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1 Introduction 
 

This chapter provides a general introduction to the research field of this 
dissertation: historic deforestation and fire dynamics, first with a focus on 
South America and later on a global scale. Accurate information about the 
distribution of tropical forests and deforestation at a global scale is 
important for climate-change related studies, but also for biodiversity 
conservation and sustainable resource management. Fires are often used as 
a tool in the deforestation process to convert forests to other land uses. 
Nowadays, fire-driven deforestation is the main source of carbon emissions 
in the Amazon, however, many of the spatial and temporal dynamics are 
unknown. In this chapter I will introduce the role of deforestation and fires 
within the global carbon cycle, the different types of deforestation occurring 
in South America, as well as the different satellite-based detection methods 
of deforestation and fires. Furthermore I will introduce the different 
datasets that provide information about fire patterns on a global scale and 
the role of deforestation in the global carbon cycle. This introduction will 
end with the objectives and outline of this thesis. 
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1.1 The role of deforestation and fires in the global carbon cycle 
CO2 is one of the greenhouse gases emitted from deforestation and forest fires and has a 
significant influence on the Earth’s climate as the most important contributor to the 
enhanced greenhouse effect. Those deforestation CO2 emissions are one of the key fluxes 
in the global carbon cycle, representing a myriad of fluxes between several major Earths 
components (“spheres”); the atmosphere, the land consisting of soils and vegetation, the 
oceans, and geological reservoirs. Most carbon is stored in sedimentary rocks and this 
carbon is released into the atmosphere via volcanic emissions and taken out via chemical 
weathering of carbonate rocks. However, these processes are relatively slow. Fast 
processes occur in interactions between the atmosphere, the ocean, and on land in 
vegetation, soils and freshwaters. Two opposing processes that are vital to the global 
carbon cycle are photosynthesis and respiration by the terrestrial and oceanic biosphere. 
In this thesis I focus on the terrestrial part of the carbon cycle. During photosynthesis 
plants take up carbon from the atmosphere to produce organic compounds. When plants 
die, heterotrophs consume the organic compounds using oxygen from the atmosphere to 
form CO2 again. By burning fossil fuels, which also originated once from photosynthesis, 
humans speed up the slow carbon cycle and enhance atmosphere CO2 concentrations. 
Deforestation also enhances atmospheric CO2 concentrations, and may impact on the 
terrestrial biosphere’s ability to sequester carbon. 

 

Figure 1.1: Globally averaged surface atmospheric CO2 concentration (expressed as unit carbon (C), 1 
Pg C corresponds to 1015 gram carbon.) observed at Mauna Loa station (Data from: NOAA-ESRL after 
1980; the Scripps Institution of Oceanography before 1980) with in panel (a) average monthly and 
annual values and in panel (b) the annual atmospheric increase compared to total anthropogenic 
emissions (sum of emissions related to fossil fuel, cement industry and land use change).  
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In 1750, the year usually used to indicate pre-industrial climate conditions, 
concentrations of CO2 in the atmosphere were around 280 parts per million (ppm) 
(Barnola et al., 1987; Petit et al., 1999). From roughly 1800 onward, atmospheric 
concentrations of CO2 increased exponentially until present day. At the Mauna Loa 
station, which holds the longest running record of direct measurements of atmospheric 
CO2 concentration, observed concentrations were above 400 ppm for the first time in May 
2013 (Fig. 1.1, Tans and Keeling, 2017). The record at Mauna Loa station shows a cyclic 
behaviour, which represents the annual cycle in northern hemisphere vegetation 
seasonality, where carbon is taken from the atmosphere during spring and summer when 
plants sequester more carbon through photosynthesis than is released by decaying 
carbon. During fall and winter the terrestrial biosphere adds to the atmospheric CO2 
concentration by decomposition and respiration. 

 

Figure 1.2: Schematic representation of the overall perturbation of the global carbon cycle from 
anthropogenic activities, averaged globally for the decade 2003–2012 (Pg C yr-1, Le Quéré et al., 2014). 
Data: CDIAC/NOAA-ESRL/GCP. Courtesy of the Integration and Application Network, University of 
Maryland Center for Environmental Science. 

The contemporary atmospheric concentration depends on the difference between carbon 
sources and carbon sinks (Fig. 1.2, Fig. 1.3). Carbon emissions from fossil fuel combustion, 
including small contributions from cement production and gas flaring, form with 91% 
the biggest source of carbon (8.6 ± 0.4 Pg C yr-1 over 2003-2012, Fig. 1.2). CO2 emissions 
related to land use change (deforestation, logging and intensive cultivation of cropland 
soils) are the second largest (0.9 ± 0.5 Pg C yr-1 over 2003-2012, Fig. 1.2) (Le Quéré et al., 
2014). These emissions stem for a large part from deforestation zones in South America 
and Southeast Asia. From 1959 to 2015, on average 44% of CO2 emitted by fossil fuel 
burning and released as a result of land use change ended up in the atmosphere. The 
remainder was taken up by the land -for example because of uptake by secondary 
vegetation, fertilization of CO2 and nitrogen, and climate change mainly at northern 
latitudes - and by the oceans mainly as a result of gas exchange driven by the partial CO2 
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pressure difference between the atmosphere and the sea surface (Ciais et al., 2013, Fig. 
1.2). 

 

Figure 1.3: Carbon emissions from fossil fuels, industry, and land use change are balanced by the 
atmosphere and carbon sinks on land and in the ocean. Atmospheric increase is based on the average 
of observations taken at Mauna Loa (MLO) and South Pole (SPO) stations. 

Although on average 44% of the emitted carbon ended up in the atmosphere, and thus 
56% was taken up by land and ocean sinks, large interannual variability in the growth 
rate exists related to the impact of volcanic eruptions and strong El Niño/La Niña years 
on carbon sinks and sources (Bacastow, 1976). During prolonged drought events in or 
following El Niño years, enhanced tropical fire activity is observed, probably because 
humans take advantage of the drought conditions to use fire more effectively in the 
deforestation process (van der Werf et al., 2004). Sea surface temperature (SST) 
anomalies are for example correlated with high fire activity in the Eastern Amazon (Chen 
et al., 2011) and in Indonesia (Field et al., 2009). Several studies looked at trends in carbon 
sinks and observed an increasing trend in the ratio between atmospheric growth and 
emissions (the so-called airborne fraction; Le Quéré et al., 2009) meaning that the land 
and ocean sinks could not keep up with the rising carbon emissions (Canadell et al., 
2007). This relation is contentious (Knorr, 2009), and one of the key challenges in 
quantifying the airborne fraction is getting a better handle on the uncertain emissions 
related to land use change. Little is known about deforestation (fires) in tropical regions 
before 1997, when satellite-based emissions related to deforestation fires started, which 
makes the land use change emissions term uncertain. The initial focus area of this thesis 
is historic emissions (1973 to present) from land use change in South America, which will 
later in this thesis be used to better understand global fire and deforestation patterns as 
well as the functioning of sinks in the global carbon cycle. 

1.2 Fire, land use and land cover dynamics in South America 
The South American rainforest is with almost 8 million km2 the largest tropical forest 
globally (FAO, 2011). The forest lies largely within Brazil, but also in Bolivia, Colombia 
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and Peru. In their natural state, tropical rainforests rarely burn, because of moist 
conditions underneath the canopy and because dry lightning is rare (Cochrane, 2003). 
With around 86 Pg C, more than 25% of the total living forest carbon is stored in the 
Amazon tropical intact forest (Pan et al., 2011; Saatchi et al., 2007). This is comparable to 
9 years of current fossil fuel emissions (Le Quéré et al., 2016). 

From 1976 to 2010, the South American rainforest has been deforested by about 15%, 
mostly in the so-called arc of deforestation. Deforestation not only emits CO2 but is also 
one of the drivers of changing energy and water cycles in the southern and eastern 
portions of the Amazon basin (Aragão et al., 2014; Davidson et al., 2012). Although 
humans have influenced the Amazon region since pre-Columbian times (Levis et al., 
2017), large-scale conversion of forest to agricultural land began in the 1960s and 1970s 
and this way started altering the landscape. In South America, human settlements were 
accompanied by road-building, for example the construction of highways BR-163 
(Santarém - Cuiabá) and BR-319 (Manaus - Porto Velho), agricultural expansion 
(Cochrane, 2009; Fearnside, 2005), and expansion of the area used for cattle ranging 
(FAO, 2006; Geist and Lambin, 2002). Human settlements in general leads to increased 
ignitions (Moran, 1993), one of the multiple reasons that these land-use changes are 
often accompanied by fire. One way to clear forest is the so-called slash-and-burning 
method whereby during the dry season relatively small patches of forest are cut and left 
to dry for several weeks to months. When the biomass is dry enough it is burned and the 
ground is used for agricultural purposes for several years. Although the ash is nutrient-
rich and can fertilize the soil, these patches are often abandoned after a few years because 
of decreased productivity.  

At a later stage, large-scale deforestation aided by fire occurred, where forest is removed 
permanently for industrial-scale crop production. Over the last 30 years, soybean 
production has expanded rapidly in Amazonia, partly driven by improved yield-
increasing and labour-saving technologies (Grau et al., 2005; Naylor, 2005). Other causes 
of deforestation include the preparation of land for cattle ranging and selective logging 
where forests are harvested. The use of fire in tropical forests leads to a feedback with 
forest becoming more vulnerable to fire (Fearnside, 2005; Nepstad et al., 1999). Logging 
for example results in fragmentation of the landscape, which in turn increases 
flammability by reducing forest leaf canopy coverage promoting drying (Uhl and 
Kauffman, 1990; Verissimo et al., 1992), but also damages forests and induces forest 
degradation. Currently, fire-driven deforestation is the major source of carbon emissions 
in Amazonia (Cochrane, 2009; Morton et al., 2006, 2008; van der Werf et al., 2010) and 
the South American continent is responsible for almost half of the tropical deforestation 
emissions (Harris et al., 2012; Pan et al., 2011). While humans start most fires, climate 
partly governs how large these fires may grow. Changes in sea surface temperature affect 
precipitation patterns (Chen et al., 2011, 2016).  

1.3 Satellite remote sensing 
The most consistent way of monitoring large-scale changes in land cover and land use is 
with satellite remote sensing. The advantage of this technique in comparison to in situ 
measurements is that observations of a much larger region can be made in a continuous 
way with set time intervals. This technique was initially developed for military purposes 
in the 1960s and over time more and more remote sensing instruments were mounted on 
satellites and used for Earth observation. Currently, there is a wide range of satellite-
derived datasets varying from precipitation, methane concentrations in the atmosphere 
to soil moisture to name but a few. The instruments can be either passive or active. A 
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passive instrument detects either radiation emitted directly by an object or radiation 
originating from the sun but reflected via an object, whereas an active remote sensing 
instrument emits a pulse of energy (electromagnetic radiation) and receives the radiation 
that is reflected or backscattered by the object. What the instrument observes is 
dependent on the wavelength at which the instrument receives or emits a signal.  

Gases absorb part of the radiation at specific wavelengths of the spectrum (Fig. 1.4). In 
addition, ozone (O3) acts as an almost perfect barrier to ultraviolet (UV) radiation in the 
stratosphere. At some wavelengths the atmosphere absorbs very little of the radiation 
and these so-called atmospheric windows can be used to observe Earth from space. Two 
large windows are for example in the visible domain (390-700 nm) or in the microwave 
domain (>1 mm). Satellite-based datasets to study environmental changes use specific 
wavelengths, also in the infrared (IR) domain (700 nm-1mm). For example observations 
in the near infrared (NIR, 700-1100 nm) domain can be used in combination with 
observations in the visible domain to develop the normalized difference vegetation index 
(NDVI), which is an indicator of vegetation greenness. Another example is the thermal 
infrared (TIR) domain in which sensors measure the land and sea surface temperature 
and are also used in the detection of forest fires. Satellites orbiting the Earth can be either 
polar-orbiting or geo-stationary. Most earth observing satellites are polar orbiting and 
rotate the Earth from pole to pole resulting in global coverage. Since these satellites orbit 
at a relatively short distance above the Earth’s surface this also results in a high spatial 
resolution. Geo-stationary satellites orbit the Earth at the same speed as the Earth’s 
rotational velocity and are often used for telecommunication and weather applications. 

 

Figure 1.4: Atmospheric transmission, showing the atmospheric windows that can be used to study 
the Earth from space, and various gases that interfere at different wavelengths (image courtesy: the 
National Aeronautics and Space Administration (NASA), 
http://earthobservatory.nasa.gov/Features/RemoteSensingAtmosphere/) 

Before satellite data were available, information about deforestation was mostly based on 
country-level statistics. A widely used dataset for forest area changes and timber 
harvesting is the forest resource assessment (FRA), as reported by countries to the United 
Nations Food and Agriculture Organization (UN-FAO) (FAO, 2006), but which is known 
to suffer from issues regarding consistency (Grainger, 2008). 
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Over the past decades, several deforestation datasets have been developed making use of 
remote sensing techniques. Satellite observations systematically monitor in space and 
time and are the preferred way of monitoring large-scale deforestation. The annual gross 
deforestation maps of the Brazilian legal Amazon within the Program for Deforestation 
Assessment in the Brazilian Legal Amazonia (PRODES) are one of the first consistent 
satellite-based estimates for one country (INPE, 2013). This dataset covers a relatively 
long time period (1989 to 2015) and is from 2002 onwards based on observations from the 
Landsat satellite (Shimabukuro et al., 1998). Before 2002, the detection of deforestation 
was based on visual interpretation of satellite images (INPE, 2013). Other examples 
include estimates of deforestation rates in South East Asia (Miettinen et al., 2011). More 
recently, the Global Forest Change (GFC) project was released early 2014. These estimates 
are also based on Landsat observations and is probably the most data rich and computer 
intensive production of global forest change maps (Hansen et al., 2013). It contains 
annually gridded maps of net forest loss over the 2001 to 2015 period at a 30-meter 
resolution.  

The above mentioned deforestation datasets are all based on observations in the optical 
domain, which makes the observations vulnerable to cloud interference with the 
consequence that it is difficult to estimate the exact timing of deforestation. Passive 
microwave remote sensing can overcome this problem, since aerosols and clouds 
influence the low-frequency signal less. In Chapter 2 I used passive microwave 
observations from 1988 to 2011 to estimate net forest losses in South America.  

1.4 Estimating historic biomass burning emissions 
A substantial part of this thesis focuses on land use and land cover change in tropical 
regions. Fires often play an important role in this. Just like with deforestation, satellite 
remote sensing is the most consistent way of monitoring fires on a global scale. Satellite 
observations of burned area based on observations taken by the Moderate-resolution 
Imaging Spectroradiometer (MODIS) have been used in combination with biogeochemical 
models, for example in the Global Fire Emissions Database (GFED, van der Werf et al., 
2010). Another satellite-based emission dataset is the  Global Fire Assimilation System 
(GFAS, Kaiser et al., 2012), which is based on fire radiative power (FRP) and calibrated 
with GFED. Atmospheric concentrations of trace gases and aerosols that are emitted 
during fires can also be determined by using satellite observations in combination with 
an inverse model where concentrations are deducted using observed values (Edwards et 
al., 2006; Livesey et al., 2013). Unfortunately, these datasets only cover about 2 decades. 
Information about fire emissions in historic records dated before that time is often based 
on country-level statistics or proxy records covering longer time periods. The charcoal 
record is probably the most extensively explored with samples taken from many regions 
in the world (Daniau et al., 2013; Marlon et al., 2013, 2016; Power et al., 2008). Ice cores 
are another widely used proxy for retrieving information about fire history on decadal to 
longer time scales (Ferretti et al., 2005; Kehrwald et al., 2015; McConnell et al., 2007; 
Wang et al., 2010, 2012; Zennaro et al., 2014).  

Another proxy that has recently been employed to reconstruct fire history is based on 
horizontal visibility observations (Field et al., 2009). These observations have a longer 
record than satellite data and better temporal resolution than charcoal records. Chapter 3 
of this thesis explains in more detail how visibility observations can be a proxy for annual 
fire emission estimates in the main deforestation region of the Amazon. Besides these 
estimates based on observed data, a large variety of fire models can be used to estimate 
biomass burning emissions on a global scale. Over the past decades these models have 
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been embedded in dynamic global vegetation models (DGVMs), Earth system models 
(ESMs) and terrestrial ecosystem models (TEMs), and by this method the feedbacks 
between fire and vegetation can be examined (Hantson et al., 2016).  

There is thus a wide range of information available on spatial and temporal variability in 
fire and deforestation patterns, each with strengths and weaknesses. The observation-
based visibility data provide annual data but are only available for deforestation regions 
and extend the satellite-record only by a few decades. The charcoal data provide a much 
longer record and are most useful in regions where data density is highest, but it is 
unknown what the signal exactly represents. Focusing on the strengths of these different 
data sources may provide a more complete history of fire on Earth (Kaiser and Keywood, 
2015; Kehrwald et al., 2016), and Chapter 4 is about merging these different datasets. 

1.5 Objectives and Outline 
The overall objective of this thesis is to gain more quantitative insight in tropical 
deforestation and fire dynamics over the past decades. More specifically, this objective 
can be defined in the following research goals: 

1. Quantify spatially-explicit deforestation rates over the past decades. 
2. Explore the use of proxy data to extend existing deforestation rate estimates 

backwards in time. 
3. Use these new insights in land use and fire dynamics to reconstruct new time 

series of carbon emissions associated with these processes. 
4. Explore how these new carbon emissions estimates can be used to better 

understand the global carbon cycle, in particular the so-called CO2 airborne 
fraction over the past 60 years. 
 

This thesis is based on four scientific publications using various satellite datasets to 
extend time series of land use and land cover change and fire dynamics both for South 
America and the globe. The first study (Chapter 2) estimates annual estimates of net 
forest loss over South America based on passive microwave remote sensing over 1990 – 
2011. The second study (Chapter 3) explains how visibility observations can be used as a 
proxy for annual fire emission estimates in the main deforestation region of the Amazon. 
In combination with the information from Chapter 2 this helps in understanding how fire 
is linked with deforestation in this region. Subsequently a historic global fire emissions 
inventory since 1750 is described (Chapter 4) where satellite-observed fire emissions 
were used for the recent time period in combination with proxy records (charcoal 
datasets in temperate and boreal regions, and visibility-records from weather stations in 
deforestation zones of South America from Chapter 3 as well as in Indonesia) and model 
estimates when no observations were available. This dataset will be used in the 
Intergovernmental Panel on Climate Change’s (IPCC) Coupled Model Intercomparison 
Project phase 6 (CMIP6). In the final study (Chapter 5) the results of the preceding 
chapters are used to identify how the uptake by the land and ocean sinks has changed 
over time. The last two chapters of the dissertation summarize the major findings in 
English (Chapter 6) and Dutch (Chapter 7).	
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2 Annual South American forest loss estimates based on 
passive microwave remote sensing (1990-2010) 

 

Consistent forest loss estimates are important to understand the role of 
forest loss and deforestation in the global carbon cycle, for biodiversity 
studies, and to estimate the mitigation potential of reducing deforestation. 
To date, most studies have relied on optical satellite data and new efforts 
have greatly improved our quantitative knowledge on forest dynamics. 
However, most of these studies yield results for only a relatively short time 
period or are limited to certain countries. We have quantified large-scale 
forest loss over a 21-year period (1990-2010) in the tropical biomes of South 
America using remotely sensed vegetation optical depth (VOD). This passive 
microwave satellite-based indicator of vegetation water content and 
vegetation density has a much coarser spatial resolution than optical data 
but its temporal resolution is higher and VOD is not impacted by aerosols 
and cloud cover. We used the merged VOD product of the Advanced 
Microwave Scanning Radiometer (AMSR-E) and Special Sensor Microwave 
Imager (SSM/I) observations, and developed a change detection algorithm 
to quantify spatial and temporal variations in forest loss dynamics. Our 
results compared reasonably well with the newly developed Landsat-based 
Global Forest Change (GFC) maps, available for the 2001 onwards period 
(r2=0.90 when comparing annual country-level estimates). This allowed us 
to convert our identified changes in VOD to forest loss area and compute 
these from 1990 onwards. We also compared these calibrated results to 
PRODES (r2=0.60 when comparing annual state-level estimates). We found 
that South American forest exhibited substantial interannual variability 
without a clear trend during the 1990s, but increased from 2000 until 2004. 
After 2004, forest loss decreased again, except for two smaller peaks in 2007 
and 2010. For a large part, these trends were driven by changes in Brazil, 
which was responsible for 56% of the total South American forest loss area 
over our study period according to our results. One of the key findings of our 
study is that while forest loss decreased in Brazil after 2005, increases in 
other countries partly offset this trend suggesting that South American 
forest loss as a whole decreased much less than that in Brazil.	

 

This chapter is an edited version of: van Marle, M. J. E., G. R. van der Werf, R. A. M. de Jeu, and Y. 
Y. Liu (2016), Annual South American forest loss estimates based on passive microwave remote 
sensing (1990-2010), Biogeosciences, 13(2), 609–624, doi:10.5194/bg-13-609-2016. 
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2.1 Introduction 
There are large uncertainties in the spatial and temporal patterns of forest loss and 
associated fluxes of carbon in the tropical ecosystems (Grainger, 2008; Hansen et al., 
2010; Malhi, 2010; Pan et al., 2011). Forest loss can be either natural, for example due to 
wind-throw or natural fires, or anthropogenic, usually labeled deforestation. 
Deforestation carbon emissions are a significant but declining fraction of total 
anthropogenic CO2 emissions (van der Werf et al., 2009b). In Amazonia, tropical 
deforestation was the main source of carbon emissions (Morton et al., 2008), at least 
during their 2003 to 2007 study period. More than half of the total forest carbon is stored 
in tropical intact forests, where more than 50% is stored in living biomass, about a third 
in the soil and the remaining carbon is stored in dead wood and litter (Pan et al., 2011). In 
South America, deforestation is mainly caused by expansion of agriculture and area used 
for cattle ranging (FAO, 2006; Fearnside, 2005; Geist and Lambin, 2002), and the 
continent is responsible for almost half of the tropical deforestation emissions (Harris et 
al., 2012; Pan et al., 2011). Over the last 30 years soybean production has expanded rapidly 
in Amazonia, partly driven by improved yield-increasing and labour-saving technologies 
(Grau et al., 2005; Naylor, 2005).  

Historically, widely used datasets for forest area changes and timber harvesting in the 
80s and 90s are the forest resource assessments (FRAs), as reported by countries to the 
United Nations Food and Agriculture Organization (UN-FAO) (FAO, 2006), but which are 
known to suffer from issues regarding consistency (Grainger, 2008). Satellite 
observations overcome some of the issues found in earlier FAO datasets, because they 
systematically monitor in space and time. Over the last three decades several satellite-
based deforestation datasets have been developed. Landsat satellite imagery is the 
longest operative option for monitoring vegetation. From 1972 through January 1999 the 
Landsat Multispectral Scanner (MSS) provided continuous data on relatively high spatial 
resolution of 90 meter. From 1982 onwards the Landsat (Enhanced) Thematic Mapper 
((E)TM) provides vegetation cover on an even higher spatial resolution of 30 meter, with 
a 16-day revisit time. However, the effective temporal resolution is much lower because 
of cloud cover issues, which often persists not only in the wet season but also during the 
dry season between June and November in the Amazon basin south of the equator (Costa 
and Foley, 1998). Therefore, these observations are mostly used in annual or multi-year 
analyses, but there is a need for alternative non-optical data techniques to provide time-
series on a monthly or higher temporal resolution (Asner, 2001). Other widely used 
satellite datasets for vegetation are the Normalized Difference Vegetation Index (NDVI), 
often derived from the Advanced Very High Resolution Radiometer (AVHRR). NDVI is 
sensitive to canopy greenness (Anyamba and Tucker, 2005; Tucker et al., 2005; Zhu et al., 
2013). This dataset has a higher temporal, but coarser spatial resolution than Landsat, 
and is also sensitive to aerosols and cloud cover. Other vegetation datasets that can 
capture vegetation dynamics are for example the observations based on long-wavelength 
radar backscatter (Joshi et al., 2015), where deforestation, forest degradation and the 
follow-up vegetation cover could be captured, and those based on observations from the 
SeaWinds Ku-band scatterometer (Frolking et al., 2012), which have shown to capture 
gross forest loss in the tropics. Also lidar data can be used to estimate forest biomass, and 
can thus capture vegetation dynamics (Mitchard et al., 2012). Data availability for radar 
and lidar datasets is usually from 1998 onwards. 
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Over the past years, the number of datasets quantifying vegetation dynamics, carbon 
stocks and other relevant vegetation quantities on both global and regional scale has thus 
increased substantially, often using Landsat and AVHRR data but also other data sources 
including the Moderate-resolution Imaging Spectroradiometer (MODIS, launched in 
1999 on board of Terra and in 2002 on Aqua), Medium Resolution Imaging Spectrometer 
(MERIS, 2002-2012) and Satellite Pour l’Observation de la Terre Vegetation Program 
(SPOT VGT, from 1986 onboard different satellites) (Achard et al., 2014; Baccini et al., 
2012; Broich et al., 2011; Ernst et al., 2013; Eva et al., 2012; Frolking et al., 2012; Jones et 
al., 2011; de Jong et al., 2013; Kim et al., 2015; Koh et al., 2011; Mayaux et al., 1998; Morton 
et al., 2005; Potapov et al., 2012; Saatchi et al., 2011; Verbesselt et al., 2012; Verhegghen et 
al., 2012; Wasige et al., 2012). 

One of the regions most closely monitored is the Brazilian Legal Amazon, where the 
Brazilian National Institute for Space Research (INPE) developed the Program for 
Deforestation Assessment in the Brazilian Legal Amazon with Satellite Imagery 
(PRODES). PRODES estimates annual deforestation since 1988 based on a multi-data 
approach mostly based on Landsat data but also the China-Brazil Earth Resource Satellite 
(CBERS-2B) and UK-DCM2 from the Disaster Monitoring Constellation International 
Imaging (DMCii) (Shimabukuro et al., 1998). Other efforts include the recently published 
global maps of global forest gain and loss for the 2001-2012 period also using Landsat 
data (Hansen et al., 2013). 

In addition to the previously mentioned datasets mostly based on visible and infrared 
wavelengths, passive microwave observations can also be used to characterize vegetation 
dynamics. Vegetation optical depth (VOD) is a vegetation attenuation parameter in the 
microwave domain. This parameter was first described by Kirdiashev et al. (1979) in a 
zero-order radiative transfer model for vegetation canopies. VOD is primarily sensitive to 
the vegetation water content and also captures information about vegetation structure 
(Jackson and Schmugge, 1991; Kerr and Njoku, 1990; Kirdiashev et al., 1979). 

The longer wavelengths of passive microwave enables sensitivity of VOD not only to the 
leafy part, but also to woody parts of vegetation (Andela et al., 2013). Therefore VOD 
yields information about both the photosynthetic and non-photosynthetic parts of 
aboveground vegetation, based on the water content (Jones et al., 2011; Shi et al., 2008). 
VOD is shown to be highly correlated with aboveground biomass (Liu et al., 2011c; Owe et 
al., 2001) and thus yields information about the net forest loss; the balance between 
decreases in forest loss due to deforestation and degradation and increases in forest 
extend due to regrowth or thickening. Furthermore, the advantage of low frequency (<20 
GHz) microwave remote sensing is that aerosols and clouds have a negligible effect on 
the observations, so even areas with regular cloud cover are observed frequently, which 
makes it suitable to use for global vegetation monitoring at daily time steps.  

Comparing AVHRR NDVI and passive microwave based VOD datasets with a record longer 
than 20 years, Liu et al. (2011) showed that both datasets had similar seasonal cycles. VOD 
however, also showed interannual variations in regions with water stress, which 
corresponds for a large part to variations in precipitation. VOD was more sensitive to 
changes in woody vegetation compared to NDVI, whereas NDVI was more sensitive to 
herbaceous changes (Andela et al. 2013). This is the result of NDVI being more sensitive to 
canopy greenness (Myneni et al., 1995) and VOD being more sensitive to water content, 
relatively speaking. Thus, when forest is converted to large-scale cropland, the canopy 
greenness does not necessarily drop, whereas the total water content of the aboveground 
biomass decreases (Liu et al., 2011c). 
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The main disadvantage of these low-frequency passive observations is that a large 
footprint is needed to yield an observable signal, making this dataset most suitable for 
large regional and continental-scale studies. These retrievals therefore have a relatively 
coarse resolution, compared to observations in the visible and near infrared parts of the 
spectrum. Furthermore the presence of open water regions affects the signal. This, in 
combination with the large footprint of the gridded product, may lead to underestimation 
of VOD when grid cells are close to large open waters (Jones et al., 2011). VOD is retrieved 
from several satellite sensors. The observations retrieved from the Advanced Microwave 
Scanning Radiometer (AMSR-E) and Special Sensor Microwave Imager (SSM/I) have been 
merged to one dataset with a spatial resolution of 0.25°, based on Cumulative 
Distribution Function (CDF) matching. This merged VOD dataset has been used to study 
vegetation dynamics in different ecosystems on both global and regional scales (Andela 
et al., 2013; Liu et al., 2012, 2013, 2015a; Poulter et al., 2014; Zhou et al., 2014). Guan et al. 
(2012) compared QuickScat Ku-band backscatter coefficients (dB) with VOD and NDVI 
and noted that the three datasets are comparable, but that dB shows abnormal high 
values when more bare soil is present in the pixel. 

