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CHAPTER 1

Introduction

This chapter provides an overview of the dissertation’s research field and its objectives, 

as well as an outline of the different chapters. In this thesis I have studied savannas in the 

tropics and subtropics, which occur along a wide rainfall gradient and are characterized 

by large seasonal variation in precipitation, resulting in grasslands mixed with trees. The 

combination of relatively high vegetation productivity and a distinct dry season provides 

the ideal environment for the occurrence of frequent fires that play an important role in 

species competition. In fact, the very existence of large parts of the savanna biome depends 

on these frequent fires, which humans have used to manage the landscapes since prehistoric 

times. Yet, in the coming decades the savanna biome may undergo large changes. Apart 

from climate change, many savanna areas will face considerable population growth, 

promoting land cover conversion and livestock grazing. The focus of this dissertation was 

to better understand large-scale processes and changes within the savanna biome using 

satellite remote sensing data of the last decades. The thesis starts with a study on long-term 

trends in vegetation structure, followed by three studies focused on fire dynamics, which 

affect large-scale species distribution, regional air quality, and global climate. 
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1.1 THE SAVANNA BIOME

Savannas in the (sub)tropics cover about 12% of the world’s land surface and are home 

to a considerable part of the human population (Scholes and Archer, 1997). Savannas are 

widely used as grazing grounds (Asner et al., 2004) and savannas are being converted into 

agricultural land, especially close to densely populated areas (Grégoire et al., 2013). In the 

savannas of South America and Africa, large increases in cropland extent are expected during 

the next century (Alexandratos, 1999; Tilman et al., 2001). Savannas consist of grasslands 

interspersed by trees, and in most of the (sub)tropics the combination of high summer 

vegetation productivity followed by a dry winter creates circumstances where savannas (in 

particular the herbaceous part) may burn on an annual or biennial basis (Cahoon et al., 1992; 

Bowman et al., 2009). Because of the scale at which these fires occur they have a large impact 

on vegetation patterns (Bond and Wilgen, 1996; Bond and Keeley, 2005), and have played 

an important role in the evolution of the savanna biome (Clark and Harris, 1985; Scholes 

and Archer, 1997). Many fires occur in the vicinity of urbanized regions, reducing air quality 

and forming a major threat to human health (Johnston et al., 2012). These aspects will be 

discussed in more detail below, starting with the savanna climate (Sect. 1.1.1), vegetation 

(Sect. 1.1.2) and the role of humans and fire (Sect. 1.1.3). 

1.1.1 Climate
Tropical and subtropical savannas are marked by the distinct difference between dry and 

wet seasons (Bourliere, 1983; Scholes and Archer, 1997). During the hemispheric summer, 

the overhead sun leads to excessive convection bringing summer rains (Ramage, 1971; Fein 

and Stephens, 1987). Savannas occur along a wide gradient of mean annual precipitation 

(MAP), that generally increases towards the equator while the dry seasons length decreases 

(Adler et al., 2003). The exact mechanisms driving the timing and magnitude of the summer 

rains vary across the continents, and are affected by many regional factors such as the 

geophysical setting of a certain region and land-ocean interactions (Webster et al., 1998). 

Sea currents affect sea surface temperatures (SST) and are a major driver of interannual 

variation in precipitation, especially in the southern hemisphere. The most well known mode 

of changing SST, occurring in the Pacific Ocean, is driven by changes in the Walker circulation 

and is referred to as El Niño Southern Oscillation (ENSO). The impact of the Walker circulation 

on SST and climate is so large that the strength of the circulation (affecting SST) affects 

precipitation patterns throughout the global (sub)tropics (Dai and Wigley, 2000; McPhaden 

et al., 2006). 

Therefore, savannas in the (sub)tropics are prone to large differences in precipitation, 

both between the seasons and on an interannual basis. On top of these seasonal and decadal 
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variations in climate, considerable warming is expected during the coming century, related 

to increasing concentrations of greenhouse gases in the atmosphere (Collins et al., 2013). On 

time scales from centuries to millennia, changes in climate are for a substantial part driven 

by changes in the radiative forcing. These are largely driven by changing concentrations of 

greenhouse gases in the atmosphere, variability in the incoming radiation from the sun, as 

well as changes in the surface albedo (Masson-Delmotte et al., 2013). On the shorter term 

humans may especially have a large impact on the concentrations of greenhouse gases in 

the atmosphere and the surface albedo. Although the estimated regional impact of land 

use changes and enhanced greenhouse gas concentrations on climate vary widely from 

model to model, all agree that temperature and potential evaporation likely increase during 

the coming century (Collins et al., 2013). In general, precipitation is expected to increase at 

higher latitudes and in the more humid tropics close to the tropical convergence zone, while 

decreases may occur in the more arid (sub)tropics (Kirtman et al., 2013). Most of the savanna 

ecosystems are water limited already, and variations or trends in water availability thus have 

a large impact on vegetation productivity (Nemani et al., 2003), and on the occurrence of 

different species (Lehmann et al., 2011, 2014).

1.1.2 Vegetation
Savannas in the (sub)tropics mostly consist of C4-type grasslands interspersed with fire 

tolerant C3-type trees (Beerling and Osborne, 2006; Fig. 1.1). The C4 photosynthetic pathway is 

advantageous under high temperatures and low CO2 concentrations and C4-type grasslands 

have rapidly expanded around 3 – 8 million years ago (Edwards et al., 2010). In more arid 

regions, tree cover is low and savannas start to make place for grasslands or shrublands. 

Some studies have shown that frequent fire may provide a competitive advantage of grass 

species over shrubs (Trollope, 1980; Roques et al., 2001). In these more arid regions with MAP 

below about 650 mm yr-1, under natural conditions, tree cover density is linearly related to 

MAP (Sankaran et al., 2005). When moving towards more humid savannas, tree cover density 

increases and both forest and savannas may occur under similar climatic conditions. Once 

again, it is frequent disturbance, mostly by fires, that provides a competitive advantage of 

savanna grasslands over forest (Bond and Keeley, 2005). 

Although fire plays an important role in explaining the extent of the savanna biome 

today, the exact relation between grass and woody vegetation is further affected by the 

occurrence of different species across the continents (Lehmann et al., 2011, 2014) and the 

interaction between grazing, browsing and fire (van Langevelde et al., 2003). The presence of 

browsers may reduce the occurrence of woody species, while grazers may be beneficial for 

them by reducing herbaceous fuel loads (Scholes and Archer, 1997; Asner et al., 2004). During 

the coming century, changes in climate, CO2 concentrations and landscape management 
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may result in shifts in vegetation patterns. Temperatures and potential evaporation will rise, 

driving water scarcity, but enhanced CO2 concentrations will improve water use efficiency 

of plants, providing competitive advantages to C3-species over C4-species (Higgins and 

Scheiter, 2012). Finally, especially the savannas of South America and Africa, may face a major 

increase in agricultural area and grazing, to meet the rising local and global agricultural 

demands (Alexandratos, 1999; Tilman et al., 2001). 

Figure 1.1: The distribution of the savanna biome and tree cover density for the three largest (sub)tropical savanna 
regions. (a) South America, (b) Sub-Saharan Africa and (c) Australia. All grid cells with less than 50% of (woody) 
savanna vegetation according to the MCD12C1 data set with University of Maryland classification were masked grey 
(Friedl et al., 2002). Tree cover was derived from the Global Forest Change data set (Hansen et al., 2013). Highest mean 
tree cover was found in grid cells containing a mix of woody savannas and forest. Note that the three continents are 
shown on different scales.

1.1.3 Humans and fire
Humans have used fire since prehistoric times, affecting species distribution and providing a 

competitive advantage of grasses over woody vegetation, thus increasing the domain of the 

savanna biome (Sauer, 1950; Clark and Harris, 1985). Natural sources of fire (e.g., lightning) are 

also frequent in the (sub)tropical savannas and fires have occurred before humans arrived or 

learned to use fire, but nowadays human ignitions are generally most important (Clark and 

Harris, 1985; Archibald et al., 2010a). Throughout human history, the use of fire to manage 

the landscape has changed following the major developments in society (Archibald et al., 

2012). Today fires are most widely used in Africa (Fig. 1.2), where they are mostly associated 

with traditional ways of living: pasture maintenance, hunting, protection of the villages, and 

(shifting) agriculture (Shaffer, 2010). In Australia and Southern America, where indigenous 

people were also using fire to manage the landscape, the European colonization has had a 

large effect on fire management (Denevan, 1992; Russell-Smith et al., 2003; Bird et al., 2008). 

Similarly the use of fire may further change in future.

Biomass burning is not only an important landscape management tool affecting species 

competition, but due to its scale also affects atmospheric composition and regional air 
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quality (Crutzen et al., 1979). Globally savannas are responsible for about 70% of the annual 

burned area, burning an area roughly the size of India (Fig. 1.2; Randerson et al., 2012; Giglio 

et al., 2013), and responsible for about half of the global fire carbon emissions (van der 

Werf et al., 2010). It is estimated that over 300.000 people die annually due to the poor air 

quality caused by biomass burning (Johnston et al., 2012). Monitoring biomass burning is 

therefore an important aspect of air quality models. Early studies estimated the emissions 

of landscape fires based on estimates of fire return periods and fuel loads (Crutzen et al., 

1979; Seiler and Crutzen, 1980). To date, these estimates have been refined, owing to the 

availability of various satellite products. 

Figure 1.2: The modern day distribution of annual burned area for the three largest (sub)tropical savanna regions 
(2000 – 2014). (a) South America, (b) Sub-Saharan Africa and (c) Australia. All grid cells with below 50% of (woody) 
savanna vegetation according to the MCD12C1 data set University of Maryland classification were masked in grey 
(Friedl et al., 2002). Mean annual burned area was derived from the MODIS MCD64A1 data set (Giglio et al., 2013). 
Note that the three continents are shown on different scales.

1.2 SATELLITE REMOTE SENSING

Remote sensing has greatly benefitted from the technological developments over the last 

decades and many aspects of ecosystem functioning can now be monitored from space. 

Satellite remote sensing provides data on vegetation productivity and structure, and several 

of its most important drivers including climate, fire and land use. Although field studies are 

needed for fundamental process understanding, satellites provide the means to upscale 

these results and the full scope of many processes can often only be fully appreciated 

from space. Therefore the combination of field observations and (satellite) remote sensing 

is a powerful way to improve our understanding of these processes, especially relevant 

for studying global change. Because of recent technological developments and because 

humans increasingly affect nearly all areas of the Earth and its atmosphere, the role of 

satellite-derived data has become more important than ever. 
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When Earth observing sensors create images of the Earth from space, two different 

sources of energy dominate the observations: (i) sunlight reflected by the Earth or atmosphere 

and (ii) sunlight absorbed by the Earth or atmosphere that is again emitted in a different 

wavelength. Due to the chemical composition of the atmosphere, some wavelengths of the 

sun’s radiation can reach the Earth’s surface without obstruction, while other wavelengths are 

absorbed by the atmosphere. Figure 1.3 shows the difference between the solar radiation at 

the top of the atmosphere and the radiation actually reaching the Earth’s surface. The figure 

shows for example the importance of ozone (O3) in shielding ultraviolet light (up to about 

380 nm) radiation. In some wavelengths, such as those of the visible light (390 – 700 nm), 

the atmosphere absorbs very little and most radiation reaches the Earth’s surface when not 

scattered by clouds or aerosols. A similar ‘atmospheric window’ is found in the microwave 

domain (>1 mm), allowing satellite observations using radar as well as for example radio 

communication (Fig. 1.4). Figure 1.4 shows the atmospheric opacity, providing an overview 

of the wavelengths that can be used for Earth observation from space. Figures 1.3 and 1.4 

also show the basic principle of the greenhouse effect: so called greenhouse gases, like H2O 

and CO2 absorb and re-emit radiation in several wavelengths of the outgoing long-wave 

radiation from the Earth, heating up the atmosphere (Earth emits most energy in the thermal 

infrared domain, with a peak around 10 µm).

Satellite-derived data sets to study the environment are often based on the combined use 

of specific wavelengths (Fig. 1.4). For example, to study vegetation the ratio of near infrared 

Figure 1.3: Absorption spectrum of the Earth’s atmosphere. This figure was prepared by R. A. Rohde as part of the 
Global Warming Art Project, and permission was granted to distribute the figure under the terms of the GNU Free 
Documentation License. 
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and red light can be studied: a healthy ‘green’ leaf absorbs red light for photosynthesis while 

the infrared light is reflected to prevent overheating and unnecessary respiration by the 

leaves of the plant. In a similar manner the global burned area can be estimated based on 

sudden changes in surface reflectance. For example, when using data from the MODerate-

resolution Imaging Spectroradiometer (MODIS) instruments, the 1.2 μm band shows a 

sudden drop after the landscape is burned while the reflectance in the 2.1 μm band remains 

stable (Giglio et al., 2009). An alternative way to study fires is based on active fire observations, 

using thermal infrared images, providing a direct estimate of the energy emitted. 

Broadly speaking, satellites can be brought into either polar orbiting or geostationary 

position. Polar orbiting satellites are located relatively close to the Earth, and therefore provide 

high spatial resolution images, but only provide a limited number of daily observations for 

each point on Earth. Geostationary instruments on the other hand, provide high temporal 

resolution, but are located far away from Earth limiting the spatial resolution of the images. 

Satellite-derived data sets used to study vegetation and climate go back as much as thirty 

years in time. The quality of these data sets has improved over time, and this thesis makes 

frequent use of the MODIS instruments aboard the polar orbiting Terra and Aqua satellites 

(launched in 1999 and 2002, respectively) which combine high-quality images with a record 

spanning enough time to observe trends. 

Satellite input streams have considerably improved our understanding of the role 

savanna ecosystems play in the global carbon cycle, large scale savanna vegetation dynamics, 

biomass burning dynamics and fire emissions. However, large uncertainties also remain in 

some domains. For example, estimates of global dry matter burned range from 2 to 6 Pg 

Figure 1.4: Atmospheric opacity, showing the atmospheric windows that can be used to study the Earth from 
space. Several satellite products used in this dissertation are shown with the text centered around the wavelengths 
used. This is an edited version of a figure created by NASA (NASA copyright policy states that “NASA material is not 
protected by copyright unless noted”).
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yr-1, indicating large uncertainty (cf. Ellicott et al., 2009; van der Werf et al., 2010; Kaiser et 

al., 2012; Zhang et al., 2012). Moreover, some physical properties of ecosystems cannot be 

directly measured from space, and most satellite-derived data sets have their own specific 

limitations. For example, fire emissions can be estimated using satellite-derived estimates of 

burned area but also require the modeling of fuel consumption, possibly using data on net 

primary productivity (NPP). These are available from space, but modeling fuel consumption 

is further complicated by other processes that affect fuel build-up (e.g., decomposition, 

grazing, and land management) and requires estimating combustion completeness (affected 

by e.g., fuel moisture and composition). The latter aspects are difficult to observe from space, 

and models are therefore needed to estimate their dynamics. 

In addition to uncertainties caused by aspects of the ecosystem that cannot be observed 

from space, many satellite-derived products are prone to sensor specific limitations. For 

example, when studying vegetation dynamics, vegetation indices are affected by vegetation 

clumping, sensor saturation at high biomass and vegetation structure. Such limitations are 

often the cause of non-linear relations between vegetation indices and actual physical 

properties of the vegetation cover. In other cases, satellite-derived data may readily provide 

information on certain changes within ecosystems (e.g., a change in vegetation greenness 

or annual burned area), but not provide direct information on the underlying drivers. During 

the studies presented here, I tried to overcome such issues by combining various sources of 

(satellite-derived) data and interpretation of the results from an interdisciplinary perspective. 

Different satellite-derived data sets using various sensors generally provide complementary 

information, even if the products were designed for the same purpose. Because long time 

series are now becoming available, it was often possible to study long-term changes and 

their drivers, using statistics and modeling. 

1.3 OBJECTIVES AND OUTLINE

The objective of this dissertation was to study the interaction of vegetation, climate and 

human activity within the savanna biome on continental scale in the context of a dynamic 

global environment. More specifically, the focus was on large-scale vegetation and fire 

dynamics, using satellite remote sensing. During this study special attention was paid to the 

continent of Africa, because savannas cover nearly 50% of its land mass (Scholes and Archer, 

1997) and around 70% of global annual burned area occurs in Africa (Giglio et al., 2013). 

In addition, the African population is expected to double by 2050 (United Nations, 2013) 

resulting in land cover changes and increased human pressure on the ecosystem during the 

coming century (Alexandratos, 1999; Alexandratos and Bruinsma, 2012).
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The following chapters (2 – 5) of this dissertation correspond to three peer-reviewed 

journal articles and one submitted. Although the chapters presented here are edited versions 

of the published ones, some key concepts may be repeated in their respective introductions. 

The first study (Chapter 2) focused on long-term trends in vegetation structure, separating 

changes driven by climate and exploring other potential drivers of the observed trends. 

The second study (Chapter 3) is dedicated to the effects of climate and socio-economic 

developments on recent trends in annual burned area in Africa. During the third study 

(Chapter 4) active fire and burned area data were combined to study fuel consumption (per 

unit burned area) dynamics and its drivers. This information was used to investigate the 

different role of fire on the various continents, and to improve our understanding of fuel 

build-up processes as a function of various drivers. The final study focused specifically on 

the fire diurnal cycle (Chapter 5). Insights were used to improve near real-time fire emissions 

estimates, needed for early warning systems on air quality in major biomass burning regions. 

The study also resulted in a better understanding of the fire diurnal cycle and fire behavior 

with respect to climate and vegetation types. The last two chapters of the dissertation 

summarize the major findings in English (Chapter 6) and Dutch (Chapter 7). 





CHAPTER 2

Global changes in dryland vegetation dynamics (1988 – 
2008) assessed by satellite remote sensing: comparing a 
new passive microwave vegetation density record with 

reflective greenness data*

Abstract. Drylands, covering nearly 30% of the global land surface, are characterized by 

high climate variability and sensitivity to land management. Here, two satellite-observed 

vegetation products were used to study the long-term (1988 – 2008) vegetation changes 

of global drylands: the widely used reflective-based Normalized Difference Vegetation 

Index (NDVI) and the recently developed passive-microwave-based Vegetation Optical 

Depth (VOD). The NDVI is sensitive to the chlorophyll concentrations in the canopy and the 

canopy cover fraction, while the VOD is sensitive to vegetation water content of both leafy 

and woody components. Therefore it can be expected that using both products helps to 

better characterize vegetation dynamics, particularly over regions with mixed herbaceous 

and woody vegetation. Linear regression analysis was performed between antecedent 

precipitation and observed NDVI and VOD independently to distinguish the contribution of 

climatic and non-climatic drivers in vegetation variations. Where possible, the contributions 

of fire, grazing, agriculture and CO2 level to vegetation trends were assessed. The results 

suggest that NDVI is more sensitive to fluctuations in herbaceous vegetation, which 

primarily uses shallow soil water, whereas VOD is more sensitive to woody vegetation, 

which additionally can exploit deeper water stores. Globally, evidence is found for woody 

encroachment over drylands. In the arid drylands, woody encroachment appears to be at 

the expense of herbaceous vegetation and a global driver is interpreted. Trends in semi-

arid drylands vary widely between regions, suggesting that local rather than global drivers 

caused most of the vegetation response. In savannas, besides precipitation, fire regime plays 

an important role in shaping trends. Our results demonstrate that NDVI and VOD provide 

complementary information and allow new insights into dryland vegetation dynamics. 

* This chapter is an edited version of: Andela, N., Liu, Y. Y., van Dijk, A. I. J. M., de Jeu, R. A. M. 

and McVicar, T. R.: Global changes in dryland vegetation dynamics (1988 – 2008) assessed by 

satellite remote sensing: comparing a new passive microwave vegetation density record with 

reflective greenness data, Biogeosciences, 10, 6657-6676, doi:10.5194/bg-10-6657-2013, 2013. 
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2.1 INTRODUCTION

Drylands cover nearly 30% of the global land surface, they are characterized by high climate 

variability and are sensitive to land use practice (Tietjen et al., 2010). Over the last decades, 

many dryland ecosystems have faced increased pressure from human demands and climate 

change (Asner et al., 2004; Dore, 2005; Liu et al., 2013a). Here we define arid drylands as all 

areas that have a ratio of long-term mean annual precipitation to mean annual potential 

evaporation of 0.1 < P/ETp ≤ 0.3 and semi-arid drylands as 0.3 < P/ETp ≤ 0.7. Globally the 

primary drivers of vegetation dynamics in drylands include: (i) climate (Herrmann et al., 2005; 

Bai et al., 2008); (ii) fire regime (Bond and Keeley, 2005; Archibald et al., 2010a); (iii) grazing 

(Asner et al., 2004; Liu et al., 2013b); (iv) agriculture (Piao et al., 2003; Jeyaseelan et al., 2007); 

and (v) atmospheric CO2 concentrations (Bond and Midgley, 2012; Donohue et al., 2013). Of 

these, fire, grazing and agriculture can be considered the main disturbance processes that 

affect large-scale vegetation trends in drylands. Other factors, e.g., nitrogen deposition and 

changes in growing season length (Bai et al., 2008) may also play an important role locally. 

Changes in the five primary drivers are expected to result in differential responses of woody 

cover (i.e., woody encroachment or decline) and herbaceous cover (Archer et al., 1995; Van 

Auken, 2000; Bond et al., 2003; Asner et al., 2004). 

Although supporting evidence has been found that each of the five primary drivers can 

result in responses of dryland vegetation cover, simultaneous changes of the five primary 

drivers and interactions among them and interaction with ecosystem processes make it 

difficult to attribute change to any single driver (Bond and Midgley, 2012). Using remote 

sensing data the evidence of climate impacting vegetation dynamics has been studied at 

regional (Evans and Geerken, 2004; Herrmann et al., 2005; Wessels et al., 2007), continental 

(Donohue et al., 2009) and global scales (Nemani et al., 2003). To date, the impact of grazing 

and fire have not been included in global studies of dryland vegetation dynamics (e.g., 

Nemani et al., 2003; de Jong et al., 2011; Fensholt et al., 2012). Remote sensing data on 

global fire regimes are available, with many improved products becoming available since 

the launch of Moderate Resolution Imaging Spectroradiometer (MODIS) in 1999 (Kaufman 

et al., 1998). Studies of fire-induced vegetation change are mainly performed regionally (e.g., 

Heisler et al., 2003; Flannigan et al., 2009; Archibald et al., 2010a) with notable exceptions 

focusing on longer timescales (Bond et al., 2005; Bowman et al., 2009). Vegetation indices 

have been widely used as indicators for advances in agricultural practice (e.g., irrigation 

and fertilization) and annual crop yields (e.g., Tottrup and Rasmussen, 2004), while land 

cover maps provide information on the spatial extent of agriculture. Several studies provide 

field evidence of the impact of grazing (Van Auken, 2000; Asner et al., 2003) and rising CO2 

levels (McMahon et al., 2010; Buitenwerf et al., 2012) on vegetation cover; however, these 
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studies are regional, presumably to avoid problems of complexity and data availability. As 

a consequence, at a global scale the relative importance of climate, fire, grazing, agriculture 

and CO2 on vegetation dynamics is still actively debated and so far unresolved (Archer et 

al., 1995; Asner et al., 2004; Bond and Keeley, 2005; Bond et al., 2005; Fensham et al., 2005; 

Sankaran et al., 2005; Lehmann et al., 2011; Bond and Midgley, 2012; Buitenwerf et al., 2012). 

Satellite remote sensing is a powerful tool to globally study both woody encroachment 

and desertification over multiple decades, complementing local to regional field evidence 

and process studies. For global studies, the Normalized Difference Vegetation Index (NDVI) 

is the most widely used spectral vegetation index and is based on a ratio of red and near-

infrared reflectance (Rouse et al., 1974; Tucker, 1979; Beck et al., 2011). NDVI has been used 

as an indicator of vegetation productivity (Tucker et al., 1985; McVicar and Jupp, 1998); 

and is related to leaf area index (LAI; Wang et al., 2005), canopy cover fraction and the 

fraction of absorbed photosynthetically active radiation (fPAR; Asrar et al., 1984; Carlson 

and Ripley, 1997; Lu et al., 2003). Complementary to the NDVI, a recently developed data 

set is Vegetation Optical Depth (VOD). VOD describes the transparency of vegetation in the 

microwave domain and is mostly sensitive to vegetation water content (Kirdiashev et al., 

1979). Owe et al. (2001) developed the Land Parameter Retrieval Model (LPRM) to derive 

VOD from low-frequency passive microwave observations. This model was further improved 

by Meesters et al. (2005) and has been applied to a series of passive microwave sensors 

(Owe et al., 2008). VOD is sensitive to vegetation water content in both the woody and leafy 

vegetation components, and provides a measure of aboveground biomass (Liu et al., 2011a). 

Separately, both reflective and microwave products have been used to study vegetation 

dynamics. Pettorelli et al. (2005) review ecological studies that used NDVI to examine climate- 

and human-induced vegetation change (e.g., Evans and Geerken, 2004; Herrmann et al., 

2005; Wessels et al., 2007), global vegetation trends (e.g., de Jong et al., 2011; Fensholt et al., 

2012) and land degradation (e.g., Bai et al., 2008). Long VOD time series were only recently 

developed, and have been used to study vegetation phenology (Shi et al., 2008; Jones et al., 

2011, 2012) and to show the impact of El Niño-Southern Oscillation on Australian vegetation 

cover (Liu et al., 2007). Global trends in VOD were shown to correspond to changes in 

precipitation, livestock (e.g., overgrazing), crop production, deforestation and fires (Liu et 

al., 2013a, 2013b). 

To date, only an introductory assessment of potential insights from a combined 

interpretation of NDVI and VOD co-trends has been performed (Liu et al., 2011a). While many 

regions had similar co-trends regional differences were illustrating that VOD provides new 

information for mixed woody-herbaceous land cover types. Due to the characteristics of 

both products, differential responses to changes in land cover are expected (Shi et al., 2008). 

Compared to VOD, NDVI saturates at relatively low biomass and is therefore most sensitive 
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to vegetation covering the largest surface (Tucker, 1979). As a consequence, temporal 

correlation between NDVI and VOD is high for grass and croplands but lower for high biomass 

vegetation types where NDVI saturates (Liu et al., 2011a). Grasses are the main source of large 

interannual variation in NDVI for savanna ecosystems (Roderick et al., 1999a; Lu et al., 2003; 

Archibald and Scholes, 2007; Donohue et al., 2009). VOD has a greater penetration capacity 

and is more sensitive to changes in woody vegetation (Shi et al., 2008; Liu et al., 2011a). The 

relationship between NDVI and VOD is further explored in the background theory section.

This chapter uses the two complementary remote sensing data sets and analyzes their 

trends across the global drylands. In particular, we address the following questions: 

1. How do NDVI and VOD complement each other and what do combined trends tell 

us about vegetation dynamics?

2. What component of temporal dryland vegetation dynamics is explained by 

precipitation? 

3. What are the remaining trends in both vegetation indices, and how are they related 

to the other primary drivers (fire, grazing, agriculture and CO2)? 

Differences between NDVI and VOD are explored and their trends and co-trends are 

interpreted ecologically over the global drylands. A model is developed to estimate the 

dryland vegetation responses that can be explained by precipitation variation. Residual 

trends (i.e., the observed minus model-explained trends) and their potential drivers are 

discussed and attributed where possible, by comparison with independent data sets (e.g., 

burned area and grazing) and information from previous studies.

