane & Schulze, 1999; Pinard et al., 1999; Barlow et al., 2003; Haugaasen et al., 

2003; Ivanauskas et al., 2003; Balch et al., 2008).  Recurrent fires in previously-

burned forests further reduce live canopy (Cochrane et al., 1999; Cochrane & 

Schulze, 1999; Gerwing, 2002; Barlow & Peres, 2008), although fire severity in later 

fires may depend on the frequency of fire damages (Balch et al., 2008).  Satellite-

based studies of Amazon forests have quantified percent tree cover (e.g., DeFries et 

al., 2002; Hansen et al., 2002) and reductions in live canopy associated with selective 

logging (Asner et al., 2004) and forest fires (Cochrane & Souza, 1998; Souza Jr. et 

al., 2005a).  However, evidence for the reduction in live canopy from repeated 

burning observed in field studies has not been confirmed using systematic satellite 

measurements.   

This chapter describes how field observations and a moderate resolution 

satellite data time series were combined to create annual maps of burned forest and 

deforestation for the upper Xingu River watershed in the Brazilian state of Mato 

 86 
 



 

Grosso.  The goals of this study were to assess the interannual variability in fire-

damaged forest area, frequency of recurrent fire damages, and relationship between 

burned forest and deforestation in the region.  Maps of fire-damaged forest were used 

to conduct the first large-scale test of two prevailing hypotheses regarding fire risk 

and damages from repeated burning in Amazon forests.  Specifically, this study tested 

the hypothesizes that: 1) forest fire damages would be more extensive in years with 

low rainfall, and 2) recurrent fires in would reduce satellite-based measurements of 

vegetation greenness in years following second and third fires, consistent with the 

replacement of closed-canopy tropical forests by herbaceous vegetation. 

 

4.3 Methods 

4.3.1 Study Area 
 

This study evaluated the spatial extent and frequency of forest disturbance 

from fire in the headwaters of the Xingu River, a main tributary of the Amazon River 

with its origin in the Brazilian state of Mato Grosso (Figure 4-1).  The study area 

incorporates the southern extent of closed-canopy Amazon forests.  Analysis was 

restricted to fire-damaged forests in this study, excluding fire-adapted Cerrado 

savanna-woodland physiognomies common below 14° S latitude in the watershed.  

Prior to analysis, geographic information system (GIS) data layers for non-forest 

(INPE, 2007) and river corridors (SEPLAN-MT, 2004) were used to mask Cerrado 

vegetation types and seasonally-inundated vegetation, respectively.  Approximately 

87% of the 112,800 km2 study area was forested in 2000 (97,690 km2).  The Xingu 
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Indigenous Park covers the central portion of the study region and contained 23% of 

all forest in 2000 (22,129 km2).   

Forests in the Xingu River watershed range in height from 20 – 30 m 

(Vourlitis et al., 2001; Lefsky et al., 2005; Balch et al., 2008), with total above- 

 

 

Figure 4-1: MODIS mean dry-season NDVI (mNDVI) in 2000 for the upper Xingu 
River watershed (blue) in the Brazilian state of Mato Grosso (inset, white).  The 
Xingu Indigenous Park (black outline) occupies the center of the study area. Forested 
areas are shown in green, grasslands and Cerrado in shades of yellow, and bare soils 
typical of cropland in dry-season months appear red.  Within the Xingu River 
watershed, Cerrado and inundated vegetation along river courses that were excluded 
from the analysis are masked in light-gray tones. 
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ground live biomass exceeding 300 Mg/ha in some areas (Monteiro et al., 2004; 

Souza Jr. et al., 2005b).  Soils are primarily well-drained and nutrient-poor ultisols 

(Vourlitis et al., 2001).  Precipitation averaged 1886 ± 99 mm/yr during 1998-2006 

(see description of precipitation data below).  Forest fire risk in the study region is 

exacerbated by frequent fire use for deforestation during May-September when the 

area receives little or no precipitation (Morton et al., 2008).    

4.3.2 Precipitation Data 
 

Precipitation data derived from the Tropical Rainfall Measuring Mission 

(TRMM) sensor were used to estimate annual and seasonal rainfall anomalies for the 

study region.  The TRMM 3B43 V6 product provides a monthly estimate of 

precipitation rates at 0.25-degree spatial resolution based on a combination of satellite 

and rain gauge data (Huffman et al., 2007).  Precipitation in the upper Xingu River 

basin is highly seasonal; average annual rainfall ranged from 1700-2000 mm yr-1 

during 1998-2006 with little or no precipitation during June-August and <100 mm per 

month in May and September.  Within the study area, average rainfall during this 

period increased along a south-north gradient by ~100 mm per degree latitude 

(R2=0.79, p<0.001).    

Previous studies have suggested two mechanisms by which precipitation 

anomalies may increase forest flammability.  Lower precipitation during severe 

drought conditions may lead to a deficit in soil water during the subsequent year (e.g., 

Nepstad et al., 1999a; Nepstad et al., 2004; Aragão et al., 2007).  Similarly, 

flammability and fire spread rates in intact tropical forests increase during extended 

rainless periods as declining relative humidity dries leaf litter and other fine fuels on 
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the forest floor (e.g., Cochrane & Schulze, 1999; Ray et al., 2005; Brown et al., 

2006).  Long periods without rain may also be necessary to burn large areas, since 

fire spread rates in Amazon forests are typically <0.5 m/min (Chapter 3; Cochrane & 

Schulze, 1999; Balch et al., 2008).  Two rainfall anomaly measurements were 

calculated using TRMM data for the study area to test these hypotheses.  The annual 

anomaly in accumulated precipitation during 1998-2005 was calculated from total 

rainfall in the year prior to burning (e.g., June 2000 – May 2001 for fires in 2001).  

Dry season rainfall anomalies were calculated for June-August precipitation in the 

year of forest burning (1999-2005).   

4.3.3 MODIS Time Series 2000-2007 
 

Data from the Moderate Resolution Imaging Spectroradiometer (MODIS) 

sensor onboard the Terra satellite were used to develop a time series of annual mean 

dry season normalized difference vegetation index (mNDVI) at 250 m spatial 

resolution following methods described in Chapter 3.  Briefly, cloud-free 

observations of NDVI (MOD13 Q1 V4 product (Huete et al., 2002)) from seven 16-

day composite images during May-August (day of year 129-225) were used to derive 

annual mNDVI data layers for 2000-2006.  Data for 2007 were generated using 

Collection 5 MODIS algorithms since processing for MODIS products switched from 

Collection 4 to Collection 5 in January 2007.  Intact forest areas in the study region 

showed small differences (<0.5%) in mNDVI values derived for 2001 and 2002 from 

Collection 4 and Collection 5 data products.  However, more substantial differences 

between collections occurred over Cerrado vegetation and near water bodies from 

changes to the internal water mask.  Therefore, Collection 5 data from 2007 were 
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only used to confirm forest regrowth in previously-burned areas (2004, 2005) and 

deforestation for forest areas cleared in 2006.   

4.3.4 Mapping Canopy Damage from Fire with the Burn Damage and Recovery 
Algorithm 

 
  The Burn Damage and Recovery (BDR) algorithm is a time-series approach 

to distinguish fire-related canopy damages from other types of forest degradation 

(Chapter 3).  The BDR algorithm utilizes up to four years of mNDVI data to identify 

the trajectory of damage and recovery of burned forest over time (see Figure 3-2).  

Although canopy damages from multiple types of forest disturbance may appear 

similar in a given year, the BDR trajectory over multiple years for canopy damage 

from fire is unique.  Previous application of the BDR algorithm to time series of 

Landsat and MODIS data demonstrated the ability to isolate burned forest from 

logging and deforestation for a subset of the current study area (Chapter 3).   

This study applied the BDR algorithm to a time series of MODIS mNDVI 

data to map fire-damaged forest area during 1999-2005.  Forest that burned in 1999 

was first mapped using MODIS data from 2000-2002, and forest that burned in 2005 

was detected in 2006 and confirmed based on mNDVI recovery in 2007.  Since the 

BDR algorithm uses satellite data from the early dry season period to identify 

evidence of canopy damage from fires in the previous year, the algorithm does not 

technically map burned area (Lentile et al., 2006).  Instead, this study characterized 

fire effects on canopy trees in the MODIS-based maps of fire-damaged forest area 

from the BDR algorithm.  Only high-confidence burn scars >50 ha were used to 

analyze interannual variability in the extent and frequency of forest burning in the 
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study region during this period.  Additional details regarding the BDR algorithm 

development can be found in Chapter 3.   

4.3.5 Deforestation 
 

The MODIS mNDVI time series was also used to identify deforestation in the 

study region during 2001-2006.  Forest areas converted for cropland or pasture have 

distinct non-forest phenology in years following clearing (Morton et al., 2006), and 

mNDVI values for pasture and cropland deforestation consistently remain below 0.65 

(e.g., Figure 3-2).  To confirm forest conversion and subsequent non-forest land use, 

only forested regions with MODIS mNDVI <0.65 in two consecutive years during 

2000-2007 were mapped as deforestation.  This approach to identify deforestation is 

internally consistent with maps of burned forest.  All deforestation data derived from 

the MODIS time series approach were used to assess total deforestation and 

deforestation of previously-burned forests, but only individual deforestation events 

>20 ha (>3 MODIS 250 m pixels) were used to identify burned forest that was 

adjacent to new deforestation based on established limitations on the size of 

individual clearings that can be reliably identified using moderate-resolution satellite 

data (Morton et al., 2005; INPE, 2006). 

4.3.6 Validation Data 
 

Field observations of fire-damaged forest were collected during June-

September of 2001 and 2003-2006.  In each year, field transects targeted historic fire 

scars visible in coincident high-resolution imagery and accessible via existing roads.  

The location and perimeter of each forest burn scar was recorded using a hand-held 
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Global Positioning System (GPS) unit, and the date and ignition source for each fire 

was determined using a combination of satellite data and information from 

landowners.  Immediately following field campaigns, observations and mapped burn 

perimeters were identified in coincident high-resolution data (e.g., Advanced 

Spaceborne Thermal Emission and Reflection Radiometer (ASTER), 15 m spatial 

resolution) to complete portions of the burn perimeter that were not accessible during 

fieldwork.  In total, 117 field observations of burned forest (925 km2) were used to 

validate satellite-based estimates of canopy damage from understory fires (Table 4-1).  

A subset of field-mapped burn scars (368.4 km2) burned more than once.  For field 

observations of repeated understory fires, the detection performance of the BDR 

algorithm was calculated separately for canopy damages from first, second, and third 

fires.   

Field observations of deforestation from 2004 and 2005 were collected in a 

similar manner.  A total of 205.1 km2 of new deforestation for pasture and cropland 

was observed during field campaigns in 2004-2006 (Table 4-1).  Field observations of 

 

Table 4-1: Field observations of forest that burned during 1999-2005 in the upper 
Xingu River study area.   
 

Year Observations 
Fire-damaged 

forest area (km2) 
1999 16 277.3 
2000 1 0.5 
2001 5 53.4 
2002 34 305.0 
2003 12 120.9 
2004 31 118.5 
2005 18 49.5 
Total 117 925.0 
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2004 deforestation were used previously to validate Landsat and MODIS-based 

deforestation detections (Morton et al., 2005).  Validation comparisons considered 

the percent of field-mapped deforestation events of different sizes that was correctly 

identified using the MODIS time series approach.   

4.3.7 Statistical Analyses 
 

Two approaches were used to test the hypothesis that repeated exposure to fire 

reduces satellite-based estimates of vegetation greenness.  First, the effect of multiple 

fires in the same location was evaluated.  Analyses were conducted separately for 

areas that burned two times (burn 1 versus burn 2) and three times (burn 2 versus 

burn 3) during the study period using paired t-tests (SAS System v9.1, The SAS 

Institute, Cary, NC).  Analyses were also conducted separately for both “burn” and 

“recovery” mNDVI values, because it is ecologically plausible that the effects of 

multiple fires may appear as greater canopy damage immediately following fire (e.g., 

Cochrane et al., 1999) or a reduction in the rate of forest recovery during subsequent 

years (e.g., Zarin et al., 2005; Malak & Pausas, 2006).  Burn values were defined as 

the mNDVI for the year in which each fire was mapped (~7-9 months post-burn), and 

recovery values were defined as the mNDVI for the year after fire damages were 

mapped (see Figure 3.2).  However, in this short time series, burn number was highly 

correlated with calendar year for areas burned three times (burn 1: 1999-2001, burn 2: 

2001-2005, burn 3: 2003-2005), thus making it difficult to isolate the effect of 

multiple burns from other conditions that vary interanually. 
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The second approach explicitly accounted for potential interannual differences 

in burn and recovery mNDVI values.  These analyses included all areas that burned in 

a given year, grouped by burn number, to evaluate whether fire damages in the same 

year were similar regardless of previous disturbance history.  The mean burn and 

recovery mNDVI values for first, second, and third fires were plotted for each year, 

and the pairwise comparisons from first to second and second to third fires were 

calculated using unpaired t-tests (SAS System v9.1, The SAS Institute, Cary, NC).  