This paper aims to estimate large-scale forest loss in South America. We show how the 
merged VOD product can be used to estimate forest loss for South America on a country-
level scale, but we also point towards limitations of our approach and the dataset. The 
main novelty of our approach is the relatively long (1988-2011) time series based on a 
consistent data stream. We detail how we translated the VOD signal to forest loss area by 
calibrating our results to the Global Forest Change maps of Hansen et al. (2013), which 
are subsequently compared to the Landsat-derived PRODES dataset. We provide a 
country-level analysis of the newly derived maps, and zoom in on Brazil to present a 
state-level analysis of forest loss over the 1990-2010 period. This time period is 
somewhat shorter than the time span of the VOD dataset due to the requirements of the 
change detection algorithm we developed. 

2.2 Datasets 

In this section we describe the datasets we used in our analysis. First, we give more 
information on the VOD dataset that is used for our estimation of forest loss (Sect 2.1), 
followed by describing the two datasets we used for comparison: the Global Forest 
Change (GFC, Sect. 2.2), which besides being used for comparing the spatio-temporal 
variability is also used to translate our results to area estimates, and the PRODES dataset 
(Sect. 2.3). 

2.2.1 Vegetation Optical Depth (VOD) 

Forest loss estimates in this article are based on VOD, which is derived from passive 
microwave remote sensing. Passive microwave remote sensing differs from active 
microwave remote sensing (radar) in the sense that radar transmits a long-wavelength 
microwave signal through the atmosphere and then records the amount of energy 
backscattered, whereas passive systems record electromagnetic energy that was reflected 
or emitted from the surface of the Earth. VOD was first introduced by Kirdiashev et al. 
(1979), and then modified to be used in the well-known omega-tau model (Mo et al., 
1982). Kirdiashev et al. (1979) already described the relationship between VOD and 
vegetation water content. This relationship was further simplified by Jackson and 
Schmugge (1991) where the vegetation water content was directly related to VOD. The 
algorithm of the VOD dataset we used here is based on the land parameter retrieval model 
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(LPRM) (Meesters et al., 2005; Owe et al., 2001, 2008). LPRM is based on a radiative 
transfer model and solves simultaneously for soil moisture and VOD. It can be applied to 
passive microwave sensors and has been used in numerous studies (see de Jeu et al., 
2014). VOD can be used to estimate biomass (Liu et al., 2015a), and changes therein 
correspond to net forest loss (equals the net sum of deforestation, degradation and 
regrowth) in a 0.25° grid cell. 

The VOD time series used here is based on merging observations from two sensors (Liu et 
al., 2011c). The different observations come from SSM/I (1988-2007) and AMSR-E (July 
2002-September 2011). These two sensors have different specifications regarding 
wavelength, viewing angle and spatial footprint and therefore the absolute values of the 
retrieved VOD values differ. Their relative dynamics, however, are similar (Liu et al., 
2011c). In the merging procedure the AMSR-E retrievals were used as a reference, because 
this product has the higher accuracy due to its relatively low frequency. The cumulative 
distribution frequency (CDF) matching technique was used for rescaling SSM/I to match 
AMSR-E. For the period July 2002 through September 2011 AMSR-E data are used. Before 
July 2002, SSM/I observations are used. Full details on the merging process can be found 
in Liu et al. (2011a, 2011b). In this study, we used monthly values, which were derived 
from the merged VOD dataset (version January 2015) by averaging the daily data fields, 
and were resampled to 0.25°. VOD observations are dimensionless and their values range 
from 0 to 1.5. At a certain point, when VOD values exceed 0.8, the vegetation becomes so 
dense that the soil component in the radiative transfer becomes very small. This is a 
gradual process and when VOD values are higher than 0.8 additional checks are necessary 
before using the values in vegetation studies. When VOD exceeds 1.2 smaller scale 
variations in the vegetation canopy cannot be captured anymore (Owe et al., 2001). 

2.2.2 Global Forest Change (GFC) 

Hansen et al. (2013) released early 2014 the Global Forest Change (GFC) project gridded 
dataset, which is probably the most data rich and computer intensive production of 
global forest change maps. It contains annual maps over the time period 2001-2013 at a 
30-meter resolution. The maps are based on the 30-meter Landsat 7 Enhanced Thematic 
Mapper Plus (ETM+) scenes, which were resampled and normalized to create a gridded 
dataset of cloud-free image observations. Forest loss is defined in GFC as a change from 
forest to non-forest state, comprising deforestation and degradation. In our analysis, we 
used the annual forest loss dataset and reprocessed these to the 0.25° resolution of our 
analysis by summing the 30-meter values. While regrowth is detected and reported, we 
focused on the forest loss data when we used GFC for comparison; regrowth is thus not 
included in our analysis of GFC. We did not include the 2000 forest cover map as mask for 
forested areas to avoid omitting areas that were deforested before 2000. 

2.2.3 PRODES deforestation 

The Brazilian space agency INPE provides annual gross deforestation maps of the 
Brazilian Legal Amazon within the Program for Deforestation Assessment in the 
Brazilian Legal Amazonia (PRODES). INPE defines deforestation as the gross 
deforestation rate of the conversion of intact forests (old growth forest) to a different 
land use such as agro-pasture, wood exploration areas and silviculture. Degradation and 
deforestation of regenerating secondary forests are not monitored by PRODES (INPE, 
2013). 
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Although PRODES covers a relatively long time period, the method of detection of 
deforestation has changed over time. For the time period 1988-2002 the detection of 
deforestation polygons was done by visual interpretation of Landsat 5 and Landsat 7 
scenes. More recently these polygons were manually digitized in the PRODES Analog 
project (INPE, 2013). After 2002, PRODES started to use digital image processing and 
visual interpretation of Landsat bands 3, 4 and 5 creating and interpreting images of soil, 
shade and vegetation fractions (INPE, 2013; Shimabukuro et al., 1998). Deforestation is 
reported once per year in August based on changes over the previous 12-month period. 
Deforestation within PRODES is defined as clear-cut areas of primary forests exceeding 
6.25 ha. Because of this threshold in detection omitting deforestation smaller than 6.25 
ha, INPE reports that underestimation of deforestation occurs. Furthermore there may be 
unobserved areas due to cloud cover in the Landsat images during the time period of 
visual interpretation until 2005 (INPE, 2013). 

2.3 Methods 

In this section we will first explain the pre-processing of the data (Sect. 3.1), followed by 
describing the methodology used to detect forest loss (Sect. 3.2). Finally we will explain 
how the detected changes were converted to forest loss area (Sect. 3.3) 

2.3.1 Data selection 

We aimed to estimate gross forest loss for each 0.25° pixel on an annual basis, which will 
be explained in Sect. 3.2. We first filtered the available data to circumvent false detections 
related to the use of microwave data. The excluded grid cells are shown in Fig. 2.1, and the 
data exclusion was based on two criteria: 

1. Average VOD values should be below 1.2. This is to prevent false detection in 
densely vegetated areas without clear forest loss. The value was based on Owe et 
al (2001), who stated that VOD values larger than 1.2 cannot be used to detect 
significant vegetation changes. When vegetation is very dense, the VOD signal 
becomes noisy and potential changes in forest cover cannot be detected 
anymore. These pixels are mainly found in the middle of the Amazon forest, 
where forest loss rates are low. In addition, we excluded grid cells where VOD 
values were on average below 0.6 to maintain a focus on forested grid cells. Also 
when forest loss occurs in the early stages of the time series, the average VOD 
value will not be below this limit of 0.6. This value was based on the comparison 
between VOD and MODIS-based Vegetation Continuous Fields (VCF), which 
provides information about the fraction tree cover in a pixel. Our VOD threshold 
of 0.6 corresponds to 10% tree cover for two-third of the pixels, a percentage 
sometimes used to define forest (Saatchi et al., 2011; UNFCCC, 2006) although 
there is no consensus about this definition. 

2. Large open water should be avoided. Open water affects microwave emissions 
and can lead to underestimation of VOD (Jones et al., 2011). Therefore 0.25° grid 
cells, which contain more than 50% open water based on the Global Lakes and 
Wetlands Database (GLWD, Lehner and Döll, 2004), were masked out. 

 



2 

 

 15 

We excluded these grid cells also from GFC and PRODES data when we compared the 
results. Therefore, total South American forest loss over 2001-2010 for GFC reported here 
are on average 4% lower than without the data exclusion, which also gives an indication 
of our underestimation due to masking out of these grid cells. 

 

Figure 2.1: Grid cells that were excluded from our analysis: VODavg: grid cells with an average VOD 
that is either above 1.2 or below 0.6 and thus outside the usable range for our study. GLWD: grid cells 
containing more than 50%open water, which makes the VOD signal unreliable. Both: grid cells 
containing more than 50% open water and where VOD is outside the usable range. 

2.3.2 Detection of forest loss 

Our method is a change detection method based on the principle that VOD is directly 
related to the aboveground living biomass. Therefore persistent changes in VOD over time 
are related to changes in biomass (Liu et al., 2015a), for example when forest is converted 
to non-forest. Basically we track the full time series and inspect whether there are 
sudden drops in the signal that could be the result of forest loss. Our approach is based on 
4 steps and explained using an example grid cell located in the Brazilian state of Mato 
Grosso, where forest loss has been high during the 2000-2005 interval according to 
Hansen et al. (2010). 

As a first step we deseasonalized the time series based on a 19-month moving average of 
VOD (VODMovingAVG, Fig. 2.2a): 

𝑉𝑂𝐷!"#$%&'() 𝑙𝑎𝑡, 𝑙𝑜𝑛,𝑚 = 𝑉𝑂𝐷!"# (𝑙𝑎𝑡, 𝑙𝑜𝑛,𝑚 − 9:𝑚 + 9)    (Eq. 2.1) 

where lat,lon,m is the latitude (lat), longitude (lon) and month (m). With m-9:m+9 we 
refer to all data points 9 months before until 9 months after the specific month. This 
approach was preferred over taking out the seasonal cycle based on the average of all 
cycles because the seasonal cycle from forest and non-forest is different. In addition, a 
longer moving average masks part of the signal due to droughts or anomalous wet 
periods which also influence VOD. We also tested longer averaging windows (See Sect. 4.5 
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for details about the tested windows), but the results were relatively insensitive to this 
and it decreased the numbers of years over which we could report. In the example grid 
cell VODMovingAVG decreased most strongly during 2002-2005 (Fig. 2.2a). 

 

Figure 2.2: Example 0.25° grid cell in the Brazilian state of Mato Grosso. A: Observed monthly VOD 
signal and 19-month moving average (VODMovingAVG). B: Interyearly difference (IYD), whether it met 
the t test criteria, and annually summed IYD values taking only negative values into account. For 
comparison the corresponding GFC values are also given. 

To estimate where forest loss potentially occurred and how this was partitioned over 
different year(s), in the second step we calculated the difference of VODMovingAVG with the 
same variable 12 months earlier, and label this the inter-yearly-difference (IYD, Fig. 
2.2b): 

𝐼𝑌𝐷 𝑙𝑎𝑡, 𝑙𝑜𝑛,𝑚 = 𝑉𝑂𝐷!"#$%&'() 𝑙𝑎𝑡, 𝑙𝑜𝑛,𝑚 − 𝑉𝑂𝐷!"#$%&'()(𝑙𝑎𝑡, 𝑙𝑜𝑛,𝑚 − 12)  (Eq. 2.2) 

When the IYD was below 0, this specific month was detected as possible moment for 
forest loss. In the third step, we tested using a two-sided t-test whether IYD was negative 
because of forest loss, or because of other reasons, for example due to natural 
interannual variability related to rainfall. The first group of the t-test consisted of all VOD 
observations preceding the month where IYD was negative. The second group consisted of 
all other VOD observations from that moment until the end of the time series. When the 
p-value was smaller than 0.05, we flagged the grid cell and month as forest loss (Fig. 
2.2b). These three steps were done for every grid cell and month from October 1989 until 
January 2011. 

In the fourth and final step, we calculated the sum of the absolute IYD values to which we 
will refer to as VODoutliers in the rest of this paper. This was done from 1990 through 2010 to 
get annual values (Fig. 2.2b).  

2.3.3 Conversion to area forest loss 

Our method yields the number of VODoutliers per year for each grid cell, which is related 
qualitatively to the amount of forest loss and may thus yield insight into the spatial and 
temporal dynamics of forest loss. However, to go one step further and convert our results 
to the area of forest loss we calibrated our results to the gross forest loss estimates of 
GFC. Because of the large differences in spatial resolution (30 meter for GFC and 0.25° for 
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VOD) and because our dataset is most useful for large-scale assessments, we calibrated 
the conversion of the VODoutliers to area based on a country-level approach for the 
overlapping time period (2001 – 2010). In general, our method yields net forest loss per 
gridcell within one year, because we considered decreases in VOD, which is the net result 
of deforestation, forest degradation and regrowth within a gridcell per year. 

Because VOD and biomass are not linearly related, we binned VOD in 5 groups comprising 
the average VOD values between 0.6 and 1.2 (0.6-0.7, 0.7-0.8, 0.8-0.9, 0.9-1.0 and 1.0-
1.2). The last bin was larger to arrive at more robust regression outcomes, because there 
are fewer grid cells with VOD above 1.0. For every bin we performed a Pearson regression 
(Pearson performed preferably, compared to Spearman) forced through the origin, with 
all VODoutliers per year related to the same GFC values. Based on the linear regression, we 
obtained a slope for each VOD bin, which was used to convert VODoutliers to gross forest loss 
area per 0.25° grid cell (Eq. 2.3). 

𝑉𝑂𝐷!"#!$%"#&'(%&& 𝑦𝑟 = 𝑉𝑂𝐷!"#$%&'( 𝑦𝑒𝑎𝑟, 𝑏𝑖𝑛  × 𝑠𝑙𝑜𝑝𝑒(𝑏𝑖𝑛)!
!"#!!   (Eq. 2.3)  

2.4 Results 

2.4.1 Spatial extent 

The largest feature over our study period is the well-known arc of deforestation along the 
Southern edge of the Amazon basin (Fig. 2.3), showing high forest loss in every period. 
Highest forest loss was observed in the Brazilian states Mato Grosso, Pará and Maranhão. 
However, forest loss rates were not uniform in space and time, Fig. 2.3 shows that forest 
loss rates have fluctuated with lowest forest loss observed during the 1995-1999 period 
and the highest forest loss observed over 2000-2004 period.  

While forest loss in South America is most often associated with this arc of deforestation, 
also other regions experienced forest loss. One is the region extending from Northern 
Argentina to Bolivia via Paraguay (Fig. 2.3a, label 1), also known as the Chaco region, 
showing high forest loss over the full time period. Forest loss in this region are expanding 
and increasing in intensity over time. Another region extends from the southeastern part 
of Paraguay into Brazil along the border of the Brazilian state Mato Grosso do Sul (Fig. 
2.3a, label 2).  During the 1995-1999 period forest loss was on the rise here and increased 
to a maximum during the 2000-2004 period, but decreased during the 2005-2009 epoch. 
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Figure 2.3: Forest loss extent based on the VODoutliers for the 5-year epochs. Grey areas are masked 
out (Fig. 2.1).  

Finally, the region north of Manaus in the Brazilian states of Roraima and Amazonas (Fig. 
2.3a, label 3) which partly consists of wooded savanna, also showed high forest loss. Here 
the forest loss increased and expanded during the 1990s with the biggest change between 
the first and second half of the 1990s. Forest loss stayed relatively stable during the first 
half of the 00s. During the 2005-2009 time window some areas with intense forest loss in 
previous periods did not show up anymore, for example large parts of the arc of 
deforestation. Besides these three large regions, several smaller fluctuations occurred. 
These can mostly be seen in the south eastern Brazilian state Minas Gerais. 
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Table 2.1: Grid-cell level slope and Pearson correlation (r2) for both grid-cell and country-level 
between annual GFC forest losses (km2yr-1) and IYD (yr-1) per different VOD bin for the overlapping 
time-period. Furthermore the corresponding Coefficient of Variation (CV in %), which is based on the 
Root Mean Square Error (RMSE in km2) between both datasets. 

VOD bin Grid cell scale Country scale 

slope r2 CV (%) RMSE (km2) r2 CV (%)  RMSE (km2) 

0.6-0.7 22.4 0.63 804  15.7 0.63  203  666 

0.7-0.8 34.8 0.52 163  3.7 0.84 122  586 

0.8-0.9 61.7 0.80 147  5.0 0.84 83  567 

0.9-1.0 79.4 0.72 134 4.7 0.88 92  684 

1.0-1.2 82.7 0.72 253 3.2 0.96 53  366 

 

2.4.2 Calibration with GFC 

We converted the summed VODoutliers to a forest loss area according to Eq. 2.3, where the 
slopes varied between the 5 different bins (Table 2.1). The Pearson correlation on a grid-
scale was lowest (r2=0.52) for the bin with the average VOD from 0.6-0.7. The other 4 bins 
had correlations ranging from r2=0.63 to 0.80 (Table 2.1). The largest errors are found in 
the regions with dense vegetation and relatively little forest loss (Fig. 2.4, Fig. 2.5). The 
RMSE on a grid-cell scale shows that the bin with the lowest average VOD values (0.6-
0.7) has the highest error compared to GFC (Table 2.1).  

 

Figure 2.4: Error estimates for each grid cell. The error is defined as VOD minus GFC forest loss area 
expressed as a percentage of GFC for the overlapping time period. White indicates that both data sets 
had no forest loss. 
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Figure 2.5: Error as a function of mean GFC forest loss, where the error is defined as VOD minus 
GFC forest loss area as a percentage of GFC for the overlapping time period. 

On a country-scale the correlations per bin were higher with the lowest (r2=0.63) again 
for the bin with the lowest average VOD (0.6-0.7) and the 4 other bins had increasing 
correlations from r2=0.84 to 0.96 (Table 2.1). The country-level comparison of our 
VODoutliers with GFC forest loss had a Pearson linear agreement of r2=0.90 (p<0.001). In Fig. 
2.6 the country-level VOD and GFC forest loss area estimates are plotted against each 
other along with the 1:1 line. Most data points were reasonably close to this line, although 
VOD overpredicted forest loss towards the lower end of the spectrum. Especially in the 
countries with the lowest forest loss, including Surinam, Uruguay, French Guiana and 
Guyana, our method yielded more forest loss than GFC. As a percentage of the available 
area per country (Table 2.2 Uruguay (0.65%), Surinam (0.22%), French Guiana (0.14%) 
and Guyana (0.13%) also showed higher average forest loss over the overlapping time 
period based on VOD. Chile is on the other hand the country where VOD provides lower 
forest loss estimates for the overlapping time period (-0.18%) compared to GFC. The 
country with the largest relative forest loss is Paraguay for both VOD (1.05%) and GFC 
(0.98%). In Fig. 2.7 we show these derived annual forest loss from VOD for the full time 
period, along with GFC for 2001 trough 2010. Obviously the average forest loss area for 
the overlapping period agrees between both datasets because our approach was tuned to 
match GFC, but the spatial and temporal variability can be different potentially yielding 
new insights.  
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The main differences between VOD and GFC are thus that VOD estimates higher forest 
loss for the countries Uruguay, Paraguay and Chile compared to GFC. Furthermore, 
although VOD and GFC agreed on Brazil being the main driver of South American forest 
loss (54% for VOD and 68% for GFC), VOD estimates higher interannual variability in 
this. This is mainly the case in 2001, 2006 and 2009, where VOD estimated 36%-41% less 
Brazilian forest loss compared to GFC (Table 2.2).  

 

Figure 2.6: Country-level comparison of calibrated VOD and GFC forest loss based on annual totals 
(2001–2010). The inset shows the same data on a linear scale. The red lines depict the 1:1 line. 

The main feature in the GFC time series is the peak in 2004 (with values of 49 and 58 
thousand km2yr-1 for GFC and VOD respectively). VOD also shows this peak, but indicates 
that the two preceding years were high as well, making for a broader peak (2002-2004) 
with comparable values. The higher VOD values in 2002 and 2003 than GFC were mainly 
the result from higher estimated forest loss in Argentina and Paraguay. From 2005 
onwards both datasets agreed on the decreasing forest loss rates and the interruptions in 
2007, 2008 and 2010, although the exact patterns differed.  

Following Brazil, the countries with the highest forest loss were Argentina, Bolivia, 
Colombia and Paraguay, each responsible for 5-8% of total South American forest loss. 
The difference between VOD and GFC in relative contribution of each country to the total 
South American forest loss is on average 2% with the maximum difference of 13% for 
Brazil (all absolute differences, see Table 2.2).  

2.4.3 Country-level trends 

2.4.3.1 2001-2010 

To further compare VOD with GFC, we also calculated the trends per country, based on 
linear regression, over the 2001-2010 period in absolute values and as a percentage 
relative to their average forest loss over that time period (Table 2.2). It should be noted 
that not all the trends are statistically significant, partly because of the large interannual 
variability (Fig. 2.7, Table 2.2). The overall trend for all South American forest loss over 
the overlapping time period is negative for both datasets with a relative slope of -2.9 and 
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-1.4 % yr-2, for VOD and GFC respectively, which in absolute terms corresponds to -1121 
km2yr-2 and -568 km2yr-2. For individual countries in general both datasets agreed and 
these trends were highly variable (Table 2.2).   

 

Figure 2.7: Country-level time series of annual totals of forest loss according to GFC (2001–2010) 
and VOD (1990–2010). VOD data are unreliable for 1991 as a result of the eruption of Mount Pinatubo. 

2.4.3.2 1990-2010  

Focusing on the full time series, Fig. 2.7 indicates that total forest loss in South America 
were not stable or monotonically in- or decreasing. Instead, they appear to be highly 
dynamic -at least from a VOD perspective-, especially during the first few years of our 
study period (1990-1994). After that, forest loss was fluctuating without a clear trend 
until about 2001, with 1991, 1995 and 1999 being high forest loss years. After this 
fluctuating stage a period with relatively high forest loss started, with 2002-2005 being 4 
subsequent years with high forest loss. After 2005 forest loss decreased, with 
interruptions in 2007 and 2010 (Fig. 2.7). 

We calculated the linear trends over the whole time period and the two decades 1990-
2000 and 2000-2010 separately (Table 2.3). Over 1990-2010 Uruguay showed a clear 
relative increasing trend of almost 7% yr-2 (in absolute values 60 km2yr-2). Over the same 
time period also Argentina, Chile, Paraguay and Venezuela showed substantial in- or 
decreasing trends larger than 3% yr-2. When investigating the decades 1990-2000 and 
2000-2010 separately, additional patterns emerged. During the 1990s Argentina, Brazil, 
Colombia, Ecuador and Uruguay had trends exceeding 5% yr-2. During the 2000s, Brazil, 
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Ecuador and Surinam showed trends below -5% yr-2. The strongest differences per 
decade were found in Brazil (where the forest loss trend changed from +9.8% yr-2 in the 
1990s to -7% yr-2 in the 2000s) Colombia (-16.7% yr-2 to 0.88% yr-2) and in Uruguay 
(+11.9% yr-2 to -2.1% yr-2) (Table 2.3). Other countries with substantial different trends 
between the two periods were Argentina 5.8% yr-2 to 3.4% yr-2), French Guiana (-3.8% yr-

2 to 6.3% yr-2), Peru (-4.6% yr-2 to 2.4% yr-2) and Surinam (-4% yr-2 to 5.9% yr-2). 

2.4.4 Brazilian state-level comparison with PRODES 

In addition to a comparison on country scale, we also compared our results for the 
Brazilian states within the legal Amazon using the PRODES dataset (Fig. 2.8). PRODES 
covers a longer period than GFC, but provides only data for the Legal Amazon. We do not 
expect PRODES and our dataset to compare perfectly given that PRODES detects only 
deforestation of primary forests and VOD detects deforestation, degradation and 
regrowth including forest loss of secondary forest. Nevertheless, the Pearson’s r2 over the 
full 21-year time period between these two datasets was 0.60 (p<0.001) with a RMSE of 
1.6E3 km2yr-1 on a state-level. 

 

Figure 2.8: Time series of deforestation (PRODES) and forest loss area (VOD) for the Brazilian states 
in the Amazon (1990–2010). PRODES deforestation data are missing for 1993. VOD data are unreliable 
for 1991 as a result of the eruption of Mount Pinatubo. 
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Table 2.3: Trends in forest losses based on VOD for the whole time period (1990-2010) and the 
decades 1990-2000 and 2000-2010. Absolute values indicate the slope based on Pearson linear 
regression and the relative values are the absolute values relative to the average forest loss for that 
country over the full 21-year time period. Asterisks indicate the significance, where *=p>0.25 
**=p<0.25 ***=p<0.05 

 
Slope  

1990-2010 

Slope  

1990-2000 

Slope  

2000-2010 

Difference  

00s-90s 

 km2yr-2 % km2yr-2 % km2yr-2 % km2yr-2 % 

Argentina 170*** 4.58 182** 5.76 109* 3.43 -73 -2.32 

Bolivia 49** 1.92 92* 0.75 72* 0.59 -20 -0.16 

Brazil -59* -0.27 1078* 9.79 -765* -6.95 -1843 -16.74 

Chile 9** 5.23 35*** 3.34 23** 2.21 -12 -1.13 

Colombia -36* -1.88 -197** -16.69 10* 0.88 208 17.57 

Ecuador -12* -2.67 -42** -14.85 -35* -12.58 6 2.27 

Fr. Guiana 0* -0.31 -8* -3.76 13*** 6.34 21 10.10 

Guyana -8** -2.72 -16* -2.12 4* 0.50 20 2.61 

Peru -23* -1.79 -85* -4.55 45** 2.39 130 6.94 

Paraguay 98** 3.99 32* 2.35 12* 0.86 -21 -1.49 

Surinam 5* 2.25 -21** -4.03 31*** 5.91 53 9.94 

Uruguay 60*** 6.99 130*** 11.91 -23* -2.08 -152 -13.99 

Venezuela -50*** -3.97 -57* -0.30 -80** -0.42 -23 -0.12 

Total 204* 0.55 1122* 3.01 -584* -1.57 -1706 -4.58 

 

Our results show for the Brazilian states a highly dynamic pattern with no steadily in- or 
decreasing trend (Fig. 2.8). The most notable difference between both datasets is that 
VOD suggest that 1991, 1999, 2002 and 2010 were high forest loss years, which PRODES 
did not show. Furthermore PRODES showed increasing deforestation from 2002 until a 
peak in 2004, whereas VOD peaked in 2005. While there are substantial differences in the 
temporal variability in the VOD and PRODES datasets, they do agree on where most forest 
loss occurred: Pará and Mato Grosso. Combined, these two states were responsible for 
69% and 61%, for PRODES and VOD respectively, of all Brazilian Legal Amazon 
deforestation (PRODES) and forest loss (VOD). The total average forest loss in the Legal 
Amazon from 1990 through 2010 (excluding 1993, which is missing in PRODES) was 
16.6E3 km2yr-1 and 15.2E3 km2yr-1 for PRODES and VOD respectively. The states with 
largest relative differences between VOD forest loss and PRODES deforestation are 
Amazonas and Roraima, with 1307 km2yr-1 and 499 km2yr-1 respectively. These regions 
have little forest loss. The gridded errors for these states for VOD compared with GFC for 
the overlapping time period are relatively large: 705% and 399 % for Amazonas and 
Roraima respectively (Fig. 2.4, Table 2.4). 
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Table 2.4 Average error on a state-level. The error is defined as the VOD minus GFC forest loss area 
as a percentage of GFC forest loss for the overlapping time period per state in the Legal Amazon. 

State (VOD-GFC) /  

GFC (mean % yr-1) 
Acre  17  
Amapá  50 
Amazonas  399 
Maranhâo  17 
Mato Grosso  35 
Pará  94 
Rondônia  37 
Roraima  705 
Tocantins  2 

 

2.4.5 Sensitivity Analysis  

Our forest loss detection approach was based on several assumptions, and we tested how 
sensitive our results are to two main assumptions. First we tested whether the way we 
used the t-test (i.e. group 1 consists of all data until IYD is negative and group 2 consists of 
all data after this moment) is valid, or whether a fixed or smaller time period would 
capture forest loss better. The main reason to test this is that based on our method, group 
sizes in the t-test are not equal and group 2 could become so large, that recovery of 
vegetation could have taken place. Therefore we performed the same detection method, 
but now with the t-test group sizes fixed to 12, 24 or 36 months. This implies that the 
detectable time period changed to 1990-2010, 1991-2009 and 1992-2008 for the three 
different group sizes. The results showed for both the country-level analysis and the 
state-level analysis that our original method (without a fixed time period) yielded the 
highest correlations with GFC and PRODES. In general we found that correlation 
decreased with decreasing group sizes.  