2.2 BACKGROUND THEORY

A conceptual framework is required to relate temporal patterns and trends in NDVI and VOD 

to vegetation characteristics. For NDVI, the reflectance observations from which it is derived 

are often described by a linear mixture of the constituent surface reflectance components 

(cf. Roberts et al., 1998):

𝜌𝜌 = 𝑓𝑓𝑜𝑜𝜌𝜌𝑜𝑜 +  (1 −  𝑓𝑓𝑜𝑜)(𝑓𝑓𝑢𝑢𝜌𝜌𝑢𝑢 + 𝑓𝑓𝑠𝑠𝜌𝜌𝑠𝑠) , (2.1)

where ρ is the wavelength reflectance and f the fraction canopy cover, with subscripts denoting 

overstory (o), understory (u) and soil surface (s). This is a somewhat simplified approach, as 

light reflecting from one component can affect reflectance of another component by multiple 
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scattering and transmittance (Roberts et al., 1993). Homogeneous vegetation cover is assumed 

such that the overstory will obscure some part of the understory, and it is assumed that the 

NDVI observations are representative for nadir measurements such that f equates to projected 

canopy cover. Here it is assumed that the overstory and understory can be assumed equal to 

the (woody) persistent and (herbaceous) recurrent vegetation components (cf. Roderick et al., 

1999a; Lu et al., 2003; Donohue et al., 2009). NDVI is calculated as a reflectance difference index 

and therefore, using Eq. (2.1) it can be shown that NDVI will respond to surface component 

mixing ratios in a slightly non-linear manner, although NDVI still converges to end member 

NDVI values when these dominate overall reflectance (Asner, 1998). NDVI per unit canopy area 

for recurrent vegetation tends to exceed that of persistent vegetation, with recurrent vegetation 

having shorter-lived and “greener” (i.e., higher chlorophyll density) leaves (Reich et al., 1997, 

2003). As a result, all else being equal, an increase in NDVI can be explained by an increase in 

total canopy cover or a relative increase in recurrent vegetation canopy cover, or both.

VOD (denoted τ) can be interpreted as being linearly related to total aboveground 

biomass (AGB) water content, i.e., the sum of water in woody and non-woody vegetation 

(Jackson et al., 1982; Wigneron et al., 1993): 

𝜏𝜏 =  𝜏𝜏𝑜𝑜 + 𝜏𝜏𝑢𝑢 =  𝑐𝑐𝜏𝜏(𝜃𝜃𝑜𝑜𝑚𝑚𝑜𝑜 +  𝜃𝜃𝑢𝑢𝑚𝑚𝑢𝑢) , (2.2)

where θ is vegetation water content, m the AGB, and cτ the constant of proportionality. θ will 

normally be greater for herbaceous vegetation than for woody vegetation (Roderick et al., 

1999b, 2000), therefore increases in VOD can mean an increase in total AGB, an increase of 

the fraction of herbaceous vegetation AGB, or both.

Finally, the relationship between NDVI and VOD is influenced by the connection between 

AGB (m) and canopy cover (f). This relationship can be presented by considering the commonly 

used light extinction equation (Monsi and Saeki, 2005) that relates f to leaf area index (Λ):

𝑓𝑓 = 1 − exp(−𝑘𝑘𝑘𝑘) =  1 − exp(−𝑘𝑘𝛼𝛼𝑆𝑆𝑆𝑆𝑆𝑆𝑓𝑓𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑚𝑚) = 1 − exp(−𝑐𝑐Λ𝑚𝑚) , (2.3)

where k is the extinction coefficient, αSLA the specific leaf area (i.e., area per unit leaf mass), and 

fleaf the fraction of leaf biomass in total AGB. While k depends on leaf orientation and clumping, 

fleaf and αSLA will be greater for non-woody vegetation than for woody vegetation. Overall, total 

AGB remaining unchanged, the sensitivity of NDVI to a relative increase in the herbaceous AGB 

is expected to be considerably greater than the sensitivity of VOD. VOD, being sensitive to AGB 

water content, is expected to be more sensitive to a relative increase in woody vegetation. Per 

unit mass the tree foliage will have a somewhat higher relative water content than the woody 

parts, but because woody biomass typically represents 90% or more of total aboveground 
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biomass (Northup et al., 2005; and references therein) it still contains most of the water 

(Sternberg and Shoshany, 2001). By using the trend information from the different vegetation 

data sets the above considerations lead to the following four expectations: 

1. A long-term increase in both NDVI and VOD signifies an increase in the relative 

fraction of herbaceous AGB and/or an increase in total AGB; 

2. A long-term increase in NDVI combined with a decrease in VOD signifies an increase 

in the relative fraction of herbaceous AGB; 

3. A long-term decrease in NDVI and an increase in VOD signifies an increase in the 

relative fraction of woody AGB; and

4. A long-term decrease in both NDVI and VOD signifies a decrease in the relative 

fraction of herbaceous AGB and/or a decrease in total AGB.

2.3 MATERIALS

To study global long-term dryland vegetation dynamics, both NDVI and VOD data sets were 

used for their overlapping period 1988 – 2008. Both vegetation indices are dimensionless 

and here we use a 0.25° spatial and monthly temporal resolution. 

2.3.1 Normalized Difference Vegetation Index (NDVI)
The NDVI data are Global Inventory Modeling and Mapping Studies 3rd generation (GIMMS3g) 

derived from the Advanced Very High Resolution Radiometer (AVHRR) sensor on board the 

NOAA series of satellites (i.e., NOAA 7, 9, 11, 14, 16 and 17; Tucker et al., 2005). Although 

data sets are merged from several sensors and corrections were performed (Tucker et al., 

2005), they do not affect the calculated trends (Fensholt and Proud, 2012). These data were 

resampled from 1/12° to 0.25° spatial resolution and from twice to once monthly temporal 

resolution by simple averaging. Data were available between 1981 – 2010. Recently Beck et 

al. (2011) showed that of four AVHRR processing chains tested, GIMMS was best able to track 

trends in 1424 Landsat image pairs. 

2.3.2 Vegetation Optical Depth (VOD)
Liu et al. (2011a) developed a harmonized VOD data set for 1988 – 2008 by merging VOD 

retrievals from SSM/I (Special Sensor Microwave Imager, 1988 – 2007), TMI (the microwave 

instrument onboard the Tropical Rainfall Measuring Mission satellite, 1998 – 2008) and AMSR-E 

(the Advanced Microwave Scanning Radiometer – Earth Observing System, 2002 – 2008) 

using the LPRM algorithm. This harmonized data set preserves the relative dynamics (e.g., 
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seasonality and interannual variations) of the original products (Liu et al., 2011b) and is able to 

capture long-term changes in total aboveground vegetation water content and biomass over 

various land cover types globally (Liu et al., 2013a). Because of enhanced sensor characteristics 

(particularly the longer wavelength), the accuracy of VOD retrievals from AMSR-E is expected 

to be better than those from TMI and SSM/I. A comprehensive evaluation study by Liu et al. 

(2013a) demonstrated that the errors associated to sensor changes in the harmonized VOD 

data set are small, however. The harmonized data set captured long-term changes in total 

aboveground vegetation water content and biomass over different land cover types without 

sensor artifacts. The VOD data should be interpreted with caution over sandy deserts, open 

water and under the frost conditions (de Jeu, 2003; Jones et al., 2011; Gouweleeuw et al., 2012).

2.3.3 Additional data sets
2.3.3.1 Precipitation

Precipitation data (monthly; 1901 – 2009) produced by the University of East Anglia Climatic 

Research Unit (CRU Time Series version 3.1) were available at a 0.5° resolution (Jones 

and Harris, 2008). For analysis it was assumed that within this grid cell precipitation was 

homogeneously distributed and data was resampled to a 0.25° resolution (Koenig, 2002). 

2.3.3.2 Land cover

The MODIS Land Cover Type Yearly Climate Modeling Grid (MCD12C1; 2005; 0.05° resolution), 

land cover map was used here (Friedl et al., 2002). Data was resampled to a 0.25° resolution 

using the land cover with the highest frequency in each grid cell. The land cover types follow 

the University of Maryland (UMD) classification scheme (Hansen et al., 2000). For our analysis 

some land cover classes were merged to assist interpretation (i.e., urban and built-up, barren 

or sparsely vegetated, and unclassified + fill were here merged into “barren or sparsely 

vegetated”; all types of forest into “forest”; and closed and open shrublands into “shrublands”). 

2.3.3.3 Fire

Monthly burned area data was available based on MODIS Terra satellite imagery (MCD64A1; 

500m resolution; November 2000 onwards; Giglio et al., 2009). Data was rescaled to a 

monthly 0.25° resolution by calculating the mean burned area per 0.25° grid cell.

2.3.3.4 Livestock

Livestock density was available from the Food and Agriculture Organization’s (FAO) Gridded 

Livestock of the World data (http://www.fao.org/AG/againfo/resources/en/glw/GLW_dens.

html; Robinson et al., 2007) and was expressed in Tropical Livestock Units (TLU) per km2 (1 

TLU = 250 kg live weight, cattle = 0.7 TLU, sheep and goats = 0.1 TLU; Jahnke, 1982).
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2.4 METHODS

2.4.1 Relationship between NDVI and VOD
To illustrate the theoretical relations between NDVI and VOD (Sect. 2.2), we calculated global 

mean values and standard deviation for both vegetation indices. To provide more insight, we 

calculated annual mean values and range (between maximum and minimum) and compared 

seasonal patterns of three southern African land cover types with increasing woody cover: 

(i) grasslands, (ii) savannas and (iii) woody savannas. In addition to earlier explorations on 

the relationship between NDVI and VOD (Shi et al., 2008; Liu et al., 2011a), the results of 

these analysis were used to verify the four expectations of Sect. 2.2, regarding the co-trends 

between NDVI and VOD. Trends in NDVI and VOD were analyzed separately (Sects. 2.4.2 and 

2.4.3), but co-trends (NDVI and VOD) were also interpreted using our theoretical framework.

2.4.2 Response of vegetation index anomalies to antecedent precipitation anomalies
Following Evans and Geerken (2004) and Herrmann et al. (2005), linear regression models 

between antecedent precipitation and each vegetation index were developed for each 

grid cell. These regression models were used to estimate the long-term vegetation trends 

expected due to precipitation patterns alone. Estimated vegetation trends were calculated 

in three steps. Firstly, anomalies were calculated both for precipitation and the vegetation 

products (NDVI and VOD). Second, the antecedent precipitation index (API) was calculated, 

here defined as the optimal correlating precipitation running mean (PRM) as judged from 

Spearman’s ranked correlation coefficient (Rs) over 1- to 60-month averaging periods. The 

API(x, y, t) was calculated for each grid cell (x,y) and month (t) using

𝐴𝐴𝐴𝐴𝐴𝐴𝑥𝑥,𝑦𝑦,𝑡𝑡 =  
∑ 𝑑𝑑′𝑥𝑥,𝑦𝑦,𝑡𝑡

𝑡𝑡
𝑡𝑡−(𝑇𝑇𝑥𝑥,𝑦𝑦−1)

𝑇𝑇𝑥𝑥,𝑦𝑦
 , (2.4)

where T is the averaging period in months for antecedent precipitation that leads to the 

highest Rs between the PRM and the vegetation anomalies and d’ is the precipitation 

anomaly. The estimated vegetation variation was calculated as a linear function of API: 

𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑥𝑥,𝑦𝑦,𝑡𝑡 =  𝑒𝑒1𝑥𝑥,𝑦𝑦,𝑡𝑡 ∗ 𝐴𝐴𝐴𝐴𝐴𝐴𝑥𝑥,𝑦𝑦,𝑡𝑡 +  𝑒𝑒2𝑥𝑥,𝑦𝑦. (2.5)

For each grid cell the coefficients a1 and a2 were determined by least squared differences 

between the API and vegetation anomaly time series. Similar approaches were used by 

Evans and Geerken (2004), Herrmann et al. (2005) and Wessels et al. (2007) for NDVI, who 

also assumed (as we do) that if estimated vegetation variation based on precipitation 
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variation was removed from observed vegetation anomalies, the residual trends are 

largely independent of precipitation. Here we develop models based on precipitation and 

vegetation anomalies (rather than the original vegetation indices) as all trends are present 

in the anomalies, and not in the seasonal pattern. So a model optimized for anomalies 

will give a better estimation of trends in the vegetation indices caused by precipitation. 

Although direct correlation between precipitation and vegetation indices will be higher 

than correlation between vegetation index and precipitation anomalies, a model based 

on the original vegetation indices and precipitation would be more suitable to study the 

effect of precipitation on seasonal rather than interannual vegetation dynamics. However, to 

facilitate comparison with previous studies, the analysis was also repeated using the original 

vegetation indices rather than anomalies (cf. Herrmann et al., 2005).

2.4.3 Global dryland vegetation trends
After calculating the estimated index anomalies, trends were calculated for the observed, 

estimated and residual vegetation index. The residual trend was calculated as the trend in 

the observed minus estimated vegetation anomaly and represents the component of the 

signal that could not be directly attributed to precipitation variations. A conventional non-

parametric Mann-Kendall trend test was used to determine areas of significant monotonic 

trends (cf. de Jong et al., 2011; Fensholt et al., 2012; Liu et al., 2013a). The non-parametric 

Theil-Sen estimator of slope is insensitive to outliers and was used to calculate linear trends 

(Theil, 1950; Sen, 1968). 

Climate and land cover affect NDVI and VOD dynamics and will likely cause them to 

respond differently to the primary drivers of dryland vegetation dynamics. Hence, to stratify 

our results, we used global maps of land cover (Fig. 2.1a) and P/ETp classes; referred to as 

humidity classes hereafter (Fig. 2.1b). Global maps of livestock density, burned area, recent 

trends in burned area, and ecosystem characteristics of land cover and humidity were used 

to interpret results. Only static livestock density and land cover data were available, but 

these could in some cases be combined with regional studies to interpret the influence 

on vegetation dynamics. It was assumed that globally consistent trends not explained by 

climate, fire, grazing and agricultural developments are caused by increasing atmospheric 

CO2 concentrations (Bond et al., 2003; Donohue et al., 2013). Impact of fire on vegetation 

indices was further explored studying time series of NDVI, VOD and burned area for grassland, 

savanna and woody savanna in southern Africa.

Grid cells with less than 40% valid data (i.e., 100 or less of the 252-month series) in either 

vegetation data set were not included in this analysis. NDVI cannot be used over snow and ice 

(Brown et al., 2006), while VOD is sensitive to frost conditions (see Sect. 2.3.2; Liu et al., 2011a), 

hence seasonally recurrent data gaps exist in both products during winter. The threshold of 
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40% valid data was chosen to include most drylands at high latitudes/elevations. Data gaps 

were ignored in trend calculations yet are considered in their interpretation.

Figure 2.1: Characterization of ecosystems in terms of land cover and humidity. (a) MODIS dominant land cover type, herein 
referred to as land cover; and (b) humidity classes (P/ETp), based on 50 yr average (1950 – 2000) precipitation (P) data (Hijmans 
et al., 2005) and potential evaporation (ETp) data (Zomer et al., 2008). All maps in this chapter (except for Fig. 2.3d) are projected 
in the Miller cylindrical projection (60°N – 60°S, 130°W – 160°E). Terrestrial areas that are not drylands (0.1 < humidity ≤ 0.7) are 
from now on masked grey in all figures and are excluded from analysis, and oceans are masked (white) in all figures.

2.5 RESULTS

2.5.1 Relationship between NDVI and VOD
Globally, for the arid drylands, mean VOD values were generally lower than NDVI, with 

increasing humidity and biomass VOD increased faster than NDVI (Fig. 2.2a and b). Most 

notable examples of large differences between NDVI and VOD were forests and agricultural 

regions of the temperate northern hemisphere drylands. NDVI generally showed higher 

standard deviations than VOD, especially for drylands that face cold winters (Fig. 2.2c and d). 

Regional exceptions were observed, with standard deviation of VOD being larger for some 

savanna regions in northern and southern Africa and Australia. More detail was provided 

by studying three land cover types of southern Africa (study areas are shown in Fig. 2.3d). 

With increasing woody cover, VOD increased faster than NDVI (Fig. 2.3a, b and c). The annual 

average VOD for grassland was 0.41 and for woody savanna this increased to 0.70 (i.e., a 

0.29 increase). In contrast, the annual average NDVI only increased by 0.19 (i.e., from 0.43 for 

grassland to 0.62 for woody savanna). The NDVI range (annual maximum minus minimum) 

exceeded the VOD range for all three land cover types (Fig. 2.3a, b and c).

2.5.2 Response of vegetation index anomalies to antecedent precipitation anomalies
The strongest correlation (Rs) between vegetation anomalies and antecedent precipitation index 

(API) were observed over arid drylands (0.1 < P/ETp ≤ 0.3; Fig. 2.4a and c). While NDVI and VOD 
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Figure 2.2: Mean values and standard deviation of vegetation indices (1988 – 2008). (a) Mean NDVI; (b) mean VOD; 
(c) standard deviation of NDVI; and (d) standard deviation of VOD.

Figure 2.3: Long-term (1988 – 2008) average monthly NDVI and VOD signals for three common land cover classes of southern 
Africa (5 – 35°S, 10 – 50°E): (a) grassland (733 0.25° resolution grid cells), (b) savanna (4041 0.25° resolution grid cells), and (c) woody 
savanna (3826 0.25° resolution grid cells). The annual average and range of both vegetation indices are reported on each sub-
plot. (d) shows an overview of the study areas used in Figs. 2.3, 2.7 and 2.12. Australia is shown at half the scale of southern Africa. 
The three regions, based on land cover, used in (a – c) are shown in yellow (grassland), blue (savanna) and pink (woody savanna).
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showed similar spatial patterns, VOD showed higher correlation coefficients, suggesting that 

VOD reacts stronger to interannual precipitation variability in drylands than NDVI. In regions with 

low or insignificant correlations between vegetation and API, factors other than precipitation 

are likely to determine interannual vegetation variability and/or variability was minimal over the 

study period. While in general the strongest correlation was found between VOD and API, the 

total area of significant correlation was similar for both vegetation indices (Table 2.1). 

Averaging periods (denoted T in the methods; Fig. 2.4b and d) are related to the capacity 

of vegetation to use antecedent precipitation and the lead time of interannual variation 

in precipitation followed by a vegetation response. NDVI generally has shorter averaging 

periods than VOD (cf. Fig. 2.4b with d). To facilitate comparison with other studies, model 

results based on original vegetation indices and precipitation are also shown (Fig. 2.5). In 

general, observed correlation was higher, and averaging periods were shorter for the model 

based on original vegetation indices and precipitation (Fig. 2.5) than when compared to the 

model based on anomalies used here (Fig. 2.4, see Sect. 2.4.2). Figure 2.6 shows box plots of 

the data in Fig. 2.4, stratified by land cover and humidity classes. Both NDVI and VOD showed 

longest averaging periods for areas dominated by woody vegetation and croplands, shorter 

periods were observed for grasslands and savannas.

Figure 2.4: Spearman’s rank correlation coefficient (Rs) and averaging periods for anomalies of the two vegetation 
indices. For the NDVI (a) is the Rs between API and the NDVI anomaly and (b) is the averaging period for antecedent 
precipitation that leads to the highest Rs between PRM and the vegetation anomalies (denoted as T in the methods), 
(c) and (d) are as (a) and (b) except for the VOD. Grid cells without significant correlation (p < 0.05), with over 60% 
missing values, or with a negative correlation coefficients are masked (white).
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Figure 2.5: Spearman’s rank correlation coefficient (Rs) and averaging periods for the two vegetation indices. For the 
NDVI (a) is the Rs between API and the NDVI and (b) is the averaging period for antecedent precipitation that leads to 
the highest Rs between PRM and the NDVI, (c) and (d) are as (a) and (b) except for the VOD. Grid cells without significant 
correlation (p > 0.05), with over 60% missing values, or with a negative correlation coefficients are masked (white).

Table 2.1: Percentage of global drylands with significant (p < 0.05) correlation between API and the two vegetation 
index anomalies (Fig. 2.4) for land cover and humidity classes. The average humidity (P/ETp) for each land cover class 
is shown in brackets with the land cover classes ordered in increasing humidity. 1% represents 750 grid cells (0.25° 
resolution), and abbreviations of land cover classes are explained in the legend of Fig. 2.1a.

Land cover Humidity

Class Total [%] NDVI [%] VOD [%] Class Total [%] NDVI [%] VOD [%]

B/SV (0.15) 4.3 3.6 3.3 0.1-0.3 38.2 35.0 35.9

Sh (0.21) 21.3 19.9 20.1 0.3-0.5 29.8 26.5 26.3

Gr (0.33) 27.4 23.8 24.4 0.5-0.7 32.0 19.7 18.6

Sa (0.45) 11.4 9.9 10.5

Cr (0.51) 17.9 14.6 13.2

Wsa (0.53) 8.3 6.1 6.4

Fo (0.59) 9.5 3.4 2.9

Total 100.0 81.2 80.7 Total 100.0 81.2 80.7

Figure 2.7 shows an example of estimated and observed anomalies in NDVI and VOD for two 

5 x 5° regions (Fig. 2.3d): (i) eastern Australia (25 – 30°S, 145 – 150°E); and (ii) southern Africa 

(25 – 30°S, 20 – 25°E). Modeled NDVI is based on shorter averaging periods, because the 

signal showed little interannual variation. VOD, on the other hand, is usually based on longer 

averaging periods and therefore follows the interannual variation in precipitation, being less 

sensitive to small intra-annual variability. 
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Figure 2.6: Box plots showing the distribution of Rs and averaging periods for the two vegetation indices. (a) 
Distribution of Rs between observed vegetation anomalies and API for NDVI and VOD, stratified by: (left) land cover 
classes and (right) humidity classes; and (b) the distribution of the duration of averaging period for antecedent 
precipitation that leads to strongest correlation between the PRM and observed vegetation anomalies, stratified by: 
(left) land cover classes and (right) humidity classes. Solid lines indicate the NDVI medians and dash-dot lines the VOD 
medians. The maximum and minimum extents of the colored boxes indicate 25th and 75th percentiles and whiskers 
represent the 5th and 95th percentiles. Grid cells with over 60% missing values are not included in this figure, and 
grid cells without significant correlation (p > 0.05) in Fig. 2.4 are not included in Fig. 2.6b. abbreviations of land cover 
classes are explained in the legend of Fig. 2.1a.

Figure 2.7: Time series of estimated and observed vegetation anomalies. Estimated NDVI (green) and observed NDVI 
(black) vegetation anomalies are shown for regions in (a) eastern Australia (25 – 30°S, 145 – 150°E) and (b) southern 
Africa (25 – 30°S, 20 – 25°E), (c) and (d) are as (a) and (b) except for the estimated VOD (red) and observed VOD (black) 
vegetation anomalies. The average Spearman’s ranked correlation coefficient (Rs) and averaging period (T) of all 0.25° 
resolution grid cells in each 5° region are listed in each sub-plot. Locations of both 5° regions are shown in Fig. 2.3d.

2.5.3 Global dryland vegetation trends
For some regions, observed annual trends in NDVI and VOD (1988 – 2008) showed similar 

trends: e.g., India, North America, eastern Australia, and northern African savannas (Fig. 2.8a 

and b). Other areas showed contrasting trends between the data sets: e.g., southern Africa, 
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northern Australia, Argentina and central Asia. While observed trends in NDVI and VOD 

differ considerably, the estimated trends in NDVI and VOD were relatively similar and strong 

decreasing trends were found in southeastern Australia and Mongolia, while increasing 

trends were found in most of Africa and northern Australia (Fig. 2.8c and d). Figure 2.8e 

and f show residual trends, calculated as observed anomalies minus estimated vegetation 

anomalies. For the NDVI (Fig. 2.8e) some trends persisted (e.g., positive trends over most 

of India and Spain, and negative trends over southern Russia and Kazakhstan). In other 

cases, if observed and estimated trends had the opposite direction (i.e., one is positive and 

the other negative) this resulted in enhanced residual trends (e.g., Argentina, arid northern 

Africa, southern Africa and northern Australia in the case of NDVI; compare Fig. 2.8a, c and 

e). If observed and estimated trends had the same direction this resulted in smaller residual 

NDVI trends (e.g., Mongolian steppe and semi-arid drylands of northern Africa), or trends 

tended to zero (e.g., southern India and northern China). Finally, in some regions new NDVI 

trends emerged (southeastern Australia and southwest Western Australia). Observed and 

estimated trends in VOD generally had the same direction, resulting in smaller residual 

trends (e.g., northern Australia, Sahel, southern Africa and southern Argentina; compare 

Fig. 2.8b, d and f ). Although there were also regions with trends in observed VOD, and no 

corresponding trends in estimated vegetation anomalies (e.g., east Africa and northern 

India). Figure 2.9a – c shows the co-trends between NDVI and VOD using the four categories 

of our conceptual framework, and their corresponding ecological interpretation is shown 

in Fig. 2.9d. 

Median observed trends in NDVI were increasing for savanna and croplands, and 

decreasing for the other land cover classes (Fig. 2.10a). For VOD decreasing median observed 

trends were found in forested drylands, while increasing median trends were found for all 

other land cover classes (Fig. 2.10a). Over arid drylands the median VOD trend was increasing 

while NDVI showed mostly decreasing trends, for more humid drylands NDVI and VOD 

trends were more similar and closer to zero (Fig. 2.10d). Savannas and shrublands showed 

a small increase in estimated median NDVI and VOD (Fig. 2.10b), indicating that part of 

the change in median vegetation index response is explained by trends in precipitation. 

There were no particular humidity classes that showed a large change in estimated median 

vegetation response, indicating that median changes in precipitation were close to zero for 

each humidity class (Fig. 2.10e). In the residual trends (i.e., observed minus estimated) similar 

but smaller median trends remained, both for NDVI and VOD (Fig. 2.10c and f ).

Vegetation trends (Fig. 2.8), are expected to be related to trends in precipitation (Fig. 

2.11a) and trends in annual burned area (Fig. 2.11b). Most global drylands experienced 

stable or increasing precipitation amounts during 1988 – 2008; notable exceptions are 

southeast Australia, northern India, the Mongolian steppe and northern China (Fig. 
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2.11a). Trends in annual burned area declined for northern Africa and increased in most 

of southern Africa (2001 – 2011; Fig. 2.11b). Southern America showed a mixed pattern of 

increased and declined trends of annual burned area, while trends of annual burned area 

over most of Australia have been stable or declined. The relationship between burned area 

and vegetation indices was further analyzed using three study areas with different land 

cover in southern Africa (locations are shown in Fig. 2.3d). For grasslands, annual burned 

area is relatively low and no obvious relationship between vegetation indices and burned 

area is present (Fig. 2.12a). In savannas, secondary to precipitation, both NDVI and VOD 

are related to interannual variation in burned area (Fig. 2.12b; compare 2006 and 2008 

with the other years). For woody savannas, increased annual burned area together with 

relatively low annual minimum NDVI values were observed in 2004 and 2007 – 2009, but 

interannual variation was much smaller.

Figure 2.8: Linear trends (1988 – 2008) of the observed, estimated and residual for both vegetation indices: (a) and 
(b) are the NDVI and VOD observed trends, (c) and (d) are the NDVI and VOD estimated trends, and (e) and (f ) are the 
NDVI and VOD residual trends. Grid cells with over 60% missing values or without significant trends (p > 0.05) are 
masked (white).
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Figure 2.9: Co-relationship of NDVI and VOD trends stratified into four classes: (i) both increasing; (ii) increasing NDVI 
and decreasing VOD; (iii) increasing VOD and decreasing NDVI; and (iv) both decreasing. (a) is the observed trends, (b) 
the estimated trends, and (c) the residual trends. Only grid cells with significant trends (p < 0.05) and less than 60% 
missing values in both products are shown. (d) shows the ecological interpretation, based on the four expectations 
of the background theory section.

Figure 2.10: Box plots of the distribution of observed, estimated and residual linear trends for both vegetation indices. 
Observed trends stratified by the (a) land cover and (d) humidity classes, estimated trends stratified by the (b) land 
cover and (e) humidity classes, and the residual trends stratified by the (c) land cover and (f ) humidity classes. Solid lines 
indicate the NDVI medians and dash-dot lines the VOD medians. The maximum and minimum extents of the colored 
boxes indicate 25th and 75th percentiles and whiskers represent the 5th and 95th percentiles. Grid cells with over 60% 
missing values are not included in this figure. Abbreviations of land cover classes are explained in the legend of Fig. 2.1a.
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2.6 DISCUSSION

2.6.1 Relationship between NDVI and VOD
Our conceptual framework resulted in four expectations corresponding to the four categories 

of Fig. 2.9d. In addition to exploring the relation between NDVI and VOD theoretically, 

we illustrate these expectations by comparing global distribution of mean and standard 

deviation of both vegetation indices. Following Liu et al. (2011a), we found that VOD showed 

stronger increase than NDVI, moving from low to high biomass regions (Figs. 2.2a, b and 

2.3). Standard deviations of the vegetation indices were mostly influenced by seasonal 

fluctuations in greenness and AGB, driven by precipitation and/or temperature. While NDVI 

is more sensitive to seasonal greening in regions dominated by herbaceous vegetation (Fig. 