Although this analysis loses the spatial consistency of the repeated measures t-test in 

the first approach, it minimizes potential interannual differences in mNDVI resulting 

from variability in climate and atmospheric conditions.   

Due to large sample sizes typical of remote sensing analyses, a meaningful 

effect size was defined for differences in mNDVI values in addition to testing for 

statistically significant differences in group means.  Based on parameters in the BDR 

algorithm used to map burned forest areas (Chapter 3), only mean mNDVI 

differences >0.01 were considered to be meaningful in this study.  This effect size 

also exceeds the interannual variation in mean mNDVI for intact forest during 2001-

2005 shown in Figure 3.2 (range = 0.873 – 0.88). 

 

4.4 Results  

4.4.1 Validation 
 
 Field observations of burned forest were used to assess the detection 

performance of the BDR algorithm for individual burn scars of different sizes and 

recent fire history.  The automated BDR algorithm successfully detected 81.7% of the 
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fire-damaged forest area mapped during fieldwork, and the percentage of individual 

burn scars in which MODIS detected canopy damage from fire increased with burn 

scar size (Table 4-2).  Very large burn scars (>500 ha) accounted for 91% of all field 

validation area, and MODIS results captured 83% of the area in these largest burn 

scars.  

Automated detection of multiple burning events in the same location 

improved as the number of years between fires increased (Table 4-3).  The BDR 

 

Table 4-2: Detection of field validation burned forest perimeters as a function of burn 
scar size using the BDR algorithm applied to the time series of MODIS data. 
 

Size (ha) Obs. Area (km2) Area (km2) % Detection
<25 16 2.15 0.38 17.50%
25-50 8 2.84 0.43 15.09%
50-100 17 11.32 5.42 47.87%
100-500 29 67.56 47.44 70.21%
500-1000 18 135.93 103.30 76.00%
1000-5000 26 518.53 434.61 83.81%
>5000 3 186.90 164.26 87.88%
Total 117 925.24 755.83 81.69%

Field Validation MODIS

 

 

Table 4-3: Percentage of field validation data detected by the BDR algorithm for 
areas burned multiple times. 
 

Multi-year burns Field (km2) 1st Burn 2nd Burn 3rd Burn
1999,2002 70.24 94.42% 87.09%
1999,2003 40.78 91.18% 84.47%
1999,2004 49.58 83.55% 90.80%
2001,2004 5.04 63.83% 80.85%
2003,2005 9.39 87.43% 37.14%
1999,2001,2004 6.12 80.70% 20.18% 70.18%  
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algorithm applied to time series of MODIS data detected only 29% of fire-damaged 

forest that burned again after two years, but detection performance increased to 79% 

for field validation burn scars with 3 years between fires.  Validation data with 4 

years (84%) or 5 years (91%) between fires had the highest detection rates for 

repeated burning with the automated BDR algorithm.   

 Field observations of deforestation for cropland and pasture in 2004 and 2005 

were used to quantify omission errors from the time series approach to detect 

deforestation.  Only two small validation areas in 2005 had no corresponding 

detections in MODIS results (2 and 21 ha).  Overall, MODIS detected 83% of the 

validation deforested area (Table 4-4).    

4.4.2 Interannual Variation in Burned Forest  
 
 Interannual variation in fire-damaged forest area within the study region was 

high.  More than half of all forest fire damages occurred in 1999, while fire-damaged 

 

Table 4-4: Detection of field-observed deforestation according to clearing size in 
2004 and 2005 using the MODIS time-series approach.   
 

Size # ha ha (%) # ha ha (%)
<25 ha 19 161 149 (93) 6 90 43 (48)
25-50 9 365 349 (96) 2 65 38 (58)
50-100 8 687 612 (89) 12 919 505 (55)
100-200 8 1074 854 (80) 10 1514 1079 (71)
200-500 11 2686 2263 (84) 11 3416 2803 (82)
>500 6 6657 6169 (93) 4 2875 2186 (76)
Total* 61 11630 10396 (89) 45 8879 6653 (75)
*Including all MODIS deforestation detections during 2003-2006 increased the
percentage of validation area detected in 2004 (94%, 10,967 ha) and 2005 
(81%, 7,210 ha).

2004 Validation MODIS '04 2005 Validation MODIS '05
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Table 4-5: Fire-damaged forest area (FDFA) during 1999-2005 and the contribution 
from first, second, and third fires to FDFA in each year.  Interactions between burned 
forest and deforestation (Defor.) are shown separately for fire-damaged forest that 
was subsequently deforested, FDFA adjacent to new deforestation (2002-2006), and 
total deforestation identified in the MODIS time series during 2001-2006.  All areas 
are shown in km2.    
 

Year FDFA* 1st** 2nd 3rd
Burned, 
Defor.

Mean 
Annual 
Defor. 
Rate***

Adjacent 
to 

Defor.****
MODIS 
Defor.

1999 8814.6 8814.6 1550.3 3.52%
2000 488.6 488.6 154.2 7.89%
2001 362.3 256.8 105.5 58.3 5.36% 41.2 822.8
2002 2553.8 1263.5 1290.2 124.3 2.43% 380.5 866.2
2003 1196.7 825.5 360.4 10.8 30.3 2.53% 592.1 4413.4
2004 2008.5 1019.3 660.7 328.4 1053.6 3260.0
2005 904.7 497.6 284.1 123.0 428 1900.5
2006 1123.0
Total 16329.2 13165.9 1917.5 2495.4 12386.0
* Total fire-damaged forest area (FDFA), including repeated fires in previously-
  burned areas.
** Net FDFA during the study period.
*** Mean annual percent deforestation during 2002-2006 of fire-damaged forest.  
**** Burned forest area adjacent to MODIS deforestation events >20 ha.  

 

forest mapped in 2001 was <5% of the burned forest area in 1999 (Table 4-5).  Forest 

fires were concentrated in the southwestern portion of the study area in years with 

low burned forest area (2000, 2001, and 2005), whereas burned forest was common 

across the entire study area in years with highest burning (1999, 2002-2004).  Less 

than 3% of total forest burning during 1999-2005 occurred within the Xingu 

Indigenous Park (476.7 km2). 

There was no consistent relationship between burned forest area and annual or 

dry-season precipitation anomalies (Figure 4-2).  The three years with highest burning 

(1999, 2002, and 2004) had different precipitation patterns.  Highest burned forest 

area during 1999 coincided with anomalously low accumulated rainfall in the year  
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Figure 4-2: Relationship between the annual extent of burned forest (a) and mean 
annual precipitation anomalies ± 1 S.D. during 1998-2005 of accumulated rainfall in 
the year (June-May) before burning (b) and dry season rainfall (June-August) in the 
year of forest fire damages (c).   
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prior to burning (6/98 – 5/99) and dry season precipitation (6/99 – 8/99).  However, 

accumulated and dry-season precipitation were average in 2002, and in 2004, both 

rainfall measures were anomalously high.  Dry-season precipitation was lowest in  

2005, but fire-damaged forest was not elevated in this year.  Lowest forest fire 

damages in 2001 coincided with average accumulated and dry-season rainfall.   

Although average rainfall during the study period was higher in the northern 

portion of the study region, only three rainfall anomalies showed consistent north-

south trends across the study area.  Accumulated precipitation in 2005 (6/04 – 6/05) 

was lower in the southern portion of the study area by ~100 mm per degree latitude 

(R2 = 0.46, p<0.0001).  Dry-season precipitation in 1999 was lower in the northern 

portion of the study area by 4 mm per degree latitude (R2 = 0.53, p<0.0001).  Finally, 

wetter than normal conditions during dry-season months in 2000 was driven by 

higher rainfall in the northern portion of the study area (14 mm per degree latitude, R2 

= 0.47, p<0.0001).     

4.4.3 Recurrent Forest Fires 
 
 More than 20% of all forest damaged by fire burned more than once during 

1999-2005 (Figure 4-3).  Half of the forest that burned during 2002 and 2004 had 

burned previously (Table 4-5), with some areas burning every two years.  The 

average fire return interval for areas burned multiple times during the study period 

was 3.2 years.  Fires were five times more common in previously-burned than 

unburned forests; during 2001-2005, 24% of forests burned in 1999-2003 burned for 

a second time, while only 4.4% of unburned forests (3,862.7 km2 of a possible 

88,386.8 km2) were damaged by fire during this period (Table 4-5).  After accounting  
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Figure 4-3: Forests burned one, two, or three times during 1999-2005 within the 
upper Xingu River watershed (blue) in eastern Mato Grosso State (inset, white).  The 
Xingu Indigenous Park (black outline) occupies the center of the study area.   

 
for repeated burning, the total fire-impacted forest area in this study was 13,165.9 

km2, two-thirds of which burned for the first time in 1999 (Table 4-5). 

The effect of recurrent fires on satellite-based measures of vegetation 

greenness was also evaluated (Figure 4-4).  In each year except 2005, mean burn 

mNDVI values were significantly lower for areas burning for the second time 

compared with areas burning for the first time.  Unexpectedly, mean burn mNDVI  
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Figure 4-4: Effect of multiple burns on burn (upper) and recovery mNDVI values 
(lower).  Symbols signify the level of statistical significance between mean mNDVI 
values in each year for first and second burns (stars) and second and third burns 
(squares) using t-tests: *** p<0.0001, ** p<0.001, * p<0.01, ns = not significant.  
Sample sizes for burned forest area in each year as a function of burn number can be 
found in Table 4-4.  Note that results for the third burn in 2003 are based on 
substantially smaller burned forest area (10.8 km2) than any other estimate.   
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values were higher for areas burning for the third time compared with areas burning 

for the second time.  Statistically significant differences between first and second  

fires were consistent between per-year (t-tests, Figure 4-4) and per-pixel statistical 

tests (paired t-test, mean = 0.782 and 0.759, respectively, p<0.0001).  Mean burn 

mNDVI values were more similar for second and third fires in the per-pixel analysis 

(paired t-test, 0.766 and 0.765, respectively, p = 0.012).  

 The impact of recurrent fires on recovery mNDVI values was similar to 

results for burn mNDVI, although the patterns were less consistent between statistical 

approaches.  After controlling for burn year, mean recovery mNDVI values between 

areas burning for the second time compared with areas burning for the first time were 

not meaningfully different (>0.01) during any year (Figure 4-4).  Damages from a 

third fire in 2003-2005 had mixed effects on recovery mNDVI (Figure 4-4).  In the 

per-pixel analysis, recovery mNDVI declined significantly with each subsequent fire 

(p<0.0001), although mean recovery mNDVI values for the second and third fires 

were not meaningfully different (0.819 and 0.814, respectively).  Between first and 

second fires, mean recovery mNDVI declined from 0.827 to 0.812 in the per-pixel 

analysis.   

4.4.4 Deforestation of Burned Forests 
 

 Only a small fraction of burned forest identified in this study was 

deforested for cropland or pasture by 2006.  Deforestation of previously-burned forest 

averaged 3.6% per year (Table 4-4).  Outside of the Xingu Indigenous Park, 

deforestation rates during 2002-2006 were slightly higher for unburned forests 

(18.5% of 62,395 km2) than for forest that burned in 1999-2003 (17.1% of 11,241 
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km2).  Only two areas of new deforestation >20 ha were mapped within the Xingu 

Indigenous Park during the study period totaling 0.5 km2.  

Fire-damaged forest during 1999-2005 that was not subsequently deforested 

(11,247.8 km2) was nearly as extensive as MODIS-based deforestation during 2001-

2006 (12,386 km2).  Combined, forest fires and deforestation altered 30.7% of the 

forested area in 2000 outside of the indigenous reserve (Figure 4-5). 

 

 

Figure 4-5: Understory forest fires in 1999-2005 (red) and deforestation during 2001-
2006 (blue) damaged 30.7% of the forested area in 2000 outside of the Xingu 
Indigenous Park (black outline) in the upper Xingu River basin (blue outline).  
Burned forests that were later deforested are shown in black. 
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Burned forest was often adjacent to areas of new deforestation, and half of the 

annual burned forest in 2003-2005 adjoined deforestation events >20 ha (Table 4-5).  

However, there was no consistent trend for all years in the relationship between 

deforestation and burning.  Highest deforestation rates in 2003 were not coupled with 

an increase in fire-damaged forest area, and lower deforestation in 2005 did not 

reduce the fraction of forest burning adjacent to new clearing relative to other years.  

During 2001-2005, fire-damaged forest adjacent to new clearing was evenly divided 

between first (52.6%) and repeated fires (second: 36.8%, third: 10.6%).   

 

4.5 Discussion 

 Burned forests are an extensive and long-term component of the frontier 

landscape in southern Amazonia.  Periodic high-fire years and low deforestation rates 

of burned forest led to 11,250 km2 in cumulative forest fire damages during 1999-

2005, doubling the amount of forest damaged by deforestation alone in this study.  