Besides the t-test group sizes, we also tested whether excluding grid cells that were not 
normally distributed would make a difference. This was done because a t-test requires 
normally distributed data. We tested three scenarios. 

1. The standard scenario, where we excluded grid cells where the total average VOD 
was either larger than 1.2 or below 0.6, and GLWD was larger than 50%. 

2. As 1., but we also excluded grid cells that were not normally distributed (p=0.10). 

3. As 1., but we also excluded grid cells that were not normally distributed (p=0.05) 

Excluding these not-normally distributed grid cells in scenario 2 and 3 implied that 
respectively 25% and 32% of the total South American forest loss based on GFC would be 
missed. However, the Pearson’s r2 for all three scenarios stayed 0.90. Based on these 
results we assumed that excluding the not-normally distributed points did not have an 
effect on the large-scale country-level analysis and we used all grid cells based on 
scenario 1 in our analysis. 
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2.5 Discussion 

Our results indicated that the patterns of forest loss change over both space and time, 
although the well-known arc of deforestation remained the single largest feature in 
South America over our full study period. Our results agree with earlier work showing 
that forest loss area, and probably also carbon emissions, declined after peaking in the 
year 2004 (Food and Agriculture Organization of the United Nations, 2010; Macedo et al., 
2012; Malhi et al., 2008; Nepstad et al., 2009). This decrease in forest loss is observed 
mainly because Brazil reduced forest loss through a combination of conservation policies 
(law enforcement, expansion of the governmental protection of the Amazon area and 
strict control of these enforcement by suspension of credit to landowners violating the 
rules) and because of changes in prices of agricultural outputs from 2005 onwards 
(Nepstad et al., 2009). 

While forest loss in the arc of deforestation, the region around the southern border of 
Mato Grosso do Sul (Fig. 2.3a, label 2) and the region around Manaus (Fig 3a, label 3) 
declined after 2004, in the Gran Chaco region (Fig. 2.3a, label 1) it increased over the time, 
as shown earlier by Chen et al. (2013). In this region the observed forest loss is in areas 
where deciduous broadleaf forest (>10 meters tall) with closed canopy is converted to 
shorter (<10 meters) Chacoan woodlands and agricultural areas (Steininger et al., 2001) 
and could be related to soy bean production in this region (Boletta et al., 2006; Gasparri 
and Grau, 2009; Zak et al., 2004). This is in line with our trends and time series (Fig 7, 
Table 2.2) where both VOD and GFC show an increasing trend for Argentina over 2001-
2010, whereas a decreasing trend over that time period occurred in Brazil (Table 2.2). One 
explanation could be relocation of agricultural hotspots because of the strict forest law 
and effective forest law enforcement within Brazil (Dobrovolski and Rattis, 2014). 

The spatial pattern of forest loss in Northern Brazil in the states of Amazonas and 
Roraima (Fig. 2.3, label 3) can partly be explained by forest fires (Fearnside, 2000); the 
peak during the 1995-2000 time period for example could be caused by the El Niño 
drought fire events during 1997 and 1998 (Barbosa and Fearnside, 1999). This is 
supported by fire emissions estimates for this region derived from the Global Fire 
Emissions Database (van der Werf et al., 2010). During these droughts, man-made fires 
destroyed millions of hectares of fragmented and natural forest (Laurance, 1998). This 
increase that continued during the 2000s in Amazonas and Roraima is not seen anymore 
in the country-level time series (Fig. 2.7), because these changes are relatively small 
compared to the changes in the arc of deforestation. 

In the country-level analysis between VOD and GFC the latter indicates higher average 
South American forest loss, with a difference of 3126 km2yr-1 or 7.6% yr-1 of average VOD 
forest loss. The country with the largest absolute contribution in both datasets is Brazil. 
In GFC Brazil had a 10% larger contribution to the South American total forest loss than 
in VOD. This could be caused by the difference in what both GFC and VOD measure. GFC 
measures gross forest loss while, due to our methodology, VOD yields net forest loss. In 
areas with much regrowth, VOD will therefore underestimate forest loss compared to 
GFC. This also has the consequence that VOD is most reliable in areas where deforestation 
is the dominant change. Another reason could be the different spatial resolutions of both 
satellite products where both datasets are based on. GFC is based on Landsat, which has a 
spatial resolution of 30 meters and can capture more small-scale forest loss events, 
which will be missed in our dataset based on VOD with its much coarser 0.25° resolution. 
The difference in spatial resolution could also be the reason why other countries, such as 
Chile, show less forest loss and higher interannual variability in VOD than in GFC, and 
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why countries with relatively little forest loss, such as Uruguay, Surinam, French Guiana 
and Guyana had more forest loss based on VOD (Fig. 2.6). In Uruguay many forest 
plantations occur (Suppl. Fig. 1, Achard et al., 2014) and the result of these plantations is 
that forest loss is often of small scale. This in combination with the overestimation of 
VOD with smaller scale forest loss could explain why Uruguay shows so much higher 
values on a country level, although additional research is required to better understand 
these differences. While we would in general favor GFC over VOD during the overlapping 
periods for reasons mentioned above, the temporal resolution of VOD is superior to any 
other dataset for our study period from 1990-2010. For areas with frequent cloud cover 
where Landsat may have difficulties in acquiring reliable data, VOD may be in a better 
position to map forest loss. 

We also compared our results for the whole time period from 1990 through 2010 with 
PRODES data in a state-level comparison and they had a Pearson r2 of 0.66. As mentioned 
earlier, to some degree the comparison is one of apples and oranges because PRODES 
provides annual estimates of deforestation in pixels where no deforestation has occurred 
before, whereas the VOD dataset will give information about deforestation and 
degradation and potentially regrowth. Although forest loss based on VOD includes 
degradation and regrowth, PRODES shows on average over the whole time period 1451 
km2yr-1 (9.6% yr-1 of the total average legal Amazon forest loss according to VOD) more 
deforestation than VOD. This could be caused by the differences in methodology and 
spatial resolution of both datasets we mentioned before, but also potential 
inconsistencies in PRODES could play a role; until 2002 PRODES is based on visual 
interpretation, after which PRODES digital was used. On a state-level VOD overestimates 
forest loss area in the states of Amazonas and Roraima, which is mostly related to the 
relatively low and small-scale forest loss in these states (Fig. 2.4, Table 2.4). 

One of the most striking differences between VOD and PRODES were the years 1991, 1999 
and 2010 when VOD was much higher than PRODES. The underlying reasons may not be 
directly related to forest loss. In 1991 this difference could be explained by the eruption of 
Mount Pinatubo, which had the result that led to increased VOD in the tropics (Kobayashi 
and Dye, 2005; Liu et al., 2011c). The peak in 1999 in VOD was mainly caused by an 
increase in the state of Amazonas. During 1999 heavy flooding occurred in this region 
(Chen et al., 2010). Since VOD is sensitive to large waters, the VOD signal could have been 
influenced by this event. Finally the peak in 2010 could be caused by drought that hit the 
Amazon that year (Lewis et al., 2011). Amazon forests are sensitive to increasing moisture 
stress and this could affect above ground biomass (Phillips et al., 2009). This supports the 
findings of Liu et al. (2012), who noticed that VOD responded to interannual variability in 
precipitation for tropical regions. However, this 2010 peak in forest loss was also detected 
by GFC. PRODES did not show this peak, partly because it was related to secondary forest 
degradation and deforestation, which is not captured by PRODES (Fanin and van der 
Werf, 2015). This indicates the need to better reconcile the differences between these 
various estimates and not rely on one single dataset. 

2.6 Conclusions 

We have used a new satellite-based dataset using microwave observations to estimate 
forest loss in South America for the 1990-2010 period in a consistent manner. Our 
approach may have difficulties in capturing small-scale forest loss and may be impacted 
on interannual scales by anomalous dry or wet conditions, and is therefore most useful 
for regional, long-term assessments. The long study period of our study enabled us to 
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improve on characterizing the spatiotemporal dynamic nature of forest loss. Our results 
confirm the well-known decrease of forest loss in the Brazilian Amazon since 2005, but 
indicate no trend over the full time period for our whole study region. In the regions 
south of the arc of deforestation, however, forest loss has increased over the full time 
period. This includes Argentina, Bolivia, Chile, and Paraguay where trends up to 4% yr-2 
were observed over 1990-2010, partly offsetting the reductions in forest loss in Brazil.  

Each of the datasets used here has limitations for mapping forest loss including length of 
time period (GFC), limited spatial domain and focus on detecting only pristine forest loss 
(PRODES), and coarse resolution and influence of anomalously dry and wet periods on 
the detected signal (VOD). This indicates that better understanding the differences 
between those, and other, forest loss datasets requires more scrutiny and that 
uncertainties are large when relying on one single dataset. We presented a first attempt 
towards a better forest loss dataset using VOD to better understand forest loss dynamics. 
The added value of our analysis is mostly providing new annual forest loss estimates 
during the 1990s, a period not covered by GFC, MODIS and other satellite datasets. More 
research is needed to better understand what VOD exactly represents, potentially 
comparing with existing lidar-based benchmark datasets (Baccini et al., 2012; Saatchi et 
al., 2011). 
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3 Fire and deforestation dynamics in Amazonia (1973-2014) 
 

Consistent long-term estimates of fire emissions are important to 
understand the changing role of fire in the global carbon cycle and to assess 
the relative importance of humans and climate in shaping fire regimes. 
However, there is limited information on fire emissions from before the 
satellite-era. We show that in the Amazon region, including the Arc of 
Deforestation and Bolivia, visibility observations derived from weather 
stations could explain 61% of the variability in satellite-based estimates of 
bottom-up fire emissions since 1997, and 42% of the variability in satellite-
based estimates of total column carbon monoxide concentrations since 
2001. This enabled us to reconstruct the fire history of this region since 1973 
when visibility information became available. Our estimates indicate that 
until 1987 relatively few fires occurred in this region and that fire emissions 
increased rapidly over the 1990s. We found that this pattern agreed 
reasonably well with forest loss datasets, indicating that although natural 
fires may occur here deforestation and degradation were the main cause of 
fires. Compared to fire emissions estimates based on Food and Agricultural 
Organization’s Global Forest and Resources Assessment (FAO-FRA) data, 
our results were substantially lower up to the 1990s, after which they were 
more in line. Our visibility-based fire emissions dataset can help constrain 
dynamic global vegetation models and atmospheric models with a better 
representation of the anthropogenic fire regime.	

	

This chapter is an edited version of: van Marle, M. J. E., R. D. Field, G. R. van der Werf, I. A. 
Estrada de Wagt, R. A. Houghton, L. V. Rizzo, P. Artaxo, and K. Tsigaridis (2017a), Fire and 
deforestation dynamics in Amazonia (1973-2014), Global Biogeochem. Cycles, 31(1), 24–38, 
doi:10.1002/2016GB005445. 

. 
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3.1 Introduction  

In their natural state, tropical rainforests rarely burn, because of moist conditions 
underneath the canopy and because dry lightning is rare (Cochrane, 2003). Human 
settlements leading for example to agriculture and road development in general leads to 
increased ignitions (Moran, 1993). One way is the slash-and-burning method where 
small-scale patches of forest are burned and used for several years for agricultural 
purposes. At a later stage, large-scale deforestation aided by fire occurred, where forest is 
removed permanently for industrial-scale crop production. Currently, fire-driven 
deforestation is the major source of carbon emissions in Amazonia (Cochrane, 2009; 
Morton et al., 2006, 2008; van der Werf et al., 2010). It is often assumed that fire 
emissions have increased over time here, but the timing and pattern of this increase is 
not well known. Anthropogenic fire regimes in the rainforests make the ecosystem more 
vulnerable for fire (Nepstad et al., 1999) and may increase the occurrence of fire-prone 
conditions due to the effects of emitted aerosols on precipitation formation (Bevan et al., 
2009; Gonçalves et al., 2015).  

The Amazon region has been deforested by about 15% from 1976 through 2010, and is one 
of the drivers of changing energy and water cycles in the southern and eastern portions of 
the Amazon basin (Aragão et al., 2014; Davidson et al., 2012). Satellite-based forest loss 
datasets show substantial interannual variability (IAV) over the 1990s and 2000s, and an 
overall decrease after 2005 as a result of reduced deforestation rates in Brazil due to 
conservation policies, namely stricter law enforcements and expansion of the 
governmental protection of the Amazon area (Hansen et al., 2013; Nepstad et al., 2009). 
Although forest loss has decreased in Brazil, neighboring Argentina, Paraguay and Bolivia 
show an increase over the 2000s (Chen et al., 2013; van Marle et al., 2016). Nowadays, 
deforestation in the Amazon often goes hand in hand with fire, emitting particulate 
matter into the atmosphere, which reduces air quality and can affect human health 
(Johnston et al., 2012; Marlier et al., 2012). Reddington et al. (2015) showed that the 
reduction in Brazilian fire emissions related to the decrease in deforestation fires 
prevented 400 to 1700 premature adult deaths annually.  

To understand how fires influence and interact with the Earth system and specifically the 
atmosphere, quantitative information on emissions and a breakdown of emissions into 
different sources is required. These can be derived using satellite-observed burned area 
or active fires potentially in combination with biogeochemical modeling, as done in for 
example the Global Fire Emissions Database (GFED) or the Global Fire Assimilation 
System (GFAS) (Kaiser et al., 2012; van der Werf et al., 2010). Alternatively, atmospheric 
concentrations of trace gases and aerosols, partly influenced by fire emissions, can also 
be observed by satellites directly. The Measurements Of Pollution In The Troposphere 
(MOPITT) sensor is often used for this purpose and observes carbon monoxide (CO) from 
space. It has shown to be related to South American biomass burning emissions (Edwards 
et al., 2006). Other examples include the Microwave Limb Sounder (MLS) that can 
observe variations in CO and ozone with increased CO emissions over the Amazon region 
for 2004, 2005, 2007 and 2010 (Livesey et al., 2013), and the Aerosol Index (AI) observed 
by the various sensors. 
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Figure 3.1: Smoke from fires in Bolivia and Brazil (states of Rondônia and Mato Grosso) observed by 
MODIS during the 2010 fire season. Highest concentrations are seen east of the Andes where smoke 
from fires further north and east is funneled southwards. The region covered by this image is outlined 
in Fig. 3.2. NASA image courtesy: Jeff Schmaltz. 

However, these datasets only provide data for the satellite-era, which starts for the 
sensors or datasets mentioned above in 1997 or later. Information about fire emissions in 
the historic record before that time is mainly based on country-level statistics. A widely 
used metric is the deforestation and afforestation inventory of the Food and Agricultural 
Organization’s (FAO) Global Forest and Resources Assessment (FRA) (Food and 
Agriculture Organization of the United Nations, 2010), where country-scale estimates of 
forest loss and gain area are converted to carbon emissions via a bookkeeping model 
(Houghton, 2003). While several proxies exist that provide information before the 
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satellite-period (e.g. charcoal-based records from lake-sediment and levoglucosan from 
ice core records), for the Amazon region only charcoal (Marlon et al., 2013; Power et al., 
2010) and historical (Mouillot and Field, 2005) records have been constructed. The latter 
suggests that burned area or fire in general has increased slowly over the 1960s and 1970s 
and increased more strongly over the 1980s and 1990s. This dataset lacks information 
about inter annual variability (IAV), which limits our ability to understand the 
contributions of different possible drivers of fire activity, for example land-use and 
climatic factors.  

In this study we used horizontal visibility data observed by the World Meteorological 
Organization (WMO) weather stations throughout the Amazon region to reconstruct a 
fire history for this region since 1973. Horizontal visibility are human observations using 
landmarks with known distances during the day and using point light sources at night 
(World Meteorological Organization, 1996). Horizontal visibility is influenced by several 
sources including dust, air pollution, haze, fog and precipitation. Fires also have a strong 
impact on visibility as shown in Fig. 3.1: an image of Bolivian fires taken from the 
Moderate Resolution Imaging Spectroradiometer (MODIS) during the 2010 fire season. 
Visibility datasets are inherently more subjective than more conventional weather station 
records, but have shown to be useful in a wide range of studies constraining regional air 
quality changes (Chang et al., 2009; Che et al., 2007; Doyle and Dorling, 2002), desert 
dust emissions (Mahowald et al., 2007), and global trends in atmospheric haze (Li et al., 
2016).  

Our goal was to determine the extent to which visibility observations could be used to 
constrain fire emissions in the main deforestation region of the Amazon. This has shown 
to be the case for peat fires in Indonesia (Field et al., 2009; Heil and Goldammer, 2001). 
The fire regime there is strongly linked to anthropogenic use of fire for deforestation and 
peatland cultivation and rainfall patterns. New estimates of fire emissions and their 
temporal pattern may help to understand longer-term fire dynamics, which we do here 
in the context of estimates of deforestation. We also anticipate that the record can be 
used to evaluate models that require information about fire and deforestation dynamics 
in this region, including biogeochemical, atmospheric, and Earth system models, 
especially those with prognostic fire models. 

3.2 Methods  

3.2.1 Horizontal visibility observations 

We obtained raw, synoptic weather station records from the NOAA National Climatic Data 
Center Integrated Surface Database (https://catalog.data.gov/dataset/integrated-
surface-global-hourly-data), which is comprised of data from WMO-level surface 
stations provided by national meteorological agencies. While 55 WMO stations in our 
study region [7°S-17°S, 48°W-68°W] were available, many were excluded after applying 
our selection criteria as described below. Out of 55 stations 18 were found suitable and are 
depicted in Fig. 3.2 and cover the areas with the highest Total Particulate Matter (TPM) 
emissions based on the annually averaged Global Fire Emissions Database version 4 with 
small fires (GFED4s) over 1997-2014 (van der Werf et al., 2017). Data filtering and station 
selection was based on three steps. 

1. The individual observations were filtered and adjusted as in Husar et al. (2000) 
where observations that contained flags for rain or wet fog (relative humidity (RH)>75%) 
were excluded, as were observations with RH>90% or precipitation > 2.5 mm over the 
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day. Furthermore records with missing dew point- or air temperature data were 
removed, because these are needed to calculate RH. Visibility records of 0 m were 
replaced by a set minimum of 50 m, the next lowest reported value, necessary for 
calculating extinction coefficients (described below), and we used a uniform maximum 
value of 20 km. Finally, to exclude years with missing landmarks or not enough 
observations to account for seasonality, we removed years with a variance less than 5 km. 

2. Observations are often done at irregular time intervals, which vary per day, 
year, and station. For consistency we therefore aggregated the individual observations to 
one daily average. 

3. The average daily observations were subsequently manually inspected for 
temporal inconsistencies and sudden jumps in the signal, which could be the result of, for 
example, a change in landmarks being used to estimate visibility. Horizontal visibility can 
be influenced not only by fire but also by various other sources, such as dust and fog, and 
is influenced by the observers’ interpretation. This subjectivity introduces a random 
component in the signal. Also, when observations were too fragmented (for example 
some stations were lacking observations during the fire season or only had continuous 
observations shorter than 1 year with gaps of several years) or when the maximum 
distance recorded was smaller than 12 km stations were excluded (Husar et al., 2000). 

 

Figure 3.2: Locations of WMO stations used in our analysis indicated by the stars. The purple star 
denotes Alta Floresta (AF), for which surface particulate matter measurements were available (Fig. 
3.4). The color shading shows the average annual GFED4s TPM emissions per 0.25° × 0.25° grid cell 
over 1997-2014. The gray box shows the region covered by Fig. 3.1. 

To focus on low-visibility events, and to correct for limitations of the human eye and 
imperfections of the landmarks, the observations in meters were then converted to the 
more often used extinction coefficient (Bext) in km-1 using the Koschmeider relationship 
(Eq. 3.1), where HV is the horizontal visibility in km and the Koshmeider constant (K) was 
set to a value of 1.9 (Husar et al., 2000; Schichtel et al., 2001).  
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        (Eq. 3.1) 

We constructed our monthly record from 1973-2014, the period over which most stations 
reported although with gaps of various lengths of time (Fig. 3.3). We took the median Bext 
over the selected stations in the region [7°S-17°S, 48°W-68°W], the region with the 
highest fire emissions over 1997-2014 according to GFED4s. We also split this region into 
eastern and western halves to identify possible differences in fire activity and 
relationships to satellite data within the larger Amazon region.  

 

Figure 3.3: Temporal coverage of the selected WMO stations before filtering the data. The stations 
located in the western box of Fig. 3.2 are in red, those in the eastern box in black.  

3.2.2 Relationships between visibility and satellite-observed data 

Total Particulate Matter (TPM) emissions were derived from the Global Fire Emissions 
Database version 4s (GFED4s). TPM is a measure for all particles smaller than 100 μm and 
this dataset comes closest to what the human eye can see and what is thus represented in 
the visibility dataset. GFED is based on the Carnegie Stanford Approach (CASA) 
biogeochemical model and uses burned area derived from MODIS and other climate 
variables as input to compute dry matter (DM) carbon emissions (Giglio et al., 2013; 
Randerson et al., 2012; van der Werf et al., 2010). The DM emissions are then converted to 
TPM emissions via emission factors for different biomes within a grid cell (Akagi et al., 
2011). GFED4s starts in 1997 with a monthly time step.  

We compared the GFED TPM emissions with the aggregated Bext for the whole study 
region (Fig. 3.2) to understand how well they co-varied and to get an indication of how 
Bext relates to TPM emissions. The comparison of Bext values with fire emissions was done 
for the dry season, thus the fire-season, without taking atmospheric transport into 
account. 

We also compared the visibility dataset to total column CO observations retrieved from 
the MOPITT satellite as an independent constraint on fire emissions. CO is released from 
incomplete combustion of vegetation and fossil fuels and fires substantially enhance the 
CO concentration over background conditions. CO observations from MOPITT have shown 
to be able to capture IAV in emissions in regions which are heavily impacted by biomass 
burning (Edwards et al., 2006; Liu et al., 2011a; Logan et al., 2008; Mieville et al., 2010). 
We used total column observations of CO for the months June - October from 2000 
through 2014 in our comparison. 
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In-situ surface measurements of particulate matter mass concentrations with an 
aerodynamic diameter smaller than 10 µm (PM10) were also available for Aug 1992 to Feb 
2005 in Alta Floresta (Brazil, State of Mato Grosso, 9.871°S, 56.104°W, 277 m.a.s.l.), which 
provided a non-satellite record for comparison, and extending further back than GFED or 
MOPITT (Artaxo et al., 1994; Maenhaut et al., 2002; Martin et al., 2010). The particles 
sampled in Teflon filters were analyzed by gravimetry with filter explosion times ranging 
from 1 to 10 days. Summed uncertainties were estimated to be 15% of PM10 mass 
concentrations, based on uncertainties in calibration of the mass flowmeters (5%) and 
elemental and mass analysis (10%, including filter handling). 

In our approach, we assumed that potential changes in wind patterns are of second-order 
importance and have thus not been taken into account. This is supported by visual 
inspection of surface wind patterns derived from NCEP-NCAR (Kalnay et al., 1996). From 
June through October the general wind pattern was relatively constant over our study 
period, with light winds from the East bending southwards when reaching the Andes. 
Future work, using an atmospheric transport model and observed wind patterns could 
lower the uncertainty arising from not taking variability in atmospheric transport into 
account. 

3.2.3 The role of deforestation as a driver of fire emissions 

To understand the role of deforestation as a driver of fires and potentially also to yield 
information on how deforestation may have changed over time, we compared the 
visibility-based emissions with two forest loss datasets over the Brazilian Amazon and 
one dataset of carbon emissions related to deforestation. We only used datasets which 
cover a relatively long time period from at least the 1990s onwards.  

First we compared our results to net forest loss based on passive-microwave satellite 
observations of Vegetation Optical Depth (VOD), which has shown to be sensitive to 
changes in biomass density (Liu et al., 2015a). The VOD-based deforestation dataset we 
used here (van Marle et al., 2016) provides annual estimates of net forest loss, which is 
the net result of deforestation, forest degradation and regrowth within a grid cell, on a 
0.25° × 0.25° resolution for all of South America from 1990 through 2010. Interannual 
VOD changes over the region agreed reasonably with the Global Forest Change dataset 
derived from Landsat, during the overlapping period since 2001 (Hansen et al., 2013). 
VOD-data for 1991 was missing, because the eruption of Mt. Pinatubo influenced the 
passive microwave signal.  

The second dataset we compared our results with is the Program for Deforestation 
Assessment in the Brazilian Legal Amazon with Satellite Imagery (PRODES), which is 
developed by the Brazilian National Institute for Space Research (INPE). PRODES 
estimates annual deforestation events of primary forest larger than 6.25 ha based on a 
multi-data approach utilizing Landsat data, supplemented by data from the China-Brazil 
Earth Resource Satellite (CBERS-2B) and from the UK-DCM2 from the Disaster 
Monitoring Constellation International Imaging (DMCii) (Shimabukuro et al., 1998). 
PRODES provides data from 1989 onwards, although no data is available for 1992. In this 
study we used the summed total of the provinces of Acre, Mato Grosso, Rondônia, Pará 
and Tocantins, the provinces within the Amazonia Legal closest to our study region (Fig. 
3.2), from 1989 through 2014. PRODES does not include Peru and Bolivia, which were part 
of our study period. 
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Finally we compared our results, including decadal changes, with the updated country-
scale carbon emission estimates associated with deforestation fires based on the 
bookkeeping method of Houghton (2003) using deforestation rates reported by the FRA 
2015. For further details on the collection and validation of national data for FRA2015 see 
MacDicken (2015). Deforestation is defined there as the conversion from forest to some 
other land cover. The rates are based on changes in forest area over a period of 5 years. In 
Houghton’s approach annual changes in cropland and pastures are used to provide year-
to-year differences in deforestation rates. Deforestation is then assigned to forest types 
(i.e. biomass densities), and a fraction (35%) of that biomass is assumed to be burned 
(Houghton, 2003; Houghton et al., 1991). The updated dataset is not published yet. For 
comparisons with the western box and for the whole region we used the total of Bolivian 
and Brazilian country estimates. For the eastern box only the Brazilian estimates were 
used.  

For the comparison on a decadal scale we converted the visibility-based results to carbon 
emissions by converting the Bext to TPM emissions based on their linear relationship 
found per 10° × 10° box and subsequently converting the TPM emissions to carbon 
emissions based on the emissions factors used within GFED (drawn largely from Akagi et 
al. (2011)). The converted visibility-based carbon emissions were then compared with the 
summed FAO-based carbon emissions for Bolivia and Brazil. 

Forest loss is not occurring at the same location every year and spatial variability in 
deforestation and fire occurrence could thus impact the visibility signal. We calculated 
the mean weighted distance from pixels with VOD-based forest loss to the stations, 
which revealed that the average distance was relatively stable with 550±43 (1 σ) km 
between deforestation and observations for the western box and 614±39 (1 σ) km for the 
eastern box without a clear in- or decreasing trend over time. We therefore assumed in 
this study that the effect of a changing deforestation front did not influence Bext 
substantially, but we do acknowledge that this is a source of uncertainty, especially for 
the 1970s and 1980s. 

3.3 Results  

3.3.1 Visibility as fire-indicator over the South American burning region 

Fig. 3.4a shows the visibility-based Bext and GFED TPM fire emissions for the whole 
region (Fig. 3.2). These visibility-based results are averaged over the two boxes, because 
Bext behaved slightly different for the two grid boxes, see section 3.4.2. Over this large 
region, the Bext signal explained 47% of the variability in GFED TPM (Table 3.1). The 
background value of Bext is around 0.1, which corresponds to an average visibility of 19 km 
(Eq. 3.1); thus very close to the 20 km maximum value for visibility. Both GFED TPM and 
visibility-based Bext capture the high-fire years 1998, 2004 and 2010. The biggest 
discrepancies are in 2001, where Bext shows relatively high values and the fire years 2005 
and 2007 where GFED shows relatively higher values (Fig. 3.4a). The Bext signal explained 
less (18%) of the MOPITT CO over 2000-2014 (Fig. 3.4b), although both datasets captured 
the peak in fire emissions in 2010 (Table 3.1). Years where MOPITT CO shows relatively 
higher values are 2000, 2005 and 2007, and the visibility-based estimate is relatively 
high in 2001. The correlation improves when we take only the western region into 
account as will be explained later. 
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Before the fire satellite-era, beginning in 1997, visibility-based estimates indicate that 
fire emissions were relatively low until 1987 and 1988. Those two years were the first 
relatively high-fire years in the Bext record, followed by a few low-fire years after which 
fire emissions started to increase during the 1990s, with 1995 as peak year (Fig. 3.4). After 
1995 fire emissions remained elevated above the pre-1987 values, but with substantial 
IAV. During the 2000s there is in general a decreasing trend towards the end of the record 
although 2010 was the second highest fire year in our dataset. 