2.3; Archibald and Scholes, 2007; Donohue et al., 2009), for southern Africa the seasonal 

biomass fluctuations seem to be better captured by the VOD signal. Ovington et al. (1963) 

Figure 2.11: Data sets used for interpretation of vegetation dynamics: (a) linear trend in annual mean precipitation 
(1988 – 2008), (b) linear trend in annual mean burned area (2001 – 2011), (c) livestock density, and (d) mean annual 
burned area (2001 – 2011). Due to MODIS data limitations the burned area trends are calculated from 2001 – 2011. 
Trends in burned area were only calculated for grid cells with burned area in at least 6 out of 11 years, remaining 
grid cells are shown in white. For mean burned area (d), grid cells with no fire occurrence (mean is zero) are shown in 
white. Trends are shown for all significance levels.
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show that seasonal AGB variation (mostly caused by herbaceous vegetation and tree leaves) 

for savanna vegetation is about three times larger than for grassland. This corresponds to a 

2.2 times increase in VOD range from grasslands to savannas. By comparison, the NDVI range 

only increased 1.3 times (Fig. 2.3a and b). As the exact physical relationships between NDVI 

and VOD are currently being resolved, we limit our theoretical framework (Sect. 2.2; Fig. 2.9) 

to contrasting trends in NDVI and VOD, comparing directions rather than the magnitudes 

of trends. Furthermore, the conceptual framework applies to both temporal and spatial 

vegetation dynamics. For example, an increase in both NDVI and VOD signifies an increase 

Figure 2.12: Time series of NDVI, VOD and burned area (black, dashed) for three selected 0.5° regions with different 
land cover in southern Africa: (a) grassland (19.5 – 20.0°S, 17.0 – 17.5°E), (b) savanna (17.0 – 17.5°S, 17.0 – 17.5°E), and 
(c) woody savanna (9.5 – 10.0°S, 19.5 – 20.0°E). Numbers above the sub-parts are the percentage burned area (yr-1), 
and locations of study areas are shown as black dots (marked a, b and c) within Fig. 2.3d.
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in the relative fraction of herbaceous AGB and/or an increase in the total AGB; this can be 

caused both by increased growing season length and/or by actual changes in vegetation 

density.

2.6.2 Response of vegetation index anomalies to antecedent precipitation anomalies
As expected, arid drylands showed the strongest correlation between the vegetation index 

anomalies and API (i.e., median Rs NDVI > 0.3, median Rs VOD > 0.5; see Fig. 2.6). Nemani 

et al. (2003) mapped these areas as being water limited, and for higher latitudes, water- 

and temperature limited. Correlation is less strong than found when analyzing the original 

indices (Fig. 2.5; Herrmann et al., 2005) because seasonal vegetation – precipitation responses 

are not included. In semi-arid drylands, regions that have a strong seasonal precipitation 

response do not necessarily show a strong interannual response (compare Fig. 2.4a and c 

with Fig. 2.5). This can be explained by a seasonal abundance of water in which variation in 

precipitation does not affect vegetation, followed by a dry season in which the vegetation is 

unable to use antecedent precipitation. 

Following previous studies (Nemani et al., 2003; Evans and Geerken, 2004; Herrmann et 

al., 2005; Wessels et al., 2007; Donohue et al., 2009), we also found that not all interannual 

variation can be explained by precipitation alone. Precipitation-driven estimated trends in 

NDVI and VOD largely agree with trends in soil moisture reported by Dorigo et al. (2012). VOD 

generally shows longer averaging periods than NDVI, this is because they are sensitive to 

different components of vegetation cover (Fig. 2.3a, b and c); NDVI is more sensitive to changes 

in the shallow rooted herbaceous understory (Archibald and Scholes, 2007), and VOD more 

sensitive to changes in the woody overstory, which can also utilize moisture from deeper 

soil and groundwater stores (House et al., 2003; Rossatto et al., 2013). Clear geographical 

patterns are present in the NDVI and VOD averaging periods (see Fig. 2.4b and d), suggesting 

that physical landscape (including landform and soil type), affecting water holding capacity, 

likely contributes. The stronger correlations between VOD and API are attributed to the larger 

interannual variation in the VOD data set and caused by interannual precipitation variations 

(Fig. 2.7). Archibald and Scholes (2007) reported similar findings, and concluded that plants 

that access deeper water and have carbohydrate reserves may show a phenology that is quite 

different from surrounding areas with grass cover that depend on shallow soil moisture for 

their growth. It appears that similar conclusions may be drawn for interannual variation.

2.6.3 Global dryland vegetation trends
The relationship between NDVI and VOD trends (Fig. 2.9) provides new insights in the relative 

performance of herbaceous and woody vegetation components in global drylands. Woody 

encroachment into grassland or savannas has been observed across the globe, including 
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Argentina (e.g., Adamoli et al., 1990), Africa (e.g., van Vegten, 1984; Oldeland et al., 2010) 

and Australia (cf. review by Archer et al., 2001; Fensham et al., 2005). Although satellite 

observations of NDVI and VOD confirm our theoretical framework, future validation studies, 

comparing satellite observations with local to regional studies, would help to improve 

regional interpretation and confidence. Vegetation trends of the world’s arid drylands and 

semi-arid drylands are discussed in turn. Overall, the world’s drylands show a decrease in 

NDVI and an increase in VOD (Fig. 2.10d). 

2.6.3.1 Arid drylands (0.1 < P/ETp ≤ 0.3)

The world’s arid drylands are mainly covered by shrublands (48.2%) and grasslands (31.3%). 

Trends over bare or sparsely vegetated areas (10.6%) need to be treated with care due to 

the limitations of both vegetation indices over those regions (see Sect. 2.3; Tucker et al., 

2005; Brown et al., 2006). Many arid drylands experienced unchanged or increasing annual 

precipitation (Fig. 2.11b), and median estimated trends in both vegetation indices were close 

to zero (Fig. 2.10e). NDVI median trend for arid drylands was negative while VOD median 

trend was positive (Fig. 2.10e). Both the relatively constant or increasing VOD trends and 

most negative trends in NDVI remain after precipitation-induced variation is accounted for 

(Fig. 2.8e and f ). This results in many regions showing opposite trends in NDVI and VOD (Fig. 

2.9; e.g., arid drylands of Argentina, southern Africa, northern Africa and Australia). In those 

regions, it seems that woody encroachment takes place at the expense of the herbaceous 

understory. Woody encroachment has been attributed to climate (Fensham et al., 2005), fire 

regime (Sankey et al., 2012), grazing (Asner et al., 2004) and CO2 fertilization (Buitenwerf et 

al., 2012).

Clear trends in the NDVI and VOD residuals indicate that next to precipitation, other 

drivers also play a role (Fig. 2.8e and f ). A possible explanation for residual trends could be 

changing fire regimes (Fig. 2.11b) through its impact on competitiveness of the herbaceous 

and woody vegetation components (Sankey et al., 2012). Bowman et al. (2009) showed that 

annual burned area is highest in areas of intermediate primary production, limited by a lack 

of dry periods towards the tropics and limited by a lack of fuel towards dry areas (Fig. 2.11d). 

Primary production is the main limitation on annual burned area in these drier regions 

(Archibald et al., 2009) and increasing precipitation and/or CO2 concentrations (Donohue 

et al., 2013) can increase net primary production and hence increase annual burned area 

in arid drylands. This results in a system of highly variable biomass production, followed by 

infrequent fires (Fig. 2.12a). Recent trends (2000 – 2011) in annual burned area do not show 

increases in most arid drylands and showed declines in northern Australia and the Sahel (Fig. 

2.11b). This, combined with an average annual burned area of below 10% (Fig. 2.11d), seems 

to make fire an unlikely driver of globally observed changes.
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Decreasing NDVI trends have been interpreted as a proxy for land degradation (Wessels 

et al., 2007; Bai et al., 2008) which might be caused by grazing. Grazing has also been 

associated with woody encroachment (e.g., Asner et al., 2004). Although grazing might 

cause contradicting trends between NDVI and VOD in some regions (e.g., arid parts of 

northern Africa) similar trends are observed in regions of limited or no grazing by domestic 

livestock (e.g., compare Figs. 2.11c and 2.9 for arid drylands of Argentina and Australia). The 

spatial patterns and scale at which trends occur suggest that grazing by domestic livestock is 

not the main driver in these cases, impact of grazing by non-domesticated animals was not 

included here, as no information was available.

Sankaran et al. (2005) suggest that woody vegetation receiving less than 350mm 

annual precipitation is largely constrained by water availability. Rising atmospheric CO2 

concentrations affects water use efficiency and photosynthetic rates (Donohue et al., 2013; 

Franks et al., 2013; Keenan et al., 2013) as well as light and nutrient efficiency (Drake et al., 

1997; Farquhar, 1997). CO2 is reported to enhance the relative performance of woody C3 

species over the C4 grasses that dominate tropical savannas (Bond and Midgley, 2012; 

Higgins and Scheiter, 2012). Once woody plants are established in savannas, they are likely to 

limit the growth of herbaceous plants through water uptake and shading (Breshears, 2006).

Increases in extreme air temperatures and changes in growing season duration can also 

explain some of the observed vegetation trends (Allen et al., 2010). Changing duration of 

rainy seasons can impact the relative performance of different species: a shorter but more 

intense wet season is likely to result in decreasing herbaceous understory (NDVI) during dry 

seasons, while deep rooted vegetation suffers less, having access to deeper water resources 

and therefore being more sensitive to long-term water availability (Fig. 2.6; Archibald and 

Scholes, 2007). Evidence for shortening growing seasons is found for arid drylands of 

northern Africa (de Jong et al., 2011). Finally, increased air temperatures can result in higher 

evaporation rates and during the dry season result in a competitive advantage of deep 

rooted species over shallow rooted species (Tietjen et al., 2010). Although air temperature 

is increasing over many drylands globally, decreasing trends are also observed in some 

regions, as temperature tends to be strongly related to precipitation through the effect 

of cloud cover on solar irradiation. Additionally, decreases in wind speed (“wind stilling”), 

and changes in other meteorological variables governing the evaporative process, also 

alter the evaporative regime (Mcvicar et al., 2012). Following Higgins and Scheiter (2012), 

we suggest that the effects of changing evaporation rates in drylands are less important 

than the effects of increasing atmospheric CO2 concentrations. Given that patterns in the 

residual trends are found in most global arid drylands, all experiencing very different fire and 

grazing conditions (compare Fig. 2.8e and f with Fig. 2.11c and d), a global driver such as CO2 

fertilization appears more plausible.
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2.6.3.2 Semi-arid drylands (0.3 < P/ETp ≤ 0.7)

The world’s semi-arid drylands mainly contain croplands (26.4%), grasslands (25.0%), 

savannas (15.9%), forest (15.2%) and woody savannas (12.4%). The distribution of trends in 

vegetation indices differs between humidity classes and land cover classes (Fig. 2.10). The 

median trend in NDVI is around zero for semi-arid drylands, showing positive trends over 

savannas and croplands and negative median trends for other land cover classes. VOD shows 

positive median trends for all land cover classes except forest (see Fig. 2.10a and d). In most 

semi-arid areas, where savanna grasslands dominate, resources are available to support 

forests which are suppressed by frequent fire (Bond and Keeley, 2005). Fire is thought to 

be the next most important driver of vegetation variation in savannas after precipitation 

(Sankaran et al., 2005).

Although northern and southern African semi-arid drylands experience similar increasing 

trends in precipitation (Fig. 2.11a), the changes in the vegetation indices are very different. In 

southern Africa (i.e., south of 5°S), NDVI trends are declining, while VOD trends are increasing 

– likely caused by an increase in the relative fraction of woody AGB. Northern African 

savannas (in contrast with the grasslands in adjacent arid drylands), show increasing trends 

in NDVI, along with increasing trends (in most regions) for VOD; interpreted as an increase 

in the relative fraction of herbaceous AGB and/or increase in total AGB. The increasing trend 

in the northern African grasslands and savannas is widely discussed in literature and has 

been explained as a result of recovery after drought (1983 – 1985 being the driest years; 

Anyamba and Tucker, 2005) and improved land management (e.g., irrigation, and soil 

and water conservation; Herrmann et al., 2005). Strong trends in NDVI occur in semi-arid 

areas with large annual burned area (compare Fig. 2.8e with Fig. 2.11d). Northern African 

savannas, with recent declines in annual burned area (Fig. 2.11b), showed increasing NDVI 

values (Fig. 2.8e). Widespread grazing (Fig. 2.11c) and associated fire suppression may 

explain decreasing annual burned area in northern Africa between 2001 and 2011 (Fig. 

2.11b; Archibald et al., 2010a). Southern African regions, with recent increases in annual 

burned area, showed declining NDVI trends. We found that annual variation in burned area 

especially affects NDVI and VOD minimum values (Fig. 2.12). Human land use practice is also 

thought to be an important driver of annual burned area (Archibald et al., 2009). The effect 

of fire on vegetation indices is most profound in African and Australian savannas and woody 

savannas, where annual burned area typically ranges from 20 to 80% (Fig. 2.11d). Given the 

high percentage of area burnt each year in many African savannas and woody savannas (Fig. 

2.12), it seems feasible that changing fire regimes, affecting annual minimum values of NDVI, 

cause the observed trend in NDVI. 

Outside the African savannas and woody savannas, the residual trends in NDVI are not 

easily attributed to changes in annual burned area, at least not using the data available to us. 
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While even in the less fire prone regions, fire might play a crucial role in species competition, 

the direct effect of the smaller relative area of fire scars on the vegetation indices would be 

limited. NDVI can also be affected by grazing; while any given area might support livestock 

during most times, the highest pressure on vegetation occurs during longer dry seasons. 

The negative trends in NDVI and VOD over the South American dry forests are likely caused 

by deforestation, that is reducing the woody vegetation component and therefore total AGB 

(Grau et al., 2005).

Trends in VOD occurred in areas of frequent fire, but no coherent spatial pattern was 

apparent (compare Fig. 2.8f with Fig. 2.11b and 2.11d). Although fire suppresses woody 

encroachment, dryland fires generally have a relatively low temperature and flame height 

and therefore do not necessarily affect established woody vegetation (Bond and Keeley, 

2005). Woody vegetation increased in the southern African savannas despite recently 

increased burning (Figs. 2.11b and 2.9). This may be explained by increasing precipitation 

(Fig. 2.8; Sankaran et al., 2005), CO2 fertilization (Buitenwerf et al., 2012; Higgins and Scheiter, 

2012) and/or grazing by non-domesticated herbivores. A clear increasing NDVI and VOD 

trend was found for croplands and adjacent grasslands in the USA. Woody encroachment 

in US grasslands has been widely reported (see Archer et al., 2001; and references therein) 

and although there is no straightforward single driver, grazing is understood to play an 

important role (Van Auken, 2000; Briggs et al., 2005). Increasing agricultural activity could 

also play a role in explaining those trends (Neigh et al., 2008).

The strongest positive median NDVI and VOD trends were found in agricultural areas 

(Fig. 2.10). Increases of both indices over the world’s agricultural regions are explained 

by advances in agricultural practice including mechanization, irrigation and fertilization 

(Liu et al., 2013a). In India, Pakistan, Bangladesh, China, Ukraine, southwestern Russia, 

several European countries, the USA, and a number of other countries, substantial areas of 

agricultural land are irrigated (Wada et al., 2010). Evidence that increasing trends in NDVI are 

caused by irrigation and fertilization has been documented for India (Jeyaseelan et al., 2007) 

and the North China Plain (Piao et al., 2003), while Liu et al. (2013a) showed that positive VOD 

trends in southern Russia, China, India and the US are the result of increased agricultural 

production. We used a land cover map of 2005 and for many regions agricultural extent 

increased during the study period. Therefore, trends may partly be explained by land cover 

conversion from natural land cover classes to cropland. In drylands at higher latitudes both 

water and temperature are factors limiting vegetation growth (Nemani et al., 2003), and 

global changes in temperature can therefore also explain some of the vegetation trends 

(Tucker et al., 2001).
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2.7 CONCLUSIONS

A recently developed passive microwave vegetation data set (VOD) and a widely used 

reflective based vegetation data set (NDVI) were combined to study the long-term (1988 

– 2008) vegetation changes over the world’s drylands. We draw the following conclusions: 

1. The two data sets provide complementary information on vegetation dynamics; NDVI 

being most responsive to canopy cover and greenness, and VOD to aboveground 

biomass.

2. NDVI was more sensitive to herbaceous vegetation changes and short-term 

precipitation variations. VOD, on the other hand, was more sensitive to changes in 

woody vegetation and longer-term precipitation variations.

3. Although precipitation is an important driver for dryland vegetation dynamics, 

precipitation variations could not explain all of the observed trends in vegetation 

indices.

4. Co-trends between NDVI and VOD provide evidence of widespread woody 

vegetation encroachment at the expense of the herbaceous vegetation 

component in arid regions (humidity < 0.3), and arid shrublands in particular. 

Spatial distribution of trends suggests that a global driver (e.g., CO2 fertilization) 

is causing a change in relative performance of woody vegetation compared to 

herbaceous vegetation.

5. Remote sensing evidence for woody thickening and encroachment is also found for 

some semi-arid drylands, but regional trends vary widely. It is interpreted that local 

rather than global drivers are responsible for most of the observed residual trends 

in these areas. Limited observations of monthly burned area suggests that after 

precipitation, changing fire regimes are an important driver of vegetation change in 

semi-arid drylands, especially in savannas.

6. Large changes in vegetation density were observed in agricultural dryland regions, 

where advances in agricultural practices caused increasing trends in both vegetation 

indices. 

In summary, we demonstrated that using two complementary vegetation indices provide 

new insights into the dynamics of different vegetation components in global drylands. 

While it remains challenging to conclusively attribute dryland vegetation dynamics to any 

individual driver, a linear precipitation response model showed that change cannot be 

attributed to precipitation alone. Global data on fire regimes and grazing enabled a first 

assessment of the likely relative importance of these drivers on global vegetation change. 
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Future improvements and extensions to time series of fire characteristics, grazing and land 

use change are likely to further improve understanding of global vegetation changes and 

its drivers.
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CHAPTER 3

Recent trends in African fires driven by cropland 
expansion and El Niño to La Niña transition*

Abstract. Landscape fires are key in African ecosystems (Scholes and Archer, 1997; Bond et 

al., 2005; Bowman et al., 2009) and the continent is responsible for ~70% of global burned 

area and ~50% of fire-related carbon emissions (van der Werf et al., 2010; Giglio et al., 2013). 

Fires are mostly human ignited, but precipitation patterns govern when and where fires 

can occur (Archibald et al., 2009). The relative role of humans and precipitation in driving 

the spatiotemporal variability in burned area is not fully disentangled but is required to 

predict future burned area (Pechony and Shindell, 2010; Kloster et al., 2012). Over 2001 – 

2012, observations indicate strong but opposing trends in the African hemispheres (Giglio 

et al., 2013). Here we use satellite data and statistical modeling and show that changes in 

precipitation, driven by the El Niño/Southern Oscillation (ENSO), which changed from El Niño 

to La Niña dominance over our study period, contributed substantially (51%) to the upward 

trend over southern Africa. This also contributed to the downward trend over northern Africa 

(24%), but here rapid demographic and socio-economic changes were almost as important 

(20%), mainly due to conversion of savanna into cropland, muting burned area. Given the 

economic perspective of Africa and the oscillative nature of ENSO, future African savanna 

burned area will probably decline. Combined with increasing global forest fire activity due 

to climate change (Kasischke et al., 1995; Westerling et al., 2006; Malhi et al., 2008), our results 

indicate a potential shift in global pyrogeography from being savanna dominated to being 

forest dominated. 

* This chapter is an edited version of: Andela, N., and van der Werf, G. R.: Recent trends in 

African fires driven by cropland expansion and El Niño to La Niña transition, Nature Climate 

Change, 10, 791-795, doi:10.1038/nclimate2313, 2014. 
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3.1 INTRODUCTION

Landscape fires form an integral part of the African savanna ecosystem (Scholes and Archer, 

1997). Savannas, which evolved around 8 million years ago, mostly consist of grasslands 

interspersed with fire-tolerant trees (Beerling and Osborne, 2006). In the (sub)tropics, 

fire occurrence in xeric savannas is limited by a lack of fuel as a consequence of reduced 

productivity, whereas in more mesic regions the main limitation is the short dry seasons 

(van der Werf et al., 2008). In Africa, dry-season length gradually increases when moving 

away from the Equator (Nicholson and Grist, 2003). The highest annual burned area has 

been observed in savannas with intermediate levels of precipitation and productivity, and 

distinct wet and dry seasons (van der Werf et al., 2008). Most of the fire emissions originate 

from these savanna ecosystems on the continent (van der Werf et al., 2010). Although not 

net contributors, African savanna fires are a source of interannual variability of atmospheric 

CO2 concentrations and in addition emit substantial amounts of other greenhouse gases 

including CH4 and N2O (van der Werf et al., 2010).

On millennial timescales, burned area is thought to be largely dependent on climate and 

CO2 concentrations as they drive vegetation patterns (Pechony and Shindell, 2010; Daniau 

et al., 2013). Although climate (mostly precipitation patterns) also plays an important role 

in shaping current fire regimes, human activities are also important. Humans modify the 

ignition probability and timing, and impact the type and amount of vegetation (fuels) 

available to burn, for example, by introducing cattle in the landscape (Archibald et al., 

2010a; Grégoire et al., 2013). Within African savannas, humans use fires to recycle nutrients 

to improve grasslands that support grazing, attract wildlife for hunting, and for agricultural 

purposes. Frequent fires, which reduce fuel loads, also protect settlements from occasional 

uncontrolled large fires (Shaffer, 2010). Fire also plays a crucial role in the competition 

between woody and herbaceous species, and without the occurrence of frequent fires many 

African savannas might have been covered by forest (Bond et al., 2005). Burning is thus used 

as an active management strategy in many African savannas (Shaffer, 2010). 

Traditionally, many savannas were used for extensive grazing and hunting by their semi-

nomadic inhabitants. More recently, the mobility of livestock has been reduced by ongoing 

socio-economic development and lack of institutional appreciation for traditional ways of 

living (Turner, 2011). In large parts of sub-Saharan Africa, communal pastures are diminishing 

as a consequence of increasing population density, the introduction of land ownership and 

increased agricultural activity, leading to a general shift from nomadic pastoralism towards 

settled (pastoral) farming (Tiffen, 2006; Turner, 2011). Land management is known to impact 

annual burned area locally (Archibald et al., 2009, 2010a; Grégoire et al., 2013), but the extent 

to which recent socio-economic developments affect annual burned area on a continental 
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scale remains unknown. Here we study recent trends observed in African annual burned 

area, and disentangle the role of humans versus precipitation in driving variability in African 

burned area. 

3.2 METHODS AND DATA

As a result of the large study area and spatio-temporal variability in fire occurrence, satellites 

are the preferred way to monitor landscape fires. The data sets from the MODerate Resolution 

Imaging Spectroradiometer (MODIS) instrument onboard the Terra satellite yield the highest 

quality data according to assessments starting from the year 2001 (Giglio et al., 2009; Roy 

and Boschetti, 2009). The 2001 – 2012 observations from the MCD64A1 algorithm (Giglio 

et al., 2009) indicate the spatial pattern in burned area and an increase for most of southern 

Africa, whereas burned area decreased in northern Africa over the same time period 

(Giglio et al., 2013). We developed a statistical model based on multiple linear regression 

with precipitation and cropland extent as explanatory variables to better understand their 

impact on the observed trends in burned area. Precipitation-burned area relations are not 

straightforward; increased precipitation can increase annual burned area by increasing 

productivity and thus fuel available for burning, or limit burned area by shortening the dry 

season (van der Werf et al., 2008; Archibald et al., 2010b). Therefore, the model allows for 

both a positive or a negative response of burned area to precipitation variation for each 

grid cell. In addition, we explored the impact of ENSO on the observed variation in annual 

burned area. Our study domain included all African grid cells with annual precipitation 

rates between 400 and 1,500 mm yr-1 precipitation to focus on savanna regions where most 

burned area (92%) is observed. 

Monthly burned area (BA) data (MCD64A1; 08–2000 onwards; Giglio et al., 2009) and 

annual land cover information (MCD12C1.51; 2001 onwards; Friedl et al., 2002) were scaled 

to the 0.25° resolution of the monthly precipitation data (Tropical Rainfall Measuring Mission 

[TRMM] 3B43 version 7; 1998 onwards; Huffman et al., 2007). We developed a statistical 

model that aimed to explain variability in annual BA using antecedent precipitation (API) 

and changes in cropland extent (dCROP) for each grid cell. As input for the statistical model, 

we removed the mean seasonal cycle from the BA and precipitation data. We calculated the 

annual BA anomaly for each grid cell not on the basis of calendar years but as the sum of 

the BA anomaly from 5 months before the month of peak burning until 6 months after, to 

circumvent issues in northern Africa where the peak fire season is in December and January. 

We used burned area data from August 2000 until June 2013, resulting in 12 annual cycles 

for all grid cells. 
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Building on earlier work (Archibald et al., 2010b), a multiple linear regression model was 

used to explain the BA anomaly for each grid cell (x,y) and year (t): 

 
𝐵𝐵𝐵𝐵𝑥𝑥,𝑦𝑦,𝑡𝑡 =  𝛽𝛽𝑖𝑖 ∗  𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑥𝑥,𝑦𝑦,𝑡𝑡 +  𝑏𝑏0𝑥𝑥,𝑦𝑦 ∗  𝐵𝐵𝐴𝐴𝐴𝐴𝑥𝑥,𝑦𝑦,𝑡𝑡 +  𝑏𝑏1𝑥𝑥,𝑦𝑦 +  𝜀𝜀𝑥𝑥,𝑦𝑦,𝑡𝑡 , (3.1)

where β, b0 and b1 are optimally fitted parameters to minimize the sum of ordinary least 

squares of the errors (ε). Positive dCROP values indicate conversion of natural vegetation 

into cropland. The impact of dCROP on annual BA was found to vary mostly with actual 

cropland extent and mean annual precipitation. To prevent over fitting we clustered grid 

cells into cropland extent mean annual precipitation bins, and determined the slope βi for 

each bin (i) separately. The BA-precipitation response was more variable and the slope b0x,y 

was therefore optimized for each grid cell individually. We included an intercept that varied 

between grid cells (b1x,y) as done in Archibald et al. (2010b), representing the initial annual 

BA. Both explanatory variables are discussed below and in more detail in the results and 

discussion. 

Antecedent precipitation is often thought to be the single most important driver of 

interannual variability of BA in savannas (van der Werf et al., 2008; Archibald et al., 2010b). For 

each grid cell, the effect of precipitation on annual BA was explored by calculating Pearson’s 

r between antecedent precipitation and annual BA using averaging periods from 1 up to 24 

months. In general, for a given grid cell short averaging periods will be negatively correlated 

with BA as precipitation shortly before the burning season increases fuel moisture; whereas 

longer averaging periods will be positively correlated with BA through the process of fuel 

build-up (Archibald et al., 2010b). It is therefore possible that precipitation has both a positive 

and a negative effect on annual burned area for each grid cell. However, we found that both 

effects are rarely important at the same time (3% of the grid cells when p<0.1). Therefore, we 

include only one precipitation BA response variable per grid cell in the model, based on the 

strongest absolute response (positive or negative). API may therefore be estimated for each 

grid cell (x,y) and year (t) using: 

𝐴𝐴𝐴𝐴𝐴𝐴𝑥𝑥,𝑦𝑦,𝑡𝑡 =  
∑ 𝑝𝑝′𝑥𝑥,𝑦𝑦,𝑖𝑖

𝑖𝑖=𝑚𝑚
𝑖𝑖=𝑚𝑚−𝑇𝑇𝑥𝑥,𝑦𝑦+1

𝑇𝑇𝑥𝑥,𝑦𝑦
 , (3.2)

where T is the averaging period (ranging from 1 to 24 months) for API that led to the highest 

absolute correlation (Pearson’s r) between the running mean of the monthly precipitation 

anomaly p’ and the annual BA anomaly and m is the month of maximum burning. As the 

effect of API may be positive or negative and is based on different T for each grid cell, we 

decided to optimally fit b0 for each grid cell. Although we used a statistical model and 
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did not investigate underlying processes in more detail, confidence in our model may be 

derived from the strong correlation between API and the annual BA anomaly and from the 

clear spatial patterns in optimal T (see results). 