Deforestation rates for burned forest were lower than for unburned forest in this study 

and half the rate previously reported for logged forests in Mato Grosso (Asner et al., 

2006), suggesting that canopy damages from understory forest fires identified by the 

BDR approach were not an immediate precursor to conversion for cropland or pasture 

in this region.  Combined damages from fire and deforestation impacted more than 

30% of forests outside the Xingu Indigenous Park in less than a decade.  The 

following sections consider the results from this study in the context of the study 

hypotheses regarding the role of precipitation in determining the interannual 
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variability in burned forest area and satellite-based evidence of damages from 

recurrent forest fires. 

4.5.1 Interannual Variation in Burned Forest 
 

4.5.1.1 Rainfall 
 

Interannual variability of burned forest area in this study did not clearly 

support previous findings about the role of rainfall in forest fire risk determined for 

other Amazon regions.  Extensive canopy damage from fire in 1999, when two-thirds 

of all forests damaged by fire in the study were burned, did occur following 

anomalously low precipitation.  However, more than 2,000 km2 of forest burned in 

2002 and 2004 when rainfall was average and anomalously wet, respectively.  Dry 

conditions similar to 1999 did not recur during the study period to confirm the 

combined influence of accumulated and dry-season precipitation anomalies for fire 

exposure in southern Amazonia.  Previous reports of extensive forest fires associated 

with drought during El Niño Southern Oscillation (ENSO) phenomena (e.g., Barbosa 

& Fearnside, 1999; Cochrane & Laurence, 2002; Alencar et al., 2006) could not be 

tested with the MODIS time series, but results in Chapter 3 demonstrate that annual 

fire damages for a subset of the Xingu River basin in Mato Grosso were 10 times 

higher in 1999 than during the 1997-1998 ENSO.  Drought conditions in western 

Amazonia during 2005 also led to forest burning and an overall increase in satellite-

based fire detections (Brown et al., 2006; Aragão et al., 2007; Morton et al., 2008; 

Zeng et al., 2008).  Dry-season precipitation was anomalously low during 2005 in the 

study region, but forest fire activity was not markedly higher in that year.  Finally, 

Nepstad et al. (2004) estimated extreme forest fire risk in southern Amazonia during 
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2001 based on modeled soil water deficits; however, 2001 had the lowest fire-

damaged forest of any year in this study.   

The contribution from repeated burning to annual forest fire damages may 

partially account for the variable relationship between forest fires and precipitation in 

years with high fire activity in this study (1999, 2002, and 2004).  In 2002 and 2004, 

50% of the total burned area occurred in forests with at least one prior fire.  In 

previously-burned forests, either wet or dry conditions may lead to higher fuels for 

additional fires; wet years may promote understory fuel buildup (grasses, woody 

shrubs, and trees) typical of fire risk in savanna ecosystems (e.g., Govender et al., 

2006), whereas drought conditions may stress or kill large or fire-damaged canopy 

trees (e.g., Nepstad et al., 2007).  The length of the satellite time series limits further 

insight into the role of precipitation in fire risk for burned and unburned forests 

because fire histories for forests burned in 1999 cannot be established using MODIS 

data.  

4.5.1.2 Ignitions 
 

Deforestation for cropland and pasture may be an important source of forest 

fire ignitions in southern Amazonia.  By the end of the study period, half of all burned 

forest areas were adjacent to large deforestation events.  Deforestation fires are hotter 

and burn longer than other fire types in Amazonia (Schroeder et al., 2008b), yet 

higher deforestation rates in 2003 and 2004 did not increase total burned area or the 

fraction of forest fires adjacent to new clearings.  Direct conversion of forest to 

cropland in Mato Grosso was also highest in these years, while the area converted to 

pasture did not change in 2003-2004 relative to other years during 2000-2005 

(Morton et al., 2006; Morton et al., 2007b).  Fires for pasture deforestation typically 
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occur later in the dry season than fires for cropland expansion when forests may be 

most flammable after 3-5 months with little rainfall (Morton et al., 2008).  Thus, 

more deforestation, and more frequent fire usage during the conversion process, may 

not lead to an increase in forest fire damages if areas are cleared and burned when the 

risk of forest fires is low.   

Other ignition sources were also responsible for forest fire damages in this 

study.  Fire damages in the Xingu Indigenous Park occurred despite little measurable 

deforestation.  Inside the indigenous area, fires are frequently set in the grassland 

regions that border the Xingu River and its tributaries for hunting purposes (Nepstad 

et al., 2006a); M. Shimabukuro, personal communication).  Fire is used for a variety 

of management purposes outside of reserve, and previous studies have linked forest 

fire activity in Amazonia with charcoal production (Alencar et al., 2004) and burning 

in cattle pastures (Uhl & Buschbacher, 1985; Cochrane et al., 1999; Alencar et al., 

2004).  Given the ubiquity of ignition sources in frontier landscapes and seasonal 

climate in southern Amazonia, fuels may more be more important than climate or 

specific land uses in determining fire risk in seasonal Amazon forests (Alvarado et 

al., 2004; Balch et al., 2008). 

4.5.2 Impact of Recurrent Fires on Amazon Forests 
 

Recurrent fire damages did not lead to evidence of savannization in satellite-

based measures of vegetation greenness.  Burn mNDVI values were consistently 

lower between first and second fires, similar to reports from field studies of higher 

canopy-tree mortality from repeated fires in Amazon forests (e.g., Cochrane et al., 

1999; Cochrane & Schulze, 1999; Gerwing, 2002; Barlow & Peres, 2008).  However, 
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the increase in burn mNDVI between second and third fires and comparable recovery 

mNDVI values following first, second, and third fires were inconsistent with the 

study hypothesis that mNDVI would decrease as function of burn number (Cochrane 

& Schulze, 1999).   

Despite burning three times in 5-7 years, dry-season vegetation greenness was 

higher in the years following fire than would be expected for grass-dominated cover 

types.  During June-August, a dense canopy of deep-rooted vegetation is necessary to 

maintain a high level of satellite-based greenness because of very low rainfall 

(average <5 mm/month) in the study region (Holdsworth & Uhl, 1997; Ichii et al., 

2007).  Rapid recovery of mNDVI following fire is consistent with field observations 

that pioneer trees, tree sprouts, lianas, and other woody vegetation quickly regain 

dominance following initial and repeated burns (Kauffman, 1991; Cochrane & 

Schulze, 1999; Gerwing, 2002; Barlow & Peres, 2008) and previous satellite-based 

studies showing high fractional tree cover in previously-burned forests (Souza Jr. & 

Roberts, 2005; Souza Jr. et al., 2005b).  While recurrent fire damages did not lead to 

evidence of savannization in satellite-based measures of vegetation greenness in this 

study, more frequent fires in previously-burned than unburned forests provides the 

first satellite-based evidence for a positive fire feedback in Amazon forests (Cochrane 

& Schulze, 1999).   

Changes in forest structure and species composition from repeated fires may 

also render burned forests more susceptible to future fires despite continued 

dominance of woody vegetation (Barlow & Peres, 2008).  Barlow & Peres (2008) 

described the impact of recurrent fires in Amazonia as “secondarization” since forest 
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composition following fires shifts to favor pioneer species.  Long-term changes in the 

amount of carbon stored in above-ground biomass could be large if repeated fires trap 

forests in early succession.  By combining remote sensing results from this study with 

an ecosystem model, it may be possible to quantify carbon losses from changes in 

forest structure following repeated burning in southern Amazonia. 

Whether forests in southern Amazonia may eventually be converted to open-

canopy or grass-dominated vegetation types through repeated fires may ultimately 

depend on the relationships among the frequency of additional fire damages, ability 

of forest trees to resprout following fire, and influence of climate change on 

temperature and precipitation patterns.  The overall frequency of fires mapped in this 

study and higher detection rates for field-mapped burns at 3+ year frequencies are 

consistent with findings that fuels may limit annual or biannual fire activity in 

seasonal Amazon forests (Balch et al., 2008).  Whether fires can eventually become 

too frequent to allow trees to recover carbon stores that enable resprouting is an 

important question for future research (Kauffman, 1991; Bond & Midgley, 2001).  

Previous studies of the impact of fire on forest recovery have documented reduced 

secondary forest growth rates in slash-and-burn agricultural systems in Amazonia 

after 5 or more fires (Zarin et al., 2005) and long-term loss of resilience in 

Mediterranean ecosystems following recurrent burning (Malak & Pausas 2006, 

Wittenberg et al., 2007).  Using a longer time series, it may be possible to examine 

recovery from additional fires (4+) in Amazon forests and monitor recovery over 

multiple years following fire to compare recurrent fire damages in southern 

Amazonia with findings in these previous studies. Finally, long-term changes in 
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climate may also exacerbate impacts from repeated burning in tropical forests (Malhi 

et al., 2008).    

4.5.3 Study Limitations and Uncertainties 
 

Fine-scale spatial and temporal heterogeneity in precipitation may be 

important for fire risk in southern Amazonia, but these questions could not be directly 

addressed using monthly TRMM precipitation data at 0.25 degree resolution.  For 

example, the number of consecutive days without rain is important for fuel moisture 

in less seasonal regions of Amazonia (Holdsworth & Uhl, 1997; Cochrane & Schulze, 

1999; Ray et al., 2005).  Future work to establish the precise timing and duration of 

forest fires identified in this study would help clarify whether accumulated or dry-

season precipitation is more important for initial fire damages and repeated burning of 

previously-burned forests in southern Amazonia.  The coarse resolution of the 

TRMM data may also mask spatial variability in precipitation within the Xingu River 

basin.  Interestingly, fire damages were spatially concentrated in average and wet 

years with little forest burning, but burned forests were widely distributed across the 

study area in high-fire years.  Regional-scale climate mechanisms that lead to fuel 

buildup, such as extreme temperatures or wind events, could also explain widespread 

fire activity in years with highest burned forest area (e.g., Carvalho et al. 2004).  

Several aspects of the BDR algorithm could contribute to the patterns in 

satellite-based vegetation greenness observed following repeated burning in this 

study.  First, burned forest with mNDVI <0.65 would be excluded by the BDR 

algorithm to avoid confusion with deforestation in the classification approach, 

potentially leading to an underestimate of the extent of burned forest and an 
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overestimate of mean canopy greenness following fire.  Second, burned forests that 

do not recover following fire are also not included in results from the BDR algorithm.  

However, burned forests with low mNDVI or that did not recover following fires 

were not a large fraction of the field-observed fire damages, given the high detection 

rates of field validation data with the BDR algorithm.  Third, forests that burn on 

annual basis will not be detected by the BDR algorithm, and biannual burning may be 

underestimated with this approach based on comparisons with field validation burn 

scars.  Results in this study are consistent with reduced fire risk observed by Balch et 

al. (2008) in forests with frequent burning due to decreased fuels immediately 

following fire.  Nevertheless, the frequency and extent of burning that generates 

patterns other than the BDR trajectory merit further study.  Finally, studies of fire 

effects in Amazon forests with high-resolution satellite data have documented fine-

scale spatial heterogeneity in canopy damages (Chapter 3; Cochrane & Souza, 1998; 

Cochrane et al., 1999; Souza Jr. et al., 2005a).  Rapid regrowth of woody vegetation 

may overtop small patches of herbaceous vegetation that established following fire, 

preventing their detection using moderate resolution optical satellite data. Although 

individual patches of herbaceous vegetation were not large enough to alter the 

aggregate surface reflectance from burned forest regions, changes in understory 

species composition may increase the risk of larger grass-dominated patches 

following future fires.   

Our time-series approach to map deforestation has several advantages over 

methods that classify forest loss using a single observation, but moderate resolution 

data may underestimate the area of individual clearings.  Omission of field validation 
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areas with the time-series approach was lower than previously reported for single-

date methods with MODIS data (Morton et al., 2005; Ferreira et al., 2007).  By using 

the same mNDVI time series with mutually exclusive criteria, deforestation maps are 

internally consistent with maps of burned forests.  However, it is possible that burned 

forest with very high canopy damage or forests burned every year could be classified 

as deforestation using this method.  Our approach only estimates the total forest area 

converted to non-forest land uses for at least two years. As a result, the time-series 

method may underestimate the area of forest that was completely cleared but 

immediately abandoned or converted to a forest plantation.  Limitations of all 

MODIS-based deforestation detection methods include less reliable estimates of 

deforested area without calibration of results using high-resolution data (Morton et 

al., 2005; Hansen et al., in press).  Finally, due to differences in methodology, 

deforestation results from this study cannot be directly compared to results from other 

methods that identify deforestation based on imagery from a single year (e.g., INPE, 

2007; Hansen et al., 2008).   