 

Figure 3.4: Averaged Bext values for the whole study region [7°S-17°S, 48°W-68°W], compared with 
(a) GFED-based TPM emissions (1997-2014) and (b) MOPITT CO concentrations (2000-2014) for 
the same region. 

3.3.2 Sub-regional visibility-fire relationships 

To illustrate how visibility relates to local aerosol load, Fig. 3.5 shows the visibility from 
the Alta Floresta station marked with ‘AF’ in Fig. 3.2. Seasonality is evident in most years, 
with higher Bext

 values during the dry fire season and lower values during the wet season. 
We compared the visibility signal from Alta Floresta with ground-based measurements of 
PM10 at the same station (15% uncertainty based on summed estimated uncertainties for 
sampling method and analysis) and the IAV is captured reasonably well with Pearson 
r2=0.84 on a monthly time step (Fig. 3.5) and r2=0.79 for annual summed values.  

Separating the analysis between western (Fig. 3.6) and eastern (Fig. 3.7) parts of the large 
burning regions, and for the dry-season only, led to different correlations between Bext, 
TPM and CO (Table 3.1). Both the western and eastern box had a higher agreement for the 
dry months only, June through October (Fig. 3.6b, Fig. 3.7b), with r2=0.61 for the western 
box and r2=0.40 for the eastern box, compared to all monthly observations (Fig. 3.6a, Fig. 
3.7a). The five months during the dry season account for 98% and 95% of all GFED TPM 
emissions for the western and eastern box respectively. For the dry season, monthly 
averaged Bext values were converted to TPM emissions according to Eq. 3.2 and Eq. 3.3 for 
the western and eastern box respectively. The negative intercept in the equations is due 
to non-fire impacts on visibility. 
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Figure 3.5: Monthly averaged Bext
 and ground-based measurements of PM10, both observed at Alta 

Floresta, as well as averaged GFED TPM emissions for the 36 0.25° × 0.25° grid cells centered over 
Alta Floresta. 

𝑇𝑃𝑀!"#"$"%"&' = −8.2𝐸11 + 5.36𝐸12 ∗ 𝐵!"#     (Eq. 3.2) 
 

𝑇𝑃𝑀!"#"$"%"&' = −6.7𝐸11 + 5.65𝐸12 ∗ 𝐵!"#     (Eq. 3.3) 

We tested how sensitive changing the slopes and intercepts were because the initial best 
fit resulted in negative values in the 1970s, which is not plausible. To circumvent this 
issue we increased the intercepts with steps of 0.5E11 until it started to negatively impact 
the correlations (r2=0.61 and r2=0.40 for the western and eastern box respectively) and 
mean squared errors (MSE) and used the corresponding slopes and intercepts as used in 
Eq. 3.2 and Eq. 3.3 in our calculations back in time. 

Table 3.1: Correlations between visibility-based Bext observations and monthly as well as annual 
summed GFED TPM emissions (1997-2014) for June – October and monthly and annual summed 
MOPITT CO (2000-2014) for June – October. 

Visibility-based 

r2  

West  

[7°S-17°S,              
58°W-68°W] 

East  

[7°S-17°S,                
48°W-58°W] 

Total Region  

[7°S-17°S, 
48°W-68°W] 

Annual Monthly Annual Monthly Annual 

GFED TPM  0.47* (p) 0.61* (p) 0.16 (p) 0.40* (p) 0.47* (p)  

MOPITT CO 0.32* (p) 0.42* (p) 0.03 (p) 0.34* (s) 0.18 (p) 

*Pearson (p) or Spearman (s) correlation significant at p<0.01 
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Figure 3.6: Annual estimates of fire emissions in the western box (red square in Fig. 3.2). Panels (a-
c) show the relation of monthly GFED TPM emissions and averaged Bext for the overlapping time 
period 1997-2014. The left panel (a) shows all months, the middle panel (b) the data points for the 
months of the fire season from June through October and the right panel (c) the remaining months. 
In (d) and (e) dark green indicates the visibility-based annual Bext emissions (1974-2014), which are 
compared with (d) GFED-based TPM emissions (1997-2014) and (e) MOPITT CO concentrations 
(2000-2014) for the same region. 

 
The western box (Fig. 3.6d,e) shows equal or higher agreement compared to the total 
region for both GFED TPM and MOPITT CO, explaining 47% and 32% respectively (Table 
3.1). The IAV for the western box is similar to the IAV of the total region. This is not the 
case for the eastern box (Fig. 3.7d,e). Here, although the monthly aggregated visibility 
observations do show a linear relationship (r2=0.40) on a monthly time step (Fig. 3.7a-c), 
there are no significant relationships with GFED TPM emissions or MOPITT CO 
concentrations with Bext (Table 3.1). The biggest discrepancies between visibility-based 
Bext and GFED TPM emissions are found in 2007, where GFED shows higher values and 
the years 2001, 2002, and from 2011 onwards, where visibility-based TPM is higher. In 
the discussion we touch upon potential reasons behind these differences between the 
boxes. 

3.3.3 Deforestation as driver of IAV in fire-activity 

We finally compared visibility-based Bext with forest loss datasets to understand to what 
degree the fire signal may be explained by deforestation. For this comparison we will 
mainly focus on the whole study region only. 

We finally compared visibility-based Bext with forest loss datasets to understand to what 
degree the fire signal may be explained by deforestation. For this comparison we will 
mainly focus on the whole study region only. 

Fig. 3.8a shows that annual VOD-based net forest loss in the total region explained 31% of 
the variability in the Bext signal (Table 3.2). The high-fire years in 1995, 1999 and 2010 are 
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captured in both datasets, whereas VOD shows higher deforestation rates from 2003-
2006. Fig. 3.8b shows that PRODES based deforestation for the provinces of Acre, Mato 
Grosso, Pará, Rondônia and Tocantins cannot explain the Bext signal. The IAV between 
both datasets partly agrees, especially during the 1990s, including the peak in 1995. The 
poor correlation is for a large part due to disagreement between PRODES and the 
visibility-based results on emissions from 2009 onwards, including the peak in high-fire 
year 2010.  

 

Figure 3.7: Annual estimates of fire emissions in the eastern box (black square in Fig. 3.2). Panels 
(a-c) show the relation of monthly GFED TPM emissions and averaged Bext the overlapping time 
period 1997-2014. The left panel (a) shows all months, the middle panel (b) the data points for the 
months of the fire season from June through October and the right panel (c) the remaining months. 
In (d) and (e) dark green indicates the visibility-based TPM emissions (1974-2014), which are 
compared with (d) annual GFED TPM emissions (1997-2014) and (e) MOPITT CO concentrations 
(2000-2014) for the same region. 

Table 3.2: Correlations between annual averaged Bext for June – October and annual VOD net forest 
loss (1990-2010), annual PRODES deforestation summed for the provinces Acre, Mato Grosso, 
Rondônia, Pará and Tocantins (1989-2014) and carbon emissions from an updated version of 
Houghton (2003) for Brazil (eastern box only) and the average of Bolivia and Brazil (western box and 
whole region) (1973-2014). 

 Visibility TPM r2  

West  

[7°S-17°S, 
58°W-68°W] 

East  

[7°S-17°S, 
48°W-58°W] 

Total Region  

[7°S-17°S, 
48°W-68°W] 

VOD  0.23* (p) 0.33* (p) 0.31* (p) 

PRODES  0.02* (p) 0.04 (p) 0.00 

Houghton  0.09* (s) 0.18* (s) 0.17* (s) 

*Pearson (p) or Spearman (s) correlation significant at p<0.01 
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We compared the annual averaged Bext with the FAO-based carbon emissions related to 
deforestation from an updated version of Houghton (2003). Correlations with Bext were 
poor (Fig. 3.8c, Table 3.2).One of the most striking discrepancies is that the FAO-based 
carbon emissions related to forest fires from the 1970s until the early 1990s were higher 
than the visibility-based emissions. In addition, there are key differences in IAV (as was 
the case when comparing against the two deforestation datasets). For example 1996 and 
2000, years with little visibility-based emissions, show higher values for the FAO-based 
results. On the other hand, 2010 was a high-fire year, according to the visibility-based 
dataset, which did not show up in the FAO-based dataset. 

 

Figure 3.8: Annual estimates of fire emissions and forest loss for the whole study region (Fig. 3.2). In 
all plots dark green indicates the annual averaged visibility-based Bext (1974-2014), which are 
compared with (a) VOD based net forest loss (1990-2010), (b) summed PRODES deforestation for the 
provinces of Acre, Mato Grosso, Rondônia, Pará and Tocantins (1989-2014, and (c) averaged FAO 
emissions attributed to deforestation fires for Brazil and Bolivia. 



3 

 
 

 44 

Although the eastern region did not show any significant relations for the Bext signal with 
GFED TPM and MOPITT CO, VOD based deforestation explained 33%, whereas FAO-based 
carbon emissions did explain 18% of the Bext IAV for the eastern region. For the western 
region both VOD and Houghton explained, respectively, 23% and 9% of the Bext signal 
(Table 3.2). 

Figure 3.9: Visibility-based carbon emissions for the whole study region and carbon emissions 
related to deforestation fires for Brazil and Bolivia based on FAO-deforestation data and an updated 
version of Houghton (2003) for 10-year periods. The 1970s decade covers the time period from 1973 
through 1980.  

We converted the visibility-based Bext signal to TPM emissions based on the linear 
relationships with GFED TPM mentioned before for the different regions, and to carbon 
emissions using emission factors from GFED. We then compared the visibility-based 
carbon emissions with the summed FAO-based carbon emissions related to deforestation 
based on Houghton (2003) for Brazil and Bolivia at a decadal scale. The footprint of the 
two datasets differs because the FAO-based values are from all of Brazil and Bolivia, but 
our study region (Fig. 3.2) covered the region with the highest fire emissions from 1997-
2014 (Fig. 3.2). Our estimates are therefore conservative. From the 1970s to the 1980s, the 
FAO-based dataset and the visibility-based emissions show opposing trends, with a large 
increase (+747%) for the visibility-based carbon emissions and a decrease (-32%) for 
FAO-based deforestation-linked fire emissions (Fig. 3.9). The large relative increase in 
the visibility dataset is mostly because of low fire emissions in the 1970s. For both 
datasets the 1990s had the highest fire emissions. Both datasets also show a decrease 
from the 1990s to the 2000s, although the FAO-based emissions decreased more strongly 
(-41%) than the visibility-based emissions (-8%). 

3.4 Discussion 

3.4.1 Visibility as fire-indicator  

On a local level, the good agreement (r2=0.84 with monthly time step and r2=0.79 with 
annual data) between visibility-based TPM and in-situ observed PM10 at Alta Floresta 
station (Fig. 3.5) indicated that visibility is strongly linked to aerosol loads, and can be 
used, with limitations, as a proxy for fire emissions. This has been shown earlier to be the 
case as well in Indonesia (Field et al., 2009). This also holds on larger scales; for the 
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western box the pattern of the visibility-based signal agreed reasonable with the GFED-
derived TPM emissions (r2=0.61) and MOPITT CO concentrations (r2=0.42) for the 
overlapping time period. For the whole region (the western and eastern box combined) 
results were less good; IAV of Bext explained 47% of GFED TPM emissions and only 18% of 
MOPITT CO concentrations. The unexplained variability is likely due to measurement 
errors in the visibility signal and issues related to its spatial inhomogeneous network, the 
conversion to Bext, other sources that impact Bext, and the effects of atmospheric transport 
and chemistry. The error in atmospheric transport may be larger for the eastern box 
because variability in wind patterns is larger than in the western box, and smoke gets 
more concentrated in the western box because of the proximity to the Andes (Fig. 3.1). 
Given the overall reasonable results, our findings may be suitable to fulfill the need for 
more detailed information on land use and land cover change over the tropics before the 
satellite era (Willcock et al., 2016). 

Annual averaged Bext values, and thus fire emissions, were relatively low over the first 
part of the time series from 1973 until the first high-fire years in 1987 and 1988. These 
two relatively high-fire years were followed by some low-fire years, after which fire 
emissions started to increase over the 1990s, with 1995 as peak year, which was also a 
high-fire year according to fire season severity predictions based on sea surface 
temperature anomalies (Chen et al., 2011). After 1995 fire emissions were higher than the 
pre-1987 values. During the 2000s there was a general decrease, although 2010 was the 
second highest fire year in our dataset. This downward trend is also reported by the 
Global Forest Change project and satellite-observed burned area, suggesting that fires 
and deforestation are linked over that time period (Fanin and van der Werf, 2015; Hansen 
et al., 2013). 

 The first high-fire years 1987 and 1988 correspond to two El Niño years, although earlier 
in the 1970s no increase in fire emissions was observed during El Niño years. This 
suggests that fire in the region increased due to conversion of forest to other land uses, 
similar to what was observed in Indonesia (Field et al., 2009). A key difference with 
Indonesia is the stronger control of ENSO over drought and thus fire emissions. At a 
decadal scale the trend of increasing fires from 1970 towards the 1990s corresponds with 
the results based on country-statistics of Mouillot and Field (2005) for South America. 
However, the timing of the increase is different. Mouillot and Field (2005) suggested that 
the strongest increase was during the 1980s, while our data indicated this was a decade 
later in the 1990s. There is thus apparently a difference between what was reported by 
countries and what is actually seen in the data, assuming that the average distance of 
deforestation to the stations before the 1990s showed equally little variability as after the 
1990s. Another reason could be that fire was used to a smaller extent in the early part of 
our analysis to convert forest to other land uses. 

The correlations between Bext and other datasets we found for the whole region were 
negatively impacted by the eastern box, which showed for both the GFED TPM and 
MOPITT CO comparisons lower agreement than the western box (Table 3.1). The most 
likely reason for this is the geographical location of the western box adjacent to the 
Andes. The prevailing wind during the dry season is from the northeast (Killeen et al., 
2007) and thus the smoke will be concentrated in front of the Andes mountain range (Fig 
3.1). This implies that the visibility signal of the western box is probably representative 
for a much larger region. We tested this hypothesis by comparing the visibility signal for 
the western box only with the GFED TPM emissions for the whole region (i.e. the summed 
values for the two 10°×10° from Fig 3.2, 7°S-17°S, 48°W-68°W). We found that 65% of the 
GFED TPM time series could be explained by Bext, which is 18% more than the comparison 
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of the visibility signal for the western region, with the GFED TPM emissions for the 
western region (r2=0.47, Table 3.1). Comparing MOPITT CO concentrations and VOD net 
forest loss over the whole region with the Bext for the western box only also revealed that 
Bext could explain more of the interannual variability with an increase of 8% and 7% for 
MOPITT CO concentrations and VOD-based net forest loss respectively. This also explains 
why the combined visibility-observations of the eastern and western box still explain 
47% of GFED TPM emissions and 18% of MOPITT CO concentrations (Table 3.1, Fig 3.4). 
Future research could investigate this in more detail including regional transport and 
atmospheric chemistry modeling. 

For the western box, the overlapping time period of visibility with GFED (1997-2014) 
showed for most years an agreement in IAV, including the high-fire years in 1999, 2004 
and 2010. However, in 2001, 2005 and 2006 the GFED and visibility-based fire signal 
disagreed, potentially due to uncertainties in both datasets or changes in atmospheric 
transport. A potential error in GFED is related to assigning the burned area to the wrong 
fuel classes. For example, if most of the burned area occurs in open landscapes but is 
assigned to deforestation fires then emissions are overestimated. Visibility observations 
are also prone to errors, due to the nature of this human-observed proxy and our 
approach of combining the different records. Furthermore the WMO stations are not 
evenly distributed over the region, which could have the effect that fires that occurred 
close to a station will have a relatively large effect on the average signal and that some 
fires may be missed, because there is no station located near or downwind from those 
fires. 

3.4.2 Deforestation as driver of fire activity 

 To answer the question to what extent deforestation can explain trends and IAV 
in fire emissions we compared Bext with several deforestation datasets. For the whole 
study region VOD-based forest loss explained 33% of the fire signal, which suggests that 
deforestation and fires were coupled to some degree in this region for the overlapping 
time period from 1990 until 2014. PRODES deforestation explained little of the fire signal. 
We used the summed values of Acre, Mato Grosso, Rondônia, Pará and Tocantins for 
PRODES. These are the provinces within the Legal Amazon closest to the two boxes, and 
results did not improve when we used PRODES data for the whole Legal Amazon or 
decreased our subset to a smaller number of provinces. One potential reason is that 
PRODES does not capture forest degradation, which caused high fire emissions in for 
example the 2010 dry year (Fanin and van der Werf, 2015). Furthermore we assumed that 
the state statistics for the five Brazilian provinces used were representative for the 
western box, because we expected the source regions to be largely from these provinces 
as a result of the prevailing wind direction. To some degree the comparison is not fair 
because PRODES is limited to Brazil while the visibility signal potentially will also be 
affected by dynamics in Bolivia and Peru. Future research could include specific source 
regions, thus providing more insight into the actual area that is represented by the 
visibility signal.  

Although correlations were higher, the comparisons with VOD-based net forest loss also 
suffered from limitations in the datasets. This forest loss dataset captures mainly large-
scale forest losses and in areas with many small-scale degradation events, VOD-based 
forest loss tends to overestimate, which could explain why the VOD-based inter annual 
variability provides overall much higher values in 2003 to 2006 compared to the 
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visibility-based fire emissions. Also regrowth within a pixel is observed which can offset 
some of the signal (van Marle et al., 2016). 

Overall the comparison with the VOD-based deforestation dataset provided evidence that 
deforestation is what at least partly drives these fires (r2=0.23 and r2=0.33 for the western 
box and eastern box respectively, and r2=0.31 for the whole region), although fires are a 
complex mix of deforestation, degradation and natural causes. After deforestation, the 
land cover or use may change leading initially to an increase in burned area to maintain 
an open landscape or remove leftover debris. This is not captured in the deforestation 
data, but will impact the visibility signal although fuel loads are in general lower in these 
types of fires (van Leeuwen et al., 2014). Overall, is difficult to explain the fire pattern 
without taking deforestation into account supporting Reddington et al. (2015), who 
concluded that deforestation fires dominate regional air quality impacts in Brazil. Our 
results are also in line with the findings of Morton et al. (2008), who showed that most 
fires in the Amazon during the 2000s were related to conversion of forest to agricultural 
land. We therefore cautiously conclude that the forest to other land use conversion 
started slowly at the end of the 1980s, and increased strongly during the 1990s with 
accompanying deforestation fires. We are cautious, because the drivers of deforestation 
could have changed over time, influenced by changes in infrastructure, logging and 
governmental subsidies (Cochrane, 2009; Fearnside, 2005; Moran, 1993; Rudel, 2007) 
and not all deforestation includes fire. An analysis of the GFED time series showed that 
the ratio between deforestation and non-deforestation fire emissions is relatively stable 
though, with on average 55% of fire emissions stemming from deforestation fires (1997-
2015). 

Finally, the FAO-based deforestation emissions could explain 9% of the fire signal in the 
western box and 18% of the fire signal in the eastern box over 1973-2014. There was less 
agreement between Bext and FAO than between Bext and VOD and this is probably the result 
of what VOD and FAO observe and how IAV is captured. VOD observes the net change in 
biomass, whereas FAO FRA only observes the conversion from forest to another land use 
type. For example changes in biomass due to understory fires or from fires that do not 
lead to land use change may be detected by VOD, but not by PRODES and FAO; a potential 
explanation of why the peak in 2010 is missed. Furthermore the IAV of carbon emissions 
in the bookkeeping method of Houghton (2003) is based on 5-year estimates of FAO FRA 
in combination with annual changes in cropland and pastures, thus not fully capturing 
IAV. The third reason for differences is the scale on which deforestation is observed.  For 
most comparisons we found a better agreement with visibility and other datasets for the 
western box, compared to the eastern box. However, the FAO–based values compared 
better for the eastern box. Since the deforestation estimates are on a country-level and 
not separated by province, this could be the result of discontinuity between Brazilian and 
Bolivian data. Although the two boxes we selected include the region with most fires over 
1997-2014, this does not mean that all IAV for Brazil and Bolivia is captured.  

This potential mismatch in footprint obviously also impacted the results on a decadal 
scale. The biggest difference between the FAO-based and our visibility-based fire 
emission estimates was in the early part of our time series from the 1970s until the first 
half of the 1990s. The visibility data indicated a gradual increase from very low to 
moderate emissions, while FAO-based emissions changed from relatively high to 
moderate. FAO data is based on the country totals of Brazil and Bolivia and therefore also 
captured carbon emissions related to deforestation occurring outside the Amazon region. 
Both datasets do agree on decadal averages for the 1990s and 2000s.  
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3.5 Conclusions 

We have reconstructed fire emissions with an annual time step from 1973 through 2014 
based on visibility-observations from weather stations across the Amazon. Our study 
region encompassed the Arc of Deforestation and Bolivia, and we compared and 
constrained our results with satellite-derived fire emission estimates for the overlapping 
1997-2014 period and MOPITT CO concentrations over the 2000-2014 period. These 
comparisons indicated that, with limitations, visibility can be a useful proxy for fire 
emissions in the Amazon. In general, the signal improves towards the western part of the 
Amazon where smoke gets more concentrated, because the Andes blocks the overall 
eastern winds. 

The visibility signal showed that there was relatively little fire activity until 1987, after 
which fires increased and plateaued in the 1990s and 2000s before leveling off more 
recently. Substantial interannual variability has been present since the late 1980s, and 
was partly related to ENSO, and comparisons with deforestation datasets showed that 
fires and deforestation were linked here although not all deforestation were suitable for 
direct comparison with the visibility signal. Our dataset points towards lower (fire-
driven) deforestation in the 1970s than found in FAO-based datasets. In our work we have 
assumed that the variability in Bext was directly proportional to emissions, omitting 
changes due to variability in atmospheric transport as well as changed due to spatial 
variability in the location of fire and deforestation events. Initial estimates indicated that 
variability in wind patterns was small as was the average distance of fire to the stations. 
While the errors due to this seem relatively small, a more extensive and spatially explicit 
study including a regional transport model is needed to better understand what the role 
of for example a progressing fire and deforestation front have had on the observations. 
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4 Historic global biomass burning emissions based on 
merging satellite observations with proxies and fire 

models (1750-2014) 
 

Fires have influenced atmospheric composition and climate since the rise of 
vascular plants, and satellite data has shown the overall global extent of 
fires. Our knowledge of historic fire emissions has progressively improved 
over the past decades due mostly to the development of new proxies and the 
improvement of fire models. Currently there is a suite of proxies including 
sedimentary charcoal records, measurements of fire-emitted trace gases 
and black carbon stored in ice and firn, and visibility observations. These 
proxies provide opportunities to extrapolate emissions estimates based on 
satellite data starting in 1997 back in time, but each proxy has strengths and 
weaknesses regarding, for example, the spatial and temporal extents over 
which they are representative. We developed a new historic biomass burning 
emissions dataset starting in 1750 that merges the satellite record with 
several existing proxies, and uses the average of six models from the Fire 
Model Intercomparison Project (FireMIP) protocol to estimate emissions 
when the available proxies had limited coverage. According to our approach, 
global biomass burning emissions were relatively constant with 10-year 
averages varying between 1.8 and 2.3 Pg C year-1. Carbon emissions increased 
only slightly over the full time period and peaked during the 1990s after 
which they decreased gradually. There is substantial uncertainty in these 
estimates and patterns varied depending on choices regarding data 
representation, especially on regional scales. The observed pattern in fire 
carbon emissions is for a large part driven by African fires, which accounted 
for 58 % of global fire carbon emissions. African fire emissions declined 
since about 1950 due to conversion of savanna to cropland, and this decrease 
is partially compensated for by increasing emissions in deforestation zones 
of South America and Asia. These global fire emissions estimates are mostly 
suited for global analyses and will be used in the Coupled Model 
Intercomparison Project Phase 6 (CMIP6) simulations.	

	

This chapter is an edited version of: van Marle, M. J. E. et al. (2017b), Historic global biomass 
burning emissions for CMIP6 (BB4CMIP) based on merging satellite observations with proxies 
and fire models (1750–2015), Geosci. Model Dev., 10(9), 3329–3357, doi:10.5194/gmd-10-3329-
2017 
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4.1 Introduction  

Fire is one of the most important disturbance agents in terrestrial ecosystems on a global 
scale, occurring in all major biomes of the world, and emitting roughly 2-3 Pg C year-1 
mostly in the form of CO2 but also substantial amounts of reduced species and aerosols 
(Andreae and Merlet, 2001; van der Werf et al., 2010). Biomass burning activity generally 
has a strong seasonal cycle and responds to interannual variability (IAV) and trends in 
plant productivity, land use, and droughts as well as other climatic factors. Droughts tend 
to increase fire activity in areas with abundant fuel build-up and decrease fire activity in 
arid regions (Krawchuk and Moritz, 2011; van der Werf et al., 2008). Interactions between 
climate, humans, and fire are complex and vary both in time and space (Archibald et al., 
2009; Bowman et al., 2011). For example, tropical rainforests in their natural state rarely 
burn. This is a consequence of moist conditions underneath the canopy and a lack of dry 
lightning ignitions (Cochrane, 2003). Humans have changed that though using fire for 
agricultural purposes in tropical forest. Land-use changes, such as logging and forest 
fragmentation, increased the forest flammability and number of successful lightning-
caused ignitions (Aragão and Shimabukuro, 2010; Cochrane and Laurance, 2008; 
Fearnside, 2005). Ignitions due to humans have also increased in boreal Asia (Mollicone 
et al., 2006). However, in many regions humans also suppress fires, both directly via fire 
fighting and indirectly by altering the fire seasonality and by modifying fuel build-up 
through grazing and prescribed burning (Kochi et al., 2010; Le Page et al., 2010; Rabin et 
al., 2015).  

Our knowledge about how these factors have influenced fire emissions over the past 
centuries or millennia has progressively improved over the past decades leading to new 
biomass-burning emission inventories (Granier et al., 2011). Dentener et al. (2006) 
reconstructed fire emissions for the year 1750 by scaling GFED fire emissions before the 
satellite era with population derived from the Hundred Year database for Integrated 
Environmental Assessments (HYDE, Goldewijk, 2001), assuming that emissions related 
to deforestation fires were linearly related to population. For fires not associated with 
deforestation only 60 % of the emissions were scaled by population, the remaining 40 % 
remained constant assuming that these fires were natural. For high-northern latitudes 
the fire emissions were doubled in 1750 to account for present day fire suppression. Other 
approaches for global fire estimates were often based on the burned area dataset by 
Mouillot and Field (2005), which consists of gridded data from 1900 onwards, combining 
the Along Track Scanning Radiometers (ATSR) observations with historic literature-
based results (land use practices, qualitative reports, and country statistics), and tree 
ring records. This burned area inventory was used to estimate emissions in the Global 
Inventory for Chemistry-Climate studies (GICC) dataset (Mieville et al., 2010). GICC 
provides estimates of biomass burning emissions over the 20th century and emissions 
mimicked the patterns in burned area with a decrease over the beginning of the 20th 
century followed by relatively constant emissions until emissions increased rapidly from 
the 1980s to 2005. The Reanalysis of the Tropospheric chemical composition (RETRO) 
inventory estimates global wildfire emissions over 1960 to 2000 with a regional approach 
by collecting and combining literature reviews with different satellite datasets, and a 
numerical model with a semi physical approach to estimate fire spread and fire 
occurrence. Over 1960 to 2000 RETRO-based fire emissions showed a global significant 
increase as a result of an increase in tropical forest and peat soil burning (Schultz et al., 
2008). The biomass burning emissions dataset used in the Intergovernmental Panel on 
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Climate Change (IPCC) Fifth Assessment report (AR5) estimated biomass burning 
emissions from 1850 through 2000 (Lamarque et al., 2010) using a combination of GICC 
for 1900-1950, the RETRO inventory for the 1960-1997 period, and the satellite-based 
Global Fire Emissions Database (GFED) version 2 for 1997 through 2000 (van der Werf et 
al., 2006). For the 1850-1900 time period biomass burning emissions were held constant 
because no additional data were available (Mouillot and Field, 2005). The reconstructed 
global signal indicated that fire emissions were relatively stable until the 1920s. They 
then decreased until 1950s, after which they increased until the end of the dataset in 
2000 (Lamarque et al., 2010).  

Besides these estimates based on historic datasets and satellite data, individual fire 
models are also used to estimate biomass burning emissions on a global scale (Fig. 4.1). 
Over the past decades these models have been embedded in dynamic global vegetation 
models (DGVMs), Earth system models (ESMs) and terrestrial ecosystem models (TEMs), 
enabling studying the feedbacks between fire, vegetation, and climate (Hantson et al., 
2016). Fire models have been growing in complexity and a large variety now exist. To 
better analyse and evaluate these models the Fire Model Intercomparison Project 
(FireMIP) was initiated, where models use the same forcing (meteorology, lightning, 
land-use, population density, atmospheric CO2) datasets (Rabin et al., 2016). 