Including dCROP in the model is a logical step because the distribution of croplands has 

a considerable impact on current BA distribution in northern Africa (Grégoire et al., 2013), 

and because strong trends were observed over our relatively short study period (Giglio et al., 

2013). Owing to the limited confidence in interannual variation of the land cover product, 

we used the linear trend derived from the whole 2001 to 2012 study period. 

As explained above, the short study period (2001 – 2012) constrains the number and 

ways that explanatory variables can be included in the multiple linear regression model, 

which is further discussed in the results and discussion (Sect. 3.3). Trend maps are shown 

for all significance levels, because in general the less significant trends were part of spatial 

systems of significant and larger trends. Outliers may have affected some of the trends 

computed, especially trends observed in regions of high interannual climate variability. We 

further investigated this effect by comparing results found by simple linear regression to 

trends as calculated by the non parametric Theil-Sen estimator of slope, which is insensitive 

to outliers (Theil, 1950; Sen, 1968).

To investigate the role of ENSO as a driver of interannual variation in BA, we calculated for 

each pixel Pearson’s r between the annual BA anomaly (as denoted above) and the mean MEI 

index over the same period (from 5 month before the peak burning until 6 months after). 

We then computed mean interannual variation separately for positively and negatively 

correlated areas of northern and southern Africa. 

3.3 RESULTS AND DISCUSSION

We start to discuss the overall model results (Sect. 3.3.1) and then continue to present more 

detailed results about the specific drivers included in the model. Both precipitation (Sect. 

3.3.2) and changes in cropland extent (Sect. 3.3.3) played an important role in explaining 

the burned area trends over our study period. Finally, we discuss the role of ENSO in driving 

precipitation and burned area trends (Sect. 3.3.4).

3.3.1 Model results
In southern Africa, trends in observed and modeled burned area agreed reasonably well, 

especially in more arid regions (for example, Namibia and Botswana; Fig. 3.1b and f ). A net 

increase in annual burned area of 10.5% was observed in southern Africa over the study 

period, of which about half (51%) could be explained by precipitation (Fig. 3.1b, f and Table 
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3.1). In northern Africa, annual burned area declined by 25.7% over the study period. Only 

about a quarter (24%) of this decline could be explained by precipitation according to our 

model. The underlying reason behind the opposing response of burned area to changes in 

precipitation between southern and northern Africa is that increasing precipitation mostly 

occurred in more mesic parts of northern and more xeric parts of southern Africa (Fig. 3.1d 

and f ). 

In drier regions of southern Africa, net primary production is the main limitation to annual 

burned area and interannual variation in precipitation and burned area is large. Due to this 

high interannual variability and the short time series (12 yrs) trends may become somewhat 

sensitive to outliers, for example if in a given year rainfall rates were high enough to support 

a continuous fuel bed that boosted burned area substantially compared to other years 

when this was not the case. We compared the results of simple linear regression to trends 

as calculated by the non parametric Theil-Sen estimator of slope, which is insensitive to 

outliers (Theil, 1950; Sen, 1968). Results were very similar for most of Africa, but considerable 

differences were found for Botswana and Namibia, where some of the trends seem to be 

caused by strong interannual variation. However, when using Theil-Sens estimator of slope 

some trends disappeared in the observations but remained in the model, causing unrealistic 

discrepancies between the model and observations. Therefore, we decided to calculate 

trends using simple linear regression. 

In grid cells with high annual burned area in northern Africa, where savannas were 

converted into cropland, the observed decline was substantially larger than we estimated with 

the model based on changes in precipitation alone (Fig. 3.1). We estimated that about 20% of 

the observed decline in annual burned area over northern Africa can be explained by cropland 

expansion, so precipitation and land cover conversion to cropland contributed almost equally 

to the net decrease in annual burned area observed in northern Africa. Remaining trends may 

be partly caused by simplifications within the model and the short time series available, but 

also by second-order processes that were not incorporated in our model. Changes in land 

use are widespread in this rapidly changing part of the world; in about a third of the grid cells 

with frequent burning (defined here as having more than 10% of area burned yr-1) in northern 

Africa agricultural area increased by more than 5% over our study period.

Country-level results allow for increased regional insights in the effects of policy and 

socio-economic developments on annual burned area and are therefore essential for 

regional studies and policymaking. The fractional change in annual burned area for each 

country was calculated as the ratio of the observed absolute trend and the mean burned 

area over the study period (Table 3.1). Due to the effects of ENSO on regional precipitation, 

all countries that faced a large net increase in annual burned area over the study period 

are located in southern Africa, while countries with a large net decrease are located in 
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Figure 3.1: Annual burned area: mean, recent trends and drivers, for areas with precipitation rates between 400 
and 1,500 mm yr-1 based on 2001 – 2012 data. (a) Observed mean annual burned area. (b) Observed trend in annual 
burned area. (c) Observed trend in cropland extent. (d) Observed trend in precipitation. (e) Modeled trend in burned 
area driven by trends in cropland extent. (f ) Modeled trend in annual burned area driven by precipitation.

northern Africa (further discussed in Sect. 3.3.4). For most countries of southern Africa no 

large scale changes in burned area due to savanna – cropland conversion were observed 

during the study period (Fig. 3.1e). A notable exception is Zimbabwe (Table 3.1), where 

according to our model an increase in annual burned area could be explained by increased 

precipitation but also due to declined agricultural activity, possibly caused by the fast land 

reforms of the past decade (Scoones et al., 2011). In northern Africa, a mix of precipitation 

and changes in cropland area were driving the observed decline in annual burned area. 

Observed trends in Cameroon, Ghana and Central Africa were largely explained by 
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changes in precipitation, while burned area trends in Nigeria, Ivory Coast and Mali could 

be explained by a combination of changes in cropland area and precipitation. In Burkina 

Faso and Benin, cropland expansion caused most of the decline in annual burned area 

with precipitation playing a smaller role. 

Table 3.1: Annual burned area, observed trend, trends explained by precipitation and trends explained by cropland 
encroachment. Countries with trends smaller than 1000 km2 yr-2 are not shown.

Country Burned area
(1000 km2 yr-1)

Observed trend
(% 10 yr-2)

Precipitation
(% 10 yr-2)

Cropland encroachment
 (% 10 yr-2)

Nigeria 80.4 -61.4 -14.6 -20.4

Burkina Faso 30.3 -53.4 -10.4 -19.8

Cameroon 30.6 -51.0 -23.5 -3.3

Ivory Coast 30.0 -49.9 -12.5 -8.7

Benin 25.4 -48.1 -3.4 -8.6

Mali 77.1 -27.8 -8.8 -7.3

Chad 109.3 -27.8 -7.7 -3.7

Ghana 67.7 -24.0 -5.2 -0.9

Central Africa 213.8 -18.7 -5.4 0.0

Sudan 407.7 -7.5 -1.7 -1.4

Mozambique 191.8 12.8 4.7 0.9

Zimbabwe 36.0 60.3 16.3 5.1

Botswana 62.4 76.4 42.8 -0.2

Namibia 47.9 99.5 56.2 0.2

Northern Africa 1260.0 -21.4 -5.2 -4.3

Southern Africa 1369.7 8.8 4.5 0.3

3.3.2 Precipitation induced burned area response
Antecedent precipitation has a strong impact on interannual variation of burned area 

(Archibald et al., 2010a, 2010b). Short averaging periods, including precipitation during or 

just before the fire season commences, were often associated with a negative precipitation 

– burned area response; while longer term precipitation averaging periods, including 

precipitation of preceding wet season(s), were often positively correlated with annual 

burned area (Fig. 3.2). The variability shown in Fig. 3.2 is largely in line with earlier work (van 

der Werf et al., 2008; Archibald et al., 2010a, 2010b) with strong positive correlations mostly 

found in arid areas while strongest negative correlations were found in more humid areas. 

On top of these general patterns, considerable regional variation in averaging periods 

was observed. This regional variation could only partially be explained by mean annual 

precipitation and higher resolution studies may be able to clarify the drivers of these 
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more localized patterns. Here we can only put forward several hypotheses for the regional 

variation in averaging periods: 

1. When burned area in a given grid cell is mainly driven by biomass build-up (dry 

regions), best correlation with the antecedent precipitation index is likely found when 

including about 8 months of precipitation prior to the burning season (including one 

wet season) or about 20 months prior to burning season (including two wet seasons). 

Therefore, due to the strong seasonal precipitation cycle, large differences between 

neighboring grid cells may be observed, where one grid cell might have slightly 

higher correlation for around 8 months and the other for around 20 months averaging 

periods. These periods correspond to the red and blue in Fig. 3.2b and d which thus 

seem to indicate large spatial variability but which is in reality a very similar response.

2. We express moisture availability as a function of rainfall. In reality, drainage patterns, 

geomorphology, and other physical aspects of the landscape also govern moisture 

availability for plant growth which may therefore enhance regional variability in 

averaging periods and API – burned area response.

3. Landscape and vegetation aspects may also impact the averaging periods by 

affecting the fire regime (fire size, return period, duration, etc.). Regions with 

frequent large fires are for example more likely to have short averaging periods, 

because there is less ‘carry over’ effect of biomass build-up. 

4. In a similar way, fire management also plays a role, affecting averaging periods by 

altering fire regimes. 

5. For regions of infrequent fires or where weak correlation between API and the annual 

burned area anomaly was found, confidence in the averaging periods is limited. 

When longer time series become available, a better relation between precipitation 

and burned area can also be established for these regions. 

Overall, we were able to explain the broad features but we do not fully resolve the spatial 

variability in averaging periods, which therefore remains a topic of future research. 

In order to optimize the statistical model to predict interannual variation rather than the 

seasonal cycle, we based our model on precipitation and burned area anomalies instead 

of absolute values. In the model, API was calculated such that highest absolute Pearson’s 

r was found between the API and annual burned area anomaly (see methods; Figs. 3.2a, c 

and 3.3). This way the model allowed for either positive or negative precipitation – burned 

area response for a given grid cell, where biomass build-up was the main driver of positive 

responses and fuel moisture the main driver of negative responses (see methods). Only for 

a minor percentage (~3%) of the grid cells both a positive and a negative precipitation – 
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burned area response was observed (p<0.1; Fig. 3.3). Therefore, we choose to represent both 

positive and negative response in one independent variable: API. This allowed us to keep 

the number of explanatory variables limited, important in light of the relatively short time 

series. At the same time this simplification had only limited effect on the model outcome 

due to the small fraction of grid cells in which both effects played a significant role (Fig. 3.3). 

The implication is that API may have either a positive or a negative impact on annual burned 

area, depending on highest absolute Pearson’s r for each grid cell. Several previous studies 

used similar approaches to model burned area – precipitation response (Archibald et al., 

2010a, 2010b) and to model vegetation – precipitation response (Evans and Geerken, 2004; 

Herrmann et al., 2005; Wessels et al., 2007; Andela et al., 2013). 

3.3.3 Impact of cropland encroachment on burned area
Additional support for the key role of socio-economic and demographic factors in driving fire 

variability comes from the spatial distribution of fires. The impact of conversion of savannas 

into agricultural land in northern Africa derived from spatial information (the annual average 

Figure 3.2: Optimal correlation (Pearson’s r) between API and the annual burned area anomaly and corresponding 
averaging periods (T) in months. (a) Strongest positive correlation between API and annual burned area and (b) 
corresponding averaging periods. (c) Strongest negative correlation between API and annual burned area and (d) 
corresponding averaging periods. Areas with precipitation rates smaller than 400 or larger than 1500 mm yr-1 are 
masked grey while oceans and areas of no correlations are shown in white.
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over our 12-year time period) is demonstrated in Fig. 3.4a. Particularly interesting is the sharp 

initial decline when agriculture is introduced in the landscape, with a stronger response than 

found in our model (Fig. 3.4b). This rapid initial decline suggests that agricultural activity does 

not affect burned area only in the land that is actually converted, but also in the remaining 

savannas. Although burning continues after conversion to agriculture, large uncontrolled fires 

are less likely to occur owing to changes in fire management and lower fuel continuity due 

to, for example, more developed road networks (Shaffer, 2010). Vegetation patterns and fire 

regimes are therefore likely to be affected by proximity to agricultural activity and settlements. 

More developed and/or densely populated savannas (for example, Nigeria and Burkina Faso) 

show far lower annual burned area than regions where traditional pastoralist lifestyle partly 

survives (for example, in Central African Republic and former Sudan; Fig. 3.4a and Table 3.1). 

The distribution of croplands was a key variable in explaining the distribution of burned 

area in northern Africa (Fig. 3.4a, for southern Africa a similar pattern was found). In addition, 

cropland extent showed some remarkable trends over the study period (Fig. 3.1c). We 

therefore included trends in cropland extent as an explanatory variable in the multiple 

linear regression model (see methods). One key result of our analyses is that the degree to 

which burned area was impacted by changes in cropland extent depended on both annual 

mean precipitation (MAP) and on the amount of natural vegetation already converted to 

cropland (Fig. 3.4b). The strongest negative impact was found in savannas of moderate 

annual precipitation (700–1200 mm yr-1), where a decline of 1% in savanna area typically 

resulted in a decrease of annual burned area of about 0.4 to 0.5% (Fig. 3.4b). In the drier 

and more humid areas outside this precipitation range, the impact was generally smaller 

Figure 3.3: Areas where a significant (p<0.1) positive, negative or both effect(s) between API and the annual burned 
area anomaly are found. Areas with precipitation rates smaller than 400 or larger than 1500 mm yr-1 are masked in 
grey while oceans and areas with p>0.1 are shown in white.
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and sometimes even the opposite effect was observed, where increases in cropland area 

caused an increase in annual burned area. In more humid zones this may be due to human 

introduction of fires in ecosystems that naturally do not burn frequently. In drier regions we 

could not think of straightforward explanations, but these regions have a minor impact on 

our results because they fall outside the regions where most annual burned area occurs. 

Based on the spatial distribution of annual burned area and croplands within savanna 

ecosystems (Fig. 3.4a), we expect that the impact of conversion of savannas into cropland 

found by our model was conservative. Mean annual burned area in untouched savannas 

was found to be around 44% (indicating that on average, 44% of a grid cell burned in a given 

year) in northern Africa, while savannas with between 1 and 20% cropland extent had about 

half the annual burned area on average. This suggests a much stronger response of burned 

area to cropland conversion (in this case about 2% per percent cropland increase) than found 

by our model (maximum of about 0.5%), especially at the onset of land cover conversion 

(Fig. 3.4). Besides this quantitative result based on the spatial distribution of annual burned 

area there are several other reasons to believe that our model might indeed be on the 

conservative side. Due to the short time series we have used large MAP – cropland extent 

bins to determine the effect of cropland conversion on annual burned area. This resulted in 

a robust model, assuring that modeled trends correspond to actual physical processes, but 

reduced the explanatory power of the model. Moreover, there may be a time delay which 

Figure 3.4: Impact of cropland extent on annual burned area. (a) Distribution of mean annual burned area for different 
cropland extent bins for northern Africa (<1%, 1-20%, 20-40%, 40-60%, 60-80% and >80%). The abbreviations indicate 
the mean values for various countries and include: Burkina Faso (BFA), Cameroon (CMR), Central African Republic 
(CAF), Chad (TCD), Ethiopia (ETH), Ghana (GHA), Mali (MLI), Nigeria (NGA) and former Sudan (SDN). Savannas were 
defined as land cover classes ‘grassland’, ‘savanna’ and ‘woody savanna’ of the University of Maryland classification 
(MCD12C1.51) and all grid cells were included that contained at least 90% savanna and cropland combined. (b) 
Modeled response of annual burned area to a 1% increase in cropland extent for each cropland – precipitation bin 
based on all grid cells in the study region; bins containing less than 25 grid cells are shown in white and separated 
by the black line.
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was better captured by the spatial analysis. Finally, the averaging period T was chosen such 

that highest absolute correlation between the running mean of the monthly precipitation 

anomaly and the annual burned area anomaly was found. API was thus selected based on 

highest absolute correlation with the total burned area signal, including the cropland driven 

trend. Because interannual variation in burned area was much larger than the underlying 

trend caused by cropland expansion this effect was small, but expected to favor API as a 

driver of observed trends over dCROP. This may have somewhat reduced the trends driven 

by cropland extension as explained by our model. The advantage of deriving API based on 

strongest correlation was that it will represent actual physical processes. Alternatively API 

could be selected by optimizing the model (Eq. 3.1), but such an approach would easily lead 

to over fitting, neglecting the physical processes underlying the model. 

3.3.4 The impact of ENSO on burned area
Our results thus provide new evidence that part of the decline in burned area in northern 

Africa was caused by socio-economic developments. A key question is what caused the 

precipitation-driven trends, and we found that ENSO played an important role. ENSO is 

known to have a considerable impact on climate and vegetation growth for several African 

regions (Dai and Wigley, 2000; Anyamba et al., 2001), and thus also on fire. The effect of ENSO 

on precipitation is most profound in December, January and February with lower ENSO 

values (La Niña) causing increased precipitation in both northern and southern Africa (Dai 

and Wigley, 2000). Southern Africa is more strongly impacted and ENSO influence continues 

in March, April and May (Dai and Wigley, 2000). To investigate the effect of ENSO on burned 

area, we calculated the correlation between the annual mean Multivariate ENSO Index (MEI; 

Wolter and Timlin, 1998) and annual burned area anomaly (see Methods). Correlation was 

mostly negative for southern Africa and positive for northern Africa (Fig. 3.5). Thus, a declining 

MEI (transition from El Niño to La Niña dominance) during the study period resulted in a 

decrease in burned area in northern Africa but an increase in southern Africa through ENSO 

regulating precipitation. 

For Africa as a whole, over the study period the net positive trend in annual burned 

area caused by ENSO over southern Africa was counterbalanced by the net negative trend 

caused by ENSO in northern Africa. Our model estimated a 5.4% increase in annual burned 

area in southern Africa and a 6.2% decrease in northern Africa over the study period due to 

precipitation; total annual burned area for both hemispheres is about equal. The relation 

between ENSO and annual burned area depends both on the effect of ENSO on precipitation 

and on the antecedent precipitation burned area response. The effect is not straightforward 

because of the dualistic character of precipitation – burned area patterns where increases in 

precipitation short before or during the burning season will have a negative effect on annual 
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Figure 3.5: Pearson’s r between annual burned area anomaly and Multivariate ENSO Index. Regions with precipitation 
below 400 or above 1,500 mm yr-1 are masked grey.

burned area, while longer term increases in precipitation may increase annual burned area 

through the process of biomass build-up. 

In addition, the ENSO – rainfall correlation is not uniform but shows substantial regional 

variability. Overall, we found that ENSO was mostly negatively related to burned area in 

southern Africa and positively in northern Africa (Figs. 3.5 and 3.6). Because part of the 

declining trend in annual burned area in northern Africa could be explained by cropland 

encroachment, the observed trend in annual burned area was more negative than would be 

expected from the decrease in the Multivariate ENSO Index (MEI) alone (Fig. 3.6). Although we 

cannot conclusively attribute all variation in precipitation to ENSO alone, strong correlation 

between annual burned area and ENSO suggests that the possible effect of climate change 

was probably much smaller over the study period. 

3.4 CONCLUSIONS

In conclusion, we are able to explain a substantial part of the opposing trends in burned 

area in northern and southern Africa with changes in precipitation and socio-economic 

changes represented by changes in cropland extent, the latter being especially important 

in northern Africa. The changes in precipitation were mostly related to ENSO, which moved 

from El Niño to La Niña dominated over the 2001 – 2012 period. Trends in burned area that 

are directly related to ENSO are cyclic (no long-term trend) and will probably shift again and 

have a limited effect on African annual burned area over the next decades. For the future it is 

therefore likely that trends in annual burned area and fire emissions in Africa are for a large 
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part dependent on socio-economic changes. Climate change may amplify or dampen some 

of these trends depending on how climate changes (Pechony and Shindell, 2010; Kloster 

et al., 2012) but its effect for African savannas is probably smaller than the trends we found 

as a result of cropland expansion, especially for northern Africa. Given that socio-economic 

developments have been going on for several decades, it is likely that in the past burned 

area was considerably higher for large parts of the African savannas, especially in West Africa 

with its relative high population density. This is in line with other studies that found that 

global emissions from landscape fires have been declining rather than increasing during 

recent history (Marlon et al., 2008).

Globally, the current paradigm is that burned area is expected to increase as a result 

of climate change (Pechony and Shindell, 2010; Kloster et al., 2012), although accounting 

for demographic and land use changes may suppress some of this signal (Kloster et al., 

2012). The most pronounced changes are expected in the temperate and boreal regions 

owing to warmer conditions (Kasischke et al., 1995; Westerling et al., 2006), and in tropical 

Figure 3.6: Annual mean MEI values and burned area anomalies for northern and southern Africa, separated by 
their response to the MEI (see Fig. 3.5). (a) Areas with positive correlation (Pearson’s r) between the burned area 
anomalies and the MEI (each percent change in burned area corresponds to 0.94Mha and 0.64Mha for northern and 
southern Africa, respectively). (b) Areas with negative correlation between the burned area anomalies and the MEI 
(1% corresponds to 0.41Mha and 0.84Mha for northern and southern Africa, respectively). Note the inversed y-axis 
corresponding to the annual mean MEI. Areas with precipitation rates smaller than 400 or larger than 1500 mm yr-1 
are not included.
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forest areas owing to drier conditions (Malhi et al., 2008). Our results indicate that in African 

savannas, at present responsible for most global burned area and about half of global fire 

carbon emissions (van der Werf et al., 2010; Giglio et al., 2013), burned area is likely to decline 

in the coming decades. Northern African annual burned area has declined by more than 

5% over the study period owing to land use changes that are expected to continue in the 

future. African population is expected to nearly double by 2050, and increasing demand 

for food will be met both by expansion and intensification of agriculture (Alexandratos and 

Bruinsma, 2012). In the long-term, this suggests that global pyrogeography may shift from 

being savanna dominated to forest dominated.
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CHAPTER 4

Biomass burning fuel consumption dynamics in the 
(sub)tropics assessed from satellite*

Abstract. Landscape fires occur on a large scale in (sub)tropical savannas and grasslands, affecting 
ecosystem dynamics, regional air quality and concentrations of atmospheric trace gasses. Fuel 
consumption per unit of area burned is an important but poorly constrained parameter in fire 
emission modeling. We combined satellite-derived burned area with fire radiative power (FRP) data 
to derive fuel consumption estimates for land cover types with low tree cover in South America, Sub-
Saharan Africa, and Australia. We developed a new approach to estimate fuel consumption, based on 
FRP data from the polar orbiting MODerate-resolution Imaging Spectroradiometer (MODIS) and the 
geostationary Spinning Enhanced Visible and Infrared Imager (SEVIRI) in combination with MODIS 
burned area estimates. The fuel consumption estimates based on the geostationary and polar orbiting 
instruments showed good agreement in terms of spatial patterns, but absolute fuel consumption 
estimates remained more uncertain. Fuel consumption varies considerably in space and time, 
complicating the comparison of various approaches and using field measurements to constrain our 
results. Spatial patterns in fuel consumption could be partly explained by vegetation productivity and 
fire return periods. In South America, most fires occurred in savannas with relatively long fire return 
periods, resulting in comparatively high fuel consumption as opposed to the more frequently burning 
savannas in Sub-Saharan Africa. Strikingly, we found the infrequently burning interior of Australia 
having higher fuel consumption than the more productive but frequently burning savannas in 
northern Australia. Vegetation type also played an important role in explaining the distribution of fuel 
consumption, both by affecting fuel build-up rates and fire return periods. Hummock grasslands, which 
were responsible for a large share of Australian biomass burning, showed larger fuel build-up rates 
than equally productive grasslands in Africa, although this effect might have been partially driven by 
the presence of grazers in Africa. Finally, land management in the form of deforestation and agriculture 
also considerably affected fuel consumption regionally. We conclude that combining FRP and burned 
area estimates, calibrated against field measurements, is a promising approach in deriving quantitative 
estimates of fuel consumption. Satellite-derived fuel consumption estimates may both challenge our 
current understanding of spatiotemporal fuel consumption dynamics and serve as reference data sets 
to improve biogeochemical modeling approaches. Future field studies especially designed to validate 
satellite-based products, or airborne remote sensing, may further improve confidence in the absolute 
fuel consumption estimates which are quickly becoming the weakest link in fire emissions estimates. 

* This chapter is an edited version of: Andela, N., van der Werf, G. R., Kaiser, J. W., van Leeuwen, T. T., 
Wooster, M. J., and Lehmann, C. E. R.: Biomass burning fuel consumption dynamics in the (sub)tropics 
assessed from satellite, Biogeosciences Discussions, doi:10.5194/bg-2015-582, 2016.
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4.1 INTRODUCTION

Landscape fires play an important role in many ecosystems across the globe, with (sub)tropical 

savannas of intermediate productivity being most frequently burned (Bowman et al., 2009). 

Within those (sub)tropical ecosystems, humans are responsible for most of the ignitions and 

fires have been actively managed for thousands of years (Stott, 2000; Archibald et al., 2010a, 

2012), partly aided by the vegetation traits of these regions which make them inherently 

flammable (Archibald et al., 2009). Landscape fires promote open canopy grassy vegetation 

over closed canopy woody vegetation (Scholes and Archer, 1997; Bond et al., 2005; Lehmann 

et al., 2011), providing competitive advantages to grassy rather than woody species in 

frequently burning landscapes (Sankaran et al., 2008). This fire driven tree – grass competition 

is further affected by the occurrence of different vegetation traits on the continents (Staver et 

al., 2011; Lehmann et al., 2014; Moncrieff et al., 2014). Due to the large scale at which biomass 

burning occurs, interannual variability in landscape fires is directly related to (greenhouse) 

gas concentrations in the atmosphere (Langenfelds et al., 2002) and affects regional air quality 

(Crutzen et al., 1979; Langmann et al., 2009; Turquety et al., 2009; Aouizerats et al., 2015). Fire 

regimes and fire management vary widely across (sub)tropical regions (Archibald et al., 2013), 

while ongoing socio-economic developments are expected to increasingly affect landscape 

fires and vegetation patterns during the coming century (Chen et al., 2013; Grégoire et 

al., 2013; Andela and van der Werf, 2014). Fuel consumption per unit area burned (kg m-2), 

hereafter called fuel consumption for brevity, is a key parameter to better understand the 

consequences of changing management practices, vegetation characteristics and climate on 

fire regimes, or to estimate fire emissions. Yet, spatiotemporal dynamics of fuel consumption 

on a continental scale remain poorly understood (van Leeuwen et al., 2014).

With global annual burned area exceeding the size of India (Giglio et al., 2013) or even 

the European Union (Randerson et al., 2012), satellite remote sensing is an important source 

of data to understand the spatiotemporal dynamics of fire. Over the last decade, several new 

satellite observing systems have become operational, greatly improving our understanding 

of fire dynamics and fire emissions estimates. For example, vegetation productivity (Running 

et al., 2004) and fire return periods (Archibald et al., 2013) can now be estimated using satellite 

imagery and data. Broadly speaking, two types of satellite data sets are available to study fire 

dynamics. These are satellite-derived estimates of burned area that are based on changes in 

surface reflectance over time (Giglio et al., 2006b, 2013) and active fire observations often 

accompanied by information on fire radiative power (FRP; Giglio et al., 2006a; Roberts and 

Wooster, 2008).