 

4.6 Conclusions 

 This study examined the interannual variability in understory fire damages 

and deforestation for a study region in southern Amazonia using a time series of 

satellite data.  In total, understory forest fire damages during 1999-2005 were as 

extensive as deforestation during 2001-2006.  Forest burning identified by the BDR 

algorithm was not the initial phase of forest conversion, as deforestation rates for 

unburned forest were actually higher than rates estimated for previously-burned forest 
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areas.  Interannual variability in the extent of burned forest was large, and widespread 

fire damages were mapped in both dry and wet years.  Therefore, results from this 

study suggest that drought conditions may not be necessary for extensive forest fire 

damages in southern Amazonia.   

Repeated fire activity in previously-burned forests was common, and over 

20% of all fire-damaged forest in the study burned more than once during 1999-2005.  

Satellite-based estimates of vegetation greenness decreased between first and second 

fires, but recovery of mNDVI in the year after fire damages was comparable among 

areas burning for the first, second, and third times.  While recurrent fire damages did 

not lead to evidence of savannization in satellite-based measures of vegetation 

greenness, frequent understory fires in previously-burned forests provides satellite-

based evidence of a positive fire feedback in southern Amazon forests.  Forest 

succession following fire damages may therefore promote a positive fire feedback in 

burned forests through changes in forest structure and composition. 
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Chapter 5:  Modeling Long-Term Changes in Amazon forest 

Structure from Repeated Exposure to Land-Use Fires  

5.1 Summary 

Anthropogenic understory fires lead to a short-term increase in Amazon forest 

flammability.  Whether previously-burned forests become trapped in an early-

successional state, similar to secondary forests, depends on the rates of recurrent fire 

exposure and forest recovery.  This chapter describes the development of a new 

height-structured fire sub-model for the Ecosystem Demography (ED) model to 

evaluate long-term changes in forest structure and composition from a positive fire 

feedback in southern Amazon forests under a range of land-use scenarios.  ED models 

vegetation height and the fraction of the landscape in short vegetation, and these 

attributes were used to develop estimates of fire risk and fire spread, respectively, in 

the new fire sub-model.  Satellite-based estimates of canopy damage from understory 

fires (Chapter 4) and selective logging were used to calibrate model scenarios of 

continued land use in the Xingu basin study area over decadal and century timescales.  

To quantify the specific impacts from fire, model scenarios with combined 

disturbances from selective logging and understory fires were compared to a scenario 

with only selective logging.  In this study, all scenarios were run under constant 

current climate to focus on the impact of recurrent fire damages on forest structure 

rather than feedbacks from climate variability on fire risk.  Combined impacts from a 

century of selective logging and fire spread decreased total forest biomass in the 

upper Xingu basin by 46% (0.4 Pg C) and doubled the fraction of biomass in early-
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successional trees compared to the forest control scenario.  Change in forest biomass 

from the Logging scenario was intermediate between Century scenarios with and 

without fire spread, emphasizing the importance of fire spread for maintaining a 

positive fire feedback under current rates of fire ignitions.  Scenarios in this study are 

likely to be conservative since they do not include additional forest losses from 

deforestation or potential increases in forest flammability from changes in climate.  

Future work is needed to incorporate climate-related feedbacks on forest flammability 

in order to assess the relative contributions from a positive fire feedback and climate 

change to potential Amazon forest dieback.   

 

5.2 Introduction   

Several models have suggested that large-scale dieback of Amazon forests 

may occur during this century due to positive feedbacks with global and regional 

climate (Werth & Avissar, 2002; Cox et al., 2004; Malhi et al., 2008).  A positive 

feedback between warming climate from increasing greenhouse gas concentrations 

and terrestrial carbon losses from respiration accelerates the loss of tropical forest 

from the Amazon region in some general circulation models (GCMs) (Cox et al., 

2000; Cox et al., 2004) but not others (e.g., Zeng et al., 2004; Friedlingstein et al., 

2006).  Additional deforestation for agriculture may also destabilize the strong 

coupling between vegetation and local rainfall, leading to forest dieback if the spatial 

pattern or total quantity of deforestation interrupts regional precipitation patterns 

(Zeng et al., 1996; Werth & Avissar, 2002; Oyama & Nobre, 2003; Soares-Filho et 

al., 2006).  However, neither the carbon-cycle nor land-use feedback with climate 
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consider direct impacts from land use on forest cover such as fragmentation, selective 

logging, or fire that may enhance Amazon dieback.   

A third positive feedback mechanism that may accelerate forest loss in 

Amazonia is the increased fire risk from changes in forest microclimate and fuels 

following initial understory fire exposure (Cochrane & Schulze, 1999).  Canopy 

damage from fire increases the amount of light reaching the forest floor, drying leaf 

litter and other fuels that promote fire spread (Holdsworth & Uhl, 1997; Cochrane & 

Schulze, 1999).  Woody debris from fire-killed trees and rapid regrowth of 

herbaceous vegetation, lianas, seedlings, and tree sprouts in canopy gaps following 

fire also increases the amount of available fuels for future fires (Uhl & Buschbacher, 

1985; Kauffman, 1991; Cochrane & Schulze, 1999; Gerwing, 2002; Monteiro et al., 

2004; Balch et al., 2008; Barlow & Peres, 2008).  Recurrent exposure to land-use 

fires in previously-burned forests leads to additional loss of canopy and understory 

trees, especially newly-established pioneer tree species with low fire tolerance 

(Ivanauskas et al., 2003; Barlow & Peres, 2008), perpetuating fire risk by reinitiating 

forest succession.  The positive feedback ends when regrowth and infilling from 

adjacent trees closes canopy gaps from previous fires and reestablishes a moist forest 

microclimate resistant to fire spread (Holdsworth & Uhl, 1997; Cochrane, 2003).  

Thus, the competing mechanisms in this feedback are the frequency of understory 

forest fires and rate of gap closure in fire-damaged forests.  Initially referred to as 

“savannization” (Cochrane et al., 1999), this feedback has recently been characterized 

as “secondarization” since recovery of woody vegetation (dominated by pioneer tree 

species) in burned forests is more similar to secondary forest than savanna (Chapter 
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4; Barlow & Peres, 2008).  The potential for widespread conversion of tall, closed-

canopy forest into short stands dominated by early-successional tree species could 

reduce biodiversity associated with mature forests (Barlow & Peres, 2006; Peres et 

al., 2006) and net carbon storage in Amazon forests, enhancing carbon-cycle 

feedbacks with climate (e.g., Friedlingstein et al., 2006).     

Understanding the impacts from recurrent land-use fires on Amazon forest 

structure, species composition, and carbon storage necessitates the use of an 

ecosystem model, yet no existing model has addressed these questions.  Fire is a 

critical determinant of vegetation distribution worldwide (Bond et al., 2005), but 

many ecosystem models do not include disturbance from fire, including the TRIFFID 

model used in the Hadley Centre GCM (Cox, 2001).  Other ecosystem models link 

forest fire damage to soil or fuel moisture (e.g., Sheffield Dynamic Global Vegetation 

Model (DGVM), Bond et al., 2005), total above-ground biomass (TAGB), or both 

(e.g., Ecosystem Demography (ED), Moorcroft et al., 2001).  However, in humid 

forest types, fuel moisture limits fire risk despite large stocks of TAGB (Saatchi et 

al., 2007).   

Recently, the influence of land use on forest fire risk has been incorporated 

into process-based ecosystem models.  Several models now include anthropogenic 

fire ignitions, based on proxy variables such as population density, and variable fire 

spread with changing climate following approaches developed by Rothermel (1972) 

(e.g., (Lund-Potsdam-Jena (LPJ-DGVM), Thonicke et al., 2001; Venevsky et al., 

2002, C. Prentice, personal communication), (Canadian Terrestrial Ecosystem Model 

(CTEM), Arora & Boer, 2005), and (ED3, G. Hurtt, personal communication)).  The 
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ED model has also been modified to include fire suppression (Girod et al., 2007).  Of 

this new class of ecosystem models that have been used to study anthropogenic fires, 

only the ED model includes height-structured vegetation.  Therefore, the ED model 

was chosen to explore the increased fire risk in previously-burned Amazon forests as 

a function of vegetation height, forest structure, and anthropogenic ignitions.   

This chapter presents the initial steps towards mechanistic representation of 

the positive fire feedback in Amazon forests using the ED model.  A new height-

structured fire sub-model was developed in this study that explicitly accounts for 

anthropogenic ignitions and increases in fire risk from changes in forest structure 

following selective logging and understory fires.  Key aspects of the fire feedback 

mechanism, such as partial canopy mortality from fire and the duration of increased 

fire risk following previous burning, can be modeled directly using ED because the 

model tracks the fate of individual forest gaps.  ED also estimates the fraction of the 

landscape in each size class and age since last disturbance, and this information was 

used to determine the amount of fire spread between forest patches.  The new fire 

model was implemented in the original version of ED that was specifically 

parameterized for the Amazon region (Moorcroft et al., 2001).  In this study, ED was 

run with the height-structured fire sub-model under scenarios of constant current 

climate in order to focus on the impact of recurrent fire damages on forest structure 

rather than feedbacks from climate variability on fire risk.   

The goal of this work was to estimate the change in carbon storage and forest 

composition from selective logging and recurrent fire exposure over decadal and 

century time scales for a study area in southern Amazonia.  Satellite-based estimates 
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of selective logging (Asner et al., 2005) and the average annual extent of canopy 

damage from fire in Chapter 4 were used to parameterize current rates of land use in 

ED.  Results from land-use scenarios were compared to a forest control scenario 

without land use to assess the short (10-year) and long-term (100-year) impacts from 

selective logging and recurrent fire exposure on forest structure, composition, and 

total biomass.  To quantify the specific impacts from fire in southern Amazon forests, 

model scenarios with combined disturbances from selective logging and understory 

fires were compared to a scenario with only selective logging.  Finally, model 

scenarios at both time scales were used to assess the potential for a positive fire 

feedback based on the fraction of the landscape in a fire-prone forest structure. 

  

5.3 Methods 

5.3.1 Ecosystem Demography (ED) 

ED is an individual-based terrestrial ecosystem model, formulated as a plant 

simulator coupled to established sub-models of below-ground hydrology and 

decomposition (Hurtt et al., 1998; Moorcroft et al., 2001).  Individuals of different 

plant functional types (PFTs) compete in ED for local light, water, and nutrients.  ED 

differs from most other large-scale terrestrial models by formally scaling up 

physiological processes through vegetation dynamics to ecosystem scales, while 

simultaneously modeling natural disturbances, land use, and the dynamics of 

recovering lands (Moorcroft et al., 2001; Hurtt et al., 2002; Hurtt et al., 2004).  The 

mathematical scaling approach in the ED model approximates the proportion of the 

landscape in each size class, PFT, and time since last disturbance using two partial 
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differential equations (Hurtt et al., 1998; Moorcroft et al., 2001).  Therefore, the 

model can be conceptualized as running at two different scales—one at the scale of an 

individual canopy tree or canopy-tree gap (e.g., 15m x 15m) and a larger scale at 

which all gaps have the same prescribed climate and soils (e.g., 1° x 1°) and 

exogenous disturbances such as fire control influence sub-grid scale heterogeneity in 

the size and age of individual gaps.   

Two key attributes of the ED model for the study of a positive fire feedback in 

Amazon forests are height-structured vegetation within each forest gap and the ability 

to track recovery from disturbance at the landscape scale.  These two components of 

the fire feedback mechanism, the influence of forest structure on fire risk and the 

competing rates of disturbance frequency and vegetation recovery that maintain fire 

risk, have not previously been assessed using an ecosystem model.   

This study uses the initial version of the ED model developed for the Amazon 

region (Moorcroft et al., 2001).  The model includes four PFTs: grass and early (ES), 

mid (MS), and late-successional trees (LS).  All ED model runs were conducted with 

climate and soils data at 1° x 1° resolution from the International Satellite Land 

Surface Climatology Project (ISLSCP) Initiative I (Meeson et al., 1995).  Similar to 

Moorcroft et al. (2001), average climate from 1987-1988 was used for all model 

years.   

5.3.2 Fuels 

In the original ED fire sub-model, fire risk increased linearly with TAGB 

(Moorcroft et al., 2001).  Field studies in savanna and tropical forest environments 

support the importance of fuel buildup for fire risk (Govender et al., 2006; Balch et 
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al., 2008), but fuel moisture, which may limit fire spread in tropical forests (Ray et 

al., 2005), has a non-linear relationship with forest height and TAGB (Uhl & 

Buschbacher, 1985; Holdsworth & Uhl, 1997; Cochrane & Schulze, 1999; Ray et al., 

2005).  Further, because understory fires in Amazon forests only consume a portion 

of available leaf litter, coarse woody debris, and short understory vegetation 

(Cochrane et al., 1999; Balch et al., 2008), fuel availability is also height dependent.  

Therefore, this study builds a new fuel-fire sub-model to address the non-linear 

aspects of fire risk with forest structure in the ED model. 