While fire models in general have a global focus, they often do not include anthropogenic 
fires, for example those used in the deforestation process. However, another data source 
is available to estimate these fires and their emissions: the country-level estimates of 
deforestation and afforestation provided by the United Nations’ Food and Agricultural 
Organization’s (UN-FAO) Forest Resource Assessment (FRA) (Food and Agriculture 
Organization of the United Nations, 2010). These area estimates can be subsequently used 
in a bookkeeping model to calculate carbon emissions (Houghton, 2003). 

All of these emission inventories rely on different datasets and different assumptions. 
The most consistent estimates of fire patterns are based on satellite-observed burned 
area or active fires. These usually have a high temporal resolution and are available 
globally (Fig. 4.1). These satellite observations are used in combination with a 
biogeochemical model to estimate fuel loads and calculate emissions in GFED (van der 
Werf et al., 2010) or using fire-emitted energy scaled to GFED in the Global Fire 
Assimilation System (GFAS, Kaiser et al., 2012). Unfortunately these datasets only cover 
about 2 decades, i.e. since 1997 for GFED and shorter for other datasets, including those 
based on atmospheric observations of fire-emitted species that can be used to infer 
emissions when combined with an atmospheric transport model (Edwards et al., 2006; 
Huijnen et al., 2016; Krol et al., 2013). 
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Figure 4.1: Spatial and temporal resolution of various data streams available to estimate fire 
emissions. Adapted from Kehrwald et al. (2016). 

Proxy records cover longer time scales, of which the charcoal record is probably the most 
extensively explored (Daniau et al., 2013; Marlon et al., 2013; Power et al., 2008). Charcoal 
records can be used for reconstructing fire patterns and emissions on a local to regional 
scale covering time periods of decades to millennia and beyond. Regional and global scale 
analyses have been done compositing multiple records within a region or globally. The 
Global Charcoal Database (GCDv3) consists of 736 charcoal records globally, with most 
samples taken in North America, Europe, Patagonia and South-East Australia (Marlon et 
al., 2016). Ice cores are another widely used proxy for retrieving information about fire 
history on decadal to longer time scales and are representative for regional to continental 
scales. Reconstructions of continental to global scale fire emissions have often been based 
on concentrations and isotopic signatures of CO and CH4 (Ferretti et al., 2005; Wang et al., 
2010, 2012), because of their relatively long atmospheric life time. 

These long fire-history records most often focus on recent centuries or millennia. The 
charcoal records suggest that despite close links between fires and humans, pre-
industrial fires were not necessarily lower than present-day. The charcoal record also 
shows that fire has been continuously present in both populated and unpopulated areas 
since at least the last glacial maximum (Power et al., 2008) with no evidence of major 
changes in regional fire regime coinciding with the arrival of modern humans in Europe 
or Australia (Daniau et al., 2010; Mooney et al., 2011). The charcoal-based global analysis 
of Marlon et al. (2008) indicated a gradual decrease from 1AD until 1750AD, consistent 
with a global cooling trend. Over the 16th and 17th century the lowest emissions were 
observed, coinciding with the climate-driven little ice age (LIA). Based on CH4 
concentrations and its isotopic ratio, Ferretti et al. (2005) hypothesized that this decrease 
of human-driven fires in the South American tropics was related to the arrival of 
Europeans and the introduction of diseases in the tropics, which decimated the 
population and lowered the number of human ignitions. However, decreased burning is 
evident in both the Americas and globally (Power et al., 2013), and thus is better 
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explained by widespread cooling during the LIA. Later-on biomass burning emissions 
increased and peaked in the late 19th century according to these datasets. This peak was 
also seen in an Antarctic ice core record of CO concentrations and its isotopic ratio (Wang 
et al., 2010). Observations of CH4 concentrations and its isotopic ratio also indicated an 
increase, however this increase continues until present, without a peak in the 19th century 
(Ferretti et al., 2005). This pattern is also observed in firn air samples in both the 
Northern (Wang et al., 2012) and Southern Hemisphere (Assonov et al., 2007).  

Although biomass burning reconstructions based on isotopic ratios of CO and those of 
CH4, as well as those derived from charcoal records show similar features there are key 
differences. These differences are most pronounced for the past 50-100 years and could 
be the result of different lifetimes of CO (two months, thus providing more regional 
information) and CH4 (about a decade, thus providing information on a global scale), but 
also because of the distribution of the charcoal datasets, which is denser in temperate 
regions than in the tropics. Besides this disagreement in trends over the past decade, the 
amplitude seen in the only known CO record is much larger than in the CH4 records and is 
difficult to explain with our current understanding of fire emissions (van der Werf et al., 
2013).  

Field et al. (2009) used horizontal visibility data as observed by weather stations to show 
how increases in fire emissions were linked to transmigration in Indonesia. Their record 
started in 1960. A similar approach was used by van Marle et al. (2016) but focused on the 
Amazon where a similar pattern was found. Combined, these two studies indicated that in 
the key tropical deforestation regions fire emissions have increased steeply since 1960. 

Finally, ice core and firn records of levoglucosan, a specific biomass burning marker, 
have enabled the reconstruction of boreal fire emissions for the past two millennia 
(Kehrwald et al., 2012b; Zennaro et al., 2014) and black carbon concentrations taken from 
ice cores have been used to reconstruct fossil fuel and biomass burning emissions from 
boreal sources over the past 220 years (McConnell et al., 2007). Excess ammonium in ice 
cores has been used as a fire proxy on very long time scales (Fischer et al., 2015), and in 
rare cases multi-proxy fire reconstructions have also been developed from ice cores 
(Eichler et al., 2011; Legrand et al., 2016).  

To reconstruct fire emissions, there is thus a wide range of information available, each 
with strengths and weaknesses. The observation-based visibility records provide annual 
data but are only available for deforestation regions and extend the satellite-record only 
by a few decades. The charcoal data provides a much longer record and is most useful in 
temperate and boreal regions where data density is highest, but the signals are unitless 
due to standardization and it is unknown what the signal exactly represents. Combining 
these different data sources may provide a more complete history of fire on Earth than 
focusing on one single line of evidence (Kaiser and Keywood, 2015; Kehrwald et al., 2016). 
We have reconstructed global fire emissions since 1750 using observation-based data 
streams (fire emissions based on satellite data for the 1997 onwards period, charcoal 
datasets in temperate and boreal regions, and visibility-records from weather stations in 
deforestation zones of South America and Indonesia) and multi-model mean emission 
estimates from FireMIP when no observations were available, and anchored them to 
satellite-based fire emissions. 
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Figure 4.2:  The 17 basis-regions used to reconstruct fire emissions, abbreviations are explained in 
Table 4.1 

4.2 Datasets and Methods 
To leverage the specific strengths of the various proxies, we divided the globe into the 14 
regions used within GFED, which feature relatively homogeneous fire seasons and 
characteristics, but further sub-divided some of these regions to allow input from 
additional datasets for a total of 17 regions (Fig 4.2).  

For these 17 regions, we combined the satellite-based emissions from GFED (version 4s, 
(van der Werf et al., 2017) for 1997 to 2015 with either proxies (when available), or fire 
models to calculate the fire history starting in 1750 (Fig 4.3). We used visibility 
observations from the World Meteorological Organization (WMO) stations in the Arc of 
Deforestation (ARCD) and Equatorial Asia (EQAS). Dimensionless charcoal records were 
scaled to the range of the fire models and were used for Europe (EURO) and North 
America, where boreal and temperate North America was split in eastern (BONA-E, 
TENA-E) and western (BONA-W, TENA-W) parts. For all other regions no proxy 
observations were available and we used the median of fire model outputs anchored to 
GFED4s to extrapolate back to 1750. Both proxies and models were only used to 
reconstruct annual regional totals, these were distributed over the 0.25°×0.25° grid and 
months based on the GFED4s climatological patterns (1997-2015). In the next sections, 
we describe the datasets and methods in more detail. 
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Figure 4.3: Data sources used for each region. The pie chart represents the contribution of the 
modelled regions (purple), charcoal regions (green), and visibility-regions (grey) to the GFED totals 
over 1997 to 2015. 

4.2.1 Global Fire Emissions Database (GFED) 

We used the Global Fire Emissions Database version 4 with small fires (GFED4s) for 
1997-2015 and as anchor point for all proxies and model results. In GFED, satellite 
derived burned area is used as a key input dataset in a revised version of the Carnegie 
Ames Stanford Approach (CASA) biogeochemical model (Potter et al., 1993). The burned 
area estimates from 2000 onwards are from the Moderate Resolution Imaging 
Spectroradiometer (MODIS) MCD64A1 500-meter burned area maps aggregated to 
0.25°×0.25° spatial resolution and a monthly time step (Giglio et al., 2013). These 
estimates are ‘boosted’ using a revised version of the small fire estimates of Randerson et 
al. (2012), which are based on overlaying mapped burned area and active fires. Finally, the 
burned area estimates are used in combination with active fire detections from the Visible 
and Infrared Scanner (VIRS) and the Along-Track Scanning Radiometer (ATSR) sensors 
to extend this time series back to 1997 (van der Werf et al., 2017). 

In CASA, the burned area estimates are then converted to carbon emissions using 
modeled fuel consumption. Fuel consumption depends on the amount of flammable 
biomass and combustion completeness, and is calculated in the model as a function of 
satellite-derived plant productivity, fractional tree cover estimates, and meteorological 
datasets including solar insolation and moisture levels (van der Werf et al., 2010, 2017). 
The fuel consumption parameterization in the model was tuned to match observations 
compiled by van Leeuwen et al. (2014). As a final step, these carbon emission estimates 
are converted to trace gas and aerosol emissions using emission factors based mostly on 
the compilation of Akagi et al. (2011) but updates and other sources were used as well (van 
der Werf et al., 2017). An overview of the emission factors used in this study is given in 
Appendix C. 
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4.2.2 Fire models 

The global fire models used here were scaled (Eq. 4.1) to GFED4s and used in regions 
where no proxy data were available, and also to set upper and lower bounds for those 
regions where charcoal observations were used (Fig 4.3). The latter will be described in 
more detail in Section 2.4. 

There are generally two types of fire models embedded in global dynamic vegetation 
models (DGVM’s). In ‘process-based models’ fires are simulated from a mechanistic 
point of view, with fire number and size being separately simulated to derive burned area. 
Fire size simulation often takes into account fire propagation and duration under given 
weather conditions and is also influenced by fuel state, human suppression and economic 
conditions. In contrast ‘empirical models’ are based on statistical relationships between 
climate and population density, amongst others, with (usually) burned area (Hantson et 
al., 2016). Models are developed with different complexity and some models combine 
both empirical and process-based approaches. We used carbon emissions of all five 
models available at the time (May 14, 2016) within FireMIP, which covers the 1750-2013 
time period, as well as one model that did not participate in FireMIP, the SIMFIRE-GDP 
model. These six models are described in more detail below. FireMIP’s main goal is to 
evaluate fire models with benchmark datasets to understand differences between models 
and improve the representation of fires in DGVMs. The models within FireMIP used 
identical forcing datasets with prescribed meteorological forcing (1901-2013), global 
atmospheric CO2 concentrations (1750-2013), lightning (1871-2010), land-use change 
(1700-2013), and population density (1700-2013) (Rabin et al., 2016). 
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Table 4.1: Average regional biomass burning emissions (1750-2015) and their relative contribution 
to the global total emissions. Numbers in parenthesis indicate estimates based on the 5th and 95th 
percentiles instead of the 25th and 75th percentile used throughout the study to scale the charcoal 
signal.  

  Region Average emissions 
(Tg C year-1) 

Relative 
contribution  
(%) 

BONA-W Boreal North America – West 41.1 (39.5) 2.2 (2.0) 
BONA-E Boreal North America – East  12.5 (10.7) 0.7 (0.5) 

TENA-W Temperate North America - West 8.4 (7.9) 0.5 (0.4) 
TENA-E Temperate North America – East  14.1 (107.7) 0.7 (5.4) 
CEAM Central America 44.5 2.4 
NHSA Northern Hemisphere South America 26.4 1.4 
ARCD Arc of Deforestation 53.6 2.8 
EURO Europe 7.0 (4.41) 0.4 (0.22) 
MIDE Middle East 3.1 0.2 
NHAF Northern Hemisphere Africa 475.4 25.17 
SHAF Southern Hemisphere Africa 623.3 32.9 
BOAS Boreal Asia 101.3 5.3 
CEAS Central Asia 78.2 4.1 

SEAS South-East Asia 207.3 10.9 
EQAS Equatorial Asia 47.3 2.7 
AUST Australia 97.4 5.1 
SARC South of Arc of Deforestation 51.3 2.7 

GLOBE Sum of all regions 1896.4 (1983.42) 100.0 
 

We aggregated carbon emissions for each model (mod) and region (reg, Fig. 4.2) to an 
annual time step (yr). These estimates were then scaled for each individual model to the 
regional GFED fire emissions for the overlapping 1997-2003 time period: 

𝐹𝑖𝑟𝑒𝑀𝐼𝑃!"#$%& 𝑟𝑒𝑔, 𝑦𝑟,𝑚𝑜𝑑 = !"#$%&'!"#"(!"#,!",!"#)
!"#$%&'!""#:!""#(!"#,!"#)

 × 𝐺𝐹𝐸𝐷!""#:!""# 𝑟𝑒𝑔  (Eq. 4.1) 

where FireMIPscaled(reg,yr,mod) is the scaled regional model output on an annual time step 
and FireMIP1997:2003(reg,mod) is the average regional carbon emission estimate for 1997-
2003. While this 7-year time period included the highest fire year, 1997, elevated 
emissions in that year stemmed mostly from peat fires in Equatorial Asia for which Eq. 4.1 
is not used to reconstruct fire emissions (See Sect. 2.3). In regions where no proxy 
information was available and where we therefore only used model output (Fig 4.3) fire 
emissions before 1997 were based on the median of the 6 FireMIPscaled time series. We used 
the average over 1997 to 2003 when combining the various data streams to minimize the 
impact of interannual variability in the GFED time series, which could result in a 
mismatch when stitching the FireMIP emissions to the GFED data. Below we will describe 
the models we used here, followed by a description of other datasets used and how the 
various pieces of information were merged to regional time series of emissions for the 
1750-2015 period. 
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4.2.2.1 CLM 

The fire module used in the National Center for Atmospheric Research (NCAR) 
Community Land Model was version 4.5 (CLM4.5). The fire module embedded in CLM 
consists of four components: non-peat fires outside croplands and tropical closed 
forests, agricultural fires in croplands, deforestation fires in the tropical closed forests, 
and peat fires. The first component is process-based, in which burned area is simulated 
as the product of fire counts and average fire size and regulated by weather and climate, 
vegetation characteristics, and human activities (Li et al., 2012, 2013) Anthropogenic 
ignitions and fire suppression are functions of population density and gross domestic 
product (GDP) per capita; the other three components are empirical (Li et al., 2013). 
Burned area depends on socioeconomic factors, prescribed fire timing, and fuel load for 
agricultural fires, climate and deforestation rates for tropical deforestation fires, and 
climate and area fraction of peat exposed to air for peat fires. The simulated burned area 
is then converted to fire carbon emissions based on simulated biomass and plant 
functional type (PFT)-dependent combustion completeness factors for leaves, stems, 
roots and litter (Li et al., 2012, 2014). 

4.2.2.2 INFERNO 

The INteractive Fire and Emissions algorithm for Natural envirOnments (INFERNO, 
Mangeon et al., 2016) model was developed to incorporate a fire parameterization into 
the Joint UK Land Environment Simulator (JULES) and eventually into an ESM. INFERNO 
is a reduced-complexity empirical global fire model that builds on the parameterization 
for fire occurrence from Pechony and Shindell (2009). It estimates burned area and 
emissions for each of the PFTs used in JULES. Fuel flammability is determined at each 
time step (using temperature, relative humidity, fuel density, precipitation and soil 
moisture). Ignitions are calculated using population density and cloud-to-ground 
lightning. Burned area is derived from fire occurrence using a fixed average burned area 
for different vegetation: 0.6, 1.4 and 1.2 km2 for trees, grasses and shrubs respectively. 
Carbon emissions are then estimated using biomass densities from JULES area and 
combustion completeness, which scales linearly with soil moisture for leaves (between 
0.8 and 1) and stems (between 0 and 0.4). 

4.2.2.3 JSBACH, LPJ-GUESS, ORCHIDEE 

In three of the DGVMs the SPread and InTensity of FIRE (SPITFIRE) model serves as the 
fire module (Thonicke et al., 2010). SPITFIRE is a process-based global fire model and a 
further development of the Reg-FIRM approach (Venevsky et al., 2002), but uses a more 
complete set of physical representations of spread and fire intensity. Precipitation, daily 
temperature, wind speed, soil moisture, carbon content of the vegetation and litter pools, 
and the vegetation distribution are used as input for SPITFIRE to calculate rate of spread, 
fire duration and intensity. Based on the calculated burned fraction and post-fire 
mortality of trees, carbon emissions are computed and redistributed over carbon pools. 
SPITFIRE includes a dynamic scheme for combustion completeness and depends on fire 
characteristics and the moisture content of different fuel classes (Lenihan et al., 1998; 
Thonicke et al., 2010). SPITFIRE was originally developed for the Lund-Potsdam-Jena 
(LPJ) vegetation model and is modified for use within the Jena Scheme for Biosphere-
Atmosphere Coupling in Hamburg (JSBACH), the Lund-Potsdam-Jena General 
Ecosystem Simulator (LPJ-GUESS) and the ORganizing Carbon and Hydrology In 
Dynamic EcosystEms (ORCHIDEE).  
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The JSBACH land surface model (Brovkin et al., 2013; Reick et al., 2013) is the land 
component of the Max-Planck-Institute Earth System Model (MPI-ESM) (Giorgetta et 
al., 2013). Differences with the original SPITFIRE model are that the vegetation 
distribution is prescribed and includes two shrub PFTs. The relation between rate of 
spread and wind speed was modified (Lasslop et al., 2014). Human ignitions and a 
coefficient related to the drying of fuels were adjusted. Furthermore the combustion 
completeness values were updated to better mimic field observations (van Leeuwen et al., 
2014).  

In contrast to the original LPJ model, the LPJ-GUESS vegetation model (Smith et al., 
2001) follows a  ‘gap-model’ approach and simulates stochastic establishment and 
mortality of trees in multiple replicate plots (referred to as patches) for each modeled 
locality. This allows trees of different sizes and ages to co-exist and thus provides more 
detailed representation of vegetation structure and dynamics. Therefore the original 
SPITFIRE model was integrated into LPJ-GUESS (Smith et al., 2001) and was adapted to 
take advantage of these features. Most importantly, the fire characteristics are calculated 
separately for each patch and the burned area for a patch is interpreted as the probability 
of a particular patch burning, rather than as a fraction of the locality that burns (Lehsten 
et al., 2009). As a further consequence of the more detailed vegetation structure, the size 
dependent mortality functions in SPITFIRE have a more realistic impact, whereby small 
trees have a relatively higher probability of being killed by fires than large trees. For the 
FireMIP simulations used here further improvements were made; the calculation of 
human ignitions was recalibrated and post-fire mortality parameters were updated. 

For the global vegetation model ORCHIDEE (Krinner et al., 2005), SPITFIRE was adjusted 
and incorporated by Yue et al. (2014, 2015). Most equations from the original SPITFIRE 
model were implemented and run parallel to the STOMATE sub-module, which simulated 
vegetation carbon cycle processes in ORCHIDEE. Minor modifications were made by Yue 
et al. (2014, 2015) and include updated combustion completeness values based on field 
measurements (van Leeuwen et al., 2014). 

4.2.2.4 SIMFIRE-GDP 

We used the stand-alone semi-empirical simple fire model (SIMFIRE) coupled to LPJ-
GUESS (Knorr et al., 2016), after optimizing SIMFIRE according to Knorr et al. (2014), 
albeit with a modified semi-empirical function (see Appendix A). SIMFIRE is an empirical 
global fire model, where burned area estimates are based on human drivers (only 
population density in the original version) as well as climate and remotely-sensed 
vegetation factors (the fraction of absorbed photosynthetically active radiation (FAPAR, 
Gobron et al., 2010)) as environmental drivers. The version used here relies additionally 
on large-region averages of per capita gross domestic product (GDP) in combination with 
human population density as statistical drivers for land use impacts on burned area. 
Simulations with the original coupled LPJ-GUESS-SIMFIRE global dynamic vegetation–
wildfire model revealed that over the 20th century population density was the main driver 
of wildfire emissions, whereas climate factors only had a small influence (Knorr et al., 
2016). Therefore, prior to 1900, only GDP and population density are used to re-scale 
emissions computed by LPJ-GUESS-SIMFIRE for the early 20th century.  As a result there 
is no climate-driven interannual variability prior to 1900. 
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4.2.3 Visibility-based fire emission estimates 

Fire-emitted aerosols lower visibility, and in the frequently-burning regions of EQAS 
(Field et al., 2009) and ARCD (van Marle et al., 2017a) visibility observations can be used 
as a proxy for fire emissions given the reasonable agreement between fire emission 
estimates from GFED and visibility observations for the overlapping 1997-2015 period. 
The visibility observations are taken from weather station records from the NOAA 
National Centers for Environmental Information (NCEI) Integrated Surface Database 
(ISD). For EQAS data are available from 1950 onwards and for ARCD data are available 
starting in 1973. Fire emissions in these regions have increased over time related to 
migration of humans accompanied with deforestation (Field et al., 2009; van Marle et al., 
2017a). 

We replaced the visibility-based emissions from 1997 through 2015 with the estimates 
based on GFED4s (Fig 4.4). To extend this combined time-series to years with no 
visibility-observations, we kept the emissions constant at the lowest decadal average. 
This approach is based on the assumption that fires do not occur naturally in these 
regions and that fires here are strongly linked to population density (Fearnside, 2005; 
Field et al., 2009). In ARCD deforestation emissions dominate the fire emissions, but 
additional emissions stem from Cerrado burning. We assumed that fraction corresponds 
to our baseline emissions in the 1970s when deforestation was low and was kept constant 
before that period. The strong link between population and biomass burning emissions is 
also seen when comparing HYDE 3.1 population density (Klein Goldewijk et al., 2011) and 
extended visibility-based fire emissions using the lowest decadal average for the period 
before visibility observations became available with an r2 of 0.67 in the Arc of 
Deforestation and an r2 of 0.84 in Equatorial Asia (both with p<0.05) over 1750 to 2000. 

 

Figure 4.4: GFED4s-based fire carbon emissions, visibility-based fire carbon emissions and 
constant carbon emissions for ARCD (top) and EQAS (bottom). 
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4.2.4 Global Charcoal Database 

The Global Charcoal Database version 3 (GCDv3) was at the time of writing the most 
recent version of the GCD (Marlon et al., 2016) and includes 736 charcoal records. The 
records are distributed over 5 continents with the majority of sites having one record. The 
sites are not distributed evenly over the globe: many sites (326) are located in Northern 
America and Europe. Records may lack data from the most recent 250 or so years (the 
near-surface sediment), which further restricts the charcoal analysis (see Fig. B1 with 
locations of charcoal sites and regions in Appendix B). While all of our regions have 
charcoal records, data density is highest in temperate and boreal regions (in total for 5 
regions, Fig. 4.3). The charcoal records were converted to unitless time series, with a 
range between 0 and 1, and a decadal time step using methods detailed in Power et al. 
(2010). The decadal time step was linearly interpolated to annual values and subsequently 
scaled to the output of the modeled data described under 4.2.2 following Eq. 4.2: 

𝐶𝐶!"#$%&' 𝑟𝑒𝑔, 𝑦𝑟 =  𝐹𝚤𝑟𝑒𝑀𝐼𝑃!"!!(𝑟𝑒𝑔) 

+ 𝐶𝐶!"#$(𝑟𝑒𝑔, 𝑦𝑟) ∗ 𝐹𝚤𝑟𝑒𝑀𝐼𝑃!"!!(𝑟𝑒𝑔) − 𝐹𝚤𝑟𝑒𝑀𝐼𝑃!"!!(𝑟𝑒𝑔)   (Eq. 4.2) 

where the normalized charcoal signal (CCnorm) is the unitless charcoal influx Z-score on a 
decadal time step normalized per region and year following the approach described in 
(Power et al., 2010). Here a base period of -60 to 200 cal yr BP (1750-2010 AD) was used 
to obtain a common mean and variance for all sites. The composite curves per region 
were obtained using a locally weighted regression with a window (half) width of 10 yrs. 
𝐹𝚤𝑟𝑒𝑀𝐼𝑃!"!! and 𝐹𝚤𝑟𝑒𝑀𝐼𝑃!"!! are the average regional 25th and 75th percentiles based on the 
output of the 6 FireMIP models for 1750-2000. We used the 25th to 75th percentiles, so 
outliers did not influence the scaled charcoal signal. To stitch the regional charcoal signal 
to the GFED period the charcoal signal adjusted to the FireMIP model output (CCFMIP) is 
scaled to the average regional GFED carbon emissions over 1997 through 2003 
(𝐺𝐹𝐸𝐷!""#:!""#, Eq. 4.3), similar to scaling the FireMIP models to GFED. This is done in the 
same fashion as when scaling plain model results to GFED, thus averaging out the large 
interannual variability in fire emissions. 

𝐶𝐶!"#$%&(𝑟𝑒𝑔, 𝑦𝑟) =
!!!"#$ !"#,!"
!!!"#$ !"#,!"""

∗ 𝐺𝐹𝐸𝐷!""#:!""#(𝑟𝑒𝑔)    (Eq. 4.3) 

4.2.5 Breakdown of regional fire emissions 

The annual regional fire emissions over 1750 to 2015 were distributed over the 
0.25°×0.25° grid cells based on the GFED4s climatology (1997-2015). We thus assumed 
that within each region the spatial and monthly patterns did not change over time. Those 
climate models that already have fire modules and calculate emissions directly may be in 
a better position regarding estimating spatial and temporal variability based on 
simulated weather. The contributions of emissions related to deforestation fires, fires in 
boreal and temperate forests, savanna fires, agricultural waste burning on field, and 
peatland fires were again based on the GFED climatology. Areas where deforestation and 
peat fires were important had declining emissions going back in time. Agricultural fires 
were relatively constant over time as we did not adjust the relative contribution of these 
fires due to a lack of information and fire emissions in these regions did not decline as 
much as in deforestation zones going back in time. This partitioning was used to convert 
carbon emissions to the different emissions of several species based on the same 
emission factors as used in GFED (Appendix C). The emissions for BC, CH4, CO, H2, N2O, 
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NH3, NMVOC, NOx, OC, and SO2 were provided. The NMVOC emissions consists of the sum 
of C2H6, CH3OH, C2H5OH, C3H8, C2H2, C2H4, C3H6, C5H8, C10H16, C7H8, C6H6, C8H10, Toluene 
lump, Higher Alkenes, Higher Alkanes, CH2O, C2H4O, C3H6O, C2H6S, HCN, HCOOH, 
CH3COOH, MEK, CH3COCHO, and HOCH2CHO (Akagi et al., 2011). 

4.3 Results  

4.3.1 Global fire emissions 

According to our approach, global biomass burning emissions were relatively stable from 
1750 to 2015 (Fig. 4.5). Carbon emissions increased only slightly over the full time period 
and peaked during the 1990s after which they decreased gradually. Although Africa 
exhibits a decrease already from 1950 onwards, this decline in emissions was 
compensated for, especially in the 1990s, by increasing emission in deforestation zones 
(Fig. 4.5). From 1960 onwards the interannual variability increased in our dataset as a 
result of more detailed information from the visibility-based (1960 to 1997) and 
satellite-based (1997-2015) biomass burning emission datasets. The cyclic variability in 
the first centuries is related to the use of repeating climate variability in FireMIP. While 
the increase in IAV is thus partly due to changes on underlying data sources, it has also 
increased in reality because of the increase in deforestation-based emissions that vary 
more from year to year than other fire emissions sources. 

 
Figure 4.5: Global biomass burning carbon emissions (1750-2015). 
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The global trend in fire emissions reflects mostly the patterns in biomass burning 
emissions from Africa, which contributed more than half (58 %) to the global biomass 
burning emissions from 1750 to 2015 (Fig. 4.6), where southern hemisphere Africa 
(SHAF) contributed more (33 %) than northern hemisphere Africa (NHAF, 25 %). Tropical 
America (9 %) and tropical Asia (equatorial Asia (EQAS) and southeast Asia (SEAS) 
combined, 14 %) are regions substantially influenced by land-use change and 
contributed most after Africa. These regions are followed by boreal (8 %) and temperate 
(6 %) regions, and Australia (5 %) (Table 4.1). 

 

Figure 4.6: Relative contribution of various regions to global fire emissions. Contributions are 
calculated as averages over 25 years, except for the 2000-2015 period, which is based on 16 years. 
Note the vertical scale starts at 30 %. 