Both data types have advantages and disadvantages for the purpose of estimating fire 

emissions. Burned area remains visible for several days to months after the fire occurred, 
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allowing observations of fires that were obscured by clouds during the satellite overpass, as 

long as cloud cover is not too persistent (Roy et al., 2008). However, small fires are generally 

not detected by the burned area algorithm (Randerson et al., 2012) and fuel consumption has 

to be modeled in case burned area is used to calculate emissions (van der Werf et al., 2010). 

Active fire observations on the other hand often include FRP associated with the detected 

fire, which can be used to estimate fire radiative energy (FRE) which is directly related to dry 

matter burned (Wooster et al., 2005). When FRP data of geostationary instruments are used, 

the full fire diurnal cycle is observed and FRE and dry matter burned can be estimated by 

integrating the FRP observations over time (Roberts et al., 2005). However, geostationary 

satellites are located relatively far from the Earth and therefore have a relatively coarse pixel 

size. Consequently the smallest fires with low FRP often fall below their detection threshold 

(Freeborn et al., 2009). Polar orbiting instruments, like the MODerate-resolution Imaging 

Spectroradiometer (MODIS) are located closer to the Earth and therefore have a higher spatial 

resolution and sensitivity to small fires. However, with approximately four daily observations 

under ideal conditions the MODIS instruments provide relatively poor sampling of the fire 

diurnal cycle (Ellicott et al., 2009; Vermote et al., 2009; Freeborn et al., 2011). On top of the 

orbit-specific limitations, active fire observations from both polar orbiting and geostationary 

instruments are sensitive to cloud cover, and radiation of surface fires may be partly obscured 

by tree cover (Freeborn et al., 2014a). 

To date, most knowledge on fuel consumption dynamics stems from a limited number 

of field campaigns (summarized in van Leeuwen et al., 2014). These studies provide great 

detail and have considerably advanced our understanding of fuel consumption dynamics, but 

upscaling is problematic because fuel consumption is highly variable in space and time (Hoffa 

et al., 1999; Hély et al., 2003b; Boschetti and Roy, 2009). As an alternative approach, Roberts et 

al. (2011) combined burned area data from MODIS with FRE estimated from the geostationary 

Meteosat Spinning Enhanced Visible and Infrared Imager (SEVIRI) instrument, creating the 

first fully satellite-derived fuel consumption estimate for Africa. Although at that time only 

one year of SEVIRI data was available, Roberts et al. (2011) found some striking differences 

between their estimates of fuel consumption and the ones resulting from the biogeochemical 

modeling framework used in the Global Fire Emission Database version 3 (GFED3; van der 

Werf et al., 2010). The satellite-derived fuel consumption estimates of Roberts et al. (2011) 

were considerably lower than the ones from GFED in savanna regions, which may partly be 

explained by the low sensitivity of the SEVIRI instrument to small fires and an overestimate 

by GFED3. However, spatial patterns were also different, indicating that such methods can 

provide new insights in the distribution of fuel consumption and of fuel build-up processes. 

The objective of this study is to gain further insights into the spatial distribution and 

drivers of fuel consumption. Initially, fuel consumption is estimated across Sub-Saharan 
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Africa, by building upon the previous work of Roberts et al. (2009, 2011) that combined 

active fire FRP data from the geostationary SEVIRI instrument with burned area data from 

MODIS. We used a similar approach, but with longer time series (2010 – 2014) in an attempt 

to provide more statistically representative fuel consumption estimates, for example in less 

frequently burning grid cells. Then we used a similar method but now based on MODIS 

FRP data to expand our study region to include South America and Australia, in addition 

to Sub-Saharan Africa. In situ fuel consumption observations were used to calibrate the 

MODIS-derived fuel consumption estimates to match field-measured values. Because FRP 

observations may be partly obscured by tree cover (Freeborn et al., 2014a), we limited our 

study to low tree cover land cover classes. Results were compared to the SEVIRI-derived fuel 

consumption estimates, and that derived using the biochemical GFED modeling framework. 

Finally, we used the spatial distribution of our fuel consumption estimates to explore the 

drivers of fuel consumption in the study regions.

 

4.2 DATA

In this study we combined burned area data (Sect. 4.2.1) with FRP data to derive fuel 

consumption estimates. We commenced by following the approach of Roberts et al. 

(2011), based on FRP data provided by the geostationary SEVIRI instrument (Sect. 4.2.2), 

and then developed a new method using the FRP data from the polar orbiting MODIS 

instruments (Sect. 4.2.3). Information on land cover type, fire return periods and net 

primary productivity (NPP) were used to better understand the spatial variation in fuel 

consumption while results were also compared to fuel consumption estimates extracted 

from the GFED4s data set (Sect. 4.2.4). Both methods to derive fuel consumption were 

based on the native resolution of the FRP data, but end results were rescaled to 0.25° 

resolution, for comparison to drivers and in case of the MODIS FRP-detections to include a 

representative sample size. 

4.2.1 MODIS burned area
The MCD64A1 burned area data set, based on land surface spectral reflectance 

observations made by the MODIS instruments aboard the Terra and Aqua satellites, 

provides daily 500 m resolution global burned area estimates from August 2000 onwards 

(Giglio et al., 2009, 2013). Partly because of the relatively high spatial resolution of the 

MODIS instruments, MODIS based burned area data was found to perform best out of 

several burned area products (Roy and Boschetti, 2009; Padilla et al., 2014). Despite this 

relatively good performance, the burned area product still often misses the smallest fires, 
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which according to Randerson et al. (2012) may comprise a large fraction (over one third) 

of the overall global burned area. 

We estimated the mean fire return period based on the 14 years of MCD64A1 burned 

area data, by recording how many times each 500 m resolution MODIS grid cell had burned 

during the 2001 – 2014 period and then dividing this by the 14 years. This method yields 

best results for frequently burning grid cells where the accuracy is thought to be high. For 

grid cells burning only once during the 14 years it is likely that in many cases the actual fire 

return period may in fact be longer, leading to an overestimation of fire return periods. For 

grid cells without any burned area observations no fire return period could be calculated. We 

then calculated the mean fire return period for each 0.25° grid cell as the mean return period 

of all 500 m grid cells within each 0.25° grid cell, weighted by burned area.

4.2.2 SEVIRI FRP data
The SEVIRI instrument, aboard the geostationary Meteosat Second Generation satellites is 

located at 0° longitude and latitude and provides active fire observations at 3 km spatial 

resolution at nadir, degrading with increasing view angle (Roberts and Wooster, 2008; 

Freeborn et al., 2011). The sensitivity of the instrument to small fires is lower than the 

sensitivity of the MODIS instruments due to the coarser pixel size, but the instrument 

provides 15 min interval observations capturing almost the full fire diurnal cycle, cloud cover 

permitting. Here we used the Meteosat SEVIRI FRP-PIXEL product providing FRP data at 15 

min interval on the original SEVIRI spatial resolution (Roberts and Wooster, 2008; Wooster et 

al., 2015). The FRP-PIXEL product is freely available and can be downloaded from the Land 

Surface Analysis Satellite Applications Facility (http://landsaf.meteo.pt), from the EUMETSAT 

EO Portal (https://eoportal.eumetsat.int/) or via the EUMETCAST dissemination service 

(http://www.eumetsat.int), both in real-time and archived form. 

4.2.3 MODIS FRP data 
The MODIS instruments aboard the polar orbiting Terra (MOD) and Aqua (MYD) satellites 

provide global FRP data at 1 km resolution (Giglio et al., 2006a). To calculate fuel consumption 

we used the MOD14 and MYD14 version 005 active fire data for the full period that both 

satellites were in orbit (2003 – 2014). The 1 km resolution translates into a higher sensitivity 

to small fires (i.e., low FRP), although the FRP sensitivity of MODIS decreases towards the 

swath edges (Freeborn et al., 2011). Because of the importance of a large sample size for 

our analysis, we included the MODIS FRP data from all active fire detections (low to high 

confidence active fire pixels). 

The number of daily overpasses of the MODIS instruments is lowest in the tropics 

and increases towards the poles due to orbital convergence. Cloud cover permitting, the 
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two MODIS instruments provide around four daily observations in the (sub)tropics. We 

combined information from the MOD03 and MYD03 geolocation data sets associated with 

each MODIS overpass with the MOD14 and MYD14 cloud cover data, to derive the mean 

daily MODIS detection opportunity (i.e., cloud free overpasses) during the burning season 

in a similar way to the processing used in the Global Fire Assimilation System (GFAS; Kaiser 

et al., 2012). Because of the large size of the MOD03 and MYD03 data we based this part of 

the analysis on 4 years of data (2009 – 2012), enough to calculate a representative mean 

value. MODIS data are freely available and can be downloaded from NASA at http://reverb.

echo.nasa.gov. 

4.2.4 Other data sets
We derived information on land cover type from the MODIS MCD12C1 version 051 product, 

using the University of Maryland land cover classification (Friedl et al., 2002). In this study we 

focussed on low tree cover vegetation types including savannas, woody savannas, grasslands, 

shrublands and croplands. Forests and bare or sparsely vegetated areas were excluded. 

Because the land cover fraction having closed shrublands was small and contained very little 

of the overall fire activity, we merged open and closed shrublands into one ‘shrubland’ class. 

The dominant land cover type was based on 2003 – 2012 data, because post 2012 data was 

not available to us at the time of the study. 

Net Primary Production (NPP) was derived from the Terra MODIS MOD17A3 version 055 

1 km annual product (Running et al., 2004), and we used the mean NPP over 2003 – 2010 

(post 2010 data was not available). Units of NPP were in g C m-2 yr-1, and for comparison to 

estimates of fuel consumption in units of dry matter (DM) burned per m2 we assumed a 

vegetation (fuel) carbon content of 45% (Andreae and Merlet, 2001; Barbosa and Fearnside, 

2005). 

Fuel consumption estimates from field studies were used to calibrate and evaluate the 

fuel consumption estimates from satellite. Peer reviewed studies were compiled into a field 

observation database for several biomes by van Leeuwen et al. (2014), and here we used 

their values for the savanna biome, including grasslands and (woody) savannas.

Finally, we compared our results to modeled fuel consumption estimates over the 

same period (2003 – 2014) extracted from the GFED4s data set (0.25° spatial resolution). 

Methods used in GFED4s are based on GFED3.1 (van der Werf et al., 2010) but with two main 

improvements. The first one is the inclusion of small fire burned area (Randerson et al., 2012), 

the second one is further tuning of the model to better match fuel consumption estimates 

from the database of van Leeuwen et al. (2014). This involved mostly faster turnover rates of 

leaf and litter in the model to lower fuel consumption rates in low treecover regions. GFED 

data can be downloaded from http://globalfiredata.org/. 
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4.3 METHODS

The primary objective of this study was to provide further insights into the spatial distribution 

of vegetation fire fuel consumption in key (sub)tropical biomass burning regions, and also to 

provide insights into its most important drivers. We first derived a fuel consumption estimate 

for Sub-Saharan Africa using SEVIRI FRP data and the MCD64A1 burned area product, using 

an approach similar to that of Roberts et al. (2011). We derived FRE from the SEVIRI FRP data, 

which was subsequently converted to an estimate of DM-burned using the conversion factor 

of Wooster et al. (2005; see Sect. 4.3.1). To expand our understanding of fuel consumption 

beyond Africa, we explored if a similar approach could be applied to MODIS FRP data. This 

approach was similar to the methods of Kaiser et al. (2012) but with a few adjustments to 

calculate fuel consumption. Rather than using a conversion factor based on laboratory 

experiments as in Wooster et al. (2005), we related the FRE to in situ field observations to 

estimate fuel consumption (Sect. 4.3.2). We present results of this processing for three (sub)

tropical biomass burning regions: South America, Sub-Saharan Africa and Australia. In those 

regions we explored the potential drivers of the spatial distribution of fuel consumption. 

Finally, the results were compared to model-derived fuel consumption estimates of GFED4s. 

4.3.1 Converting SEVIRI FRP to fuel consumption using laboratory measurements 
Roberts et al. (2011) combined estimates of dry matter burned (kg), based on one year of 

FRP data from the geostationary Meteosat SEVIRI instrument, with MODIS-derived burned 

area mapping (m2) to derive fuel consumption estimates (kg m-2) for Africa. Here we followed 

a similar approach, but now we included five years of SEVIRI data (2010 – 2014), to get a 

better understanding of fuel consumption in infrequently burning zones, and to derive more 

representative mean fuel consumption estimates in general. An overview of this method is 

given in the flow chart of Fig. 4.1a, and explained in more detail below.

First, the daily burned area data (500 m resolution) were reprojected to the native SEVIRI 

imaging grid (3 km resolution at nadir). Because of the uncertainty of the burn date in the 

burned area product (Boschetti et al., 2010; Giglio et al., 2013), and the fact that a fire can 

burn multiple days, we followed Roberts et al. (2011) and assumed that all FRP detections 

within one week of the burned area observations (before or after; i.e., in total 15 days) in a 

given grid cell belonged to the same fire. Grid cells having only burned area observations but 

no corresponding FRP detections are likely related to fires having relatively low FRP or those 

that were obscured by clouds (Roberts et al., 2011). These areas (3% of annual burned area) 

were excluded from our analysis. Moreover, about half (54%) of the burned area detections 

showed over 20% cloud cover and/or missing data during the 15 day accumulation period 

possibly reducing FRE estimates. We decided not to exclude these data to maintain as large 



72

Chapter 4

a sample as possible but we investigated the impact of this effect via a comparison of results 

including and excluding partial cloud cover and missing data. 

As a second step, the 15 minute interval SEVIRI FRP detections were integrated over time 

to calculate FRE. This FRE was then converted into dry matter burned using the conversion 

factor (0.368 kg MJ-1) based on lab experiments of various fuel types by Wooster et al. (2005). 

We limited the study to the spatial distribution of mean fuel consumption and calculated 

fuel consumption (FC) for each 0.25° grid cell (x,y) based on:

𝐹𝐹𝐹𝐹(𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)𝑥𝑥,𝑦𝑦 =  
∑ 𝐷𝐷𝐷𝐷_𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑥𝑥,𝑦𝑦

2014
2010

∑ 𝐵𝐵𝐵𝐵𝑥𝑥,𝑦𝑦
2014
2010

 
 

 

, (4.1)

where ∑ 𝐷𝐷𝑀𝑀_𝑏𝑏𝑏𝑏𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟2014
2010     corresponds to the sum of dry matter burned of each SEVIRI 

grid cell within the coarser 0.25° grid over the study period with a corresponding burned 

area observation, and ∑ 𝐵𝐵𝐵𝐵2014
2010    is the sum of burned area (BA) for each 0.25° grid cell with 

corresponding FRE over the study period.

4.3.2 Converting MODIS FRP to fuel consumption using in situ measurements
With approximately four daily overpasses, MODIS provides only a sample of daily fire activity 

and FRP. Various approaches have been developed to derive FRE (Joules) and dry matter 

burned (kg) estimates from the MODIS FRP data (e.g., Ellicott et al., 2009; Freeborn et al., 2009, 

2011; Vermote et al., 2009; Kaiser et al., 2012). However, methods to convert MODIS FRP to FRE 

usually work at the relatively coarse spatial and/or temporal scale (e.g., 0.5° monthly) required 

to accumulate a statistically valid number of FRP observations. The sensitivity of the MODIS 

burned area product to ‘small fires’ is considerably worse than that of the MODIS active fire 

product (Randerson et al., 2012), and within each relatively large grid cell the proportion of 

FRP observations that originate from these small (unmapped) burned areas remains unknown. 

Therefore, these methods cannot directly be used to estimate fuel consumption. The method 

developed here to derive FRE is similar to the one used within the GFAS version 1 (Heil et 

al., 2010; Kaiser et al., 2012), but observations of ‘small fires’ (having FRP detections but no 

corresponding burned area) were discarded (by working at the native MODIS 1 km resolution). 

Because the objective here was to estimate fuel consumption per unit area burned instead 

of total dry matter burned, the impact of ignoring the smallest fires is small, as long as fuel 

consumption in such fires is of a similar magnitude or their relative fraction is low. An overview 

of the method is shown in the flow chart of Fig. 4.1b, and explained in more detail below. 

As with the approach detailed in Sect. 4.3.1, the daily MODIS burned area data (500 

m resolution) was rescaled to the resolution of the active fire product (for MODIS a 1 km 

resolution). Also, all MODIS FRP detections within a week before or a week after a 1 km grid 
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cell was flagged as ‘burned’ were assumed to be part of the same fire. FRP detections without 

corresponding burned area within this period were assumed to correspond to small fires 

and were excluded from the analysis. In contrast to the approach based on SEVIRI data, 

here all burned area observations were included. The FRP detections made by the MODIS 

instruments are more sensitive to small fires than the burned area product (Randerson et 

al., 2012), and it can therefore be reasonably assumed that the vast majority of fires that 

leave a detectable burned area signal will be observed by the MODIS instruments if there is 

a MODIS detection opportunity (i.e., a non-cloud obstructed overpass of one of the MODIS 

instruments) during the fire. 

The FRP recorded by the polar orbiting MODIS instruments are affected by the MODIS 

scan geometry (Freeborn et al., 2011), cloud cover, tree cover (Freeborn et al., 2014b), the 

fire diurnal cycle and daily number and timing of overpasses (Andela et al., 2015). Hence, 

whilst a single MODIS FRP detection is somewhat representative of the overall fire activity 

in a certain grid cell, its value is also influenced by these other factors (e.g., Boschetti and 

Roy, 2009; Freeborn et al., 2009; Andela et al., 2015). Moreover, temporal variations in fuel 

consumption may be considerable, driven by climate, vegetation type, management, and 

fire return periods (Shea et al., 1996; Hély et al., 2003b; Savadogo et al., 2007). Minimizing 

the impact of these types of perturbations is in part why methods developed to estimate 

FRE from MODIS FRP generally require the accumulation of MODIS FRP observations over 

relatively coarse spatiotemporal scales (e.g., Freeborn et al., 2009; Vermote et al., 2009). We 

further investigated the combined effect of all these factors on the FRP data by studying the 

distribution of FRP-observations for a frequently burning grid cell in Africa.

Following the methods applied within GFAS (Heil et al., 2010; Kaiser et al., 2012), FRE 

was estimated by assuming that the observed daily fire activity (i.e., FRP) at cloud free 

MODIS overpasses is representative for daily fire activity. To create a sufficiently large and 

‘representative’ sample size, burned area detections and FRP detections with corresponding 

burned area were aggregated to a 0.25° spatial resolution for the full period that both 

Aqua and Terra were in orbit (2003 – 2014). Subsequently the total emitted FRE (J) over the 

study period was calculated per grid cell as the sum of FRP (Watt or J s-1) multiplied by the 

mean duration between two MODIS detection opportunities (s) during the burning season 

(calculated using the mean number of cloud free overpasses per day weighted by monthly 

burned area). This way we implicitly correct for variation in the daily detection opportunity 

caused by cloud cover and/or the MODIS orbits (e.g., Kaiser et al., 2012; Andela et al., 2015). 

For further analysis we only include those 0.25° grid cells containing at least 50 MODIS FRP 

detections (together responsible for 96% of annual burned area). 

Because of the uncertainties in the FRE estimates, we calibrated our results directly against 

field measurements. We used simple linear regression forced through the origin, to derive 
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a conversion factor (kg MJ-1) between the MODIS-derived FRE per unit area burned (MJ m-2) 

and the corresponding field measurements of fuel consumption (kg m-2) compiled by van 

Leeuwen et al. (2014). From this field measurement database we included all measurements 

conducted in grasslands, savannas and woody savannas (Table 4.1). The results were also 

compared to the results based on the approach using the SEVIRI instrument outlined in Sect. 

4.3.1, however in that case we did apply the conversion factor as suggested by Wooster et al. 

(2005) to enable direct comparison.

Figure 4.1: Methods to derive 0.25° fuel consumption estimates based on two different approaches. (a) The pathway 
used to combine FRP data of the geostationary SEVIRI instrument with burned area data to derive fuel consumption 
(Roberts et al., 2011; Sect. 4.3.1). (b) The pathway used to derive fuel consumption by combining FRP data of the polar 
orbiting MODIS instruments with burned area data (Sect. 4.3.2). Note that FRP detections without corresponding 
burned area, associated with small fires, are excluded in both processing chains.

4.4 RESULTS

4.4.1 Comparing SEVIRI and MODIS-derived fuel consumption
To provide new insights in the specific qualities and limitations of polar orbiting and 

geostationary based FRP data, we compared the mean fuel consumption (kg m-2) estimates 

based on our approach using SEVIRI FRP data (Fig. 4.2a) with our approach using MODIS 

FRP data (Fig. 4.2c). Although later on a new conversion factor is derived to convert the 

MODIS based FRE into DM-burned, here both FRE estimates were converted using the 
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same conversion factor (0.368 kg MJ-1; Wooster et al., 2005) for comparison. We used linear 

regression fitted through the origin (Fig. 4.2b), to compare the results. Total estimated FRE, and 

thus fuel consumption, based on the MODIS instruments was roughly two times larger than 

SEVIRI-derived fuel consumption. On top of these absolute differences, the spatial patterns 

were not uniform (Fig. 4.2b and d), for which we identified two main causes: first the MODIS 

based fuel consumption was consistently higher in southeastern Africa (e.g., Mozambique 

and Madagascar), likely because of the decreasing sensitivity of the SEVIRI instrument at the 

greater off-nadir angle over this region (e.g., Freeborn et al., 2014b); and second the difference 

between both approaches was larger in areas of infrequent fires (compare Fig. 4.2d and Fig. 

4.6a), possibly explained by the relatively short and slightly different periods of data availability 

(SEVIRI 2010 – 2014; MODIS 2003 – 2014) in combination with large interannual variations in 

fuel consumption (e.g., Hély et al., 2003b). To prevent these differences from affecting our 

estimated correlation too much, we only included frequently burning grid cells (burned area 

≥ 15 % yr-1) and those having a surface area of the SEVIRI FRP-PIXEL product grid cells below 

12 km2 (minimum value is 9 km2 at nadir) during the linear regression shown in Fig. 4.2b. This 

resulted in reasonable correlation (r2 = 0.42; n = 6621). Partial cloud cover and missing data were 

also affecting the analysis, and we found that 54% of the annual burned area occurred during 

periods of reduced data availability (below 80%). When excluding these events, the absolute 

difference between MODIS and SEVIRI based fuel consumption became somewhat smaller 

(i.e., the slope in Fig. 4.2b became 0.61), demonstrating that periods of reduced observations 

were partly responsible for the underestimation in SEVIRI-derived fuel consumption. However, 

by excluding this 54% of the data, the correlation between MODIS and SEVIRI based fuel 

consumption was reduced (r2=0.31), due to the heterogeneous nature of fuel consumption. 

4.4.2 Converting MODIS FRP to fuel consumption using in situ measurements
Although the FRE per unit area burned can be converted to fuel consumption using the 

conversion factor found by Wooster et al. (2005) during laboratory experiments which 

we have used so far, some instrument specific issues may further affect the FRE estimates 

from space (see methods). In order to correct for uncertainties in the MODIS derived FRE 

estimates, we derived an alternative conversion factor by comparing the MODIS FRE per 

unit area burned directly to field measurements instead (Fig. 4.3a). This way, we found a 

conversion factor of 0.572 kg MJ-1, about 1.5 times higher than the conversion factors of 

0.368 kg MJ-1 based on the laboratory experiments (Wooster et al., 2005). Due to the limited 

number of field observations and a number of outliers the coefficient of determination (r2) is 

considered reasonable (0.41), something we return to in the discussion. 

Figure 4.3b shows the distribution of MODIS FRP detections for a frequently burning 

0.25° grid cell in northern Africa for the 2003 – 2014 period. As discussed in the methods, 
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a single MODIS FRP detection is often not representative for the actual fuel consumption 

rate or fire activity, and it is more reasonably to take a representative sample (we used a 

minimum of 50 active fire pixel detections). For this particular 0.25° grid cell (Fig. 4.3b), 

over the full period there were 967 MODIS FRP detections, having a sum of 39.7 GW, while 

total burned area was 5.7x109 m2. During the burning season, the two MODIS instruments 

together observed the grid cell 2.8 times a day on average. The estimated FRE per unit area 

burned was therefore 0.22 MJ m-2. Using the conversion factor derived below (Fig. 4.3a), the 

estimated fuel consumption for the grid cell shown in Fig. 4.3b is 124 g DM m-2. To put this 

value in context, for this grid cell the mean NPP was 732 g DM m-2 yr-1 and the mean fire 

return period 1.75 years over the study period. 

Table 4.1 provides an overview of the field studies used to calibrate the MODIS 

based fuel consumption estimate (Fig. 4.3a), and corresponding 0.25° fuel consumption 

estimates based on MODIS FRP detections. Most fuel consumption estimates based on field 

measurements are similar in magnitude to the ones derived here, although there are a few 

Figure 4.2: Comparison of fuel consumption (FC) estimates derived by combining FRP and burned area data. (a) 
Fuel consumption derived using SEVIRI FRP data. (b) Correlation between fuel consumption estimates based on the 
SEVIRI and MODIS FRP data. (c) Fuel consumption derived using MODIS FRP data. (d) MODIS based fuel consumption 
estimates as percentage of the SEVIRI based estimates. In both cases FC was derived using the same 0.368 kg MJ-1 
conversion factor (Wooster et al., 2005). Grid cells with dominant land cover ‘forest’ or ‘bare or sparsely vegetated’ 
were excluded from our analysis and are masked grey, while water and grid cells with less than 50 MODIS FRP 
detections during our study period (2003 – 2014) are shown in white in all figures. 
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prominent outliers (Ref. 6, 8, 14 and 15). The field studies corresponding to Ref. 15 and 16 

were carried out within the same 0.25° grid cell and illustrate that individual case studies are 

not always directly comparable with our 0.25° fuel consumption estimates due to the large 

spatial heterogeneity of fuel consumption. 

Fuel consumption for the three study regions was derived by applying the conversion 

factor (Fig. 4.3a; 0.572 kg MJ-1) to the FRE per unit area burned (MJ m-2) as estimated using 

the MODIS FRP-detections (Fig. 4.4). South America generally showed relatively high fuel 

consumption, with the fringes of the deforestation areas having by far the highest values 

(Fig. 4.4a). Sub-Saharan Africa has relatively low fuel consumption compared to Australia 

and southern America, with lowest fuel consumption found in East Africa and agricultural 

regions in western Africa (e.g., Nigeria; cf. Fig. 4.4b and Fig. 4.6h). Australia shows a surprising 

pattern where fuel consumption according to our approach in frequently burning savannas 

in northern Australia appears to be lower than fuel consumption in the drier interior (Fig. 

4.4c and Fig. 4.6c). The same pattern is observed in some arid regions of southern Africa 

where fires have long return periods (e.g., Namibia; Fig. 4.4b and Fig. 4.6b). 

4.4.3 Drivers and dynamics of fuel consumption
For each continent we assessed whether most fires occurred in productive or low productivity 

systems, and whether short or long fire return periods were most common (Fig. 4.5a – c). 