5.3.3 Height-Structured Fire Sub-Model  

This section describes the development of a new fire sub-model for ED that 

specifically accounts for variations in fire risk according to fuel height, canopy 

structure, and human land use ignitions.  The new height-structured fire sub-model 

has three components: fuel amount (Fa), fuel quality (Fq), and fire ignitions (Fi): 

λF(y,t)  = -FaFqFi∑
=

−
Q

y
e

1
1    (5-1) 

In this formulation, the fire disturbance rate (λF) in patch y at time t is summed over 

all gaps (Q) within the patch.  As in the original fire model, annual fire disturbance 

for each grid cell is calculated as the area-weighted average of λF in each patch during 

the year.   

The components of the fire model are defined as follows: 

Fa(y,t) = C1 + ⎟
⎠
⎞

⎜
⎝
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=
2

1

1*
h

B
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i
a    (5-2) 
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Fa combines all biomass in the fast soil carbon pool (C1), comprised primarily of leaf 

litter, with a fraction of the biomass in short plants based on tree height (h).  

Individual plants (R) ≤5 m contribute a fraction of their above-ground biomass (BBa) to 

Fa.  Fuel development is non-linear over time.  In the oldest patch, Fa peaks 10-15 

years following model initiation (Figure 5-1).  Survivorship from understory fires also 

depends on height.  Mortality of individual plants <5 m is 100%, consistent with 

reports from field studies of highest mortality in small diameter classes (e.g., 

Haugaasen et al., 2003).  Trees >5 m in height have a 50% mortality rate from fire, 

similar to the high end of the published range for initial fires, but lower than mortality 
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Figure 5-1: Fuel amount (●, kg C/m2) in the oldest forest patch from model initiation 
to 40 years.  Fuel amount is calculated as the sum of fast soil carbon (∆) and a 
fraction of the biomass in short vegetation (■).  Maximum height (X) in the patch is 
shown on the secondary y-axis.   
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rates of repeated burning of fire-damaged forests (Holdsworth & Uhl, 1997; Cochrane 

& Schulze, 1999; Gerwing, 2002; Barlow & Peres, 2008).  Fire-killed canopy trees 

are added to soil carbon pools. 

Fq is defined as a function of average canopy height per patch ( h ), calculated 

as the mean height of all cohorts:  

Fq(y,t) = he 23.010 −∗     (5-3) 

Previous versions of the ED model have also included a link to seasonal water stress 

as an indicator of fuel quality and fire risk (Moorcroft et al., 2001; Hurtt et al., 2002).  

Water stress was excluded from this version of the height-structured fire sub-model 

because 1) this study considered the risk and impact of fire under constant climate 

conditions, 2) climate at 1° x 1° resolution was relatively homogenous across the 

study site, and 3) the importance of drought or other climate factors for understory 

fire risk in southern Amazonia remains uncertain (Chapter 4).  The exponential 

function was implemented to scale Fq = 1 when h = 10 m based on previous findings 

about the influence of canopy height on forest microclimate and fire spread in eastern 

Amazonia (Uhl & Buschbacher, 1985; Uhl & Kauffman, 1990; Ray et al., 2005).  In 

addition to canopy height and precipitation, Ray et al. (2005) also linked fire spread 

rate to leaf area index (LAI).  Like many ecosystem models, ED does not generate a 

realistic representation of seasonal changes in LAI over Amazon forests (Saleska et 

al., 2003; Huete et al., 2006; Ichii et al., 2007).  Therefore, this version of the fire 

model uses canopy height as a proxy variable for insolation rather than directly 

calculating seasonal light levels based on LAI. 
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Fi is a measure of fire ignitions from land use.  In this study, Fi is 

implemented as a step function linked to land-use activity:  

Fi = 0.03 if land use is present, otherwise (5-4) 

Fi = 0  

Fi was set to reproduce current rates of understory fire in Chapter 4 (as described in 

section 5.3.6).  Fi could also be parameterized directly from satellite-based fire 

detections (e.g., Chapter 2) or linked to scenarios of deforestation and land 

management (Soares-Filho et al., 2006).  This initial parameterization for Fi results in 

peak fire risk 5-10 years following canopy disturbance, and the fire disturbance rate 

in logged patches remains elevated for several decades compared to intact forest areas 

(Figure 5-2). 
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Figure 5-2: Fire disturbance rate (λF) from the new height-structured fire sub-model 
for two patches, the oldest patch (created at time = 0) and a patch resulting from 
selective logging at time = 148 years.  
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5.3.4 Fire Spread 

ED is a pseudo-spatial, individual-based ecosystem model; the composition 

and height structure of vegetation within each gap are known, but the x and y 

locations of each tree and gap within a forest patch are not known (Moorcroft et al., 

2001).  The pseudo-spatial nature of ED therefore influences the representation of 

inherently spatial processes such as fire spread.  In this study, two model formulations 

were used to bracket the potential range of fire spread between forest patches.  The 

first formulation is similar to the original fire model described by Moorcroft et al. 

(2001); a fire that begins in any patch spreads equally to all patches.  Throughout the 

study, this model formulation is simply described as “spread.”  The second 

formulation considers the opposite case, “no spread,” in that a fire may only burn a 

fraction of the patch in which it begins.  The “no spread” model formulation therefore 

emphasizes the importance of a positive fire feedback because only patches that 

become flammable due to selective logging or previous understory fires are burned at 

each time step.  The following section describes the calculation of fire damages in 

spread and no-spread scenarios in more detail. 

The new height-structured fire sub-model was implemented with and without 

fire spread.  For ED model runs with fire spread, all patches contribute to the 

calculation of the fire disturbance rate (λF) for the grid cell according to their canopy 

height (Fq) and fuel amount (Fa) when ignitions are present (Fi).  If land-use fires 

occur in the grid cell, all patches are equally affected because all patches are equally 

interconnected (Moorcroft et al., 2001).  For ED model runs without fire spread, λF 

was calculated and applied locally to each patch.  In reality, fire damages in Amazon 
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forests exhibit both tendencies.  Satellite-based results in Chapter 4 suggest that half 

of the area of fire-damaged forest in recent years was a result of fire spread into 

unburned forests.  However, evidence for higher fire risk in previously-burned forests 

from satellite-based studies (Chapter 4) and field surveys (e.g., Alencar et al., 2004) 

is consistent with the implementation of the fire model in ED without fire spread.   

 

 

Figure 5-3: Forested areas in 2000 (gray) and 1° x 1° ED model grid cells within the 
Xingu River basin (black) in the Brazilian state of Mato Grosso (inset, white).  
Detailed modeling runs were conducted for a single model cell near Sinop, Mato 
Grosso (11.5° S, 54.5° W, dark black outline). 
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5.3.5 Study Area 

 This study evaluated the changes in forest structure and composition from 

scenarios of land use for a study area in the Brazilian State of Mato Grosso (Figure 5-

3).  The upper Xingu River basin study area included 97,690 km2 of forest in 2000 

(Chapter 4).  ED model results for each 1° x 1° grid cell (e.g., basal area) were 

multiplied by the forested area in each grid cell in 2000 to generate forest area-

weighted average values for the entire Xingu study region.  Three model variables 

were calculated at this scale: total biomass, fraction of biomass in ES trees, and basal 

area. 

One model cell near the city of Sinop was also chosen for detailed model runs 

of monthly vegetation dynamics that could not be easily assessed at the larger scale 

(Figure 5-3).  Results for the Sinop study site illustrate the evolution of changes in 

forest structure and composition in each scenario.  The detailed model results were 

also used to evaluate short-term changes in biomass, net ecosystem productivity 

(NEP), and forest composition.  Finally, model output for the Sinop site was used to 

characterize relative changes in canopy height and patch ages among scenarios 

because these variables are not included in the regional output.  Sinop model runs 

were only used for relative comparisons and were not scaled to represent a specific 

forest area. 

5.3.6 Calibration: Current Rates of Logging and Understory Fires 

A combination of satellite and field-based studies were used to parameterize 

the rates of selective logging and understory fire damages for scenarios of land use.  

The average rate of selective logging in the Xingu study area during 2000-2002 was 
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3.1% yr-1 (Asner et al., 2005).  Data for selective logging during 1999-2000 were 

excluded from the calculation of current logging rates based on substantial overlap 

between logging and burning in that year (Chapter 3).  The relationship between 

satellite-based estimates of logged area and field measurements of canopy gap 

fraction were used to translate logging rates into canopy gaps as represented in the 

ED model (Asner et al., 2002; Asner et al., 2004).  Selective logging includes canopy 

damage from harvesting individual trees (mean = 3-7 trees ha-1, Asner et al., 2005) 

and ground damages from skid trails, roads, and log decks (patios).  The range of total 

area-integrated gap fraction from conventional and reduced-impact logging was 5-

22% (Asner et al. 2002), and the high end of this range was used to estimate the 

increase in canopy damage from current rates of selective logging (3.1% logged x 

22% gaps within the logged area = 0.07%).  Therefore, 2.1% of the study area 

experienced treefall gaps during each year in scenarios with selective logging (1.4% 

background mortality + 0.07% canopy mortality from logging).  Average rates of 

canopy damage from understory fires were derived from MODIS-based results of the 

total fire-damaged forest during 1999-2005 in Chapter 4 (2.4% yr-1).  In model tests 

for the Sinop site, a fire ignition rate (Fi) of 0.03 led to a fire disturbance rate of 

approximately 2.4% per year when combined with selective logging at 2.1% per year.  

In all scenarios with fire, the annual rate of fire ignitions was held constant.  

However, rates of fire disturbance varied over time depending on the amount of fire-

prone forest in each scenario. 
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5.3.7 Land-Use Scenarios 

Four land-use scenarios were developed to evaluate the impact of selective 

logging and understory fire damages at current rates over decadal and century time 

scales:  

• 1. Forest Control:  No land use, canopy-tree gaps from natural disturbances 

occur at a rate of 1.4% yr-1 (Moorcroft et al., 2001).  

• Business as usual (BAU): Forest disturbances from selective logging (2. 

Logging) or combined damages from selective logging and understory fires 

(with fire spread (3. Fire Spread) and without fire spread (4. Fire no-

spread), as described in Section 5.3.4) occur at current rates over two time 

scales: 

a. Century:  Canopy damage from selective logging and understory fires 

begins in model year 100 and continues until the end of the model 

period (year 200). 

b. Decade: Canopy damage from selective logging and understory fires 

begins in model year 100 and continues for 10 years at present rates 

(model years 100-110).  In model years 111-200, no land use occurs 

and canopy-tree gaps only occur from natural disturbances (1.4% yr-1).  

 

BAU scenarios of Logging, Fire Spread, and Fire no-spread were run for decadal and 

century timescales for a total of seven model runs (six land-use scenarios and the 

Forest Control).  At the end of each model scenario (e.g., time = 200 years), the 

relative changes between the Forest Control and land-use scenarios were assessed 
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regarding total forest biomass, the fraction of the total biomass in ES trees, and 

attributes of forest structure such as mean canopy height and age since last 

disturbance.  For the decade scenarios, the Sinop study site was used to consider the 

change in biomass between control and land-use scenarios at year 110, the duration of 

biomass recovery after land use ended, and the short-term impacts from disturbance 

on NEP.   

ED was used to derive the initial distribution of forest heights and ages for 

each land use scenario in the Sinop and Xingu study areas based on potential 

vegetation at year 100.  For comparison, one scenario (Century Spread) was run with 

land use beginning in year 1, 25, 50, 100, and 200 to test the sensitivity of model 

results to initial forest conditions.   

5.3.8 Biomass Validation 

Modeled above-ground live biomass (AGLB) from ED for the Xingu study 

region was compared to a recent satellite-based estimate of AGLB for the Amazon 

region (Saatchi et al., 2007).  Total above-ground biomass in ED was converted from 

kg C/m2 to AGLB assuming forest biomass is 50% C by weight.  Since Saatchi et al. 

(2007) included data from the MODIS sensors through 2004 in their calculation of 

forest biomass, MODIS-based deforestation estimates from Chapter 4 were used to 

exclude areas that were deforested during 2000-2004 before calculating average 

forest biomass in each 1° x 1° grid cell.  Saatchi et al. (2007) classified AGLB into 11 

categories; the high end of the AGLB range for each class was chosen to estimate 

average biomass of forested areas in 2004.   
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5.4 Results 

5.4.1 Xingu Biomass 

Estimated AGLB in ED was very similar to satellite-based estimates for the 

Xingu study area (Figure 5-4).  The range of biomass values for all 1° x 1° grid cells 

was consistent between approaches (ED: 103-170 Mg/ha, Saatchi et al.: 83-180 

Mg/ha).  Overall, the forest area-weighted average AGLB in the Xingu study area 

from ED (135.4 Mg/ha) was 9% lower than the satellite-based approach (149.2 

Mg/ha).   
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Figure 5-4: Comparison of mean (± 1 S.D.) above-ground live biomass (AGLB) from 
ED to satellite-based estimates of AGLB from Saatchi et al. (2007) for all 1° x 1° grid 
cells in the Xingu study region.   
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5.4.2 Century Scenarios 

 Century land-use scenarios of selective logging and understory fire reduced 

total biomass in the study area by 0.19-0.4 Pg C (22-46%) compared to the Forest 

Control scenario (Table 5-1).  The greatest reduction in total biomass occurred for the 

Century Spread scenario, which was 46% lower than the Forest Control scenario, and 

approximately 30% lower than either the Logging scenario or the Century scenario 

without fire spread (Table 5-1).  Figure 5-5 shows the evolution of changes in above-

ground biomass for each model scenario at the Sinop site to a similar end point as in 

Table 5-1.   