4.3.2 Regional breakdown of estimates 

4.3.2.1 Africa 

The multi-model median indicated that Southern Hemisphere Africa (SHAF) had a slight 
increasing trend from 1750 until ~1950, after which emissions stabilized. Not all models 
agreed on this: the two models that departed most from the average were SIMFIRE, 
which had a decreasing trend in fire emissions and highest emissions in preindustrial 
times, and ORCHIDEE showing a stronger increasing trend (Fig. 4.7). In Northern 
Hemisphere Africa (NHAF) emissions were relatively constant from 1750 until the 1950s, 
after which the emissions decreased, first slightly and from 1997 onwards more steeply, 
until present-day (Fig. 4.7). All models, except CLM, agreed with this decreasing trend. 
Therefore, the range in the 25th to 75th percentile was relatively small. The Middle-east 
(MIDE), including the African Sahara, contributes little (0.2 %) to global emissions. These 
emissions were stable until 1900 after which they decreased, all models agreed on this 
trend (Fig. 4.7). 
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Figure 4.7: Fire carbon emissions for African regions. Panels on the left indicate all model outputs 
scaled to the average GFED values over 1997-2003 for that region. The panels on the right indicate 
the median of the models in purple (solid line) and the GFED signal in black. The variation between 
the models is shown in pink (25th to 75th percentiles) and light pink (total range models).  

4.3.2.2 South America  

In the Arc of Deforestation (ARCD) biomass burning emissions were based on visibility-
observations from weather stations from 1973 to 1997 and GFED4s emissions estimates 
from 1997 to present (Fig. 4.8). According to this approach fire emissions were constant 
with 32 Tg C yr-1 until 1973, after which they stayed relatively low until the first high fire 
years in 1987 and 1988. After that fire emissions increased rapidly with fire emissions of 
an average of 280 Tg C yr-1 over the 2000s and highest values often coinciding with El 
Niño years. 

Other tropical regions in South America are Central America (CEAM, contributing 2.4 %), 
Northern Hemisphere South America (NHSA contributing 1.4 %) and South of the Arc of 
Deforestation (SARC, contributing 2.7 %) (Fig. 4.8). In these regions the fire emissions 
were based on the median of scaled models. The 25th to 75th percentile range was 
relatively small and for all three regions most models showed a decrease from 1950 to 
present. In the SIMFIRE model the decrease started around 1900. In SARC most models 
showed an increase until the decrease from 1950 onwards. 
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Figure 4.8: Fire carbon emissions for Central and South American regions. Panels on the left 
indicate all model outputs scaled to the average GFED values over 1997-2003 for that region. The 
panels on the right indicate the visibility-based fire emissions in grey, the median of the models in 
purple (solid line) and the GFED signal in black. The variation between the models is shown in pink 
(25th to 75th percentiles) and light pink (total range models). 

4.3.2.3 Tropical Asia and Australia 

In Equatorial Asia (EQAS) biomass burning emissions were also based on visibility-
observations. Here the emissions were kept constant at 26 Tg C yr-1 until 1960 based on 
the average emissions over 1955-1965, when the visibility observations started, after 
which they increased with large interannual variability (Fig. 4.9). The highest fire year 
was 1997, followed by 1991, 1994 and 2015, all El Niño years. South East Asia (SEAS) is 
another tropical Asian region contributing 11.0 % to the global budget (Fig. 4.9). Here, the 
models also showed a decreasing trend over time, where SIMFIRE exposed the highest 
pre-industrial emissions, decreasing strongly from 1950 to present.  

Australia (AUST) contributed 5.2 % to the global fire carbon emissions and the median 
value is relatively constant over time, with only a small sudden jump in the 1970s. The 
models exhibited a large range in emissions, where CLM presented higher values in 1750 
compared to the other models (Fig. 4.9). 
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Figure 4.9: Fire carbon emissions for Tropical Asian regions and Australia. Panels on the left 
indicate all model outputs scaled to the average GFED values over 1997-2003 for that region. The 
panels on the right indicate the visibility-based fire emissions in grey, the median of the models in 
purple (solid line) and the GFED signal in black. The variation between the models is shown in pink 
(25th to 75th percentiles) and light pink (total range models). 

4.3.2.4 Boreal regions 

In both western boreal North America (BONA-W), contributing 2.2 %, and eastern boreal 
North America (BONA-E), contributing 0.7 % to the global fire emissions, the number of 
charcoal records was relatively dense and used here to represent the regional signal with 
the upper and lower bounds set by the 75th and 25th percentile of the models (Fig. 4.10). 
According to this approach the levels in biomass burning emissions BONA-W were in 
1750 about the same as present-day. After a peak in 1850 fire emissions decreased until 
1920 after which biomass burning emissions started to increase until present. Agreement 
with models was poor; most models showed an increase from 1750 to present, only 
JSBACH and SIMFIRE had a relatively stable period from 1750 until 1900, after which 
emission decreased. 

In BONA-E, the charcoal signal was relatively constant, which was something most 
models agreed on. The charcoal signal showed some elevated years just before 1800 and 
1900, and after a small decrease, emissions started to increase until present.  

Biomass burning emissions in boreal Asia (BOAS, contributing 5.4 %) were based on the 
median of the six models. The model simulations showed in general less interannual 
variability than GFED, and taking their median decreased the variability even further. 
Also, the median exhibited no clear in- or decreasing trend; thus the regional signal 
stayed relatively constant, while the range between the models was relatively large. 
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Figure 4.10: Fire carbon emissions boreal regions. Panels on the left indicate all model outputs 
scaled to the average GFED values over 1997-2003 for that region. The panels on the right indicate 
the charcoal signal in green (solid line), the median of the models in purple (solid line) and the GFED 
signal in black. The variation between the models is shown in pink (25th to 75th percentiles) and light 
pink (total range models). 

4.3.2.5 Temperate regions 

The regions western temperate North America (TENA-W), eastern temperate North 
America (TENA-E), and Europe (EURO) were all based on the charcoal signal (Appendix 
B) with upper and lower limits based on the models, just like in the boreal regions (Fig. 
4.11). These three regions combined contributed 1.6 % to the global total. The pattern 
based on the charcoal signal in TENA-W showed a peak in 1850 after which fire emissions 
decreased until 1920. Afterwards they increased to the present, a pattern similar to the 
BONA-W trend. The models had a relatively large range, SIMFIRE and CLM exhibited a 
decrease from 1750 to present, all other models were relatively low until 1850 after which 
they increased. 

The charcoal records in TENA-E indicated relatively constant emissions until 1800, after 
which emissions increased until a peak in 1900. From 1900 until present-day emissions 
decreased again. The 25th to 75th percentile of the model simulations, used to constrain 
the charcoal signal, were relatively constant with a small range, resulting in relatively 
constant fire emissions for this region (Fig. 4.11). 

The charcoal-based trend for EURO is based on records from both southern and northern 
Europe (Fig. 10.B1) and showed an increase from 1750 to present, whereas the model 
simulations in general showed no trend or a decrease from 1750 to present (Fig. 4.11). 
Constraining the charcoal signal with the model output resulted in relatively constant fire 
emissions over Europe from 1750 to the present.  
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Central Asia (CEAS) is the temperate region which contributed most to the global totals 
with 4.1 %. Biomass burning emissions were based on the median of the models used. 
Most models, except ORCHIDEE, were relatively constant until 1950, after which 
emissions decreased. Using the median resulted in biomass burning emissions with a 
decreasing trend from 1750 to present (Fig. 4.11). 

 

Figure 4.11: Fire carbon emissions for temperate regions. Panels on the left indicate all model 
outputs scaled to the average GFED values over 1997-2003 for that region. The panels on the right 
indicate the charcoal signal in green (solid line), the median of the models in purple (solid line) and 
the GFED signal in black. The variation between the models is shown in pink (25th to 75th percentiles) 
and light pink (total range models). 
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4.3.3 Sensitivity analyses 

Reconstructing fire emissions is difficult because there are very little data to constrain 
patterns and the existing data is often conflicting. In this section we describe the 
sensitivity of our results to some choices that had to be made rather arbitrarily, including 
choosing between which percentiles of the model outputs we scaled our results (4.3.1) and 
the choice of the fire models (4.3.2). 

4.3.3.1 Effect of choice of percentiles 

For the regions where we used charcoal as a proxy for fire emissions (Fig. 4.4), we relied 
on the 25th to 75th percentile of the models to scale the charcoal signal (Section 2.4). If we 
had chosen the 5th to 95th  percentile instead, global biomass burning emissions would 
have increased by 4.6 %. This is mainly because TENA-E would have had more than six 
times higher fire emissions during the first part of our record because SIMFIRE results 
would be included (Fig. 4.11). This would have increased the relative contribution of this 
region to the global total from 0.74 % to 5.43 % (Table 4.1). Europe (EURO) and eastern 
boreal North America (BONA-E) would decrease substantially, although those regions 
were relatively small contributors to the global totals. Western boreal North-America 
(BONA-W) and western temperate North-America (TENA-W) would also have decreased 
with a relatively small difference (-3.8 % and -6.3 % for BONA-W and TENA-W 
respectively) (Table 4.1). 

4.3.3.2 Impact of excluding models on regional emissions 

We used six different models in our regional analyses, all with different temporal 
patterns. If new proxies become available, benchmarking exercises may indicate which 
models provide the most reasonable results but at this stage it is not known which 
models are best suited for our purpose. To better understand the sensitivity of our results 
to the selection of the models we tested what the effect would be on the average regional 
emissions over 1750-2015 if we excluded one of the six models (Table 4.2). The estimates 
from the ARCD and EQAS regions were not based on models and will thus not show any 
differences.  

The effect on the average global totals by excluding models is relatively small (varying 
from -3 % for excluding SIMFIRE to +1 or -1 % for any other model). However, on a 
regional scale differences could be profound, with the largest differences again in 
temperate North America (TENA-E and TENA-W) where the models exhibited a 
relatively large range (Fig. 4.11). In TENA-W excluding CLM would have increased the 
average emissions with around 35 % and excluding INFERNO, JSBACH, LPJ-GUESS-
SPITFIRE or ORCHIDEE would have increased the average emissions with 19-23 %.  In 
TENA-E, excluding INFERNO or JSBACH would have resulted in the biggest difference 
with increases of 42-44 %, whereas excluding LPJ-GUESS-SPITFIRE or ORCHIDEE 
would have resulted in a decrease (both -35 %). Another region where excluding 
individual models would have had a relatively large effect is eastern boreal North America 
(BONA-E), excluding SIMFIRE would have resulted in an increase in fire emissions of 21 
%. However excluding any other model would have resulted in a decrease, where 
excluding CLM, INFERNO and JSBACH had the largest effect (with a decrease around -20 
%). However on a global scale, TENA-E, TENA-W and BONA-W were relatively small 
contributors (Table 4.1). 

In absolute terms emissions in SEAS, SHAF and BOAS were most influenced by excluding 
one of the models. In SHAF excluding SIMFIRE or ORCHIDEE would have had the largest 
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effect resulting in a decrease of 20 Tg C yr-1 excluding SIMFIRE or an increase of +20 Tg C 
yr-1 excluding ORCHIDEE. Excluding one of the other models would also have had a 
substantial increase (CLM, JSBACH) or decrease (INFERNO, LPJ-GUESS-SPITFIRE), 
although the relative changes were relatively small (varying from -2 % to +3 %). In SEAS 
excluding one of the models would have resulted in either a decrease varying from -12 to 
-14 Tg C yr-1 (for ORCHIDEE, SIMFIRE and JSBACH) or a increase in the same magnitude 
varying from +12 to +14 Tg C yr-1 (for LPJ-GUESS-SPITFIRE, CLM and INFERNO). 
Excluding one of the models in BOAS would have resulted in changes varying from +8 Tg 
C yr-1 to 9 Tg C yr-1 (JSBACH, LPJ-GUESS-SPITFIRE and ORCHIDEE) or -7 Tg C yr-1 to -9 
Tg C yr-1 (Table 4.2). In summary, our global numbers were rather insensitive to 
excluding one of the six models, but on a regional scale differences can be profound. 

4.4 Discussion 

We found that carbon emissions increased slightly over the full time period and peaked 
during the 1990s after which they decreased gradually. Africa accounts for a large part 
(on average 58 % over our study period) of global fire carbon emissions and the general 
trend therefore largely mimics that of Africa. The exception is the latter part of our 
record; from about 1950 African fire emissions decreased while emissions in 
deforestation zones increased (Fig. 4.5). From 1960 onwards the interannual variability 
increased as a result of more detailed information from the visibility record for Equatorial 
Asia (EQAS) and the Arc of Deforestation (ARCD) and satellite-based biomass burning 
emission datasets covering the whole globe. This is thus partly an artefact of data 
availability but also partly real because the interannual variability from deforestation 
zones is relatively high and its contribution increased over time. Meteorological forcing 
data was only available for the year 1901 onwards. The interannual variability before 1901 
stems from a 20-year repetitive cycle in meteorological forcing (1901-1920). 

The multi-model median indicated that Southern Hemisphere Africa (SHAF) had an 
increasing trend from 1750 until ~1950, after which emissions stabilized. Regional 
studies based on charcoal show a decrease for African emissions from ~1900 onwards 
(Tierney et al., 2010). An explanation for this could be the intensification of agriculture, 
which suppresses fires in African savannas (Andela and van der Werf, 2014). Based on the 
relationship between cropland, burned area and precipitation found in Andela and van 
der Werf (2014) we reproduced fire emissions back to 1750, using cropland extent (1750-
2014) from the Land Use Harmonization (LUHv2.2) dataset (Hurtt et al., 2011), in 
combination with MODIS MCD12C1 cropland for the year 2012. The reconstructed fire 
emissions based only on precipitation and changes in cropland as input variables showed 
similar results as the biomass burning emissions based on the median of models for both 
southern and northern hemisphere Africa from 1950 to 2013 (Fig. 4.12). Although the 
trends for the two approaches over 1700-1950 agree for NHAF, in SHAF they show 
opposing trends with an increase from 1750-1950 based on models and a slight decrease 
based on the reconstruction. Future research into the drivers of African fires and how 
these have changed over time could help would improve these estimates. 



4 

 
 

 72 

 

Figure 4.12: African biomass burning emission estimates from 1750-2015 based on models, GFED 
and a model based on cropland change as proxy.  

Emissions from tropical forests are responsible for the global increase we found from 
1950 onwards. Rainforests rarely burn in their natural state, due to their generally moist 
conditions underneath the canopy and because dry lightning is rare (Cochrane, 2003). 
Logging and land-use change made the landscape more vulnerable to fires (Nepstad et 
al., 1999). Infrastructure projects, including the building of roads and highways, 
increased the migration into the Amazon basin (Fearnside, 2002; Laurance et al., 2001), 
but also, for example, the Mega Rice Project during the 1990s where peatland drainage in 
Kalimantan increased fire emissions in EQAS (Field et al., 2009). Before humans 
substantially altered the landscape, we assumed that fire emissions did happen, either 
man-made or naturally, but at a much lower rate. Interannual variability in tropical 
regions is partly driven by changes in the El Niño Southern Oscillation (ENSO) for both 
South America and Indonesia, and the Indian Ocean Dipole (IOD) for Indonesia (Chen et 
al., 2013; Field et al., 2009). 

Over the past decade, several studies have identified larger variability or trends over our 
study period than we present here. This includes a steeper increase of global fire 
emissions from 1750 to 1920 than found by us, after which fire emissions gradually 
decline from 1920 to present based on a global analysis of the charcoal record (Marlon et 
al., 2008) and much larger variability based on CO concentrations and their isotopes from 
a South Pole ice core (Wang et al., 2010). Our results are different than the patterns found 
when relying solely on charcoal data, because we limited ourselves to that approach for 
regions where the density of charcoal was relatively large. However, all regions have 
charcoal records (Appendix B) and results would have been different had we used those.  

The variability we found is also smaller than found in the CO record (Wang et al., 2010) 
whos pattern is difficult to reconcile with our current understanding of fire emissions and 
atmospheric transport (van der Werf et al., 2013). Other sources of information include 
the use of CH4 concentrations in ice cores (Ferretti et al., 2005) and firn air samples, 
although it is uncertain to what degree the most recent part of the record is 
representative for current conditions. These studies show an increase over the recent 
decades for both the Northern (Wang et al., 2012) and Southern Hemisphere (Assonov et 
al., 2007), and at this point we cannot reconcile the differences found in the various 
records indicating that uncertainty remains substantial. 
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4.4.1 Comparison with CMIP5 estimates 

The biomass burning emissions used in the CMIP5 and available for 1850 through 2000 
were estimated using GFED version 2 for 1997 onwards and biomass burning inventories 
(GICC and RETRO) for the pre-satellite era. Biomass burning emissions were kept 
constant from 1850 to 1900 based on the 1900 value, which was lower than their emission 
estimates in 2000. From 1900 to 1920 the CMIP5 emissions decreased, after which they 
increased rapidly to 2000 (Fig. 4.13, Lamarque et al., 2010). Our results show a somewhat 
smaller amplitude for most species and less of an increase, although differences vary 
depending on the specie one is interested in due to the use of revised emission factors and 
the relative contribution of forest fires (emitting in general high amounts of reduced 
gases such as CO and low amounts of NOx) versus savanna fires (low CO, high NOx) (Fig. 
4.13). Although the global trends are relatively similar, on a regional scale differences 
between our estimates and the data used in CMIP5 are more substantial (See Fig. D1, with 
regional comparisons between CMIP5 and CMIP6 estimates in Appendix D). The largest 
differences were in TENA-E, TENA-W, SHAF and SARC. In Africa, the continent of which 
half of all carbon emissions stem, we found that emissions were relatively flat while 
CMIP5 estimates increased over the past decades, at odds with recent findings that 
agricultural expansion lowers fire activity (Andela and van der Werf, 2014). The estimates 
and trends in EQAS, CEAS, BONA-W, BONA-E are very similar, and in ARCD as well, 
although in our estimates the increase there started a few decades later. While our 
estimates are for several regions driven by consistent data sources, these substantial 
discrepancies highlight once more that uncertainties are large. 
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Figure 4.13: Total global biomass burning emissions for NOx, organic carbon, and carbon monoxide 
estimated by Lamarque et al. (2010) developed for CMIP5 and our results developed for CMIP6 on an 
annual and decadal time step.  

4.4.2 Uncertainties 

Uncertainties in reconstructing fire emissions are large and stem from uncertainties in 
the data we used and from our approach of combining the different datasets. For the 
reconstruction the fire models and visibility-based fire emissions were used with GFED4s 
as an anchor point. We have to some degree relied on fire models in almost every region, 
except ARCD and EQAS. The fire models exhibit differences in regional trends, resulting 
in a range in regional biomass burning emissions. On a global scale, the impact of 
excluding single models led to relatively small differences up to 3 % (Table 4.2). However, 
on a regional scale differences were more profound, with percentages up to 44 % in 
TENA-E. In regions where models were used in combination with charcoal records, the 
models had a large influence when the charcoal signal and the models exhibit opposing 
trends, for example in EURO and BONA-W and this also explains why in these regions 
excluding any of the models would result in a decrease in fire emissions (Table 4.2). 
Future model comparisons pinpointing the reasons why models behave differently would 
help constrain this uncertainty. Furthermore, an in-depth comparison between forest 
fire statistics from the US and Canada, for example the Canadian Fire Database (CNFDB, 
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Stocks et al., 2002) and the charcoal time series may help in better constraining trends in 
boreal and temperate North America. 

Given the good agreement between visibility and GFED estimates for the overlapping 
period in ARCD and EQAS we feel these regions are relatively well represented. However, 
this proxy relies on man-made observations leading to inconsistencies. In addition the 
location of the WMO stations were not evenly distributed over the region. Also, little is 
known about fire history in these regions before visibility-observations became available. 
We have assumed that fire emissions did happen at a much lower rate, either man-made 
or naturally. However, the relation between climate, humans and fires is complicated 
(Archibald, 2016). 

Over the 1997-2015 period we used fire-emissions based on GFED4s. In that approach 
burned area, fuel consumption, and emission factors all have uncertainties although each 
parameter has seen important improvements over the past decade. The inclusion of small 
fires has increased burned area in human-dominated locations and total burned area now 
better agrees with higher resolution burned area in several regions (Mangeon et al., 2015; 
Randerson et al., 2012). The fire distribution in regions with small fires from, for example 
agricultural waste burning, now also agrees better with those in inventories derived from 
active fire observations (Chuvieco et al., 2016). However, more systematic comparisons 
are necessary to assess the exact uncertainty in this approach. Likewise, modeled fuel 
consumption has benefited from comparisons against field measurements compiled by 
van Leeuwen et al. (2014) and modeled and measured values are now in good agreement 
on biome level, but comparisons within biomes still show substantial differences (Andela 
et al., 2016; Veraverbeke et al., 2015). Finally, the emission factors used here from Akagi et 
al. (2011) distinguishes more classes (for example boreal and temperate regions which 
were previously lumped together) and the various studies are dealt with in a more 
systematic way than previously, but for many species measurements are lacking and to 
date we still do not understand well the spatial and temporal variability of emission 
factors, especially within biomes (Knorr et al., 2012; van Leeuwen and van der Werf, 
2011). 

GFED fire emissions were also used to distribute the regional annual fire emissions in 
space and time in the pre-GFED time period based on the 1997-2015 climatology. This 
approach ignores variability due to changes in fire weather and land use. For example in 
Africa, where many savanna regions have been converted to agricultural land (Andela and 
van der Werf, 2014) and in EQAS and ARCD where dense tropical rainforest is converted to 
small-scale agriculture and large-scale industrial agroforestry including infrastructure 
(Cochrane and Laurance, 2008; Field et al., 2009; Laurance et al., 2001), the spatial 
pattern has changed over time which is not accounted for in our approach. 

In this study we have used a regional approach by merging several data sources. There is 
still much to be gained by collecting more data and using different species. Levoglucosan, 
for example, is a biomarker for fires and Kehrwald et al. (2012b) showed that 
levoglucosan in a Greenland ice core represents the fire signal from Asian and North-
American source regions. Other proxy records that could improve regional estimates are 
char and soot measurements taken from löss. These can be used to validate the estimates 
in CEAS (Han et al., 2010). As the Global Charcoal Database continues to evolve with new 
data contributions (Hawthorne et al., 2017), regions that are currently under sampled 
could inform GCD-based biomass burning histories. Finally the FireMIP exercise may 
lead to a better representation of the processes driving global fire patterns, which itself 
will help in developing a more complete understanding of fire since the year 1750. For a 
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rough indication of uncertainty in these regions, Fig. 4.14 shows comparisons between 
our results, charcoal Z-scores (1750-2000) from GCDv3, and burned area reconstruction 
by Mouillot and Field (1900-2000) for Sub-Saharan Africa, Patagonia, Boreal Asia and 
South East Asia (Appendix B). The three datasets quantify fire histories using different 
units, so all datasets were scaled and transposed to the year 2000 value to qualitatively 
compare the trends. In Sub-Saharan Africa, CMIP6 and GCv3 are similar from 1950 to 
present, but CMIP6 decreases more rapidly prior to 1950 (Fig. 4.14). 

 

Figure 4.14: Normalized z scores of charcoal (1750–2013, blue), normalized decadal emissions 
based on our estimates (1750–2000, black), and normalized emission estimates based on Mouillot 
and Field (2005) (1850–2000) for sub-Saharan Africa, Patagonia, boreal Asia, and southeast 
Australia (regions outlined in Appendix B). For sub-Saharan Africa and boreal Asia, charcoal is based 
on 50-year windows, whereas for Patagonia and southeast Australia 10-year windows were used. 

The trend in Boreal Asia also agrees for a large part, where charcoal estimates exhibit a 
larger range in variation over time. In Patagonia and South East Asia, the general trend is 
increasing, although the peak years differ. To improve and constrain our dataset, we 
encourage paleo-fire researcher to sample their sites in detail for the last 250 years, even 
though proxy-records are currently mostly used for longer (century to millennial) time 
scales. Pinpointing the reasons behind outliers and opposing trends between the various 
models will lead to lower uncertainties for studies focusing on past centuries. 

4.4.3 Guidance for using this dataset as forcing in climate models 

This dataset (v1.2) is made available as a forcing dataset for the Coupled Model 
Intercomparison Project Phase 6 (CMIP6) analyses at the Program for Climate Model 
Diagnosis & Intercomparison (PCDMI) repository 
(https://pcmdi.llnl.gov/search/input4mips). The emissions for BC, CH4, CO, H2, N2O, NH3, 
NMVOC, NOx, OC, and SO2 were provided. The NMVOC emissions consist of the sum of of 
C2H6, CH3OH, C2H5OH, C3H8, C2H2, C2H4, C3H6, C5H8, C10H16, C7H8, C6H6, C8H10, toluene lump, 
higher alkenes, higher alkanes, CH2O, C2H4O, C3H6O, C2H6S, HCN, HCOOH, CH3COOH, 
MEK, CH3COCHO, and HOCH2CHO. These NMVOCs are also provided separately. These are 
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total emissions; ancillary datasets with contribution of emissions related to agricultural 
waste burning, fires used in deforestation, boreal forest fires, peat fires, savannah fires, 
and temperate forest fires are provided. 

Climate models should not use the CO2 emissions (or nitrogen emissions if the nitrogen 
cycle is included in the model), as forcing because in general these emissions are not net 
emissions to the atmosphere, but a return pathway of previously sequestered carbon just 
as respiration is. The exceptions are CO2 emissions from deforestation and peat fires. 
However, the models that do not simulate land use change are recommended to use land 
use change emissions prepared for AR6 (http://www.mpimet.mpg.de/en/science/the-
land-in-the-earth-system/working-groups/climate-biogeosphere-
interaction/landuse-change-emission-data/). Models that have their own fire model but 
do not simulate anthropogenic fires are advised to use only the emissions related to 
deforestation and agricultural waste burning. We provide the fraction of emissions 
associated with this. While the large interannual variability is a key feature of global fire 
emissions, modelers may consider averaging out this fire signal to avoid having 
interannual variability in fires being out of sync with interannual variability in climate. 

4.5 Conclusions 

We have merged satellite-based fire emissions for recent times, charcoal datasets in 
temperate and boreal regions, visibility-records from weather stations over tropical 
forest regions, and emission estimates from the FireMIP project. Our aim was to make the 
best use of the strengths of the various datasets using a regional approach. According to 
our estimates, global biomass burning carbon emissions increased slightly over the full 
time period and peaked during the 1990s after which they decreased gradually. The global 
pattern varies somewhat depending on trace gas or aerosol species. Africa accounts for a 
large part (58 %) of global fire carbon emissions and the general trend therefore mimics 
that of Africa especially in the early part of our record. African fire emissions exhibited a 
decrease from 1950 onwards as a result of conversion of fire-prone savannas to 
agricultural land. The absence of pre-industrial fire history data in Africa in particular, is 
a major limitation of these estimates. This decrease in Africa is partly offset by increasing 
emissions in deforestation zones especially during the 1990s, which also led to higher 
interannual variability in fire emissions. Our results point towards less variability over 
time than the fire emissions used in CMIP5 and a smaller difference between pre-
industrial and present emissions, lowering the impact on changes in atmospheric 
composition and potentially lowering overall radiative forcing. 

4.6 Code and data availability 

The Python code that was used to assimilate the raw data and construct the gridded 
emission estimates is available upon request. This dataset is made available for the 
Coupled Model Intercomparison Project Phase 6 (CMIP6) analyses at the Earth System 
Grid Federation (ESGF) repository: https://esgf-node.llnl.gov/search/input4mips/ (van 
Marle et al., 2017b). GFED4s data are publicly available at 
http://www.globalfiredata.org/data.html (van der Werf et al., 2017). Charcoal records are 
available through the Global Charcoal Database version 3: www.paleodata.org (Marlon et 
al., 2016). Regional visibility-based fire emissions and regional emissions based on the 
different fire models can be requested from the corresponding author. 
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4.8 Appendices 

Appendix A. Description and application of the SIMFIRE-GDP model 

In its coupled version, LPJ-GUESS-SIMFIRE uses SIMFIRE to compute burned area based 
on a stand-alone semi-empirical model optimised against current observations (Knorr et 
al., 2014), and LPJ-GUESS to computer vegetation dynamics, the biogeochemical cycle 
(Smith et al., 2001), fire impacts according to Knorr et al. (2012), and a coupling scheme 
between SIMFIRE and LPJ-GUESS described by Knorr et al. (2016) Different to the 
original version of SIMFIRE, the present version uses regional averages of per capita 
gross domestic product (GDP) in addition to human population density as statistical 
drivers to compute burned area, in addition to climate and vegetation factors. The 
following non-linear predictor was inverted against GFED3 observed burned area in the 
same way as described by Knorr et al. (2014), on a global 0.5 by 0.5 degree grid excluding 
croplands: 

A(y)=a(B)FbNmax(y)clogit(d+ep+fGp)  (Eq. A1) 

A is fractional burned area (in yr-1), B is biome type, F is the multi-year average of the 
annual maximum fraction of plant-available photosynthetically active radiation (FPAR) 
derived from satellite observations (Gobron et al., 2010), Nmax the annual maximum 
Nesterov index divided by 105 computed with observed climate data (Weedon et al., 2011), 
p population density in km-2 based on HYDE 3.1 for 2005 (Klein Goldewijk et al., 2010) , G 
growth-domestic product per capita in 1995 US$ divided by 104 where per capita GDP 
data were taken from HYDE 3.1 for 1995 and the per capita GDP of a grid cell equals that of 
the region to which the grid cell belongs, and y fire year (which starts in a different 
month at each grid cell before the start of the fire season in the respective grid cell). logit 
is the logistic function with logit(x)=1/[1-exp(-x)]. GDP data were available for the 
following regions: Canada, USA, Central America, South America, North Africa, Eastern 
Africa, Southern Africa, West Africa, OECD Europe, Former Soviet Union, Eastern Europe, 
Middle East, South Asia, Oceania, Japans, and Southeast Asia. Model inversion was 
carried out for all grid cells simultaneously optimizing a set of 13 free parameters against 
annual gridded fractional burned area. The optimal values were 2.32×106, 1.12×106, 
0.76×106, 1.40×106, 6.27×106, 10.0×106, 0.38×106, 1.69×106 for a(1) to a(8) for the eight 
biomes, and for the global parameters b=1.007, c=0.75, d=-16.0, e=0.0021, and f=-0.46. 