Then we explored the distribution of fuel consumption as a function of productivity and fire 

return periods (Fig. 4.5d – f ), followed by the possible role of land cover type in explaining 

Figure 4.3: Relationship between MODIS FRP detections and fuel consumption (FC). (a) Best estimated conversion 
factor between MODIS derived FRE per unit area burned and field measurements of fuel consumption. The red line 
indicates the conversion factor used here and the black line the conversion factor found by Wooster et al. (2005) 
during laboratory experiments. The blue dots and numbers refer to the individual field studies (Table 4.1; van 
Leeuwen et al., 2014). (b) Distribution of MODIS FRP detections (binned in classes of 10 MW wide) for a frequently 
burning 0.25° grid cell in northern Africa (10.00 – 10.25° N, 24.00 – 24.25° E).
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these patterns (Fig. 4.5g – i). We found that biomass burning on the three continents occurred 

under very different conditions in terms of productivity and fire return periods. Within the 

South American study region most fires occurred in relatively productive savannas (NPP of 

800 – 1600 g DM m-2 yr-1) and were characterized by relatively long fire return periods (3 – 8 

yrs). Fuel consumption in this region was higher than under similar conditions (in terms of 

NPP and fire return period) in Sub-Saharan Africa and Australia. African biomass burning 

was dominated by (woody) savanna fires of annual and biennial return periods which were 

observed over a wide range of NPP (500 – 2000 g DM m-2 yr-1). For the lower productivity 

African savannas and grasslands, we did not find large differences in fuel consumption 

between savannas that burn annually or biennially, and savannas with somewhat longer 

return periods (3 – 8 yrs). Only African savannas with fire return periods above 8 years 

showed again a somewhat higher fuel consumption. Strikingly, in the more productive 

African savannas fuel consumption declined with longer fire return periods.

Table 4.1: Fuel consumption estimates for grasslands, savannas and woody savannas, based on field studies compiled 
by van Leeuwen et al. (2014) and the corresponding 0.25° fuel consumption estimates derived here. For the field 
studies, numbers in parentheses show the standard deviation. N is the number of active fire detections by MODIS 
(2003 – 2014) for each 0.25° grid cell. References: (1,2,3) Shea et al. (1996)/Ward et al. (1996); (4) Hoffa et al. (1999); (5) 
Hély et al. (2003a); (6) Savadogo et al. (2007); (7) Ward et al. (1992); (8) Bilbao and Medina (1996); (9) Miranda et al. (1996); 
(10) De Castro and Kauffman (1998); (11) Barbosa and Fearnside (2005); (12) Cook et al. (1994); (13) Hurst et al. (1994); 
(14) Rossiter-Rachor et al. (2008); (15) Russell-Smith et al. (2009); (16) Meyer et al. (2012); and (17) Prasad et al. (2001). 

Ref. Lat. Lon. FC Field study
(g DM m-2)

FC MODIS
(g DM m-2)

N Description

1 25.15 S 31.14 E 350 (140) 294 226 Lowveld sour bushveld savanna

2 12.35 S 30.21 E 420 (100) 237 1487 Dambo, miombo, chitemene

3 16.60 S 27.15 E 450 (–) 269 216 Semi-arid miombo

4 14.52 S 24.49 E 220 (120) 405 880 Dambo and miombo

5 15.00 S 23.00 E 290 (90) 183 407 Dambo and floodplain

6 12.22N 2.70 W 420 (70) 92 177 Grazing and no grazing

7 15.84 S 47.95 W 720 (90) 832 126 Different types of cerrado

8 8.56 N 67.25 W 550 (190) 138 232 Protected savanna for 27 years

9 15.51 S 47.53 W 750 (–) 768 69 Campo limpo and campo sujo

10 15.84 S 47.95 W 820 (280) 832 126 Different types of cerrado

11 3.75 N 60.50 W 260 (90) 263 35 Different types of cerrado

12 12.40 S 132.50 E 450 (130) 311 1885 Woodland

13 12.30 S 133.00 E 510 (–) 413 1277 Tropical savanna

14 12.43 S 131.49 E 240 (110) 555 433 Grass and woody litter

15 12.38 S 133.55 E 140 (160) 351 1357 Early and late season fires

16 12.38 S 133.55 E 480 (–) 351 1357 Grass and open woodland

17 17.65N 81.75 E 770 (260) 603 20 Woodland
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In Australia most burned area occurred in the savannas of intermediate productivity (500 

– 1200 g DM m-2 yr-1) and low productivity Hummock grasslands (<500 g DM m-2 yr-1; Australian 

Native Vegetation Assessment, 2001), that were classified as shrublands by the MODIS land 

cover data set. While in Sub-Saharan Africa most fires in the lower productivity regions were 

fuelled by grasses that form well connected fuel beds, in Australia most fires occurred in 

poorly connected Hummock grasslands that functionally act like shrublands. Both in Sub-

Saharan Africa and in Australia regions classified as shrubs faced longer fire return periods 

than grasslands and savannas, but eventually burned with higher fuel consumption. But 

even when productivity and fire return periods were similar the fuel consumption in the low 

productivity (<500 g DM m-2 yr-1) Hummock grasslands of Australia was consistently higher 

than fuel consumption of the low productivity grasslands in Sub-Saharan Africa. 

Finally, we compared the fuel consumption estimates derived from the MODIS FRP-detections 

(Fig. 4.4) with fuel consumption estimates of GFED4s. Considerable differences were found 

between the two approaches (Fig. 4.7). The fuel consumption estimates derived here resulted 

in higher fuel consumption estimates for areas of lower productivity, especially those areas 

dominated by shrublands; while fuel consumption estimates of GFED4s were generally higher in 

woody savannas, with higher productivity. Interestingly, the best comparison was found in zones 

of most frequent fire and short fire return periods (compare Fig. 4.7 with Fig. 4.6a – c). 

4.5 DISCUSSION

Understanding the global distribution of fuel consumption and fuel build-up mechanisms 

is important to make landscape management decisions, understand the implications 

of changes in climate or vegetation patterns on fire dynamics, and to derive accurate fire 

emissions estimates. Boschetti et al. (2009) and Roberts et al. (2009, 2011) showed that 

Figure 4.4: Distribution of fuel consumption based on MODIS FRP detections and the conversion factor derived from 
field studies. (a) South America, (b) Sub-Saharan Africa and (c) Australia. 
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Figure 4.5: Distribution of burned area (a – c), fuel consumption (d – f ) and dominant land cover type (g – i), all binned as a 
function of fire return periods and net primary productivity (NPP) for the three study regions (South America, Sub-Saharan 
Africa and Australia). Bins with burned area below 500 km2 yr-1 are masked in white. Abbreviations of land cover type 
stand for: cropland (Cr), woody savanna (WSa), savanna (Sa), grassland (Gr) and shrubland (Sh). The spatial distribution of 
fire return periods, net primary productivity and land cover type for the three study regions is shown in Fig. 4.6. 

fuel consumption per unit burned area estimates can be derived from combining burned 

area and active fire satellite products. Here we build upon their approaches and derived 

fuel consumption estimates for regions of low tree cover in South America, Sub-Saharan 

Africa and Australia, and explored the drivers of the spatial distribution. Following previous 

studies, we found that fuel consumption is highly heterogeneous (e.g., Hély et al., 2003b; 

Savadogo et al., 2007; Boschetti and Roy, 2009; Roberts et al., 2011). Consequently, obtaining 

representative field measurements is labour intensive, and only a limited number of studies 
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have been carried out (van Leeuwen et al., 2014). Satellite-derived estimates of the spatial 

distribution of fuel consumption can therefore form an important addition to the scarce field 

measurements and may guide future field campaigns. 

Here we discuss the pros and cons of the fuel consumption estimates presented in this 

chapter and the current challenges for such an exercise (Sect. 4.5.1). We then discuss the 

drivers of fuel consumption in the three study regions, and compare the results found here 

to fuel consumption estimates of the GFED4s data (Sect. 4.5.2).

Figure 4.6: Spatial distribution of parameters affecting fuel consumption dynamics. (a – c) Fire return periods for 
South America, Sub-Saharan Africa and Australia, respectively; (d – f ) net primary productivity for South America, 
Sub-Saharan Africa and Australia, respectively; and (g – i) dominant land cover type for South America, Sub-Saharan 
Africa and Australia, respectively. Abbreviations of land cover type stand for: cropland (Cr), woody savanna (WSa), 
savanna (Sa), grassland (Gr) and shrubland (Sh).
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4.5.1 Satellite-derived fuel consumption estimates 
In this study we explored the distribution of fuel consumption beyond the geostationary 

position of the SEVIRI instrument, and developed a method based on FRP detections of the 

polar orbiting MODIS instruments. Both geostationary and polar orbiting instruments have 

advantages, the geostationary SEVIRI instrument observes the full fire diurnal cycle, while 

the polar orbiting MODIS instruments only provide observations at certain fixed hours of the 

day, potentially leading to structural errors in the FRE estimates (Ellicott et al., 2009; Vermote 

et al., 2009; Freeborn et al., 2011; Andela et al., 2015). However, the sensitivity of the MODIS 

instruments to small fires is much larger than that of the SEVIRI instrument (Freeborn et 

al., 2014b). In order to get a better understanding of the implications of these differences 

we compared the fuel consumption estimates based on both platforms using the FRE-to-

DM-burned conversion factor found during laboratory experiments (Wooster et al., 2005). 

At first sight, very similar spatial patterns were found using polar orbiting or geostationary 

data, (compare Fig. 4.2a and c), providing confidence in the spatial distribution of the fuel 

consumption estimates. However, many differences were also present (Fig. 4.2d). We found 

that a large part of the differences could be attributed to: (i) the large natural temporal 

variation in fuel consumption combined with the different periods of data availability and 

(ii) the different sensors characteristics. After excluding grid cells at higher off-nadir angles 

of the SEVIRI instrument and of infrequent fire occurrence, we found an r2 of 0.42 between 

both approaches. Other potential sources of spatial discrepancy, like the fire diurnal cycle, 

were smaller. Finally, a large structural difference was observed, and SEVIRI-derived fuel 

consumption was about half of the MODIS-derived fuel consumption. Such structural 

differences likely occur due to the different sensitivities of the instruments (Freeborn 

et al., 2009, 2014b). As compared to the MODIS instruments, the SEVIRI instrument likely 

underestimates fire activity in areas where a relatively large fraction of fire activity falls below 

Figure 4.7: Fuel consumption estimated by GFED4s as a percentage of fuel consumption derived here (based on 
MODIS derived FRE, calibrated against in situ measurements). (a) South America, (b) Sub-Saharan Africa and (c) 
Australia. 
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the detection threshold (e.g., small fires, or fires partly obscured by trees; as discussed by 

e.g., Roberts and Wooster, 2008; Freeborn et al., 2009, 2014b; Roberts et al., 2011). In our 

analysis a small part of the structural difference could also be explained by the fact that we 

did not correct for cloud cover and/or missing data in the SEVIRI based FC estimates. Not 

surprisingly, the best comparison between both methods was found in areas of frequent 

fires (Fig. 4.2d and 4.6b) where fires often spread over large areas (Archibald et al., 2013), and 

are thus likely to be well observed by both instruments.

When deriving fuel consumption estimates based on the SEVIRI instrument, Roberts et 

al. (2011) found fuel consumption estimates around 3.5 times lower than modeled values 

of GFED3.1 (van der Werf et al., 2010). Other studies that calculated fire emissions using the 

SEVIRI instrument found similar low estimates compared to GFED (e.g., Roberts and Wooster, 

2008). Following previous studies, we find that about half of this discrepancy can be 

attributed to SEVIRI failing to detect the more weakly burning, but highly numerous, smaller 

fires that ultimately are responsible for around half of the emitted FRE (Freeborn et al., 2009, 

2014b). However, other sensor specific aspects also affect the FRE estimates (see Methods). 

We therefore decided to relate the FRE per unit area burned based on the MODIS instruments 

directly to field observations to convert them to measures of fuel consumption. We used the 

fuel consumption database of van Leeuwen et al. (2014) and the recommendation therein 

to use linear regression rather than biome mean values to derive the conversion factor. The 

conversion factor found using the field observations (Fig. 4.3; CF = 0.572 kg MJ-1) was still 

around 1.5 times larger than the one found by Wooster et al. (2005; CF = 0.368 kg MJ-1). 

This may for a large part be explained by sensor specific limitations, for example the lower 

sensitivity of the MODIS instruments towards the swath edges (Freeborn et al., 2011). The 

fire diurnal cycle in combination with the timing of the MODIS overpasses may also have 

affected absolute FRE estimates and thus the conversion factor derived here (Andela et al., 

2015). Directly applying the conversion factor found by Wooster et al. (2005) on the MODIS 

derived FRE per burned area as derived here would therefore lead to an underestimation of 

fuel consumption (Fig. 4.3a). However, the number of field measurements was limited and 

our calibration was strongly influenced by a few field studies in more productive savannas. 

The correlation of the field observations and the 0.25° long-term average fuel consumption 

estimates derived here (Fig. 4.3a; r2=0.41) was affected by various factors. Most importantly, 

fuel consumption is both spatially and temporarily highly heterogeneous (e.g., Hoffa 

et al., 1999; Hély et al., 2003b; Govender et al., 2006), so even in the case of accurate fuel 

consumption estimates from both field measurements and from satellite, large scatter is 

likely observed. In addition, direct comparison was impossible because most field studies 

were carried out before the launch of the MODIS and SEVIRI instruments (van Leeuwen et 

al., 2014). 
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Given the large scale at which landscape fires occur and the high spatiotemporal 

variation in fuel consumption, satellite-derived fuel consumption estimates are crucial to get 

a better system understanding. While different satellite-derived fuel consumption estimates 

resulted in a similar spatial distribution, the absolute fuel consumption estimates remained 

more uncertain. This study clearly demonstrated the potential to derive fuel consumption 

estimates by combining satellite derive FRP and burned area. However, deriving accurate FRE 

estimates is difficult due to several sensor specific limitations. Here we choose to calibrate 

against field observations, correcting for such errors. Better understanding of for example 

the effect of tree cover on FRP detections would allow for expansion of such methods 

beyond open land cover types. Validation of the satellite-derived products by specifically 

designed field campaigns aiming for example at NPP or fire return period transects, or high 

resolution airborne remote sensing may further improve our understanding of the active fire 

sensor characteristics and provide more confidence in absolute fuel consumption estimates 

in the future. 

4.5.2 Drivers and dynamics of fuel consumption
Fuel consumption depends on the amount of fuel available for burning and the combustion 

completeness. In arid areas available fuel and thus fuel consumption is often limited by 

precipitation. Across these arid and semi-arid areas precipitation generally determines 

vegetation productivity and tree cover. In more humid regions, however, fuel moisture 

may limit fuel consumption by lowering fire spread and the combustion completeness 

(Stott, 2000; van der Werf et al., 2008). Consequently savannas of intermediate NPP and 

with a clear dry season tend to burn most frequently (Bowman et al., 2009). In our three 

study regions (South America, Sub-Saharan Africa and Australia) fires occurred under very 

different conditions in terms of NPP and fire return periods (Fig. 4.5a – c), partially as a result 

of the different distributions of NPP across the study regions. In South America most burned 

area occurred in regions with fire return periods between 3 – 8 years and intermediate 

productivity (800 – 1600 g DM m-2 yr-1). In Africa the vast majority of burned area was found 

in areas with short fire return periods (1 – 3 yrs) and a wide range of productivity (500 – 

2000 g DM m-2 yr-1). Finally, in Australia the majority of fires occurred in the more arid low 

productivity zones (<500 g DM m-2 yr-1) while annually burning regions were uncommon 

and restricted to the humid higher productivity zones (typical fire return periods were in 

the range 2 to 10 years). Although climate and vegetation shape the boundary conditions 

for fires to occur, most ignitions are of human origin (Scholes and Archer, 1997; Stott, 2000; 

Scholes et al., 2011; Archibald et al., 2012) and the differences between the continents are 

expected to be partly the result of different management practices. Overall, a pattern of 

increasing fuel consumption towards more productive regions and longer return periods 
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was observed (Fig. 4.5d – f ). Consequently fuel consumption in Africa, with short return 

periods, was relatively low compared to Australia or Southern America. 

However, increases in fuel consumption with increasing time between fires and NPP were 

far from linear and other drivers also played a large role (e.g., Shea et al., 1996). Most notably, 

we found a clear difference between ecosystems where most fuel exists of grasses opposed 

to regions that were classified as shrubs. In Africa, the more arid regions with NPP below 500 

g DM m-2 yr-1 are dominated by savannas or grasslands, while in Australia these regions are 

classified as shrubs (Fig. 4.5h and i). In the specific case of Australia, much of the interior is 

actually dominated by Hummock grasslands (rather than shrubs), grasses that functionally 

act like shrubs (Australian Native vegetation Assessment, 2001) and are therefore classified 

as being shrublands in the UMD classification. Grasses may form well-connected fuel beds, 

resulting in short (often annual or biennial) fire return periods (Scholes and Archer, 1997; 

Beerling and Osborne, 2006; Archibald et al., 2013), while fire return periods in shrublands 

(or Hummock grasslands) were generally longer (Fig. 4.5). But on top of the differences 

in fire return periods between these low productivity ecosystems, the grass species that 

were dominant in most of Africa showed a rather slow fuel build-up compared to shrubs 

or the Australian Hummock grasses even when fire return periods and productivity were 

similar (Fig. 4.5e and f ). A possible explanation for the relatively slow fuel build-up in African 

grasslands and savannas as opposed to Australian Hummock grasslands and shrublands 

could be grazing by livestock or wildlife and human management (Savadogo et al., 2007; 

Scholes et al., 2011). Shea et al. (1996) report a large impact of wildlife, ranging from insects 

to grazers, on fuel build-up processes in various study sites in Africa and such effects will 

differ among continents given that neither South America or Australia have the diverse and 

dominant mega-herbivore fauna of Africa. Other differences may come from non-fire related 

decomposition rates, that depend on plant species and climate (Gupta and Singh, 1981). 

In the more productive savannas marked differences were observed between the different 

continents (Fig. 4.5). Africa was unique when it comes to its short fire return periods, even in 

highly productive ecosystems. In African savannas of intermediate productivity (500 – 1500 

g DM m-2 yr-1), fuel build-up with time was slow compared to the other continents. These 

differences may originate from differences of grazing pressure or the occurrence of different 

species, as discussed above, but may also be related to management practices or climate. For 

example, the highest fuel consumption in the more humid African savannas was found in 

the most frequently burning grid cells, suggesting both high combustion completeness and 

high fuel availability. Short fire return periods provide a competitive advantage to herbaceous 

vegetation over woody vegetation (Bond et al., 2005; Bond, 2008). A high degree of canopy 

openness will result in more grass covered area and higher dry season ground surface 

temperatures and lower fuel moisture content resulting in high combustion completeness. 
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However, a similar temperature driven effect may also be caused by the timing of the ignitions 

(Hoffa et al., 1999) directly related to management practices. Finally, the above assumes a stable 

situation of tree cover density and biomass over the study period, while in some regions there 

is tree cover loss due to increased fire frequency or land use change over our relatively short 

study period, while other areas are experiencing increases in tree cover (Wigley et al., 2010). A 

clear example was South America, where the apparent fuel build-up (Fig. 4.5d) appears largely 

driven by high fuel consumption in active deforestation areas (Fig. 4.4; see Hansen et al., 2013). 

The effect of human management on fuel loads was also clearly visible in Africa’s agricultural 

areas (e.g., Nigeria) where fuel loads were typically low (Fig. 4.4 and Fig. 4.5e and h). 

Finally, the fuel consumption estimates derived here were compared to the modeled fuel 

consumption estimates of GFED4s. Within GFED fuel build-up is largely driven by NPP and fire 

return periods, while biomass build-up is distributed over two different pools: herbaceous 

and woody (van der Werf et al., 2010). This differentiation is important, because in savanna 

ecosystems most fires burn in the grass layer, leaving the older well established woody 

vegetation largely untouched (Scholes and Archer, 1997). Fuel consumption estimates 

derived here and by GFED were comparable in annual or biennial burning savannas (Fig. 4.7 

and Fig. 4.6a – c). This is encouraging, because from an emissions perspective the modeling of 

fuel consumption has to be most accurate in areas that burn annually or biennial where little 

long-term fuel build-up takes place. For arid areas in general but especially for shrublands 

and the Hummock grasslands in Australia, the fuel consumption estimates derived here were 

considerably larger than the ones estimated by GFED. Part of this difference may be caused 

by GFED using a universal fuel build-up mechanism for all types of grasses and shrublands 

(van der Werf et al., 2010), which according to our findings seems oversimplified. In fact, 

Hummock grasses act like shrubs with bare soil between the mounds of hummock grass 

(Australian Native vegetation Assessment, 2001), such behavior likely results in very different 

fuel build-up dynamics which may vary strongly depending on the wet season intensity as 

opposed to other grasses that form a well connected fuel bed. These results confirm the 

important role of arid and semi-arid drylands in the interannual variability of the global 

carbon cycle (Poulter et al., 2014).

In more humid regions, with higher woody cover, the fuel consumption estimates of 

GFED4s were higher than the ones derived here. Within GFED it is assumed that the amount 

of woody vegetation burned is a function of tree cover within savannas and woody savannas 

(van der Werf et al., 2010). It remains unclear to what extent the woody vegetation in savannas 

burns. Although fires greatly reduce the occurrence of trees in many savannas (Bond et 

al., 2005; Bond, 2008), field studies often report that the established woody vegetation in 

savannas is rather resistant to fire (Scholes et al., 2011). The potential tree cover for a given 

area is directly related to mean annual precipitation (Sankaran et al., 2005), although further 
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affected by e.g. the occurrence of different species (Lehmann et al., 2014) or availability of 

nutrients (Bond, 2008). In the tropics highest precipitation is generally found with decreasing 

dry season duration and may thus prevent fires from spreading to the woody fraction of 

the vegetation. Moreover, typical architecture of savanna trees varies considerably between 

continents affecting their sensitivity to fire (Lehmann et al., 2014; Moncrieff et al., 2014). 

While some woody species may be better adjusted to relatively cool frequent fires with low 

fuel loads, most common in frequently burning and/or well grazed grasslands of Africa, 

other species are better adjusted to more intense and infrequent fire occurrence. Although 

fuel consumption estimates based on FRP detections may be affected by tree cover to some 

extent (Freeborn et al., 2014b), active deforestation areas in South America clearly stand 

out because of their high fuel consumption. We expect that during future studies satellite-

derived fuel consumption estimates may help to differentiate between grass fuelled fires 

and fires that additionally burn part of the woody cover. Moreover, satellite-derived fuel 

consumption estimates could be used as a reference for biogeochemical models, while 

providing improved insights in the underlying processes. 

4.6 CONCLUSIONS

Satellite-derived fuel consumption estimates provide a unique opportunity to challenge 

current understanding of spatiotemporal variation in fuel consumption that to date is 

mostly based on field studies and modeling. The fuel consumption estimates based on 

geostationary SEVIRI and polar orbiting MODIS fire radiative power (FRP) data showed good 

agreement in terms of spatial patterns, suggesting that these estimates were generally 

robust. When converting fire radiative energy (FRE) estimates derived from MODIS and SEVIRI 

to fuel consumption using a universal conversion factor based on laboratory measurements, 

fuel consumption estimates based on MODIS FRP data were about twice as high as the ones 

based on the SEVIRI data. This can likely be attributed to SEVIRI failing to detect the more 

weakly burning, but highly numerous, smaller fires that ultimately are responsible for around 

half of the emitted FRE. On top of that, when we calibrated the FRE estimates based on MODIS 

FRP detections directly to field observations, we found a new conversion factor that was 

about 1.5 times larger than the one based on laboratory experiments. This discrepancy likely 

stems from underestimation of FRE based on the MODIS instruments, for example related 

to the decreased sensitivity of the instruments towards the swath edges. Our best estimates 

of fuel consumption based on MODIS derived FRE using the conversion factor based on 

field observations were similar in magnitude as modeled fuel consumption estimates from 

GFED4s, but discrepancies were found in the spatial patterns. However, the limited number 
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of field studies combined with the high spatiotemporal heterogeneity of fuel consumption 

complicated the comparison of field studies with long-term coarse scale satellite-derived 

products, and uncertainty in absolute estimates remained therefore considerable. Field 

studies especially designed to validate satellite-derived fuel consumption estimates, aiming 

for example at NPP or fire return period transects, possibly using air-based remote sensing, 

could improve (confidence in) absolute fuel consumption estimates in the future. 

Dominant biomass burning conditions in South America, Sub-Saharan Africa and Australia 

were highly different in terms of NPP and fire return periods, partly driving fuel consumption 

patterns. In South America most fires occurred in savannas with relatively long fire return 

periods, resulting in relatively high fuel consumption compared to the other study regions. 

In contrast, most burned area in Sub-Saharan Africa stemmed from (woody) savannas that 

burned annually or biennial with relatively low fuel consumption. Australian biomass burning 

was dominated by relatively unproductive (Hummock) grasslands with a wide range of fire 

return periods, while savannas with fire return periods of 2 – 3 years also contributed. 

Besides NPP and fire return periods, vegetation type played an important role in 

determining the fuel build-up mechanism. Grasslands favored short fire return periods and 

were generally characterized by low fuel build-up rates. Shrublands, or grassy species that 

functionally act like shrubs, on the other hand were generally characterized by longer return 

periods, but gradual fuel build-up occurred over the years eventually leading to higher fuel 

consumption. Similarly, land management had a marked effect on fuel consumption. In the 

major deforestation regions of South America, fires consumed woody biomass during the 

MODIS era, increasing fuel consumption estimates. West African fuel consumption was clearly 

suppressed in some areas, likely associated with agriculture and/or grazing. These results 

demonstrate that the modeling of fuel consumption is complex while the relation between 

climate, vegetation and fuel consumption may vary across the continents depending on for 

example the presence of certain species. During future investigations satellite-derived fuel 

consumption estimates may be used as a reference data set for biochemical models, and 

help to better understand the interaction between climate, vegetation patterns, landscape 

management and fuel consumption. 
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CHAPTER 5

New fire diurnal cycle characterizations to improve 
fire radiative energy assessments made from MODIS 

observations*

Abstract. Accurate near real-time fire emissions estimates are required for air quality forecasts. To date, 
most approaches are based on satellite-derived estimates of fire radiative power (FRP), which can be 
converted to fire radiative energy (FRE) which is directly related to fire emissions. Uncertainties in these 
FRE estimations are often substantial. This is for a large part because the most often used low-Earth orbit 
satellite-based instruments such as the MODerate-resolution Imaging Spectroradiometer (MODIS) 
have a relatively poor sampling of the usually pronounced fire diurnal cycle. In this chapter we explore 
the spatial variation of this fire diurnal cycle and its drivers using data from the geostationary Meteosat 
Spinning Enhanced Visible and Infrared Imager (SEVIRI). In addition, we sampled data from the SEVIRI 
instrument at MODIS detection opportunities to develop two approaches to estimate hourly FRE based 
on MODIS active fire detections. The first approach ignored the fire diurnal cycle, assuming persistent 
fire activity between two MODIS observations, while the second approach combined knowledge on 
the climatology of the fire diurnal cycle with active fire detections to estimate hourly FRE. The full SEVIRI 
time series, providing full coverage of the fire diurnal cycle, were used to evaluate the results. Our study 
period comprised of three years (2010 – 2012), and we focussed on Africa and the Mediterranean basin 
to avoid the use of potentially lower quality SEVIRI data obtained at very far off-nadir view angles. We 
found that the fire diurnal cycle varies substantially over the study region, and depends on both fuel 
and weather conditions. For example, more “intense” fires characterized by a fire diurnal cycle with 
high peak fire activity, long duration over the day, and with nighttime fire activity are most common 
in areas of large fire size (i.e., large burned area per fire event). These areas are most prevalent in 
relatively arid regions. Ignoring the fire diurnal cycle generally resulted in an overestimation of FRE, 
while including information on the climatology of the fire diurnal cycle improved FRE estimates. The 
approach based on knowledge of the climatology of the fire diurnal cycle also improved distribution 
of FRE over the day, although only when aggregating model results to coarser spatial and/or temporal 
scale good correlation was found with the full SEVIRI hourly reference data set. We recommend the use 
of regionally varying fire diurnal cycle information within the Global Fire Assimilation System (GFAS) 
used in the Copernicus Atmosphere Monitoring Services, which will improve FRE estimates and may 
allow for further reconciliation of biomass burning emissions estimates from different inventories.