 

Table 5-1: ED model results in year 200 for the Xingu study area from Forest Control 
and land-use scenarios.  Values for total biomass, fraction of biomass in early-
successional (ES) trees, and basal area in year 200 were calculated as forest area-
weighted means from all 1° x 1° grid cells in the Xingu study area.  Values for mean 
canopy height and age since last disturbance were only calculated at the Sinop site for 
each scenario. 
 

Model 
Scenarios 

Total 
Biomass 

(Pg C) 

∆Biomass 
(% of 

Control) 

% 
Biomass 

in ES 
Trees 

Basal 
Area 

(m2/ha) 

Mean 
Canopy 
Height 

(m)* 

Mean Age 
Since Last 

Disturbance 
(years)* 

Control 0.871 X 31.1 25.1 10.2 66.6 

Decade 
Spread 0.859 -1.4% 33.1 25.0 9.5 62.9 

Decade      
(no spread) 0.854 -2.0% 32.6 24.9 9.9 65.5 

Logging 0.64 -26.6% 45.6 21.0 8.5 47.9 

Century 
Spread 0.468 -46.3% 58.4 16.9 8.4 22.6 

Century      
(no spread) 0.68 -22.0% 41.0 21.5 9.0 46.4 

* Mean canopy height and age singe last disturbance were calculated at the Sinop study 
site. 
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Figure 5-5: Annual total above-ground biomass (TAGB, top) and the fraction of 
TAGB in pioneer (early-successional trees) (bottom) for the Sinop site from the forest 
Control scenario and five ‘Business as Usual’ land use scenarios calibrated based on 
current rates of logging and understory fire damage.   

 

A century of land use at current rates also led to large changes in forest 

composition, measured as the fraction of all forest biomass in ES (pioneer) trees 

(Table 5-1).  For the Century Spread scenario, the fraction of biomass in pioneer trees 
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was nearly double that of the Forest Control in year 200 (Table 5-1).  The Century 

no-spread scenario increased the fraction of biomass in ES trees during the first 50 

years of land use compared to the Logging scenario (Figure 5-5), but Logging 

ultimately led to a higher fraction (45.6%) of forest biomass in ES trees (Table 5-1).   

 Changes in forest structure from land use were also most pronounced in the 

Century Spread scenario, with a 33% decline in average basal area and 19% reduction 

in mean canopy height relative to the Forest Control (Table 5-1).  However, high 

canopy mortality during logging disturbances (100% for trees >10 m) led to a similar 

decrease in mean canopy height (8.5 m).  Mean basal area was similar between 

Logging and Century no-spread scenarios.   
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Figure 5-6: Distribution of patch age since last disturbance in year 200 for Century 
scenarios at the Sinop study site. 
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The mean age since last disturbance was similar between the Logging and 

Century no-spread scenarios (Table 5-1), but the fraction of the landscape in patches 

<30 years since last disturbance differed between scenarios.  The Century no-spread 

scenario led to three types of forest patches at the Sinop site in year 200 (Figure 5-6).  

Half of the study site was in patches <30 years since last disturbance, 40% were age 

30-100, and approximately 10% of the landscape was in patches that were not 

disturbed by land use (>100 years since last disturbance).  In contrast, in the Logging 

scenario only 41% of the site was in patches <30 years since last disturbance and 11% 

were older than 100 years.  Fire spread had the largest impact on mean age since last 

disturbance (Table 5-1); 63% of the study site was in patches <30 years since last 

disturbance and no patches were older than 100 years. 
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Figure 5-7: Total above-ground biomass (TAGB) at the Sinop study site under the 
Century Spread scenario with land use beginning in year 1, 25, 50, 100, and 200. 
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 In order to test the sensitivity of model results to initial forest conditions, the 

Century Spread scenario was run with land use beginning in different years (Figure 5-

7).  Initiating land use during the first model year prevented trees from becoming 

established at the Sinop site (Figure 5-7).  Trapping the entire study site in low 

vegetation was not possible once trees became established.  Instead, initiating land 

use in year 25-200 led to a new equilibrium state of ~3.5 kg C/m2 in all Century 

Spread scenarios based on the current rate of fire ignitions, Fi.  The number of years 

of land use required to reach this new equilibrium did vary from approximately 60 

years when land use was initiated in young forests (≤50 years) or old forests (200 

years) to 85 years when land use was initiated in year 100.     

5.4.3 Decade Scenarios 

Land use in the Decade scenarios at the Sinop site led to short-term reductions 

in above-ground biomass and NEP (Figure 5-8).  Biomass returned to pre-land use 

levels after logging and fire ceased, but the duration of biomass recovery differed 

between Decade scenarios with fire spread (25 years) and without fire spread (7 

years).  By year 200, the difference in total biomass between the Decade scenarios 

and the Forest Control was ≤2% (Table 5-1).  NEP decreased to near 0 by the end of 

the land-use decade in the scenario with fire spread.  Compared to the forest control, 

average annual NEP for the decade was 48% and 31% lower for scenarios with and 

without fire spread, respectively (Figure 5-8). 

The major impact from a decade of land use was the increase in the fraction of 

the landscape in recently-disturbed patches (Table 5-2).  In the Decade Spread 

scenario, nearly 60% of the Sinop site was in patches <30 years old in year 110, and 
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43.9% of the site was in patches disturbed by land use (<10 years old, Table 5-2).  

Changes in forest structure and landscape composition were similar for Decade no-

spread and Logging scenarios in year 110.  Mortality of large trees from land-use  
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Figure 5-8: Total above-ground biomass (TAGB, top) and net ecosystem production 
(NEP, bottom) for Control and Decade scenarios of land use with and without fire 
spread at the Sinop study site.   
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Table 5-2: ED model results for the Sinop study site from Forest Control, Logging, 
and Decade land-use scenarios in year 110. 
 

Model 
Scenarios 

Basal Area 
(m2/ha) 

Mean 
Canopy 
Height 

(m) 

Mean Age 
Since Last 

Disturbance 
(years) 

<30 Years 
Since Last 

Disturbance 

<10 Years 
Since Last 

Disturbance 

Control 25.0 8.0 55.7 45.2% 23.4% 

Logging 23.8 7.7 51.9 49.3% 29.0% 

Decade 
Spread 21.5 7.7 42.6 59.2% 43.9% 

Decade      
(no spread) 23.5 7.7 51.6 49.3% 20.9% 

 

 

decreased the mean basal area in all land-use scenarios relative to the Forest Control 

in year 110 with the greatest decrease for the Decade Spread scenario. 

Changes in forest structure and composition from land use in the Decade 

scenarios at the Sinop site were still evident at the end of the model period (Table 5-1, 

Figure 5-5).  Compared to the forest control scenario, the Decade Spread scenario at 

the Sinop site had lower mean canopy height (-6.9%) and a higher fraction of biomass 

in ES trees (3.7%, Figure 5-5).  The Decade scenario without fire spread had 3% 

lower mean canopy height and 3.2% higher fraction of biomass in ES trees than the 

control (Table 5-1, Figure 5-5).  Across the entire Xingu study area, differences in the 

fraction of biomass in ES trees for Decade Spread and no-spread scenarios were 

slightly lower than at the Sinop site (2% and 1.5%, respectively, Table 5-1).     
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5.5 Discussion 

This chapter describes a new height-structured fire sub-model for the ED 

model that mechanistically reproduces a positive feedback from selective logging and 

land-use fires in Amazon forests.  Results from model scenarios with current rates of 

selective logging and understory fires demonstrate that impacts from continued land 

use on forest structure, composition, and carbon storage may be large.  Combined 

impacts from a century of selective logging and fire spread decreased total forest 

biomass in the upper Xingu basin by 46% (0.4 Pg C) and doubled the fraction of 

biomass in ES trees compared to the Forest Control scenario.  Change in forest 

biomass from the Logging scenario was intermediate between Century scenarios with 

and without fire spread, emphasizing the importance of fire spread for maintaining a 

positive fire feedback under current rates of selective logging and fire ignitions.  The 

results from this study suggest that widespread secondarization of Amazon forests is 

possible through a positive fire feedback in logged and burned forests following a 

century of land use at current rates.  Reductions in net carbon storage from frequent 

fire damages could therefore enhance carbon-cycle climate feedbacks (Friedlingstein 

et al., 2006).  Finally, model scenarios in this study are conservative because they do 

not include additional forest losses from deforestation (Soares-Filho et al., 2006) or 

increased forest fire risk from climate changes (Malhi et al., 2008).   

Short-term changes in vegetation dynamics from a decade of logging and fire 

spread substantially decreased carbon uptake at the Sinop site relative to the Forest 

Control scenario. The change in NEP reported for the Decade scenarios is 

conservative, however, because fire emissions were not included in the estimate of 
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net productivity.  These results suggest that current rates of forest disturbance, even in 

the absence of additional deforestation, may reduce or eliminate net carbon uptake by 

intact forests in southern Amazonia.  Recent estimates of carbon uptake by tropical 

forests (e.g. (Baker et al., 2004) that do not include the influence of forest 

disturbances from land use may therefore overestimate the potential carbon sink in 

tropical forests. 

Short-term land use in the Decade scenarios also resulted in long-term 

changes in forest structure from the legacy of selective logging and forest burning on 

species composition.  Biomass losses from a decade of combined damages from 

selective logging and understory fires were recovered in 7-25 years after land-use 

ended, but changes in mean canopy height were still evident at the end of the 

modeling period 90 years later.  The combined disturbances from logging and fire 

spread damaged 44% of the landscape in only 10 years; the establishment of ES trees 

following these disturbances also led to changes in forest composition that persisted 

to the end of the modeling period.   

Model outcomes depended on the implementation of fire spread in the ED 

model.  Fire damages in both Century scenarios with fire trapped more than half of 

the Sinop study site in forest patches <30 years since last disturbance, but the Century 

Spread scenario ultimately damaged every forest patch, leading to a pronounced 

“pioneer effect.”  The Logging scenario also promoted the growth of pioneer species, 

but the pioneer effect was magnified in scenarios with fire spread.  The pioneer effect 

in the Century scenario without fire spread was similar to the Logging scenario 

despite higher rates of forest disturbance during the initial 50 years of land use.  
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Reduced rates of fire disturbance in later years in the Century no-spread scenario 

resulted from a model artifact in which survivors from burned and logged patches 

were combined at each time step.  Ultimately, this process reduced fire risk in the 

new patch because taller cohorts from logged areas increased mean canopy height.  

Results from the Century no-spread scenario should therefore be interpreted with 

caution.  Ultimately, fire spread scenarios led to greater changes in forest structure 

and composition relative to the Logging scenario despite initial expectations that no-

spread scenarios would emphasize the positive fire feedback.     

 This study identified several priority areas for future improvements in 

modeling the positive fire feedback in Amazon forests that could be implemented 

using a version of the ED model with sub-grid cell land use (e.g., Hurtt et al., 2002).  

First, knowledge of the sub-grid cell fraction of cropland, pasture, logged, and burned 

forests would allow fire spread to occur differently in logged or burned forest types 

(secondary forests) than in primary forest.  Independent calculation and application of 

fire damages to secondary and primary forests would create intermediate cases of fire 

spread between the bracketing examples presented in this study.  Second, only one 

disturbance type was applied to each patch in a given year.  Future development of a 

fire model that permits logging and burning in the same year, as documented in 

Chapter 3, could be used to assess the specific role of logging for fire spread.  Finally, 

model scenarios of land use in this study begin from conditions of potential 

vegetation to assess relative changes between land use and control scenarios.  ED can 

also be initialized using an estimate of vegetation conditions from field or lidar data 

(e.g., Hurtt et al., 2004) or patterns of historic land use (e.g., Hurtt et al., 2002).  
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Improving the depiction of initial forest conditions is a priority for future work, 

especially to improve estimates of short-term (1-10 year) carbon fluxes from repeated 

burning in Amazonia, since the fire feedback mechanism is sensitive to initial forest 

conditions.   

The height-structured fire sub-model developed in this study focused on the 

non-linear relationship between fire risk and canopy height that governs the positive 

feedback from land-use fires in Amazon forests.  This attribute of the feedback 

mechanism has not previously been incorporated into an ecosystem model.  However, 

the fire feedback mechanism is complex, and variations in land use (Uhl & 

Buschbacher, 1985; Holdsworth & Uhl, 1997; Alencar et al., 2004) and climate 

(Cochrane & Laurence, 2002; Alvarado et al., 2004) may also contribute to spatial 

and temporal variability in the strength of the positive feedback from land-use fires in 

Amazonia.  Several options for future research to address key attributes of climate 

and land use in the fire feedback mechanism are briefly considered below. 