Using the coupled LPJ-GUESS-SIMFIRE (Smith et al., 2001) global dynamic vegetation–
wildfire model, (Knorr et al., 2016) have found that at least for the first half of the 20th 
century, climate factors had only a small influence on wildfire emissions, but that the 
main driver was population density. For extrapolating burned area back in time before 
1901 only the part of Eq. A1 that relates to human factors was used. The optimization of 
the SIMFIRE-GDP model thus yields a scalar function describing the impact of 
population density and GDP on fractional burned area, which is 

𝑃 𝐺, 𝑝 = logit −16 + 0.0021 − 0.46𝐺 𝑝 logit −16   (Eq. A2) 

This scalar P has been normalized to yield a value of one in the absence of human 
activities and therefore describes the degree of human fire suppression. P describes 
increasing burned area with population density for low GDP, and vice versa for high GDP. 
GDP data is used for every five years from 1890 to 1995. Before and after that date, we 
keep per capita GDP per region constant in time. HYDE 3.1 population density values from 
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1700-2000 at a decadal scale were used. Furthermore historical HYDE 3.1 cropland 
fraction from 1700-2003 (Klein Goldewijk et al., 2011) was used to correct SIMFIRE 
estimates, setting wildfire emissions for croplands to zero. 

To obtain fire emissions spanning the period 1700 to 2000, LPJ-GUESS-SIMFIRE was run 
using daily observed climate data (Weedon et al., 2011), yielding annual emissions for the 
period 1901 to 2000. Emissions for 1700 through 1900 are constructed by multiplying 
climatological emissions from the early 20th century with a scalar s defined as s=P*fc, 
where fc is the cropland fraction. This scalar described the degree of human suppression 
of burned area as a function of population density, GDP, and cropland fraction. Using E1 
as the average annual emission rate computed from the LPJ-GUESS-SIMFIRE during 1901 
to 1930. E0 as the 1901-1930 annual average emissions computed from a separate LPJ-
GUESS-SIMFIRE simulation with population density set to zero (no-population 
emissions), s1 as the temporal average of s during 1901-1930, f=(s–s1)/(1–s1), x for 
location, and t for time in years, we compute emissions prior to 1901 as follows: 

If s < s1: 

𝐸 𝑡, 𝑥 = 𝐸! 𝑥 ∙ 𝑠(𝑡, 𝑥) 𝑠!(𝑥)     (Eq. A3) 

Else: 

𝐸 𝑡, 𝑥 = 𝑓(𝑡, 𝑥) ∙ 𝐸! 𝑥 + 1 − 𝑓(𝑡, 𝑥)) ∙ 𝐸!(𝑥) 
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Appendix B. Map with charcoal site locations 

 

Figure B1: Map with charcoal site locations (red dots) that have samples over the last 250 years and 
regions (black squares) used in this study. 
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Appendix C. Overview of emission factors used in this study 

Table C1: Emission factors in grams of species per kilogram dry matter (DM) burned. Note that NOx 
is listed as NO. SAVA: savanna, grassland, and shrubland fires; BORF: boreal forest fires; TEMF: 
temperate forest fires; DEFO: tropical deforestation and degradation; PEAT: peat fires; and AGRI: 
agricultural waste burning.  

 
SAVA BORF TEMF DEFO PEAT AGRI 

DM 1000 1000 1000 1000 1000 1000 
C 488.27 464.99 489.42 491.75 570.05 480.35 
BC 0.37 0.5 0.5 0.52 0.04 0.75 
CH4 1.94 5.96 3.36 5.07 20.8 5.82 
CO 63 127 88 93 210 102 
H2 1.7 2.03 2.03 3.36 3.36 2.59 
N2O 0.2 0.41 0.16 0.2 0.2 0.1 
NH3 0.52 2.72 0.84 1.33 1.33 2.17 
NOx 3.9 0.9 1.92 2.55 1 3.11 
OC 2.62 9.6 9.6 4.71 6.02 2.3 
SO2 0.48 1.1 1.1 0.4 0.4 0.4 
C2H6 0.66 1.79 0.63 0.71 0.71 0.91 
CH3OH 1.18 2.82 1.74 2.43 8.46 3.29 
C2H5OH 0.024 0.055 0.1 0.037 0.037 0.035 
C3H8 0.1 0.44 0.22 0.126 0.126 0.28 
C2H2 0.24 0.18 0.26 0.44 0.06 0.27 
C2H4 0.82 1.42 1.17 1.06 2.57 1.46 
C3H6 0.79 1.13 0.61 0.64 3.05 0.68 
C5H8 0.039 0.15 0.099 0.13 1.38 0.38 
C10H16 0.081 2.003 2.003 0.15 0.15 0.005 
C7H8 0.08 0.48 0.19 0.26 1.55 0.19 
C6H6 0.2 1.11 0.27 0.39 3.19 0.15 
C8H10 0.014 0.18 0.13 0.11 0.11 0.114 
Toluene lump 0.27 1.63 0.54 0.70 4.36 0.42 
Higher alkenes 0.13 0.38 0.37 0.27 0.27 0.33 
Higher alkanes 0.05 0.35 0.22 0.07 0.07 0.34 
CH2O 0.73 1.86 2.09 1.73 1.4 2.08 
C2H4O 0.57 0.77 0.77 1.55 3.27 1.24 
C3H6O 0.16 0.75 0.54 0.63 1.25 0.45 
C2H6S 0.0013 0.00465 0.008 0.00135 0.00135 0.0013 
HCN 0.41 1.52 0.72 0.42 8.11 0.29 
HCOOH 0.21 0.57 0.28 0.79 0.38 1 
CH3COOH 3.55 4.41 2.13 3.05 8.97 5.59 
MEK 0.181 0.22 0.13 0.5 0.5 0.9 
CH3COCHO 0.73 0.73 0.73 0.73 0.73 0.73 
HOCH2CHO 0.25 0.86 0.86 0.74 0.74 0.71 
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Appendix D. Regional comparison between CMIP6 and CMIP5 

 

Figure D1: Regional carbon monoxide biomass burning emissions estimated by Lamarque et al. 
(2010) for CMIP5 and our results (CMIP6) on annual and decadal time steps. 
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5 Accelerating anthropogenic CO2 uptake by combined land-
ocean sink 

 

Roughly half of the CO2 emitted from fossil fuel use and land use change 
remains in the atmosphere, leading to anthropogenic climate change. The 
remainder is taken up by land and ocean sinks. The exact ratio between 
anthropogenic emissions and the atmospheric growth rate, the so-called 
airborne fraction, has for a large part been uncertain because of difficulties 
in quantifying land use change emissions. These were often reported to be 
relatively constant over time, but here we provide evidence that land use 
change emissions have increased more rapidly since the start of direct 
atmospheric CO2 measurements. This implies that the airborne fraction has 
decreased over the past ~60 years, suggesting that the combined land-
ocean sink has become more efficient over this time period. This finding is 
at odds with most carbon-climate models and may have implications for 
future CO2 levels.	

	

This chapter is an edited version of: van Marle, M. J. E., D. van Wees, R.A. Houghton, A.A. 
Nassikas, R.D. Field, and G.R. van der Werf, Accelerating anthropogenic CO2 uptake by 
combined land-ocean sink, To be submitted 
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5.1 Introduction 

Carbon-climate feedbacks constitute a key uncertainty in predicting future climate 
change (Cox et al., 2000; Friedlingstein, 2015; Friedlingstein et al., 2001). Since 1958, 
when long-term direct measurements of carbon dioxide (CO2) began in Mauna Loa, about 
half of the emissions related to fossil fuel burning and land use change remained in the 
atmosphere (Ballantyne et al., 2012; Le Quéré et al., 2016), and current atmospheric 
concentrations are now almost 45% above pre-industrial concentrations. The remaining 
half of anthropogenic emissions are sequestered in land and ocean sinks (Raupach et al., 
2014), mostly as a result of an imbalance between atmospheric and oceanic CO2 
concentrations and increased net primary productivity on land and in the oceans. If these 
land and ocean sinks become less efficient, due to warming of oceans (Mckinley et al., 
2011), thawing permafrost (MacDougall et al., 2012; Schuur et al., 2015), autumn warming 
(Piao et al., 2008), or other factors, a larger fraction of anthropogenic emissions will 
remain in the atmosphere and accelerate climate change. However, how the efficiency of 
these carbon sinks has changed over time remains poorly understood. 

Changes in the efficiency of the combined carbon sinks can be estimated indirectly by 
analyzing trends in the airborne fraction--the ratio between the anthropogenic 
emissions and the atmospheric growth rate. Annual airborne fraction estimates are made 
using in situ measurements of the atmospheric CO2 concentration (available for Mauna 
Loa station (MLO) in Hawaii since 1958 (Keeling et al., 2001; Tans and Keeling, 2017)) and 
estimates of emissions form fossil fuel, cement production, and land use and land cover 
change (LULCC). The atmospheric CO2 concentrations are relatively well-known with an 
uncertainty of 0.05 ppm or 0.1 Pg C yr-1 (Le Quéré et al., 2016). In this study CO2 is 
expressed in units of carbon (C). Emissions related to fossil fuel emission and the cement 
industry are estimated based on national energy statistics and are the main driver of the 
increase in atmospheric CO2. Over 1958 to 2015 emissions have an estimated average 
uncertainty of 0.36 Pg C yr-1 and the relative uncertainty of the annual estimates varies 
from 2-15% (Boden et al., 2016; Gregg et al., 2008; Liu et al., 2015b) (See Sect. 5.2). 

Several studies observed an increase in the airborne fraction (Pan et al., 2011; Le Quéré et 
al., 2009; Raupach et al., 2014) implying a decline in CO2 uptake efficiencies of the land 
(Pan et al., 2011; Piao et al., 2008) and ocean (Mckinley et al., 2011; Le Quere et al., 2007) 
sinks, although other factors are at play as well (Gloor et al., 2010). Other studies suggest 
a decreasing trend (Sarmiento et al., 2010), no trend at all (Knorr, 2009), or argue that 
multiple trends are needed to describe the airborne fraction pattern over the past 60 
years (Keenan et al., 2016).  

These conflicting results highlight the underlying uncertainties in this approach. Part of 
this uncertainty arises from large interannual variability in the CO2 growth rate- and thus 
the airborne fraction- due to volcanic eruptions and El-Niño-Southern-Oscillation 
(ENSO) variability in sea surface temperatures (SSTs). These influence natural 
background carbon fluxes and introduce noise in the long-term atmospheric CO2 growth 
rate and airborne fraction time series that need to be removed during trend analysis 
(Gloor et al., 2010; Raupach et al., 2008; Sitch et al., 2015). But the largest source of 
uncertainty is the magnitude of deforestation emissions (Mahowald et al., 2017), mostly 
because tropical forest losses remain highly uncertain. This highlights the need for more 
certainty in emission estimates related to LULCC. Although LULCC emissions are 
currently much smaller than fossil fuel emissions, their uncertainty is larger, even in 
absolute terms (Canadell et al., 2007). The uncertainty in LULCC emissions makes an 



5 

 
 

 87 

especially large contribution to the overall uncertainty in the anthropogenic emissions 
during the first decades of the 20th century when LULCC and fossil fuel emissions were 
similar in magnitude.  

The disagreement on trends in the airborne fraction mentioned above (Gloor et al., 2010; 
Keenan et al., 2016; Knorr, 2009; Pan et al., 2011; Piao et al., 2008; Le Quéré et al., 2009; 
Raupach et al., 2014; Sarmiento et al., 2010) can be partly explained by the use of different 
LULCC emission estimates, based on different versions of the emission dataset developed 
for the Global Carbon Project (GCP). Overall, uncertainties in this dataset are 0.5 Pg C yr-1, 
which corresponds to 35-40% of GCP LULCC emissions (Houghton and Nassikas, 2017). 
In the GCP datasets, emissions related to LULCC were based on a bookkeeping method 
that used the net forest area change and biomass inventory developed by the Food and 
Agricultural Organization’s (FAO) Global Forest and Resources Assessment (FRA) (Food 
and Agriculture Organization of the United Nations, 2010; Houghton, 2003). Recently, 
that bookkeeping method was updated with FAO FRA 2015 values, revealing a different 
trend in LULCC emissions (Houghton and Nassikas, 2017). 

Reliable estimates of historical emissions from LULCC are necessary to resolve the 
disagreement over the trend in the airborne fraction. In regions where fires are the main 
driver of LULCC, more precise estimates of the fire emissions can help reduce this 
uncertainty. The two regions with nowadays the largest LULCC emissions in the tropics 
are South America and Southeast Asia. There, fire is often used in the deforestation 
process to convert forest to agricultural land (Morton et al., 2008).  

In the current version of the GCP LULCC estimates, emissions in these regions are based 
on country-statistics rather than observations (Gloor et al., 2010; Keenan et al., 2016; 
Knorr, 2009; Pan et al., 2011; Piao et al., 2008; Le Quéré et al., 2009; Raupach et al., 2014; 
Sarmiento et al., 2010). Fire-emitted aerosols lower visibility, and in South America and 
Southeast Asia, visibility observations can be used as a proxy for fire emissions given the 
reasonable agreement between satellite-based emission estimates and visibility 
observations for the overlapping time period (Field et al., 2009; van Marle et al., 2017a). 
These studies showed how visibility-based emissions can extend the satellite-based time 
series back in time, providing observation-driven information on trends and capturing 
interannual variability.  

For both regions fire emissions have increased over time and revealed a close link 
between human migration patterns, droughts, and fires accompanying deforestation 
(Field et al., 2009; van Marle et al., 2017a). In Houghton and Nassikas (2017) this 
approach was used for the region encompassing Indonesia, but South American 
emissions were still unchanged from earlier work based on country-level statistics. In 
this study we therefore replaced the estimates with visibility-based estimates (van Marle 
et al., 2017a) to arrive at more robust LULCC emissions and better estimates of the 
airborne fraction and its trend over time.  

5.2 Methods 

5.2.1 Global carbon cycle data from the Global Carbon Project (GCP) 

Atmospheric CO2 concentrations used here are based on mean monthly observations 
taken under the Scripps CO2 program at Mauna Loa (MLO, in-situ and flasks) and the 
South Pole (SPO, flask measurement) for 1958 to 2015 (Tans and Keeling, 2017). This 
dataset was adjusted by removal of the quasi-regular seasonal cycle, and missing values 
were filled using a smooth fit. Our atmospheric CO2 time series is composed as the 
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average over the MLO and SPO concentrations. The fossil fuel emission estimates (EFF) are 
based on national energy statistics and are the main driver of the increase in atmospheric 
CO2 (Boden et al., 2016). Within the GCP, emissions related to land use and land cover 
change (ELU) include CO2 fluxes from deforestation, afforestation, logging, and shifting 
cultivation (Le Quéré et al., 2016). These emissions are quantified using the FAO FRA 2010 
country statistics in combination with a bookkeeping method (Houghton et al., 2012). The 
bookkeeping model keeps track of the carbon that is stored in vegetation and soils before 
and after deforestation or other land use changes. The bookkeeping model also keeps 
track of changes during possible regrowth after deforestation. Interannual variability in 
GCP emissions due to deforestation and degradation have been estimated from satellite-
based fire activity in tropical forest areas, but are only available since 1997 (Giglio et al., 
2013; van der Werf et al., 2010).  

5.2.2 LULCC data based on Houghton and Nassikas  

The updated bookkeeping model uses country-based statistics of rates of deforestation 
and reforestation from FRA 2015 (Global Forest and Resources Assessment), and annual 
changes in croplands and pastures from the Food and Agriculture Organization Statistics 
Division (FAOSTAT) (Houghton and Nassikas, 2017), to create a seamless historical 
country-level dataset of LULCC from 1850-2015. Furthermore, the Houghton and 
Nassikas dataset also considers carbon emissions from draining and burning of peatlands 
in South East Asia (Hooijer et al., 2010). The bookkeeping model accounts for carbon 
initially held in areas affected by LULCC, and subsequently tracks changes in four pools 
(living above- and belowground biomass; dead biomass, including coarse woody debris; 
harvested wood products; and soil organic carbon). The amount of CO2 emitted into the 
atmosphere is based on emissions released during deforestation, logging and 
degradation, as well as conversion of forest into agricultural or degraded land due to 
logging, forest fires, or soil-, and vegetation decay. The bookkeeping model tracks how 
much carbon is sequestered from the atmosphere and thereafter stored in biomass and 
soil, also during regrowth and soil build-up after land use change. It considers transitions 
between forests, pastures, and cropland; shifting cultivation; degradation of forests 
where a fraction of the trees is removed; abandonment of agricultural land; and forest 
management such as wood harvest and, in the USA, fire management. 

5.2.3 Visibility-based fire emissions 

Fire-emitted aerosols lower visibility, which makes visibility observations a valid proxy 
for fire emissions (Field et al., 2009; van Marle et al., 2017a). Here we use visibility-based 
fire emissions for the most frequently burned regions, namely equatorial Asia and the arc 
of deforestation in South America. Observations for these regions start in 1950 and 1973, 
respectively. These data originate from weather station records from the NOAA National 
Centers for Environmental Information (NCEI) Integrated Surface Database (ISD). We 
converted visibility observation to fire emissions using satellite-based estimates of the 
Global Fire Emissions Database version 4s (GFED4s) for the overlapping 1997-2015 
period (van Marle et al., 2017b). For preceding years without visibility-observations 
available, emissions were kept constant at the lowest decadal average (van Marle et al., 
2017b). 

5.2.4 Calculating our updated LULCC emissions 

Our estimates of ELU are based on combining visibility-based CO2 emission estimates 
related to fires in Brazil, Bolivia, Indonesia, and Malaysia (van Marle et al., 2017b) and the 
Houghton and Nassikas (2017) estimates for the rest of the world for the time period 1959 
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to 2015 (Houghton and Nassikas, 2017). The visibility-based fire emissions do not include 
emissions stemming from peat drainage or decomposition. Therefore, in our annual ELU 
estimates, decomposition is accounted for by taking the average annual fire emissions 
over the 10 preceding years, assuming an equal contribution of fire and decomposition 
(van der Werf et al., 2009a). Existing estimates of emissions from peat drainage (Hooijer 
et al., 2010) were added to the estimates for Equatorial Asia. While the visibility-based 
datasets covered the main tropical deforestation regions (Amazonia and Indonesia), they 
cannot capture dynamics in other places where deforestation occurred and these were 
derived from Houghton and Nassikas (2017) (Houghton and Nassikas, 2017) 

5.2.5 The global carbon cycle 

The CO2 flux mass balance in the global atmosphere can be written as: 

d𝐴!"! d𝑡 = 𝐸!! + 𝐸!" − 𝑆! − 𝑆!      (Eq. 5.1) 

where, 𝐸!" is the LULCC emissions flux, 𝐸!! is the fossil-fuel emissions flux, 𝑆! and 𝑆! are 
the ocean and land sink respectively, and 𝐴!"! is the atmospheric CO2 concentration. In 
turn, the Airborne Fraction (AF) was calculated as: 

𝐴𝐹 = !!"!!!!!!!!!!
!!"!!!!

= !!!"! !!
!!"!!!!

= 1 − 𝑆𝐹     (Eq. 5.2) 

The airborne fraction is the fraction of anthropogenic CO2 that accumulates in the 
atmosphere, dependent on the balance between anthropogenic emission fluxes and sink 
fluxes. The Sink fraction (SF) is the fraction of CO2 that is removed by the combined land-
ocean sink. 

5.2.6 Estimation of trends in AF 

Trends in AF were estimated based on a combination of annual and monthly data, in 
terms of the relative growth rate (RGR) over the full time period of available data (1959-
2015), using linear regression. Shorter time periods make the data filtering less certain. 
The RGR is the absolute growth rate normalized by the mean value, making the result 
independent of the absolute value of AF: 

RGR 𝐴𝐹 = !
!" !

!!" !
!!

        (Eq. 5.3) 

where the hooked brackets denote the ensemble average. Eq. 5.3 approximates the 
fundamental RGR function, RGR(𝐴𝐹) = 〈(d ln 𝐴𝐹(𝑡))/d𝑡〉, while allowing negative values for 
AF. The RGR was determined based on our LULCC emission estimates, average CO2 
observations taken at MLO and South Pole Observatory (SPO) stations (Tans and Keeling, 
2017), and annual estimates of fossil fuel and cement production emissions (Boden et al., 
2016).  

Following Raupach et al. (2014), several data treatments were applied in order to test for 
AF trend robustness. Since 𝐸!" and 𝐸!! were only available as annual data, monthly 
emissions were estimated by linear interpolation. This means that all monthly variability 
in the calculated AF originates from the atmospheric CO2 datasets. The monthly time-
series were smoothed using a 15-month moving average to remove faster than annual 
variability (Raupach et al., 2008, 2014). Furthermore, ENSO related inter-annual 
variability was reduced by subtraction of the ENSO-correlated part of the signal. The 
ENSO index (ENSO) was based on anomalies in Niño-3 sea surface temperature (SST), 
with a lag of 4 months between concentrations and SSTs (SSTs leading). The length of lag 
was determined by maximization of lagged correlation between the total sink flux 
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(𝑆! + 𝑆!") and the CO2 growth rate. The ENSO noise removal was performed by 
minimization of the variance in: 

𝑈 𝑡 =  (d𝐴!"!)/d𝑡 −  𝜇𝐸𝑁𝑆𝑂 𝑡 − 𝜏      (Eq. 5.4) 

where 𝑈 is the noise reduced atmospheric growth rate (the uncorrelated part), 𝜏 is the 4-
month time lag, and 𝜇 is the sensitivity factor, with values around 0.8 and 0.5 for time 
series with or without 15-month moving average, respectively. The same sensitivity 
values were found when removing ENSO variability from the sink flux instead of the 
growth rate. This is as expected because the variability in the sink flux originates from the 
growth rate time series. Finally, a correction for the combined ENSO and volcanic aerosol 
index (VAI) was performed, based on a combined ENSO-volcanic variability index (EVI). 
The relative contribution of VAI in ENSO was determined by maximizing correlation 
between 

𝐸𝑉𝐼 𝑡 = 𝐸𝑁𝑆𝑂 𝑡 − 𝜏 + 𝜆𝑉𝐴𝐼 𝑡       (Eq. 5.5) 

and the sink flux. Here, 𝜆 is the relative weight of VAI compared to ENSO. Values for 𝜆 
varied between -16 and -18, depending on the 𝐸!" dataset used. Using the atmospheric 
growth rate instead of the sink flux for the maximization of correlation yielded very 
similar weight values. For convenience, a value of 𝜆 = −16 is used, consistent with 
Raupach et al. (2008). Again, noise removal was performed using Eq. 5.4, but now with 
EVI instead of ENSO. In the case of EVI, the minimization process yielded values for 𝜇 of 
around 0.9 and 0.6, for time series with or without 15-month moving average, 
respectively. 

5.2.7 Uncertainties in datasets 

In order to investigate the sensitivity of calculating trends in AF on the ELU dataset used, 
we calculated the trend in AF for a range of linear ELU time series with varying average 
value and slope. We varied the 1959-2015 average of the linear approximation of ELU from 
0.8 to 1.5 Pg C yr-1 and the slope from -0.015 to 0.025 Pg C yr-2, enclosing the average and 
slope values of the three ELU datasets studied.  

We also derived a confidence interval over the AF trend by performing a Monte-Carlo 
simulation (with n=1000). This simulation was based on a normal distributed error with a 
standard deviation equal to the uncertainty ranges (1 σ) of the emission datasets (EFF, 
dACO2 and ELU) as input. For dACO2 we used a standard error of σ=0.1 Pg C yr-1 (Le Quéré et al., 
2016). For EFF uncertainty was estimated at σ=5% (Boden et al., 2016). However biases in 
China’s emissions could lead to higher uncertainties than reported (Gregg et al., 2008; 
Liu et al., 2015b). Therefore, the EFF uncertainties for China were based on found biases 
(Liu et al., 2015b) with a minimum uncertainty of σ=10% (Gregg et al., 2008). For EFF 
outside China we kept an uncertainty of σ=5% (Boden et al., 2016). Uncertainties in ELU 
emissions are often poorly characterised. Houghton and Nassikas (2017) reported a σ of 
10.4% while this is 50% in GFED (van der Werf et al., 2017). Since we assume the 
satellite-derived GFED estimates are more accurate than estimates partly based on 
country-level statistics, we assumed a 50% uncertainty for the whole time period. 

5.2.8 Sensitivity of the trends 

In order to investigate the sensitivity of calculating trends in AF on the ELU dataset used, 
we calculated the trend in AF for a range of linear ELU time series with varying average 
value and slope (Fig 5.3). This resulted in minor differences with a maximum of 6% 
deviation for annual data, and a maximum of 3% for monthly data. The difference 
minimized to 2.5% for our most robust trend, based on 15-month moving average 
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filtering and ENSO-volcanic variability (EVI) noise reduction. Therefore, we conclude 
that the linear approximation of ELU proved to give a valid first order indication of the AF 
trend. Besides this we performed a Monte-Carlo simulation (with n=1000) based on a 
normal distributed error with a standard deviation equal to the uncertainty ranges (1 σ) of 
the emission datasets (EFF, dACO2 and ELU) as input.  

5.3 Results and Discussion 
Our observations-based estimates suggest that fire emissions were relatively low until 
the early 1980s for Indonesia and late 1980s for South America, after which they 
increased until the present (Fig. 5.1). In contrast, in the bookkeeping-based GCP dataset, 
hereafter referred to as ‘GCP dataset’, emissions from these two regions were already 
substantially elevated in the 1960s, at the beginning of the Mauna Loa CO2 record 
(Houghton, 2010). This is one of the main reasons why total LULCC emissions in GCP 
were relatively flat over time (Fig. 5.1). In Houghton and Nassikas (2017), estimates for 
several regions were reduced substantially in the 1960s compared to GCP, leading to an 
increasing trend (Fig. 5.1).  

It is important to note that the visibility observations for the South American arc of 
deforestation and equatorial Asia used here only indicate deforestation-related fire 
emissions and are limited to two regions, albeit the most important ones. Dynamics in 
emissions related to land use change outside tropical equatorial Asia and South American 
arc of deforestation were derived from Houghton and Nassikas (2017). 

 

Figure 5.1: Anthropogenic CO2 budget with (a) Fossil fuel emission estimates, land-use and land 
cover change emissions (LULCC) based on our approach, and CO2 observations taken from MLO and 
SPO. (b) LULCC emissions based on earlier Global Carbon Project (GCP, Le Quéré 2016), Houghton and 
Nassikas’s updated bookkeeping Model (Houghton and Nassikas 2017), and our estimates (This 
study)  
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Table 5.1: Average (1959-2015) LULCC emissions (ELU), slope of linear trend (1959-2015) in 
emissions, and the slope of linear AF trend in terms of relative growth rate (RGR) based on the three 
methods used: raw data, smoothed data and EVI corrected.  