* This chapter is an edited version of: Andela, N., Kaiser, J. W., van der Werf, G. R., Wooster, M. J.: New 
fire diurnal cycle characterization to improve fire radiative energy assessments made from MODIS 

observations, Atmospheric Chemistry and Physics, 15, 8831-8846, doi:10.5194/acp-15-8831-2015, 2015.
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5.1 INTRODUCTION

Landscape fires are a global phenomena, and the annually burned area is roughly equivalent 

to the area of India (Giglio et al., 2013). Most burned area occurs in the savannas of Africa, 

Australia, and South America, where they shape ecosystem dynamics and due to their scale 

are an important source of global emissions of (greenhouse) gases and aerosols (Seiler 

and Crutzen, 1980; Bowman et al., 2009). Fires affect air quality both locally and regionally 

(Langmann et al., 2009), with recent studies putting mortality rates over 300 000 annually 

due to exposure to smoke (Johnston et al., 2012).

Traditionally, the amount of dry matter burned and quantity of trace gases and aerosols 

emitted have been calculated using biome-specific fire return intervals and estimates of 

the total amount of biomass as well as the fraction of biomass burned, the combustion 

completeness (Seiler and Crutzen, 1980). Thanks to new satellite input streams that better 

capture the spatial and temporal diffuse nature of fires, the estimated fire return intervals 

have been replaced by direct estimates of monthly, weekly or even daily area burned (Roy et 

al., 2005; Giglio et al., 2009). In addition, satellite information and biogeochemical modeling 

have been used to improve estimates of biomass and combustion completeness. However, 

uncertainties in these bottom-up fire emissions estimates are still substantial (Reid et al., 

2009; Zhang et al., 2012; Larkin et al., 2014), and they are generally inappropriate for use in 

near real-time systems partly because the burned area signature is only detectable days to 

weeks after the actual fire occurrence.

Hot spot observations from satellite have been used as a proxy for burned area and 

emissions fluxes in near real-time (Freitas et al., 2005; Reid et al., 2009; Wiedinmyer et al., 

2011). Another promising and relatively new bottom up approach uses estimates of fire 

radiative power (FRP) observed from satellite to calculate daily fire radiative energy (FRE). 

Wooster et al. (2005) found that these FRE estimates scale directly to dry matter burned, 

potentially circumventing the uncertainties associated with estimating area burned, fuel 

loads, and the combustion completeness. In addition, FRP observations can be observed 

and processed in near real-time (Xu et al., 2010; Kaiser et al., 2012; Zhang et al., 2012) and can 

be measured for small fires that remain undetected in burned area products (Roberts et al., 

2011; Randerson et al., 2012). 

Hot spot and FRP observations are currently the only available options when modeling 

exercises require near real-time observations, for example in chemical weather forecasts 

used to predict air quality. The Global Fire Assimilation System (GFAS; Kaiser et al., 2012), 

for example, is used to estimate global near real-time daily fire emissions within the EU-

funded project Monitoring Atmospheric Composition and Climate III (MACC-III). GFAS is 

currently using fire observations from the polar orbiting MODerate-resolution Imaging 
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Spectroradiometer (MODIS) instruments aboard the Terra and Aqua satellites (Giglio et al., 

2006a). Due to their relative proximity to the Earth, the Terra and Aqua MODIS instruments 

have a high sensitivity to even quite low FRP (smaller and/or lower intensity) fires. However, 

they only provide four daily observations under ideal conditions but less when optically thick 

clouds are present, which may not be enough to fully characterize how fire activity varies over 

the course of the day. Observations with a much higher temporal resolution are available 

from geostationary satellites. However, as a consequence of their geostationary position, 

these satellites individually do not provide global data and are located at greater distance 

from the Earth resulting in typically coarser pixel sizes than polar orbiting instruments. Since 

the threshold of detectability of a fire is not only dependent on the instrument but also a 

function of the pixel area, geostationary sensors have a higher minimum FRP detection limit 

(typically > 40 MW) than MODIS (~ 8 MW). They therefore do not observe the lowest FRP 

component of the fire regime (Roberts et al., 2005; Freeborn et al., 2014b).

Previous studies found that fire activity shows a strong diurnal cycle, and one that is both 

temporally and spatially variable (Prins and Menzel, 1992; Giglio, 2007; Roberts et al., 2009). 

The ideal set-up to detect fires would be a high temporal resolution imaging system, sensitive 

to even the lowest FRP fires, and providing global coverage, but due to the limitations of the 

orbital characteristics outlined above there is no single platform available to provide this. 

Therefore the estimation of FRE at a global scale is difficult, with polar orbiting satellites 

lacking observations to accurately represent the fire diurnal cycle and geostationary 

satellites being limited to certain regions of the globe and omitting the (rather common) 

low FRP fires. However, previous studies have developed approaches to estimate FRE based 

on the combination of data from different satellite systems (Boschetti and Roy, 2009; Ellicott 

et al., 2009; Freeborn et al., 2009, 2011; Vermote et al., 2009).

Some of these mixed approaches used both burned area and active fire data (Boschetti 

and Roy, 2009; Roberts et al., 2011), which may provide benefits in terms of more accurate FRE 

determination but cannot be used easily in near real-time systems because of the latency in 

burned area observations. Alternatively, FRP observations of polar orbiting and geostationary 

satellites can be blended to combine the sensitivity of the MODIS instruments to lower FRP 

fires and the diurnal sampling characteristics of SEVIRI. Freeborn et al. (2009) developed a 

database for matching SEVIRI and MODIS FRP observations based on frequency-magnitude 

statistics, but the samples had to be accumulated over significant spatial areas (5°) to provide 

matchable statistics, which is incompatible with the need to develop a method operating 

at high spatial resolution. Freeborn et al. (2011) later presented an alternative approach, 

estimating FRE using MODIS data accumulated over 8 day periods over which MODIS 

samples a location at the fullest range of view zenith angles. The relationship between the 

“true” FRE and the limited number of FRP samples provided by MODIS was derived using 
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SEVIRI FRP time series sampled at the MODIS sampling interval. Vermote et al. (2009) and 

Ellicot et al. (2009) used a different approach to create FRE data from MODIS, showing that 

for several regions of the globe the fire diurnal cycle can be described by a Gaussian function, 

and used monthly MODIS data to fit the parameters of the Gaussian. Using this approach, a 

first global estimation of monthly FRE was made (Ellicott et al., 2009). Despite the success of 

these latter approaches with regard to estimating FRE from MODIS, they are not a solution 

to the problem posed herein because they require 8 days of consecutive MODIS data and 

therefore cannot be applied in a near real-time approach.

Global fire emissions estimates at high spatial and temporal resolutions, ideally produced 

in near real-time, are required to feed into atmospheric models which are under continuous 

development and run at improved resolutions thanks to increased computational power 

(Zhang et al., 2012). Higher temporal resolution may also help to reconcile bottom up and 

top down emissions estimates (Mu et al., 2011). None of the approaches mentioned above 

are, however, suitable for providing this. Due to these limitations current state of the art 

global near real-time emission inventories still ignore possible effects of fire diurnal cycle on 

their emissions estimates (e.g., Wiedinmyer et al., 2011; Kaiser et al., 2012) and may therefore 

be structurally biased due to the fire diurnal cycle and the MODIS sampling design (e.g., 

Ichoku et al., 2008; Ellicott et al., 2009; Freeborn et al., 2011).

The purpose of the work presented here is to better understand the fire diurnal cycle 

and its spatiotemporal dynamics, in order to develop a new way to include this into a 

near real-time fire emissions estimation framework. First, the spatial distribution and 

dependencies of the fire diurnal cycle and their effect on active fire detections at MODIS 

overpasses were explored. Then, data assimilation was used to compare two different 

methods to derive hourly FRE estimates at 0.1° resolution based on low Earth-orbiting 

MODIS observations. The first method ignored the fire diurnal cycle, and was used as a 

reference to better understand the combined effect of the fire diurnal cycle and the MODIS 

sampling design on hourly FRE estimates. The second method combined knowledge on 

the fire diurnal cycle with active fire detections at MODIS overpasses. Following previous 

studies (Freeborn et al., 2009, 2011), we used FRP observations derived from data collected 

by the geostationary SEVIRI instrument at MODIS detection opportunities, rather than 

actual MODIS observations, to drive the two model approaches and we evaluated the 

model results against the full SEVIRI time series. We used three years of active fire data 

(2010 – 2012) across Africa and the Mediterranean basin to include a wide range of climates 

and land cover types, and avoid the use of SEVIRI observations obtained at very far off-

nadir angles over South America and northern Europe (Freeborn et al., 2014b). Results are 

intended for application in GFAS within EU’s Copernicus Atmosphere Monitoring Service 

(CAMS, http://atmosphere.copernicus.eu).
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5.2 DATA

To explore the spatiotemporal dynamics of the fire diurnal cycle, we used hourly temporal 

resolution FRP data derived from 15 min observations made by the SEVIRI instrument hosted 

onboard the geostationary Meteosat satellite (Sect. 5.2.1). However, to drive the models 

developed here we only used SEVIRI FRP observations made at the overpass times of the 

MODIS polar orbiting sensors (Sect. 5.2.2), whilst the hourly temporal resolution SEVIRI time 

series were used to evaluate the results. Land cover characteristics (Sect. 5.2.3), along with 

data on fire size (Sect. 5.2.4), were used to better understand the spatial distribution of fire 

diurnal cycle. These data sets are described in more detail below, followed by the methods 

used in Sect. 5.3.

5.2.1 SEVIRI fire radiative power (FRP)
The SEVIRI instrument aboard the geostationary Meteosat Second Generation (MSG) series 

of satellites provides coverage of the full Earth disk every 15 min in 12 spectral bands 

(Schmetz et al., 2002). The Meteosat SEVIRI FRP-PIXEL product contains per-pixel fire radiative 

power data along with FRP uncertainty metrics produced from the full spatial and temporal 

resolution SEVIRI observations (Wooster et al., 2015). The FRP-PIXEL product is produced 

using an operational version of the geostationary Fire Thermal Anomaly (FTA) algorithm 

described in Roberts and Wooster (2008), and the product and its performance characteristics 

are described in Wooster et al. (2015). The FRP-PIXEL products are freely available from the 

Land Surface Analysis Satellite Applications Facility (LSASAF; http://landsaf.meteo.pt), from 

the EUMETSAT EO Portal (https://eoportal.eumetsat.int) or via the EUMETCAST dissemination 

service (http://www.eumetsat.int) in both real-time and archived form, as detailed in Wooster 

et al. (2015). The Meteosat satellites are located at 0° longitude and latitude, and at nadir the 

SEVIRI pixels cover 3 km x 3 km on the ground, but this degrades with increasing view angle 

away from the West African sub-satellite point (Freeborn et al., 2011; Roberts et al., 2015).

The FRP-PIXEL product data used here were obtained from the LSA SAF and were rescaled to 

an hourly 0.1° resolution with the GFAS gridding algorithm explained in Kaiser et al. (2012). 

Missing FRP values in individual observations within the hour (e.g., due to smoke or short 

periods of cloud cover) were thus implicitly ignored. A single 0.1° grid cell comprises over 

13 SEVIRI pixels close to the sub-satellite point (equatorial West Africa) and this reduces to 

around 6 SEVIRI pixels at greater of nadir angles (e.g., Portugal and Madagascar). Data were 

archived in the Meteorological Archival and Retrieval System (MARS) of the European Centre 

for Medium range Weather Forecasting (ECMWF) prior to their use herein. 



94

Chapter 5

5.2.2 MODIS detection opportunity
The two MODIS sensors on board of the Terra and Aqua satellites provide 4 daily overpasses 

in most Earth locations, albeit sometimes at view angles in excess of 45° where the product 

performance is somewhat degraded (Freeborn et al., 2011). At nadir the MODIS thermal 

channel spatial resolution is 1 km, but decreases away from the swath centre (Freeborn et 

al., 2011). We used the MODIS MOD03 (Terra) and MYD03 (Aqua) geolocation products to 

determine where and when MODIS data were collected within the SEVIRI Earth disk. As cloud 

cover may further limit the fire detection opportunity, we used the data quality and cloud 

cover information of the MOD14 and MYD14 active fire products to filter out grid cells with 

cloud cover (Giglio et al., 2006a). Here we define the detection opportunity as the ability 

to make unobstructed observations, and the MODIS detection opportunity was derived by 

combining the MOD03, MYD03, MOD14 and MYD14 products, combining overpass times 

and cloud cover. We used MODIS data from Collection 5. Like the SEVIRI data, these data were 

rescaled to hourly 0.1° resolution with the GFAS gridding algorithm and archived in MARS 

(Kaiser et al., 2012). The data were archived for the Terra and Aqua satellites separately. The 

original MODIS swath data can be downloaded from NASA at http://reverb.echo.nasa.gov.

5.2.3 MODIS Land cover
The dominant land cover type was derived from the MODIS MCD12C1 land cover product, 

which provides 0.05° spatial resolution annual information on land cover (Friedl et al., 2002). 

We calculated the dominant land cover type for each grid cell as the land cover type that on 

average covered the largest fraction during the study period (2010 – 2012). The University 

of Maryland (UMD) classification scheme was used, and data was rescaled to 0.1° resolution. 

Because we only considered Africa and the Mediterranean basin in this study, and because 

in some land cover classes very few fires occurred, we could merge some land cover classes 

that were of relatively little importance for our study. Specifically, all forest classes within the 

tropics were binned into the tropical forest class, while extratropical forests were all labeled 

temperate forest. Open and closed shrublands were merged into one shrubland class, and 

urban and built-up, barren or sparsely vegetated into grasslands.

5.2.4 Fire size
Here we define the fire size for a certain grid cell as the mean burned area per fire event, 

weighted by their total area burnt (when calculating the mean, a fire event burning 100 km2 

is assigned one hundred times the weight of an event burning 1 km2). The MODIS MCD64A1 

burned area product provides daily mapped estimates of global burned area (Giglio et al., 

2009). We applied the methods described by Archibald and Roy (2009) to derive a global mean 

fire “size” (area) map using data over our study period (2010 – 2012). We made one modification 
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to the approach described by Archibald and Roy (2009): we assumed that two neighboring 

burned area grid cells only belonged to the same fire if the burn date was no longer than 

two days apart (instead of 8 days). We believe that overall this provides a better estimation 

of the fire size in our study region, as the vast majority of fires here are grass fires, occurring 

outside tropical forest zones and thus spreading relatively fast while being relatively less often 

obstructed by cloud cover. Consequently, the uncertainty in burn date is generally low in our 

study region (Giglio et al., 2013) and so the two day thresholds was deemed more appropriate. 

5.3 METHODS

Our overall goal within GFAS is to provide hourly estimates of FRE at 0.1° spatial resolution, 

based on the limited number of MODIS overpasses available each day at each grid cell 

location. This limited number of daily MODIS observations, in combination with the often 

pronounced fire diurnal cycle, are the major obstacles in providing the required output. 

We first studied the spatiotemporal variation of the fire diurnal cycle, in an attempt to 

understand its variability (Sect. 5.3.1). Then, we explored the way the fire diurnal cycle 

affects active fire detections made at the MODIS sampling times (Sect. 5.3.2). Using this 

knowledge we explored a new method to parameterize the fire diurnal cycle, and compared 

results to a modeling approach in which the fire diurnal cycle is ignored. Building on the 

work of Freeborn et al. (2009, 2011), to drive the modeling approaches we used SEVIRI data 

sampled at the MODIS detection opportunities (according to the hourly data representation 

introduced above), rather than actual MODIS observations (Sect. 5.3.2). This allowed us to 

focus on the issue of diurnal cycle sampling rather than simultaneously dealing with the 

issue of MODIS and SEVIRI’s differential sensitivity to active fires (Freeborn et al., 2009). 

Using data assimilation we combined the discrete actual SEVIRI observations, made at 

the time of the MODIS detection opportunities, with hourly predictions of fire activity – using 

their combination to create continuous hourly best estimate FRE time series (Sect. 5.3.3). We 

developed two prediction methods. The first method assumed persistent fire activity until 

the next satellite detection opportunity, and provides further insights into the combined 

effect of the fire diurnal cycle and the MODIS sampling design on hourly FRE estimates when 

the fire diurnal cycle is ignored (Sect. 5.3.4). The second method followed previous studies 

and used a Gaussian function to predict fire development over the day (Vermote et al., 2009). 

By combining prior knowledge about the climatology of the fire diurnal cycle with active 

fire observations at MODIS overpasses to estimate the parameters of the Gaussian function, 

this approach provides a possible pathway to implement the fire diurnal cycle into the near 

real-time fire emission modeling framework (Sect. 5.3.5). Comparing the results of the two 
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approaches to those from the full hourly SEVIRI time series allowed us to determine and 

discuss their strengths and limitations (Sect. 5.3.6). 

5.3.1 Exploring the fire diurnal cycle
We started exploring the fire diurnal cycle and its drivers. A Gaussian function was optimally 

fitted (least squares) to the hourly SEVIRI observations �̃�𝜌𝑆𝑆𝑆𝑆𝑆𝑆(𝑡𝑡)  for each grid cell and day of 

fire activity during the study period: 

�̃�𝜌𝑆𝑆𝑆𝑆𝑆𝑆(𝑡𝑡) =  𝜌𝜌𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 + (𝜌𝜌𝑝𝑝𝑏𝑏𝑏𝑏𝑝𝑝 − 𝜌𝜌𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏)𝑒𝑒−(ℎ𝑡𝑡−ℎ𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)2

2𝜎𝜎2  , (5.1)

where 𝜌𝜌𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏  corresponds to the nighttime fire activity, 𝜌𝜌𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  to the maximum FRP for a 

given day, σ is the standard deviation (SD) of FRE distribution over the day (dependent on 

fire duration), ht is the local solar time at time step t and ℎ𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  is the local hour at which 

FRP reaches its daily maximum. This resulted in a database containing hourly time series of 
�̃�𝜌𝑆𝑆𝑆𝑆𝑆𝑆(𝑡𝑡)  and the fitted Gaussian function, and daily time series of optimal parameter values 

of the Gaussian function for each grid cell. At the same time we also kept track of hourly 

MODIS detection opportunities. This enabled us get a better understanding of structural 

errors caused by the MODIS sampling design in relation to the actual fire diurnal cycle.

Although the fire diurnal cycle as observed by SEVIRI is comparable to that which would 

be observed by MODIS if it had the same temporal sampling ability, it is a little different due 

to SEVIRI’s inability to discriminate the lowest FRP fire pixels which typically dominate more 

towards the start and end of the daily fire cycle, but which are also present along with often 

higher FRP pixels towards the diurnal cycle maxima (Freeborn et al., 2009). To gauge the 

magnitude of the effect Freeborn et al. (2009) derived the “virtual MODIS” fire product that 

has the temporal sampling of SEVIRI and the sensitivity to fire of MODIS. They found that 

the full-width at half maximum height (i.e., the width of the diurnal cycle at half of the daily 

FRP maximum value) of the diurnal cycles derived from the SEVIRI and the “virtual MODIS” 

data sets are very similar, it is the amplitude and the full-width at base height of the two 

cycles, which are more different. In terms of total FRE emitted, the latter is of less importance, 

here we followed Freeborn et al. (2011) in assuming that the diurnal cycles from SEVIRI and 

MODIS are sufficiently similar.

In order to visualize the spatial distribution of the fire diurnal cycle, the climatological 

diurnal cycle was calculated for each grid cell depending on the mean parameter values of 

the Gaussian function weighted for daily FRE, including all days of fire activity during the 

study period without cloud obscurance. To get a better understanding of the drivers of the 

fire diurnal cycle these results were compared to land cover and aspects of the fire regime 

(fire size, total annual FRE, and the annual number of days with fire activity), see Sect. 5.2.
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5.3.2 Sampling SEVIRI data at MODIS detection opportunities
During the data assimilation, SEVIRI observations at MODIS detection opportunities were 

used to drive the models. Here, SEVIRI observations for a given hour t are given by �̃�𝜌𝑆𝑆𝑆𝑆𝑆𝑆(𝑡𝑡)  
and SEVIRI fraction of observed area by �̃�𝛼𝑆𝑆𝑆𝑆𝑆𝑆(𝑡𝑡) ; in the same way, observations of the MODIS 

instruments are given by �̃�𝜌𝑀𝑀𝑀𝑀𝑀𝑀(𝑡𝑡)  and �̃�𝛼𝑀𝑀𝑀𝑀𝑀𝑀(𝑡𝑡) . Therefore input for the models, i.e., the 

SEVIRI observations at MODIS detection opportunity times (�̃�𝜌𝑡𝑡 and �̃�𝛼𝑡𝑡 ) for a given hour t 

are given by:

 �̃�𝜌𝑡𝑡 = �̃�𝜌𝑆𝑆𝑆𝑆𝑆𝑆(𝑡𝑡) , (5.2)

 �̃�𝛼𝑡𝑡 = �̃�𝛼𝑀𝑀𝑀𝑀𝑀𝑀(𝑡𝑡).    (5.3)

For clarity, we assumed that the observed FRP �̃�𝜌𝑡𝑡  is zero when there was no MODIS detection 

opportunity. Anyhow, during the data assimilation �̃�𝜌𝑡𝑡  was weighted for observed area �̃�𝛼𝑡𝑡 , 
which was zero when there was no observation.

SEVIRI data sampled at MODIS detection opportunities were compared to the full SEVIRI 

hourly time series to explore the effect of the fire diurnal cycle on the daily sampling at MODIS 

overpasses. More specifically we calculated the percentage of FRE emitted on days without 

any active fire detection at MODIS detection opportunities, and the total daily number of 

MODIS overpasses during the fire season. The latter was calculated by weighing the mean 

number of monthly detection opportunities at MODIS overpasses by monthly total detected 

FRP, thus giving the largest weight to the month with most fire activity (ignoring cloud cover).

5.3.3 Data assimilation
We used a modified version the fire data assimilation methodology of GFAS to allow 

representation of the fire diurnal cycle. GFAS assumes that the availability of observations 

dominates the error budget of the global FRP fields. It approximates these errors by further 

assuming the FRP variance to be inversely proportional to the fraction of observed area �̃�𝛼𝑡𝑡 . 
Thus the variance increases with decreasing partial cloud cover and with the number of 

satellite observations. In the following data assimilation, GFAS fills observation gaps with 

a Kalman filter, in which current observations are combined with information from earlier 

ones. The Kalman filter has a time step of 1 day. It uses a trivial predictive model for the 

temporal evolution of FRP (i.e., persistence), and assumes for the accuracy of the 1 day FRP 

prediction that the variance increases by a factor of 9 (Kaiser et al., 2012).

Our modifications affected the step size and the FRP prediction model. The former was 

set to 1h to be able to represent a diurnal cycle. For calculating the FRP prediction �̌�𝜌𝑡𝑡 , we 

investigated two different approaches (Sects. 5.3.4 and 5.3.5). In both cases, we assumed for 

the accuracy of the 1h FRP prediction that the variance increases by a factor of 4. Lowering 
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the value compared to the daily GFAS is motivated by the shorter time step used in our study. 

However, lowering it too much would not give sufficient weight to new FRP observations. 

Thus the analysis FRP �̂�𝜌𝑡𝑡  and “fraction of observed area” �̃�𝛼𝑡𝑡  were calculated at each 1h time 

step by optimal interpolation as follows, cf. Eqs. (32)–(33) of Kaiser et al. (2012):

�̂�𝜌𝑡𝑡 =  1
�̂�𝛼𝑡𝑡

(�̂�𝛼𝑡𝑡−1
5 �̌�𝜌𝑡𝑡 + �̃�𝛼𝑡𝑡�̃�𝜌𝑡𝑡) , (5.4)

with �̌�𝜌𝑡𝑡  according to Sects. 5.3.4 and 5.3.5 and

�̂�𝛼𝑡𝑡 =
�̂�𝛼𝑡𝑡−1
5 + �̃�𝛼𝑡𝑡 . (5.5)

5.3.4 Persistent approach
Applying the daily persistence approach of Kaiser et al. (2012) to hourly time resolution, we 

first explored the most parsimonious approach that predicts FRP �̌�𝜌𝑡𝑡  as being equal to the 

FRP of the previous time step’s analysis:

�̌�𝜌𝑡𝑡 =  �̂�𝜌𝑡𝑡−1 . (5.6)

This approach provided insights in the spatiotemporal consequences for FRE estimation 

when information on the fire diurnal cycle is not incorporated.

5.3.5 Climatological approach
In the second approach we followed previous studies of Vermote et al. (2009) and Ellicot 

et al. (2009) and the recommendation in Kaiser et al. (2009) to use a Gaussian function to 

describe a “standard fire diurnal cycle”. Wooster et al. (2005) and Roberts et al. (2009) already 

demonstrated that SEVIRI observations sample the diurnal cycle of large fires well, and for 

some individual large fires show FRP time series that depict diurnal characteristics appearing 

close to Gaussian in nature even at 15 min temporal resolution. The prediction was calculated 

by optimally fitting a Gaussian function through the last 24h of analysis:

�̌�𝜌𝑡𝑡 =  𝜌𝜌𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 + (𝜌𝜌𝑝𝑝𝑏𝑏𝑏𝑏𝑝𝑝 − 𝜌𝜌𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏)𝑒𝑒−(ℎ𝑡𝑡−ℎ𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)2

2𝜎𝜎2  . (5.7)

However, only ℎ𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  was optimally fitted, by minimizing the sum of least squares between 

the Gaussian function and the previous 24h of the analysis:

�̂�𝜌𝑡𝑡−24, �̂�𝜌𝑡𝑡−23,… , �̂�𝜌𝑡𝑡−1 . (5.8)

Following previous studies that found that the fire diurnal cycle is land cover dependent 

(Giglio, 2007; Roberts et al., 2009; Vermote et al., 2009; Freeborn et al., 2011), we used land 
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cover (LC) average values σLC for σ (weighted by FRE). Values of ρbase and ρpeak on the other 

hand could be directly related to daily MODIS observations. We followed Vermote et al. 

(2009) to use the mean of the nighttime (defined here as 6p.m.–6a.m. local time the next 

day) observations at MODIS detection opportunities to determine ρbase. To relate SEVIRI 

observations at MODIS detection opportunities to ρpeak the ratio of mean daytime (6a.m.–

6p.m.) FRP observations at MODIS detection opportunities to mean ρpeak was calculated per 

land cover type. We used per land cover average values for scaling the daytime observations 

at MODIS detection opportunities to ρpeak rather than the values found per grid cell to keep 

the model generic and globally applicable. Finally, if there were no active fires observed 

during the previous 24h, we forced the prediction to be zero, to prevent fires from continuing 

during long periods of no observations.

5.3.6 Model evaluation
The estimated hourly FRE fields (or analysis; �̂�𝜌𝑡𝑡 ) resulting from the two modeling approaches 

(persistent and climatological) were evaluated via comparison to those derived from 

the hourly SEVIRI time series (see Sect. 5.2.1). Two criteria were used to evaluate model 

performance: first, the spatial distribution of FRE estimates; and second, the temporal 

distribution of FRE. The spatial performance of the modeling approaches was assessed via 

their ability to reproduce the annual mean FRE per land cover type, and by comparing 

the spatial distribution of FRE as estimated by the modeling approaches and as derived 

from SEVIRI over the study region and period. The temporal performance was assessed 

via the ability of the model to allocate the emitted energy in the right grid cell at the right 

moment in time. Here we used Pearson’s r between the modeled and observed (SEVIRI) 

FRE time series at four different spatiotemporal resolutions (0.1° and 1° spatial, and hourly 

and daily temporal resolution). Each spatiotemporal scale provides unique information 

on the model performance. Correlation coefficients at hourly resolution depend on the 

ability of the model to estimate the distribution of fire activity over the day, while daily 

aggregated estimates provide insights in the ability to get overall budgets right. In a similar 

way the two spatial resolutions provide information on the ability of the model to resolve 

high resolution distribution of fire activity and more regional model performance. When 

calculating Pearson’s r between the hourly model results and SEVIRI data we included 

cloud free days only, while the daily model results were compared to the full cloud cover 

corrected SEVIRI times series, using a simple cloud cover correction method explained 

below. 

Finally, we compared daily regional aggregated FRE time series for several study regions 

of the two modeling approaches and SEVIRI. In order to compare daily regional time series 

to the model, a cloud cover correction needed to be carried out. Since persistent cloud cover 
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is relatively rare during the burning season in most parts of Africa, we chose a simple gap 

filling approach where the value of the last cloud-free observation is assumed to be valid 

until the next cloud-free observation, which is consistent with the observation gap filling in 

the daily GFAS.