The simple approach to model anthropogenic fire ignitions in this study links 

fire activity with human presence for selective logging, but future modeling studies 

could also consider additional complexities in the fire feedback mechanism in 

Amazon forests from the timing, type, and location of anthropogenic fire ignitions 

(Chapter 2; Chapter 4; Alencar et al., 2004).  The highest density of fire ignitions in 

Amazonia occurs in areas of active deforestation (Chapter 2), and the timing and 

location of land-use fires derived from satellite observations differs from previous 

modeling approaches tied to the seasonality of lightning strikes (Arora & Boer, 2005) 

or population density (Venevsky et al., 2002), respectively.  Locally-varying ignition 
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rates could be derived directly from satellite-based active fire detections (Chapter 2), 

burned area (Roy et al., 2008; Giglio et al., submitted), or other fire models (e.g., 

Cardoso et al., 2003; Arima et al., 2007) to investigate the relative importance of fire 

ignitions, fuels, or forest structure for understory fires in different Amazon regions.   

 Climate variability has a complex relationship with fire risk in Amazon 

forests.  Seasonal changes in precipitation, temperature, relative humidity, and wind 

may influence three components of fire in Amazon forests: fuel amount, fuel quality, 

and fire size or duration of burning (Chapter 3; Chapter 4; Alvarado et al., 2004; 

Nepstad et al., 2004; Ray et al., 2005; Alencar et al., 2006; Brando et al., 2007; Balch 

et al., 2008; Zeng et al., 2008).  Satellite-based studies of the extent and frequency of 

forest fire damages suggest that key factors for fire risk in Amazon forests may differ 

between humid forest types in central and western Amazonia and seasonal forest 

types common along the existing arc of deforestation in eastern and southern 

Amazonia (Chapter 4; Cochrane & Laurence, 2002; Alencar et al., 2006).  In central 

and western Amazonia, moist conditions in the forest understory generally limit forest 

fire activity to drought years (Barbosa & Fearnside, 1999; Ray et al., 2005; Alencar et 

al., 2006; Aragão et al., 2007; Zeng et al., 2008) despite accumulation of leaf litter on 

the forest floor during dry-season months (Goulden et al., 2004).  In contrast, forests 

in southeastern Amazonia have a drier microclimate throughout a 3-5 month dry 

season, but fires in standing forest appear limited by insufficient leaf litter and other 

fine fuels (Balch et al., 2008).  The increase in fuels from leaf shedding following 

dry-season cold fronts (Alvarado et al., 2004) may partially explain years with 

extreme burning in southern Amazonia such as 1999 (Chapter 3, Chapter 4).  Amazon 
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forest phenology may also contribute to regional variability in dry-season fuel 

availability (Huete et al., 2006).  Therefore, modeling the link between climate and 

fire risk in Amazon forests may require accurate representation of litter moisture in 

humid forest types and litter production in seasonal forest types with changing 

climate.  By incorporating aspects of climate sensitivity into a height-structured 

model of the positive fire feedback in Amazon forests, future modeling studies could 

improve projections of potential synergies between climate change and land-use fires 

in Amazonia for potential dieback of tropical forest in the region.   

 In summary, the new height-structured fire sub-model developed in this study 

demonstrates the potential impacts from a positive fire feedback in logged and burned 

forests under current rates of land use and constant climate.  Short-term reductions in 

biomass and NEP in the Decade scenarios indicate that current rates of land use may 

further enhance atmospheric carbon emissions from deforestation in southern 

Amazonia (Chapter 2).  Following a century of land use, the combination of selective 

logging and fire spread led to secondarization of forests in southern Amazonia.  

Recurrent fire damages maintained changes in forest structure and composition, 

leading to large losses in net carbon storage relative to the Forest Control and 

Logging scenarios.  This study also outlines areas for future research to improve the 

depiction of fire spread, land-use fires, and climate-related aspects of the positive fire 

feedback in an improved version of the in the height-structured fire sub-model.     
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5.6 Conclusions 

This chapter describes the development of a new height-structured fire sub-

model in ED to evaluate the long-term changes in Amazon forest structure from 

repeated exposure to land-use fires.  The new fire model uses characteristics of 

vegetation height and the fraction of the landscape in a fire-prone forest structure as 

modeled in ED to develop estimates of fire risk and fire spread, respectively.  The 

height-structured fire sub-model was calibrated using satellite-based estimates of 

recent selective logging and understory fires in the Xingu basin study area, and model 

scenarios of continued land use at current rates over decadal and century time scales 

under constant current climate were used to assess the long-term impacts 

consequences of logging and fire on forest structure, composition, and total biomass.   

Results from this study suggest that combined forest damages from logging 

and understory fires could reduce net carbon storage in the upper Xingu basin by 22-

46% within 100 years without enhanced fire risk from climate change or additional 

deforestation.  The Century Spread scenario resulted in the greatest changes in forest 

structure and composition relative to the Forest Control and Logging scenarios. Thus, 

fire spread was essential to maintain changes in forest structure and composition from 

a positive fire feedback under current rates of fire ignition and selective logging.  

Reductions in carbon storage from a positive fire feedback in Amazon forests could 

accelerate the large-scale dieback of Amazon forests projected due to carbon-cycle 

feedbacks with climate change (Cox et al., 2004).  Because climate changes could 

also increase forest flammability, future work is needed to incorporate climate-related 

aspects of the positive fire feedback into the height-structured fire sub-model in this 
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study in order to assess the relative contributions from land use and climate change to 

potential Amazon forest dieback.   
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Chapter 6:  Conclusions and Policy Implications from the 

Dissertation and Directions for Future Research  

6.1 Summary 

The four individual studies in this dissertation develop and integrate satellite 

remote sensing and ecosystem modeling approaches to address three priority research 

questions regarding understory fires in Amazon forests, as outlined in Section 1.5.  

This final chapter summarizes the key findings from the dissertation related to these 

initial questions (Section 6.1).  Section 6.2 presents an additional set of synthetic 

conclusions based on multiple lines of evidence from data in Chapters 2-5 concerning 

the impacts of land-use fires on Amazon forest structure.  Section 6.3 considers the 

implications of these conclusions for improving management of land-use fires in 

Amazonia and satellite-based monitoring of deforestation and degradation in the 

region.  Finally, Section 6.4 suggests avenues for future research based evidence for 

interannual and regional variation in the role of climate for understory forest fires in 

Amazonia.   

 

6.2 Dissertation Summary and Conclusions Related to Priority Research Areas 

 The individual studies in this dissertation examine the impacts of 

anthropogenic fires on forests in southern Amazonia using satellite remote sensing 

and ecosystem modeling approaches.  Chapter 2 describes the spatial and temporal 

patterns of fire use for deforestation and agricultural maintenance based on the local 
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frequency of fire detections from the MODIS sensors.  Land-use fires for 

deforestation and agricultural maintenance frequently escape their intended 

boundaries and burn into adjacent Amazon forests (Figure 1-2).  Chapter 3 develops 

an automated approach to identify canopy damage from these understory forest fires 

in time series of annual satellite data and tests the method in a region with 

concentrated land-use fire activity in the Brazilian State of Mato Grosso (Figure 2-1).  

The time-series approach was applied to a larger study area in Chapter 4 to quantify 

the extent and frequency of understory fires in southern Amazon forests.  Results 

from Chapter 4 showing recurrent fire damages in previously-burned forest support 

the hypothesis of a positive fire feedback in Amazon forests from land-use fires 

(Figure 1-3).  Finally, Chapter 5 builds a new height-structured model of fire risk in 

Ecosystem Demography (ED), an advanced ecosystem model, to assess the short and 

long-term carbon consequences of a positive fire feedback in Amazon forests.  Model 

scenarios, calibrated using estimates of fire-damaged forest from Chapter 4, test the 

influence of continued fire use under current climate conditions for Amazon forest 

structure and composition.   

The main conclusions from the dissertation regarding the priority research 

areas outlined in Section 1-5 are summarized below: 

 

1. How has the trend towards intensification of agricultural production in 

southern Amazonia altered the use of fire for deforestation?   

Changes in the frequency and duration of fire use for the expansion of 

mechanized cropland into Amazon forest areas have increased the combustion 
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completeness of the deforestation process compared to less intensive methods of 

forest clearing.  Data in Chapter 2 demonstrate that patterns of repeated fire 

detections in the same ground location are largely confined to areas of active 

deforestation in Amazonia (Table 2-1, Figure 2-1), where trunks, stumps, and woody 

roots can be piled and burned many times in the same dry season in preparation for 

agriculture.  Post-clearing land use, rather than clearing size, largely determines the 

intensity and duration of fire use during the deforestation process; deforestation for 

cropland doubled the average frequency and duration of satellite-based fire detections 

compared with deforestation for pasture (Figure 2-2, Figure 2-4, Figure 2-5).  

Frequent fire use for cropland expansion may increase the combustion completeness 

of the deforestation process to near 100% (Figure 2-6), generating fire emissions 2-4 

times higher than estimated for previous decades (e.g., Houghton et al., 2000).  

Finally, because cropland deforestation from multiple years may contribute to fire 

activity in any given year (Figure 2-5), a decrease in deforestation may not reduce fire 

activity in that year (Table 2-2).  This ‘carryover’ of ignitions also extends the period 

over which fires for deforestation may lead to understory fires in adjacent forests.  

 

2. What is the extent and frequency of forest damages from understory fires in 

southern Amazonia?   

Canopy damage from understory fires was widespread in southern Amazonia 

and frequent fire damages in previously-burned forests were common.  Understory 

fires occurred in all years during 1997-2005 in the southern Amazon study areas 

(Table 3-5, Table 4-5).  The average annual extent of fire-damaged forests and 
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deforestation were similar (Figure 4-5), but interannual variability in forest damage 

from understory fires was high (Table 3-4, Table 4-5).  Unexpectedly, fire-damaged 

forest was not highest during ENSO years (1997-1998, Table 3-5) as reported 

previously for study areas in southern and eastern Amazonia (e.g., Alencar et al., 

2006).  Canopy damage from fire was most extensive in 1999, the driest year during 

the study period (Figure 4-2), but widespread burning also occurred during 2002 and 

2004 (Table 3-5, Table 4-5).  Very large burn scars (>500 ha) were only mapped 

during years with highest fire damages (1999, 2002), yet these largest fires 

contributed the majority of fire-damaged forest area (Figure 3-8).  Finally, repeated 

burning contributed up to half of all fire-damaged forest in 2001-2005 as more than 

20% of previously-burned forests burned again during this period (Table 4-5).  The 

average fire return interval in previously-burned forests was 3.2 years, with some 

forests burning three times in 5-7 years (Figure 4-3, Table 4-5).     

 

3. What are the long-term carbon consequences from changes in forest 

structure due to recurrent fires in Amazon forests?   

Satellite and model-based evidence for “secondarization” of Amazon forests 

from repeated exposure to land-use fires has long-term consequences for carbon 

storage and forest composition.  Satellite data support the hypothesis of a positive fire 

feedback in Amazon forests (Figure 1-3); the fraction of previously-burned forests 

(1999-2003) that burned a second time during 2001-2005 (23.2%) was five times 

higher than the fraction of initial forest damages from fire in the Xingu study area 

during 2001-2005 (4.4%) (Table 4-5, Section 4.4.3).  However, data in Chapter 4 also 
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indicate a recovery of woody vegetation following multiple fires in southern Amazon 

forests (Figure 4-4) rather than a conversion to herbaceous cover as predicted under 

the “savannization” hypothesis (Cochrane & Schulze, 1999).  Ecosystem modeling 

results in Chapter 5 suggest that the structure and composition of forests exposed to 

recurrent land-use fires is likely to shift from mid and late-successional trees to early-

successional trees (Figure 5-5), similar to secondary forests, despite high satellite-

derived canopy greenness (Figure 4-4).  Scenarios with a decade of land use 

(selective logging and understory fire damages) at current rates led to a short-term 

loss in carbon storage (7-25 years, Figure 5-8) and a long-term change in forest 

structure, measured as the reduction in mean canopy height relative to the forest 

control scenario at the end of the modeling period (3-7%, Table 5-1).  Scenarios of 

continued land use at current rates for 100 years show the potential to trap a large 

fraction of the landscape in a fire-prone forest structure through a positive fire 

feedback (Table 5-1, Figure 5-6), reducing net carbon storage by 20-46% (0.19-0.4 

Pg C, Table 5-1) and nearly doubling the fraction of forest biomass in early-

successional trees relative to the forest control scenario (Figure 5-5, Table 5-1).  

 

6.3 Additional Conclusions from the Dissertation 

The integration of satellite remote sensing and ecosystem modeling 

approaches in the dissertation improves understanding of the patterns, processes, and 

consequences of understory fires in southern Amazon forests.  Multiple lines of 

evidence from data in Chapters 2-5 also give rise to three synthetic conclusions 
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regarding land-use fires and changes in forest structure from a positive fire feedback 

in southern Amazonia.   