 Average ELU 
(Pg C yr-1) 

Slope in 
ELU trend 

Method Slope in AF, RGR 
(p-value) 

This work 0.99 0.017 Raw -0.19 (p=0.50) 
Smoothed -0.19 (p=0.03) 

EVI corrected  -0.19 (p<0.01) 

GCP 1.33 -0.009 Raw 0.30 (p=0.39) 

Smoothed 0.31 (p<0.01) 

EVI corrected  0.31 (p<0.01) 

Houghton and 
Nassikas (2017) 

1.04 0.009 Raw -0.04 (p=0.76) 

Smoothed -0.04 (p=0.60) 

EVI corrected  -0.04 (p=0.47) 

 

 

 

Figure 5.2: (a) AF based on our LULCC emission estimates, for raw data (purple), smoothed data 
(blue) and data corrected for the combined ENSO and volcanic index, EVI (yellow). The black line 
depicts the trend in AF based on the EVI corrected data. The right panels show the RGR using the 
three filtering methods (raw, smoothed and corrected) for (b) our LULCC estimates, (c) estimates 
used in the GCP and based on Le Quéré et al. (2016), and (d) estimates based on Houghton and 
Nassikas. (2017). The error bars represent the standard error in the RGR values, based on a Monte 
Carlo simulation. 
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We used these two new and partly independent LULCC emissions datasets to estimate 
trends in the airborne fraction We compared our results (based either on the visibility 
based LULCC emissions and referred to as ‘this study’, or based on the Houghton and 
Nassikas dataset) with trends obtained when using the unmodified GCP emissions 
dataset used in most previous studies. The differences between the GCP and Houghton 
and Nassikas datasets (Fig. 5.1) stem from revised historical data in the Houghton and 
Nassikas dataset for Latin America, Europe and China, resulting in lower net emissions 
over 1950 to 2000 in these regions. Furthermore, Houghton and Nassikas estimated 
emissions in South East Asia based on drainage (Hooijer et al., 2010) and burning of 
peatlands based on visibility-data, similar to our approach in Equatorial Asia. This 
approach resulted in lower net emissions in the Houghton and Nassikas dataset than the 
GCP dataset from the 1960s until the mid-to-late 1980s (Houghton and Nassikas, 2017). 

Based on our approach, LULCC emissions were on average 0.99 Pg C yr-1 over 1959-2015 
(Table 5.1), and the Houghton and Nassikas approach provides a similar estimate of 1.04 
Pg C yr-1. In contrast, the estimates used in the GCP are 1.33 Pg C yr-1 (Fig. 5.1, Table 5.1), 
resulting from higher emission rates between 1960 and 1990. Over that period, our 
estimates are 0.67 Pg C yr-1, compared to 0.83 Pg C yr-1 based on the Houghton and 
Nassikas dataset, and 1.43 Pg C yr-1 for the GCP dataset (Fig. 5.1). Our estimates are 19% 
lower than Houghton and Nassikas estimates for the 1960-1990 time period, mostly 
because visibility-based fire emissions were low over South America. 

 

Figure 5.3: Sensitivity of the AF trends to variations in the average annual LULCC flux (1959-2015) 
and slope in LULCC trend (1959-2015). The labelled dots represent the AF trends using LULCC 
emissions based on this study, the GCP estimates based on Le Quéré et al. (2016), and estimates based 
on Houghton and Nassikas (2017). All three datasets were corrected for EVI. The solid black line is the 
zero AF trend line with standard error (dotted lines) and 95% confidence interval (shaded area). Both 
the standard error and confidence interval are based on a Monte Carlo simulation (n=1000, see 
Methods). 

Both our visibility-based and Houghton and Nassikas emission estimates increased 
between 1990 until 1997 after which emissions decreased slightly, whereas the GCP 
estimates were relatively stable until 1997 and decreased substantial afterwards. Mean 
annual emissions over 1990-2015 were comparable between the three datasets with 
mean emissions of 1.38 Pg C yr-1 based on our estimates, compared to 1.29 Pg C yr-1 and 
1.21 Pg C yr-1 based on the Houghton and Nassikas and GCP dataset respectively. The 
higher emissions estimates in our study stem from higher emissions in the arc of 
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deforestation. Finally, as a result of visibility-based estimates over South America, our 
dataset exhibits larger interannual variability than the other two datasets, which may 
help explain some of the interannual variability in the CO2 growth rate (Fig. 5.1). 

We investigated linear trends in the airborne fraction (AF), and thus the strength of the 
combined land-ocean CO2 sink rate, in terms of the relative growth rate (RGR). In this 
study we focused on a single long-term trend, following Raupach (2014). Besides this we 
performed a Monte-Carlo simulation (with n=1000) based on a normal distributed error 
with a standard deviation equal to the uncertainty ranges (1 σ) of the emission datasets 
(EFF, dACO2 and ELU) as input and resulted in an uncertainty in EVI corrected AF trend of σ = 
0.06 (Fig 5.3). For the smoothed and corrected datasets the AF trends were significantly 
negative when using our LULCC estimates, with the most significant trend found for the 
ENSO-volcanic variability (EVI) corrected time series (Table 5.1, Fig. 5.2). Using the 
Houghton and Nassikas estimates, the trend was negative as well, but not significant 
(Fig. 5.2 and 5.3). A positive trend was found using the GCP dataset, which is in line with 
most previous studies that concluded that the combined land-ocean sink is becoming less 
efficient over time, and thus losing its capacity to take up anthropogenic CO2 emissions 
(Canadell et al., 2007; Friedlingstein, 2015; Le Quéré et al., 2009; Raupach et al., 2014), 
although the significance of this trend is under debate (Knorr, 2009) (Fig. 5.3, Table 5.1). 
In contrast, the negative trend that results from our emission estimates implies that the 
combined land-ocean sink has become more efficient over time. The key difference 
originates from the downward revision of the LULCC emissions in the early part of our 
study period, leading to higher AF estimates. 

5.4 Conclusions 
In this study we analyzed trends in the AF time series to improve our understanding of 
the combined land-ocean sink efficiency. Our findings suggest that the sink efficiency 
has increased. While the underlying sink mechanisms have been widely explored and 
include enhanced oceanic carbon uptake related to increasing biological activity (Karl et 
al., 2015), increases in terrestrial carbon uptake (Arneth et al., 2017; Ballantyne et al., 
2017; Campbell et al., 2017; Keenan et al., 2016; Morton et al., 2006) due to increases in 
nutrient deposition (Quinn Thomas et al., 2010; Thornton et al., 2007; Zaehle and Friend, 
2010), CO2 fertilization (Mercado et al., 2009), changes in diffuse radiation resulting in 
increasing canopy photosynthesis (Mercado et al., 2009), and more recently reduced 
respiration during the warming hiatus (Ballantyne et al., 2017) our results may imply that 
these mechanisms may be more effective than thought previously. We recognize that the 
estimation of the combined sink strength by analysis of the airborne fraction cannot 
elucidate the underlying mechanisms that cause the increased efficiency and may be 
impacted for example by changes in anthropogenic emissions (Gloor et al., 2010), but this 
analysis using the most recent insights in LULCC variability over time implies that 
positive carbon-climate feedbacks have not occurred on a global scale yet.  
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6 Summary and outlook 
 

The overall objective of this thesis was to gain more insight in tropical 
deforestation patterns, fire dynamics, and their interaction, especially over 
the past decades. Consistent data on forest loss dynamics are important to 
study the global carbon cycle, for biodiversity studies, to estimate the 
potential of reducing deforestation for reducing greenhouse gas emissions, 
and to assess the relative importance of humans and climate in shaping fire 
regimes. One of the deforestation and fire hotspots of the world is South 
America. In the first research chapter, which will be summarized in Section 
6.2, I have quantified annual South American forest loss by developing an 
outlier detection algorithm using satellite remote sensing. To better 
estimate tropical fire dynamics that may be related to forest loss I also 
developed a method to estimate fire emissions in South America using 
visibility observations from weather stations throughout the Amazon and 
linked these to satellite-based fire emissions and deforestation. This way I 
could reconstruct fire emissions throughout the region from 1973 to 
present, which is further detailed in Section 6.3. Subsequently this dataset, 
along with other sources of data, was used to reconstruct a historic global 
fire emissions inventory since 1750. This dataset will be used in the 
Intergovernmental Panel on Climate Change’s (IPCC) Coupled Model 
Intercomparison Project phase 6 (CMIP6) and is summarized in 6.4. In the 
final study the results of the preceding chapters were used to identify how 
the uptake by the land and ocean sinks has changed over time using an 
indirect approach which was hampered before by uncertainty in forest loss 
carbon emissions (Section 6.5). 
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6.1 Quantify spatially-explicit deforestation rates over the past 
decades 

The first study, presented in Chapter 2, describes how forest loss can be quantified based 
on vegetation optical depth (VOD) for a 21-year period (1990-2010). VOD is a passive 
microwave satellite-based indicator of vegetation water content and vegetation density. 
The advantage compared to optical satellite data is that aerosols and cloud cover does not 
impact VOD severely. However, the spatial resolution is much coarser. I used a merged 
VOD dataset, based on two satellite datasets, which has the advantage that it covers a 
relatively long time period (1988-2011) and is globally available. I developed a change 
detection algorithm to estimate forest loss area from 1990s onwards which enabled me to 
quantify spatial and temporal variations in forest loss dynamics. 

A comparison with the Landsat-based Global Forest Change (GFC) maps over 2001-2010 
indicated that the new dataset compared reasonably well with existing high-resolution 
maps. Based on the results, Brazil was responsible for 56% of the total South American 
forest loss area. The results also confirmed the well-known decrease of forest loss in the 
Brazilian Amazon since 2005, partially driven by stricter conservation policies, but 
indicated no trend over the full time period for our whole study region. This is because in 
the regions south of the arc of deforestation, forest loss has increased over the full time 
period, offsetting the reductions in forest loss in Brazil. This includes Argentina, Bolivia, 
Chile, and Paraguay where trends up to 4% yr-2 were observed over 1990-2010. The added 
value of my work is mostly providing new annual forest loss estimates during the 1990s, 
a period not covered by GFC, MODIS and other satellite datasets, but a period with 
substantial changes in forest cover as shown in Chapter 2. 

6.2 Explore the use of proxy data to extend existing deforestation 
rate estimates backwards in time 

The next study (Chapter 3) also investigated deforestation, but now from a fire 
perspective making use of proxy data. The study domain was again the Amazon for which 
little is known about fire rates before the satellite-era. I reconstructed fire emissions with 
an annual time step from 1973 to 2014 based on visibility-observations from weather 
station across the Amazon. In this region, including the well-known arc of deforestation 
and Bolivia, visibility-observations could explain 61% of the variability in satellite-based 
estimates of bottom-up fire emissions since 1997, and 42% of the variability in satellite-
based estimates of total column carbon monoxide concentrations since 2001. These 
comparisons indicated that, with limitations, visibility can be a useful proxy for fire 
emissions in the Amazon. This enabled me to reconstruct the fire history of this region 
since 1973 when visibility information became available. In general, the use of visibility 
observations for fire reconstructions is most reliable towards the western part of the 
Amazon where smoke gets more concentrated leaving a stronger signal, because the 
Andes blocks the overall eastern winds. 

The results indicated that until 1987 relatively few fires occurred in this region and that 
fire emissions increased rapidly over the 1990s. The pattern agreed reasonably well with 
forest loss datasets and could explain 30% of the interannual variability in VOD-based 
forest loss, indicating that although natural fires may occur here deforestation and 
degradation were the main cause of fires. Compared to fire emissions estimates based on 
the Food and Agricultural Organization’s Global Forest and Resources Assessment (FAO-
FRA) data, the visibility-based results were substantially lower up to the 1990s, after 
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which they were more in line. The visibility-based fire emissions dataset can help 
constrain dynamic global vegetation models and atmospheric models with a better 
representation of the anthropogenic fire regime. 

6.3 Historic global fire emissions (1750-2015) 
This study (Chapter 4) describes how I developed a historic global fire emissions 
inventory since 1750 by merging several data streams, including those from Chapters 2 
and 3. Fires influence atmospheric composition and climate. Satellite data provide the 
most accurate overall global extent of fires. However, these datasets are only available 
from 1997 onwards. Before that time there is a suite of proxies available, including 
sedimentary charcoal records, measurements of fire-emitted trace gases and black 
carbon stored in ice cores and firn, and visibility observations (Chapter 3). These proxies 
provide opportunities to extrapolate emissions estimates before 1997, but each proxy has 
strengths and weaknesses. In this study I have merged satellite-based fire emissions for 
recent times, charcoal datasets of temperate and boreal regions, visibility-records from 
weather stations over tropical forest regions, and emission estimates from the FireMIP 
project. The aim was to make the best use of the strengths of the various datasets using a 
regional approach. 

According to this approach, global biomass burning emissions were relatively constant 
with 10-year averages varying between 1.8 and 2.3 Pg C year-1. Carbon emissions 
increased only slightly over the full time period and peaked during the 1990s after which 
they decreased gradually. Africa accounts for a large part (58%) of global fire carbon 
emissions and the general trend therefore mimics that of Africa especially in the early 
part of our record. African fire emissions exhibited a decrease from 1950 onwards as a 
result of conversion of fire-prone savannas to agricultural land. This decrease is partially 
compensated for by increasing emissions in deforestation zones of South America and 
Asia especially during the 1990s, which also led to higher interannual variability in fire 
emissions. This inventory is mostly suited for global analyses and will be used in the IPCC 
CMIP6 simulations. Compared to the fire emissions used in the previous CMIP 
simulations (CMIP5), our results exhibit less variability over time and a smaller 
difference between pre-industrial and present emissions. 

6.4 Revised LUC emissions, uncertainties and implications on 
trends in the global carbon cycle 

In the final study (Chapter 5), I investigated how the uptake of carbon by the land and 
ocean sinks have changed over the past 60 years based on updated land use change 
emissions. Continuous atmospheric measurements of CO2 taken at the South Pole and 
Mauna Loa station from 1958 onwards indicated that about half of all carbon emissions 
coming from fossil fuel use and land use change are estimated to end up in the 
atmosphere. The remainder is taken up by land and ocean sinks. However, the exact ratio 
that ends up in the atmosphere, and especially its trend, is relatively uncertain, mostly as 
a result of difficulties in quantifying land use change emissions. Several studies 
suggested that the land and ocean sinks have become less efficient in taking up carbon 
from the atmosphere based on an observed increase in the airborne fraction over time. 

The two regions with nowadays the largest land use and land cover change (LULCC) 
emissions in the tropics are South America and Southeast Asia. In these regions visibility 
observations are closely related to land use change (Chapter 3) and in Chapter 4 I used 
visibility-based emissions in combination with existing emission estimates for other 
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regions to develop a new LULCC emissions dataset. The new data indicate that emissions 
related to land use change were lower than previous estimates and have increased more 
rapidly since the start of the continuous CO2 measurements. The consequence is that, due 
to lower emissions in the early part of the study period, the airborne fraction in that early 
part was higher and exhibits an overall downward trend. Based on my findings, the 
combined land and ocean sinks may become more efficient in taking up carbon from the 
atmosphere, which contradicts results found in earlier studies. This method cannot 
elucidate the underlying mechanisms, but potential reasons include increasing biological 
activity of oceanic carbon uptake and/or increases in terrestrial carbon uptake as a result 
of for example increases in nitrogen deposition, reduced respiration, changes in diffuse 
radiation resulting in increasing canopy photosynthesis, and CO2 fertilization. 

6.5 General conclusions and recommendations for further 
research 

In this thesis, I have developed two new datasets providing information about 
deforestation (Chapter 2) and fire dynamics (Chapter 3) in South America over the past 
decades. These datasets provide more insight in the interannual variability of fires and 
deforestation over a longer time period compared to other studies and can be used in 
biodiversity studies, to assess the role of humans in modifying landscapes, and to 
estimate the mitigation potential of reducing deforestation. Chapter 3 indicated that until 
1987 relatively few fires occurred in this region and that fire emissions increased rapidly 
over the 1990s. Furthermore, deforestation rates and fire emissions were related to some 
degree in their interannual variability. During this study I have assumed that variability 
in visibility is directly proportional to fire emissions, omitting changes due to variability 
in atmospheric transport as well as changes due to spatial variability in the location of 
fire and deforestation events. Initial estimates indicated that variability in wind patterns 
may be small as was the average distance of fire to the stations, but a more extensive and 
spatially explicit study including a regional transport model is needed to better 
understand the role of for example a progressing fire and deforestation front on the 
observations, and to provide insights in the sources (e.g. deforestation versus Cerrado) of 
the fires and their direct effect on the actual emissions.  

Although the VOD-based deforestation dataset agreed reasonably with the estimates 
based on the GFC dataset, further refinements could improve my estimates. 
Deforestation datasets are based on different satellite-observations and therefore ‘see’ 
something else. VOD can for example be used to estimate net forest loss on a relatively 
large scale, whereas GFC can observe deforestation and regrowth. PRODES on the other 
hand only observes deforestation of primary forest while forest degradation neglected. 
Pinpointing the differences between these various datasets will help in using the 
different datasets as complementary to each other and could yield hold more information 
about deforestation and forest degradation in this dynamic region. I would propose to 
include comparing with existing LIDAR-based benchmark datasets (Baccini et al., 2012) 
and estimates based on the more recent Sentinel-1 and Sentinel-2 observations with 
relatively high spatial resolution. 

Furthermore, I have developed a global fire emissions database that will be used for the 
IPCC CMIP simulations. I have merged recent satellite-based fire emissions, charcoal 
datasets of temperate and boreal regions, visibility-records from weather stations over 
tropical forest regions, and emission estimates from the FireMIP project. Carbon 
emissions increased slightly over the full time period and peaked during the 1990s after 
which they decreased gradually. Africa accounts for a large part (on average 58% over our 
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study period) of global fire carbon emissions and the general trend is similar to the 
African trend. African fire emissions were based on the multi-model median; the various 
models exhibited different trends over 1750 to present including substantial uncertinaty. 
Our aim was to make the best use of the strengths of the various datasets using a regional 
approach. The observation-based visibility data provide annual data but are only 
available for deforestation regions and extend the satellite-record with a few decades. 
The charcoal data provide a much longer record and are most useful in temperate and 
boreal regions where data density is highest, but the unitless data are difficult to 
translate to actual fire rates.  

To validate the model results observational datasets are needed, therefore absence of 
pre-industrial fire history data in Africa is a major limitation of these estimates. To 
improve and constrain the fire emissions dataset, I encourage paleo-fire researchers to 
sample their sites in detail for the last 250 years with a strong focus on tropical areas 
including Africa since these emissions determine most of the global trends, even though 
proxy-records are currently mostly used for longer (century to millennial) time scales. 
Pinpointing the reasons behind outliers and opposing trends between the various models 
will lead to lower uncertainties for studies like this one. Also, the different spatial and 
temporal scales of the various datasets make it hard to compare the different data 
sources and there is a need to know what they exactly represent and how they differ. 
Future improvements are, besides more charcoal observations in tropical areas, expected 
with more CO observations in ice cores and cross-validation between the different 
datasets, for example benchmarking fire models with satellite-based global datasets and 
charcoal data with GFED. 

In my final study (Chapter 5), I investigated the trends in carbon emissions related to 
land use and land cover change, and how this can help to better quantify how much 
carbon remains in the atmosphere and how much is taken up by the combined land and 
ocean sink. I used updated emissions related to land-use change including the visibility-
based emissions in South America (Chapter 3) and showed that the potential slowdown in 
sink efficiency has not occurred on a global scale yet, contradicting earlier studies. The 
method used in Chapter 5 cannot elucidate the underlying mechanisms that have caused 
the increase in the sink strength. Our results can be used as benchmark to constrain 
climate-carbon models. This way the effects of the underlying mechanisms can be 
identified. Also further reducing the error in land use change emissions from the 1950s 
onwards will remain a topic for future investigation. 

Overall, this thesis shows how new and sometimes novel datasets can be developed and 
used to improve our understanding of the history of global fire emissions and even about 
the functioning of the global carbon cycle. While the new datasets have filled certain gaps 
and improved our understanding, they have also clearly illustrated that uncertainties 
remain substantial. New research avenues and better combining of different datasets may 
help towards a better understanding of global fire and forest loss histories. 
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7 Samenvatting (Dutch) 
	

	

Dit hoofdstuk geeft een kort overzicht van het onderzoek dat 
is gedaan met betrekking tot dit proefschrift. Het doel van dit 
proefschrift was om meer inzicht te verkrijgen in de 
patronen van tropische ontbossing, de dynamiek van 
branden en de interactie van deze twee. Meer kennis en het 
hebben van consistente gegevens over ontbossing is 
essentieel voor onderzoek naar de mondiale koolstof cyclus, 
de mogelijkheden tot het verminderen van ontbossing en om 
meer begrip te krijgen over de rol van de mens en klimaat op 
de dynamiek in branden.	
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De Zuid-Amerikaanse ‘Arc of Deforestation’ is een van de meest bekende ontbossings- 
en bosbrand gebieden in de wereld. In mijne eerste studie (Hoofdstuk 2) heb ik met 
behulp van satellietobservaties jaarlijkse ontbossing in kaart gebracht voor Zuid-Amerika 
van 1990 tot 2010. Het satellietproduct heet ‘vegetation optical depth’ (VOD) en kan iets 
zeggen over de vegetatiedichtheid en vegetatie-watergehalte. Het voordeel van de 
dataset is dat deze beschikbaar is voor een relatief lange tijdsperiode (1988-2011), maar 
het nadeel is dat de observaties relatief grof zijn (0.25 graad, dat komt overeen met vakjes 
van ongeveer 25x25 km2). Ik heb een algoritme ontwikkeld om van deze 
satellietobservaties gegevens over de jaarlijkse ontbossing voor heel Zuid Amerika te 
krijgen. Dit is voor het eerst dat er jaarlijkse ontbossingsgegevens beschikbaar zijn voor 
zo’n lange tijdsperiode en voor zo’n groot gebied. Deze VOD-gebaseerde 
ontbossingsgegevens komen relatief goed overeen met bestaande hoge resolutie datasets.  
Op basis van mijn resultaten kunnen eerdere onderzoeksresultaten dat sinds 2005 
ontbossing in Brazilië is afgenomen bevestigd worden. Dit komt waarschijnlijk door 
strengere wetgeving. In gebieden buiten Brazilië is ontbossing daarentegen over de 
onderzoeksperiode toegenomen. Landen waar ontbossing het meest is gestegen zijn 
Argentinië, Bolivia, Chili en Paraguay waar trends tot 4 % per jaar zijn geobserveerd.  

Mijn tweede studie (Hoofdstuk 3) gaat ook over ontbossing, maar dan gerelateerd aan 
bosbranden. Het studiegebied was de Amazone, waar relatief weinig bekend is over brand 
uitstoot voor 1997, het jaar waarvoor de eerste satelliet gebaseerde brand uitstoot 
gegevens beschikbaar zijn. Hiervoor heb ik gebruik gemaakt van zichtbaarheid gegevens 
verkregen van weerstations verspreid over de Amazone, hiertoe behoort ook de eerder 
genoemde ‘Arc of Deforestation’. Deze zichtbaarheid gegevens zijn beschikbaar van 1973 
tot 2014 en worden beïnvloed door luchtvervuiling, neerslag, mist, maar ook door rook 
vrijgekomen bij bosbranden. Door de data te filteren kon ik de zichtbaarheid linken aan 
satellietgegevens over branden en hierdoor kon ik een geschiedenis van branden sinds 
1973 in dit gebied reconstrueren.  De resultaten laten zien dat van 1973 tot 1987 relatief 
weinig branden voorkwamen in dit gebied en dat de uitstoot snel steeg over de jaren 90. 
Dit patroon kwam vrij goed overeen met de ontbossingdataset uit de eerste studie 
(Hoofdstuk 2) en geeft ons inzichten over de oorzaak van deze branden. We kunnen 
concluderen dat naast natuurlijke branden, een groot deel gedreven wordt door 
ontbossing en land degradatie. In een vergelijking met een veelgebruikte dataset 
ontwikkeld door de Food and Agriculture Organization (FAO) waarbij ontbossing is 
geschat op basis van landen statistieken laat ik zien dat mijn schattingen tot de jaren 90 
substantieel lager zijn dan door de FAO wordt aangenomen. Mijn dataset van belang zijn 
in globale vegetatie modellen, maar ook gebruikt worden als randvoorwaarde voor 
atmosferische modellen. 

In mijn derde studie (Hoofdstuk 4) heb ik een dataset ontwikkeld met gegevens over 
brand uitstoot op een mondiale schaal van 1750 tot en met 2015. Hiervoor heb ik 
verschillende databronnen gecombineerd, inclusief de datasets ontwikkeld tijdens de 
eerdere twee studies (Hoofdstuk 2 en 3). Branden beïnvloeden de samenstelling in de 
atmosfeer en klimaat, waarbij satellietgegevens de meest precieze schattingen geven op 
een mondiale schaal. Deze satellietgegevens zijn alleen beschikbaar vanaf 1997. Voor die 
tijd moet men terugvallen op andere databronnen, bijvoorbeeld houtskool datasets, 
observaties van brand gerelateerde gassen, zwarte koolstof uit ijskernen en sneeuw en 
zichtbaarheid observaties (Hoofdstuk 3). Elk van deze databronnen heeft zijn voor- en 
nadelen. In deze studie heb ik de satelliet geobserveerde brand uitstoot voor de meest 
recente tijd gecombineerd met houtskool gegevens uit de boreale en gematigde gebieden, 
zichtbaarheid gegevens uit de tropische bosgebieden en uitkomsten van brandmodellen 
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voor de andere gebieden. Hierbij was het doel om voor elke regio de meest geschikte 
dataset te gebruiken. De resultaten laten zien dat de mondiale uitstoot door branden 
relatief constant was met waardes die varieerden tussen de 1.8 en 2.3 Pg C per jaar. De 
koolstofuitstoot steeg licht over de gehele tijdsperiode en lieten een piek zijn tijden de 
jaren 90 waarna ze weer lager warden. Dit signaal is, met name voor het begin van de 
tijdserie, vergelijkbaar met het signaal van Afrika, het gebied met de relatief de meeste 
uitstoot (58% van alle uitstoot). In Afrika is alleen vanaf 1950 een daling in uitstoot 
zichtbaar, wat het gevolg is van de ontwikkeling van landbouwgebieden uit meer 
brandgevoelige savanne gebieden. Deze daling wordt, met name tijdens de jaren 90, 
gecompenseerd door uitstoot in ontbossingsgebieden in Zuid Amerika en Azië. De door 
mij ontwikkelde dataset is het meest geschikt voor mondiale analyses en zal worden 
gebruikt in de toekomstige klimaatsimulaties door het Intergovernmental Panel on 
Climate Change (IPCC). In vergelijking met de dataset die gebruikt is in vorige simulaties, 
laat ik zien dat branduitstoot constanter was over tijd met relatief weinig verschil tussen 
huidige uitstoot en die in 1750.  

In mijn laatste studie (Hoofdstuk 5), heb ik onderzocht hoe de opname van CO2 door de 
land en oceanen is veranderd door de tijd. Sinds 1958 wordt de atmosferische 
concentratie van koolstof gemeten en daaruit blijkt dat ongeveer de helft van de uitstoot 
gerelateerd aan het verbranden van fossiele brandstoffen en koolstof die vrijkomt door 
landgebruiksveranderingen eindigt in de atmosfeer, maar dat de rest wordt opgenomen 
door de oceaan en het land. In de mondiale koolstof cyclus is daarentegen relatief veel 
onzekerheid over de uitstoot gerelateerd aan landgebruiksveranderingen en daardoor is 
er ook onzekerheid over de opname van koolstof door het land en de oceaan. Op basis van 
bestaande datasets met gegevens over uitstoot gerelateerd aan 
landgebruiksveranderingen hebben eerdere studies laten zien dat de land en oceaan door 
de tijd minder goed in staat zijn om koolstof op te nemen. Ik heb de bestaande datasets 
geüpdatet met uitstoot op basis van zichtbaarheidgegevens in de Amazone en Zuidoost 
Azië (Hoofdstuk 3 en 4); twee regio’s waar tegenwoordig de meeste uitstoot wordt 
geobserveerd als gevolg van landgebruiksveranderingen. Deze nieuwe dataset heeft 
lagere uitstoot over de eerste jaren sinds atmosferische observaties startten, maar dat de 
uitstoot sneller steeg. Op basis van trends in de opname van koolstof door het land en de 
oceaan laat ik zien dat deze over tijd beter in staat zijn om koolstof op te nemen, wat dus 
de eerder gevonden resultaten tegenspreekt. De methode die ik gebruikt heb kan niet de 
onderliggende mechanismen identificeren, maar mogelijke verklaringenf hiervoor zijn 
onder andere een stijgende biologische activiteit in de oceanen, maar ook een stijgende 
opname door het land bijvoorbeeld door hogere concentraties stikstof, veranderingen in 
straling waardoor fotosynthese snelheid verandert en CO2 fertilisatie.  

Dit proefschrift laat zien hoe nieuwe en soms ongewone datasets ontwikkeld kunnen 
worden om ons begrip over de geschiedenis van mondiale brand uitstoot en zelfs het 
functioneren van de mondiale koolstof cyclus te vergroten. Dit proefschrift heeft 
ontbrekende kennis op deze gebieden opgevuld, maar heeft ook laten zien dat er nog 
steeds onzekerheden zijn en er dus nog genoeg onbekende gebieden zijn om te 
ontdekken. 
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