First, the expansion of mechanized cropland in southern Amazonia presents 

an interesting paradox in terms of land-use fires and understory fire risk.  

Deforestation for cropland doubles the average frequency and duration of satellite-

based fire detections compared with less-intensive methods of deforestation for 

pasture (Figure 2-5), but multiple lines of evidence suggest that these additional 

ignitions do not generate a proportional increase in canopy damage from understory 

fires in adjacent forest areas.  Deforestation for cropland in the Brazilian state of 

Mato Grosso peaked in 2003 (Morton et al., 2006), and results in Chapter 2 indicate 

that Mato Grosso had the highest fraction of fires detected on 3 or more days in the 

same location in this year (Table 2-2).  MODIS-based deforestation in the Xingu 

Basin study area was also highest in 2003 (Table 4-5), yet total fire-damaged forest 

and the fraction of fire-damaged forest adjacent to new deforestation did not increase 

in this year (Table 4-5).  Next, in Chapter 3, cropland deforestation in 2001-2003 

rarely overlapped with fire-damaged forest compared with deforestation for pasture 

(Table 3-4).  Finally, the BDR algorithm uses data from the early dry season to 

identify canopy damage from fires in the previous year (Figure 3-2) because field 

observations and calibration data in Chapter 3 suggest that most understory fires 

occur at the end of the dry season.  Fires for cropland deforestation are common 

during the early dry season (Figure 2-3), suggesting that some of the additional 

burning for cropland expansion may occur when forests are less flammable.  Thus, 

more deforestation and more frequent fire usage during the conversion process in 
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years with peak cropland expansion into Amazon forests may not lead to an increase 

in understory fires if areas are cleared and burned when the risk of forest fires is low.   

Second, in contrast to central and western Amazonia, drought conditions and 

selective logging did not appear to be necessary to burn extensive areas of forest in 

southern Amazonia.  Widespread canopy damage from understory fires in the Xingu 

basin study area occurred under a range of climate conditions during 1997-2005 

(Figure 4-2, Table 3-5, Table 4-5), and forest areas in the southern and eastern 

portions of the study area burned despite little evidence for recent logging activity in 

the study by Asner et al. (2005) (Figure 4-3).  Understory fires burned forest in the 

Xingu Indigenous Park without evidence for selective logging or deforestation 

(Figure 4-5).  Finally, rates of selective logging (Table 3-2) and the predicted risk of 

understory fires based on soil water deficits (Nepstad et al., 2004) were high in 2001, 

but actual fire-damaged forest area was lower in 2001 than in any other year during 

1997-2005 (Table 3-5, Table 4-5).   

Third, burned forest is an extensive and long-term component of the frontier 

landscape in southern Amazonia (Table 4-5).  Fire and deforestation damaged 

equivalent forest areas in the upper Xingu River basin (Figure 4-5).  Burned forests 

were not rapidly converted to cropland or pasture, leaving a large stock of fire-

damaged forest on the landscape (Table 4-5).  A positive fire feedback in previously-

burned forests enhances the changes in structure and composition from initial fire 

damages (Figure 5-5) and maintains the amount of burned forest on the landscape 

(Table 4-5, Figure 5-6).  Finally, forest recovery after a decade of fire damages 
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rapidly offsets carbon losses from fire-killed trees (7-25 years) but the legacy of 

changes in forest structure and composition from fire may be long-term (>90 years).   

 

6.4 Policy-Relevant Implications of Dissertation Conclusions 

6.4.1 Lessons for Managing Land-Use Fires in Southern Amazonia 

Guidelines for managing land-use fires in Amazonia were largely developed 

following widespread fire damages in central and eastern Amazonia during ENSO-

related drought events in the 1990s (Nepstad et al., 1999a).  Thus, some 

recommendations for methods to prevent understory forest fires are most suitable for 

humid forest types in these regions.  For example, several authors advocate the use of 

intact forest areas as “green fire breaks” between logged forests and pastures to 

prevent the escape of agricultural maintenance fires into fire-prone forests 

(Holdsworth & Uhl, 1997; Barlow & Peres, 2004).  Findings in the dissertation that 

both logged and intact forests in southern Amazonia burn in all years (Table 3-3, 

Table 3-5, Table 4-5), not just drought years (Figure 4-2), would reduce the 

effectiveness of this strategy and highlight the need for regionally-specific guidelines 

for managing land-use fires.   

Restrictions for the timing of land-use fires in Brazilian Amazonia do vary 

regionally based on the length of the local dry season.  Current legislation limits fire 

use in southern Amazonia beginning in the middle of the dry season (July 15) until 

after rains begin (Schroeder et al., in press).  Findings in Chapter 2 suggest that 

current enforcement of this restriction is weak, given high rates of satellite-based fire 

detections for deforestation and maintenance fires throughout the dry season.  Based 
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on evidence for increased fire use in the early dry season for cropland deforestation 

(Figure 2-3) without a corresponding increase in damages from understory fires 

(Table 3-5, Table 4-5), incentives to promote burning in early dry-season months may 

lower understory fire risk in the region.   

Mechanization may further reduce the risk of fires for cropland deforestation 

escaping into adjacent forest areas (Table 3-4).  As farmers use tractors to pile trunks, 

stumps, and woody roots to facilitate repeated burning (Figure 2-2) they create a fuel 

break along the forest edge.  Fuel breaks are a fundamental component of reducing 

damages from understory fires in tropical forests, but tractors or other machinery 

needed to develop and maintain fuel breaks are typically unavailable in frontier areas 

(Holdsworth & Uhl, 1997; Nepstad et al., 1999a; Nepstad et al., 2001; Barlow & 

Peres, 2004).  Better availability of machinery in Mato Grosso than in other Amazon 

regions, given rapid expansion of mechanized crop production in recent years 

(Morton et al., 2006), offers additional policy options for creating and maintaining 

fuel breaks in the region.  Linking fire management requirements in southern 

Amazonia with credit access or nascent deforestation licensing efforts, as suggested 

previously to encourage other agricultural “best practices” (Nepstad et al., 2001; 

Fearnside, 2003; Nepstad et al., 2006b), could facilitate the implementation of 

regional restrictions for fire use and fuel breaks on the landscape.   

6.4.2 Satellite-Based Monitoring of Deforestation and Degradation 

 The dissertation presents two new methods to improve satellite-based 

estimates of degradation and deforestation in Amazonia that address ongoing 

discussions for REDD and other policy-related efforts to estimate carbon emissions 
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from tropical regions (e.g., Canadell et al., 2007; Ramankutty et al., 2007).  First, the 

BDR algorithm provides an automated approach to estimate forest canopy damage 

from understory fires in tropical forests.  Fire is a critical component of forest 

degradation (Souza Jr. & Roberts, 2005; Peres et al., 2006), yet technical preparations 

for REDD have primarily focused on mapping deforestation and selective logging 

because automated approaches to map fire damages were not yet available (GOFC-

GOLD, 2008).  Next, the dissertation highlights the importance of a coordinated 

approach for mapping deforestation and degradation to avoid double-counting errors 

that may occur by combining individual satellite data products.  Findings that 

selective logging and deforestation may have been overestimated in southern 

Amazonia have direct bearing on the calculation of baseline rates for the REDD and 

historic carbon fluxes from tropical deforestation (e.g., Ramankutty et al., 2007).  

Returning to historic satellite imagery using an integrated approach such as the BDR 

algorithm for mapping deforestation and degradation may therefore be necessary to 

ensure that REDD activities produce an actual reduction in greenhouse gas emissions 

from land use in tropical forest regions.   

 The approach to identify deforestation fires in Amazonia based on the local 

frequency of satellite-based fire detections also has policy-relevant applications for 

estimating fire emissions from deforestation and mapping cropland deforestation in 

near-real time.  Results from the dissertation indicate that the current trend towards 

intensification of agricultural production in southern Amazonia may result in higher 

fire emissions compared to previous estimates for less intensive clearing methods 

(e.g., Houghton et al., 2000; Hirsch et al., 2004).  Evidence for frequent land-use fires 
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during the multi-year deforestation process also suggests that there is no uniform 

relation between fire detections and carbon losses; models that use the number of 

individual fire detections to estimate fire emissions could therefore benefit from the 

fire-frequency approach to adjust emissions from fires during the deforestation 

process (e.g., Freitas et al., 2006; van der Werf et al., 2006).   

The unique pattern of high-frequency fire detections for mechanized 

deforestation activities may also improve the detection of cropland deforestation in 

near-real time.  Current approaches to classify post-clearing land use rely on 

phenology information from the subsequent growing season (Morton et al., 2006).  

Identifying the location of new cropland deforestation prior to the growing season 

based on a combination of existing deforestation monitoring approaches (e.g., INPE, 

2006) and fire frequency information may therefore aid ongoing efforts to limit the 

purchase of soybeans and other grains from recently-deforested areas (ABIOVE, 

2006).  

 

6.5 Future Research Directions 

One important goal for future research is to clarify the role of climate for 

understory fires in Amazon forests.  Results in this dissertation suggest that canopy 

damage from understory fires varies interanually and regionally in Amazonia; years 

with highest fire damages in southern Amazonia (1999, 2002, 2004) differed from 

previous reports of widespread fire activity in other Amazon regions during 1997-

1998 (e.g., Barbosa & Fearnside, 1999; Cochrane et al., 1999; Nepstad et al., 1999b; 

Alencar et al., 2006) and 2005 (e.g., Brown et al., 2006; Aragão et al., 2007; Zeng et 
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al., 2008).  Whether regional variation in fire-damaged forest in these years resulted 

from the same climate feedback for fire risk (ie, regional variation in the strength of 

recent climate anomalies) or different mechanisms by which forests become 

flammable (e.g., Alvarado et al., 2004; Nepstad et al., 2004; Ray et al., 2005; Balch 

et al., 2008) has important consequences for future risk of understory fires in 

Amazonia from climate change.   

One hypothesis is that canopy phenology plays an important role in 

determining where fires in Amazon forests are climate or fuel-limited.  The 

mechanism and timing of canopy leaf turnover (light—dry season, or moisture—wet 

season) may contribute to fire risk in standing forests by determining fuel loads when 

land-use fires are most common.  The role of canopy phenology for fire risk has 

received less attention than the impact of leaf turnover on dry-season photosynthesis 

(Huete et al., 2006), yet understanding fire-climate-phenology interactions is critical 

to improve the ability to forecast ecosystem responses to land use under scenarios of 

climate change (e.g., Malhi et al., 2008).   

Reductions in carbon storage from a positive fire feedback in Amazon forests 

(Chapter 5) could accelerate a large-scale dieback of Amazon forests projected due to 

carbon-cycle feedbacks with climate change (Cox et al., 2004).  Similarly, anticipated 

reductions in rainfall and increases in surface temperature from climate change 

(Meehl et al., 2007) could enhance understory fire activity in regions with moisture-

limited fire risk.  By incorporating aspects of climate sensitivity into a height-

structured model of the positive fire feedback in Amazon forests (Chapter 5), future 

modeling studies could improve projections of potential synergies between climate 
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change and land-use fires in Amazonia for potential dieback of tropical forest in the 

region.  By focusing on the contribution of anthropogenic fires to changes in Amazon 

forest structure, the final model scenarios could generate important insight into how 

different land use possibilities alter the long-term response to climate change. 
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Appendix: List of Abbreviations 
 
 
AGLB  Above-Ground Live Biomass 
ASTER Advanced Spaceborne Thermal Emission and Reflection Radiaometer 
AVHRR Advanced Very High Resolution Radiometer 
BAU  Business As Usual 
BDR  Burn Damage and Recovery  
CBERS Chinese-Brazilian Environmental Research Satellite  
DGVM Dynamic Global Vegetation Model 
ED  Ecosystem Demography (model) 
ENSO  El Niño Southern Oscillation 
ES  Early-Successional trees 
FDFA  Fire-Damaged forest area 
GCM  General Circulation Model 
GPS  Global Positioning System 
GVs  Shade-normalized Green Vegetation fraction 
HC  High Confidence 
INPE  Instituto Nacional de Pesquisas Espaciais 
ISLSCP International Satellite Land Surface Climatology Project 
LAI  Leaf Area Index 
LS  Late-Successional trees 
mNDVI mean dry-season Normalized Difference Vegetation Index 
MODIS Moderate Resolution Imaging Spectroradiometer 
MS  Mid-Succession trees 
NDVI  Normalized Difference Vegetation Index 
NEP  Net Ecosystem Productivity 
NIP  Not In agricultural Production 
NS  Not Signifcant  
PFT  Plant Functional Type 
PRODES Monitoramento da Floresta Amazônica Brasileira por Satellite 
REDD  Reducing Emissions from Deforestation and Degradation 
TAGB  Total Above-Ground Biomass 
TRMM Tropical Rainfall Measuring Mission (satellite) 
VCF  Vegetation Continuous Fields 
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