5.4 RESULTS

5.4.1 The diurnal cycle and MODIS sampling
First, we present the results related to the spatial distribution of the fire diurnal cycle, and 

assess the impact of the fire diurnal cycle on active fire observations made at the times 

of MODIS overpasses. The spatial distribution of the fire diurnal cycle was explored by 

optimally fitting a Gaussian function to the hourly, 0.1° SEVIRI FRP time series. Reasonable 

overall correlations between SEVIRI and the optimally fitted Gaussian functions were found 

(Pearson’s r = 0.55; weighted mean for all grid cells), while a Gaussian was better able to 

describe hourly fire activity in regions where fires could spread over large areas and were 

characterized by high 𝜌𝜌𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  (e.g., for fire size < 10 km2 r = 0.51, for 10–50 km2 r = 0.56, and 

> 50 km2 r = 0.63). This is likely to be in part related to the fact that characterization of the 

diurnal cycle of “smaller” fires will be more affected by instances of SEVIRI failing to detect 

one or more of their fire pixels than would larger fires, hence introducing more variability 

into the apparent diurnal cycle. Whilst the SEVIRI FRP-PIXEL product shows apparently the 

best performance metrics of any current geostationary fire product derived from SEVIRI data 

(Baldassarre et al., 2015), such failures in active fire pixel detection clearly occur, for example 

simply due to fire pixels being too low in their FRP to detect by SEVIRI, along with a variety of 

potential other factors (Wooster et al., 2015).

Figure 5.1 shows an example of two 0.1° grid cells in which the hourly average FRP 

maxima reached relatively high levels, well in excess of 1 GW, and fire persisted for several 

days. As with the individual fires, shown by SEVIRI in Wooster et al. (2005) and Roberts et al. 

(2009), the FRP from these fires appears to drop to zero, or near zero, every night. This is a 

consequence both of the actual FRP from the fire significantly diminishing at this time due 

to, for example, fuel moisture, wind and other ambient atmospheric conditions being far 

less conducive to intense fire activity by night than by day (Hély et al., 2003a; Gambiza et 

al., 2005), but also because some fire pixels will have FRPs below the SEVIRI active fire pixel 

detection limit of around 40 MW (Roberts and Wooster, 2008). At the start of the following 

day, fuel moisture and ambient atmospheric conditions generally become more conducive 

to fire, and fire intensities and rates of spread typically increase once more such that more of 

the fire-affected pixels breach the SEVIRI FRP detection limit (Roberts et al., 2009).
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The results shown in Fig. 5.1 indicate that high FRP, relatively long-lived fire activity 

is rather well described by a Gaussian function, even at this 0.1°, hourly resolution which 

is significantly higher than that used in previous studies fitting Gaussian descriptors to 

remotely sensed measures of active fire activity. At the same time, it also became apparent 

that observations from a MODIS-type sampling interval are not always representative of 

the daily fire activity. The inability of the MODIS sampling times to provide representative 

observations is well illustrated in Fig. 5.1a, where on the first day of the fire the morning and 

afternoon time of MODIS sampling slot almost completely missed the fire activity.

The shape of the Gaussian function, and consequently the parameters: SD (σ) peak 

fire activity (ρpeak) and corresponding hour (hpeak), varied considerably over the individual 

days (Fig. 5.1). For example, in the African savanna grid cell (Fig. 5.1c), fire activity on day 3 

continued longer in the afternoon compared to day 4, when conditions some-how became 

less favorable for maintaining the fire earlier in the afternoon. Therefore, the shape of the 

fire diurnal cycle is dependent on spatiotemporal scale. When diurnal fire activity was 

aggregated over several days, which can be compared to using a coarser temporal or spatial 

resolution, σ increased as compared to fire activity for individual days (compare Fig. 5.1a 

Figure 5.1: Hourly-mean FRP time series derived from SEVIRI data, the same data but only sampled at MODIS 
detection opportunities, and an optimally fitted Gaussian function fitted to the full SEVIRI FRP time series. These two 
examples are for a 0.1° shrubland grid cell in Portugal (a, b) and a 0.1° savanna grid cell in Africa (c, d). (a, c) represent 
the hourly time series and (b, d) the aggregated fire diurnal cycle over the 5 study days. Time is indicated as local time.
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with b, and Fig. 5.1c with d). The relatively narrow diurnal cycle of the individual days have 

varying peak hours of fire activity, so that the sum of it is wider than any of the individual 

cycles and the peak fire activity less pronounced.

In addition to an observed variability in the fire diurnal cycle seen on different days, we 

found distinct spatial patterns in the optimal fitted Gaussian parameters (Fig. 5.2). Some of 

these patterns were similar for the different parameters. In particular, there were zones of 

generally more intense fires (e.g., South Sudan, northern Central African Republic, Botswana, 

Figure 5.2: Weighted mean values of parameters of the optimally fitted Gaussian function for each 0.1° grid cell, 
including all cloud free days during the study period. (a) Peak daytime FRP ρpeak, (b) nighttime FRP ρbase, (c) SD of the 
FRE distribution over the day σ (related to the fire duration over the day, or width of the diurnal cycle), and (d) hour of 
peak fire activity hpeak (local time). Grid cells with emitted energy below 5 MJ over the study period (approximately the 
FRE emitted during one small fire event) were excluded from the figure to facilitate interpretation.
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Namibia and parts of Angola and the Democratic Republic of Congo [DRC]), showing relatively 

high values of ρpeak, ρbase and σ compared to other zones where values for all three parameters 

were relatively low (e.g., Zambia, Mozambique, Tanzania, Nigeria and Cameroon). On top of 

this general pattern, a clear gradient is visible as you move from drier to more humid regions, 

seen most clearly when moving from Namibia via Angola to DRC. In more humid savannas, 

when fuel conditions were optimal, high ρpeak values could be reached but fire duration over 

the day was generally short and nighttime FRP values were more likely to fall below the 

Figure 5.3: Characteristics of the fire regime and fuel types based on 2010 – 2012 data. (a) Mean annual FRE per 
0.1° grid cell, (b) dominant land cover type, (c) fire size (i.e., weighted mean burned area per fire event) and (d) mean 
annual number of days with fire activity per grid cell over the study period. Abbreviations of land cover classes: water 
(Wa), temperate forest (TeF), tropical forest (TrF), woody savanna (WSa), savanna (Sav), shrubland (Shr), grassland 
(Gra) and agriculture (Agr).
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SEVIRI FRP detection threshold (Fig. 5.2). hpeak varied considerably over the study region, with 

areas showing most fire activity late in the afternoon generally in more humid or forested 

regions but also in some more arid regions (Fig. 5.2d). 

Table 5.1 shows the land cover-averaged values and SD of the results presented 

in Fig. 5.2. In addition we calculated the ratio of the mean SEVIRI FRP at MODIS daytime 

detection opportunities to the maximum daytime FRP ρpeak. These results were used in 

the climatological modeling approach that combined the fire diurnal cycle climatology 

with observations made at the MODIS sampling times to derive the daily fire diurnal cycle 

predictions (Sect. 5.3.5). More intense fires with long duration and high peak values were 

associated with fires in shrublands, savannas and grasslands, while a more pronounced 

fire diurnal cycle was present in more humid woody savannas or tropical forests. For σ, ρpeak 

and ρbase SD was typically about half of the average value, while SD of hpeak was largest for 

temperate forests, shrublands and grasslands. The ratio of mean daytime FRP made at the 

MODIS sampling times and ρpeak was relatively constant for various land cover types with 

ρpeak generally about three times as large as the mean FRP at the daytime MODIS detection 

opportunities (Table 5.1).

In order to better understand the spatial distribution of the fire diurnal cycle features, 

we studied characteristics of the fire regime that were expected to be related to fuel 

properties and the diurnal cycle (Fig. 5.3a, c and d). To guide the interpretation we have 

included a land cover map, partly governing fuel loads, in Fig. 5.3b. Annual emitted FRE 

varied widely over the study region, and highest values were found in the savannas and 

woody savannas (compare Fig. 5.3a with b) and coincided with regions of large fire size 

and/or a high number of annual fire days (compare Fig. 5.3a with c and d). Similarities with 

characteristics of the fire diurnal cycle were also found, the earlier mentioned zones of 

Table 5.1: Mean values of the parameters of the Gaussian function per land cover type (excluding days of cloud 
cover and weighted by FRE), SD are shown in parenthesis. Values of σ and the ratio of ρpeak and mean daytime FRP at 
MODIS detection opportunities (MODISmean) were used within the climatological approach to model hourly FRP (see 
Sect. 5.3.5).

Land cover σ 
(hour)

ρpeak 
(MW) 

ρbase

(MW) 
hpeak

(hour)
ρpeak/MODISmean

(–)

Temperate forest 1.14 (0.55) 846 (392) 24.2 (12.7) 13.31 (4.50) 3.17

Tropical forest 0.85 (0.45) 1364 (863) 27.3 (19.6) 13.34 (2.57) 3.03

Woody savanna 0.94 (0.50) 1501 (934) 21.1 (16.8) 13.21 (2.08) 3.07

Savanna 1.09 (0.53) 1711 (899) 39.0 (25.5) 13.08 (2.58) 2.88

Shrubland 1.35 (0.63) 3079 (1552) 108.9 (56.9) 13.16 (4.46) 2.87

Grassland 1.06 (0.53) 1642 (863) 37.3 (21.1) 12.95 (4.44) 3.08

Cropland 0.95 (0.48) 1259 (705) 23.9 (16.0) 13.33 (3.22) 2.94
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generally more intense fires (high values of ρpeak, ρbase and σ) often coincided with regions 

of large fire size (Figs. 5.2a – c and 5.3c). In the more humid tropical areas, high ρpeak values 

occurred in areas of relatively large fire size and/or a high number of annual fire days (Fig. 

5.2a and Fig. 5.3c and d).

The relative fraction of FRE emitted on days that SEVIRI data sampled at MODIS 

observation times did not observe active fires is an important factor affecting model 

performance, and showed similar spatial patterns as σ, indicating that duration of fires 

over the day plays an important role (Figs. 5.2c and 5.4a). In addition, the geographical 

location and cloud cover during the burning season played a role by affecting the effective 

number of daily MODIS observations (Fig. 5.4b). The peak hour of fire activity also played 

a role, and especially in more humid areas with frequent cloud cover and late afternoon 

fire activity sometimes over 50% of FRE was emitted on days without any SEVIRI active 

fire detections at MODIS detection opportunities (compare Figs. 5.2d and 5.4a). The most 

important biomass burning regions were typically characterized by relatively long fire 

duration over the day (Fig. 5.2c) and the effect of omission of active fires on continental 

scale FRE estimates was therefore relatively low (cf. Fig. 5.3a, 5.4a and 5.5). However, 

frequent omission of relatively small fires of short duration may strongly affect FRE 

estimates for some regions (Fig. 5.5). These results clearly demonstrate the value of the 

data provided by the very high temporal resolution geostationary systems, even though 

they are unable to resolve and detect fire pixels as low in FRP as those from polar orbiters 

(Roberts and Wooster, 2008). 

Figure 5.4: Detection of fire activity at MODIS detection opportunities. (a) Percentage of FRE emitted on days that the 
SEVIRI instrument did not observe active fires at MODIS overpasses. (b) Number of MODIS detection opportunities 
per day during the burning season (mean over the study period, weighted for monthly FRP).
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5.4.2 Model evaluation
To evaluate the two modeling approaches that estimated FRE from SEVIRI data only at 

the MODIS sampling times we started with comparing the spatial distribution of mean 

estimated FRE for each method with the cloud corrected SEVIRI FRE calculated using the 

entire hourly, 0.1° SEVIRI FRP data set (Fig. 5.5). The persistent approach resulted in a general 

overestimation of FRE, while the climatological approach showed overall good performance 

in terms of total estimated FRE when compared to the full SEVIRI data set. Moreover, the 

more narrow distribution of modeled FRE as a fraction of SEVIRI FRE by the climatological 

approach as opposed to the persistent approach suggests that results are not only more 

Figure 5.5: Total fire radiative energy (FRE) estimated via the two modeling approaches using SEVIRI observations 
taken at only the MODIS detection opportunities, expressed as fraction of the total FRE calculated using the entire set 
of hourly mean, 0.1° SEVIRI FRP observations (cloud cover corrected). (a) Persistent approach, and (b) climatological 
approach. Distribution of the grid cell values is shown in the lower left corners. 

Table 5.2: Estimated annual FRE during 2010 – 2012 by the two model approaches as percentage of SEVIRI FRE (cloud 
cover corrected). 

Land cover SEVIRI 
(PJ yr-1)

Persistent
(%) 

Climatological
(%)

Temperate forest 2.9 98 118

Tropical forest 61.3 179 98

Woody savanna 1513.2 174 93

Savanna 990.7 155 99

Shrubland 91.7 120 115

Grassland 106.5 125 108

Cropland 74.5 147 90

Total 2841.9 163 97
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accurate but also more precise (Fig. 5.5). While this reflects the general pattern, the 

performance bias was not homogeneous over the region. The persistent approach showed 

best results for regions with long daytime fire durations (i.e., large σ) and with a late peak in 

fire activity; and although performing generally better, the climatological approach showed 

a general underestimation for areas of relatively late peak fire activity (compare Figs. 5.2 

and 5.5). To a certain extent these regional differences correspond to the distribution of the 

different land cover types (Table 5.2). For example, for temperate forests and shrublands the 

persistent modeling approach showed notably better comparison to the FRE derived via the 

entire SEVIRI data set, while the climatological modeling approach overestimated FRE.

Figure 5.6: Daily FRE for four study regions (areas of 85000 to 567000 km2) derived from the complete SEVIRI data set 
(cloud cover corrected) and estimated by the two modeling approaches developed here. (a) Daily FRE for Portugal, 
mostly including shrublands and temperate forests, (b) fires in Nigeria burning in croplands, (c) woody savannas 
in DRC, and (d) shrublands and savannas in Botswana. Study regions are shown in Fig. 5.7, and land cover was 
determined using the dominant land cover classes (Sect. 5.2.3; Fig. 5.3b).
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Equally important as the absolute FRE estimates shown in Fig. 5.5 and Table 5.2 are their 

temporal dynamics. Figure 5.6 shows regional daily budgets for several study regions with 

different geographical positions and land cover (see Fig. 5.7). Similar to the results in Fig. 5.5, 

we found a general overestimation by the persistent approach, and better overall estimation 

by the climatological approach. Overestimation of the persistent approach was occurring 

mostly in the tropics (e.g., Nigeria and DRC), where also stronger day to day variability was 

observed as compared to that derived with the complete SEVIRI data or the climatological 

approach (Fig. 5.5). The climatological approach showed a small delay in FRE estimations 

compared to the complete SEVIRI data set.

To further test the ability of the two modeling approaches to allocate FRE to the individual 

grid cells at the right moment in time, correlation coefficients were calculated. Table 5.3 shows 

Pearson’s r between SEVIRI and the two modeling approaches at four spatiotemporal resolutions 

(0.1° and 1° spatial and hourly and daily temporal resolution). A striking increase in correlation 

was observed when aggregating model results both temporally or spatially. Freeborn et al. 

(2009, 2011) previously demonstrated the value of such spatial aggregation when deriving 

relationships between SEVIRI and MODIS data sets, and this technique is currently used within 

the near real-time SEVIRI FRP-GRID products produced by the LSA SAF from the SEVIRI FRP-PIXEL 

data (Wooster et al., 2015). At 0.1° resolution the best correlations were found for shrublands 

and savannas while for aggregated data best performance was found for woody savannas and 

savannas. At hourly resolution, the climatological approach generally performed better than 

the persistent approach. However, at 0.1° daily resolution the persistent approach performed 

best while at 1° daily resolution the persistent and climatological approaches did equally well. 

Figure 5.7: Study regions used in Fig. 5.6. Abbreviations refer to: Botswana (BWA), the Democratic Republic of Congo 
(DRC), Nigeria (NGA) and Portugal (PRT).
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5.5 DISCUSSION

Unlike biomass burning emission inventories based on burned area, inventories using active fire 

observations from Earth Observation satellites can be produced in near real-time (Freitas et al., 

2005; Reid et al., 2009; Sofiev et al., 2009; Wiedinmyer et al., 2011; Kaiser et al., 2012; Darmenov 

and da Silva, 2013). The near real-time emissions inventories are, at present, generally based 

on active fire data from the MODIS instruments operating onboard the Terra and Aqua polar 

orbiting satellites. The FRP observations of MODIS are almost without saturation, operating 

day and night, with a reasonable spatial resolution and with new observations available for 

any location at least a few times every day – cloud cover permitting. However, it is well known 

that fire activity in most regions follows a clear daily cycle (e.g., Roberts et al., 2009; Vermote 

et al., 2009). Consequently, the FRP measures derived from intermittent polar orbiting MODIS 

observations are often not fully and directly representative of the actual daily fire activity (Fig. 

5.1; Giglio, 2007; Vermote et al., 2009; Freeborn et al., 2011). Although several approaches 

have been developed to obtain more accurate estimations of FRE from the limited temporal 

sampling of FRP provided by MODIS (e.g., Ellicott et al., 2009; Freeborn et al., 2009, 2011; 

Vermote et al., 2009), they are all best suited to be used with previously collected and/or 

aggregated FRP data, and none can be readily implemented at high spatiotemporal resolution 

in near real-time. For this reason, most current global emission inventories produced in near 

real-time actually ignore fire diurnal dynamics completely (e.g., Kaiser et al., 2012), and this 

results in large biases in the FRE budgets (Ellicott et al., 2009; Zhang et al., 2012).

Here we start discussing the spatial distribution of the fire diurnal cycle, and its drivers 

(Sect. 5.5.1). Building on previous work, we explored two new methods to estimate hourly 

FRE in near real-time from observations made by SEVIRI at MODIS detection opportunities. 

Table 5.3: Pearson’s r between hourly and daily FRE as observed by SEVIRI and estimated by the two modeling 
approaches. Correlation is calculated for two spatial scales, the original 0.1° resolution and a 1° aggregated resolution 
(in parentheses) to test regional model performance.

Land cover Persistent 
hourly

Climatological
hourly

Persistent
daily

Climatological 
daily

Temperate forest 0.24 (0.33) 0.20 (0.32) 0.44 (0.50) 0.21 (0.39)

Tropical forest 0.13 (0.25) 0.15 (0.27) 0.32 (0.41) 0.16 (0.41)

Woody savanna 0.19 (0.44) 0.20 (0.52) 0.48 (0.80) 0.25 (0.79)

Savanna 0.25 (0.45) 0.25 (0.51) 0.54 (0.78) 0.30 (0.76)

Shrubland 0.35 (0.47) 0.32 (0.47) 0.61 (0.63) 0.37 (0.60)

Grassland 0.22 (0.32) 0.20 (0.35) 0.46 (0.55) 0.22 (0.52)

Cropland 0.19 (0.32) 0.17 (0.36) 0.42 (0.61) 0.18 (0.60)

Total 0.22 (0.43) 0.22 (0.50) 0.50 (0.76) 0.27 (0.75)
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The results illustrate how MODIS observations might be used to calculate hourly FRE, and 

where errors can be expected due to the diurnal cycle and the limited temporal sampling 

provided by MODIS (Sect. 5.5.2).

5.5.1 Exploring the fire diurnal cycle using a Gaussian function
The fire diurnal cycle characteristics were explored by fitting of a Gaussian function to the 

hourly SEVIRI time series. Vermote et al. (2009) and Ellicott et al. (2009) found that at a 0.5° 

monthly resolution the fire diurnal cycle can be described by a Gaussian function, using 

MODIS observations to resolve the unknown parameters. They choose the spatiotemporal 

size of the study regions such that a statistical representative number of fires and MODIS 

FRP detections were included, and the observations covered the full range of MODIS 

view angles – since the sensitivity of MODIS to fire depends upon this (Vermote et al., 

2009). Although later work showed that in fact fire activity may be somewhat skewed in 

the afternoon, here we found that even at a high spatiotemporal resolution (0.1°; hourly) 

a Gaussian function provides a fairly robust description of the fire diurnal cycle. However, 

at 0.1° hourly resolution, SEVIRI data sampled at the MODIS detection opportunities does 

not always provide enough information to adequately depict fire activity for an individual 

grid cell and day (Fig. 5.1). Moreover, the spatiotemporal scale at which we observe the fire 

diurnal cycle has a significant impact on its shape. When moving to a coarser spatiotemporal 

resolution, the shape of the diurnal cycle likely becomes wider, with less pronounced peaks. 

This is mostly a consequence of the spatiotemporal variation in hour of peak fire activity of 

the individual fires or fire days (Fig. 5.1). Therefore, typical values of the parameters of the 

Gaussian found in this study (Fig. 5.2) do not necessarily correspond to typical values found 

by earlier studies (e.g., Roberts et al., 2009; Vermote et al., 2009), who used much larger 

sample sizes (i.e., spatiotemporal resolutions). Likewise the results presented here are not 

necessarily representative for individual fires.

Although the shape of the “average” fire diurnal cycle is scale dependent, regional 

patterns in the diurnal cycle characteristics (Fig. 5.2) remain similar over different scales, and 

therefore we found similar land cover dependent characteristics as previous studies. For 

example, shrublands and grasslands generally faced drier conditions when burning than did 

woody savannas or tropical forest, and therefore fire activity typically continued longer over 

the day and the hour of peak fire activity was generally located later in the afternoon (Fig. 

5.2; Table 5.1; Giglio, 2007; Roberts et al., 2009). For the same reason, temperate and boreal 

forests have been reported to show a more pronounced diurnal cycle than grasslands (Fig. 

5.2; Sofiev et al., 2013; Konovalov et al., 2014). Building on the land cover based analysis of 

Roberts et al. (2009), we provide a first analysis of the spatial distribution of the fire diurnal 

cycle.
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The three parameters determining the shape of the Gaussian can be used to visualize 

the spatial distribution of the fire diurnal cycle. The daily FRP-maximum is given by ρpeak, fire 

duration over the day by σ, and the baseline FRP by ρbase. Similar spatial patterns were found 

for all three parameters mentioned above (Fig. 5.2a, b and c). This indicates that there are 

zones of generally more “intense” fires with high ρpeak, large σ and higher ρbase, while other 

zones are characterized by lower intensity fires. In land cover classes where most of the fires 

were grass fuelled (grasslands, savannas and woody savannas), a considerable part of the 

spatial variation in fire diurnal cycle could be explained by fire size (see Sect. 5.2.4; Figs. 5.2 

and 5.3). Large fires were often found in frequently burnt and/or more arid areas (Fig. 5.3a) 

where high fuel connectivity, low fuel density and low fuel moisture allow relatively fast 

moving fires with large fire fronts to form (Hély et al., 2003a; Sow et al., 2013). Besides fire 

size and land cover, part of the variability in the fire diurnal cycle could be explained by a 

gradient in diurnal weather conditions. Grass fuelled large fires were also common in the 

more humid savannas of southern Africa, but here nighttime weather conditions appear 

to become rather unfavorable for fire (Figs. 5.2b and 5.3c). In humid savannas ρpeak values 

were not solely associated with large fire size, but also with areas showing a high number of 

annual days with fire activity and may be explained by several relatively small fires burning 

at the time. The high number of fire days may indicate a larger number of fire ignitions 

and/or that fires are spreading at a slower rate due to the more pronounced fire diurnal 

cycle, higher humidity, or higher fuel density (Hély et al., 2003a; Sow et al., 2013). Finally, 

in the Mediterranean basin the relatively low fire return period, and consequently higher 

fuel density, may also cause relative intense fires with long duration over the day (Fig. 5.2; 

Archibald et al., 2013).

The peak hour of fire activity found here corresponds to the moment of day at which 50% 

of the total FRE has been emitted (assuming ρbase ≪ ρpeak ), and it did not always correspond 

to the peak hour of fire activity found by previous studies (Fig. 5.2d; e.g., Giglio, 2007; Roberts 

et al., 2009; Vermote et al., 2009). In general most FRE was emitted during the afternoon, 

and clear spatial patterns were present in the typical peak hour of the Gaussian. High values 

of hpeak were found in regions of higher fuel density or in more arid areas where fires could 

spread over large areas (Figs. 5.2d and 5.3). In arid regions with large typical fire sizes, fire 

spread was often fast and a 0.1° grid cell only corresponded to a part of the actual fire 

resulting in large variation in hpeak in both space and time (Fig. 5.2d and Table 5.1).

5.5.2 Model performance and the MODIS sampling design
Data assimilation and two modeling approaches, were used to estimate hourly FRE from 

SEVIRI FRP data sampled at the times of MODIS detection opportunities. Here we start 

discussing the performance of the different methods with respect to their total FRE estimates 
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and daily regional FRE estimations. Then we discuss the more uncertain model performance 

at higher spatiotemporal resolutions.

The persistent approach is comparable to a direct hourly extension of the current GFAS 

methods (Kaiser et al., 2012), where the fire diurnal cycle is ignored and the predicted 

FRP for each hour is equal to that of the last FRP observation. This led to a general 

overestimation of daily FRE because the 13:30 LT temporal sampling time of MODIS is 

relatively close to the peak hour of daily fire activity, and therefore not very representative 

of the full period until the next observation at 22:30 LT (Figs. 5.2d and 5.5; Table 5.2). 

Moving away from the equator, the number of daily MODIS observations increases due 

to orbital convergence at higher latitudes, and consequently the model performance 

improved (Figs. 5.4b, 5.5 and 5.6; Giglio et al., 2006a; Reid et al., 2009). Additional inclusion 

of daytime observations due to orbital convergence will typically be somewhat earlier 

or later in the afternoon and may therefore lower the FRE estimation. In the persistent 

approach, missing nighttime observations may cause an overestimation and missing 

daytime observation an underestimation of daily FRE, resulting in erroneous regional day-

to-day variations in FRE estimates in the tropics (Fig. 5.6). Following previous research, 

we found that due to the spatiotemporal variation of the fire diurnal cycle FRE was 

overestimated more for some land cover types than for others (Table 5.2; Freeborn et al., 

2011). Land cover classes that typically showed longer fire durations (Fig. 5.2c) with peak 

fire activity later in the afternoon (Fig. 5.2d) were not as much overestimated as land cover 

classes with more pronounced fire diurnal cycles (Figs. 5.5 and 5.6; Table 5.2). However, 

part of this effect likely stems from these land covers mostly being located in the more 

frequently observed higher latitudes of our study region. Although the persistent method 

is not directly comparable to the methods of widely used emission inventories like GFAS or 

QFED (Quick Fire Emissions Dataset; Kaiser et al., 2012; Darmenov and da Silva, 2013), they 

likely introduce similar errors by ignoring the fire diurnal cycle.

The climatological approach showed better performance in terms of absolute FRE 

estimations, while also better able to reproduce its spatial variability (Fig. 5.5). In contrast to 

the persistent approach, the hourly predictions were based on the last 24h of fire activity, 

enabling more realistic gap filling during periods without observations. This resulted in an 

advantage during periods of cloud cover or missing observations due to the satellite orbits, 

but because of the low number of actual daily observations the climatological approach had 

the tendency to continue predicting fire activity after fires had ceased, seen as a small delay 

in the signals in Fig. 5.6.

An additional criterion to evaluate the model performance was the correlation between 

the modeling approaches and the SEVIRI data at different spatiotemporal scales. Correlation 

between the modeled and SEVIRI time series improved considerably when moving from 
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hourly to daily resolution, showing that the models were better able to estimate daily 

budgets than the distribution of fire activity over the day. These differences may be explained 

by the inability of the models to correctly estimate the hour of peak fire activity, a fire diurnal 

cycle that is not well represented by a Gaussian function, or in the case of small fires the fire 

diurnal cycle may not be fully detected by the SEVIRI instrument. Because of the large day-

to-day variation in the fire diurnal cycle and the FRP measurements limited to the time of the 

MODIS overpasses, the individual FRP observations have a low precision (i.e., large random 

error) and omission (i.e., non detection) of fires is frequent (Figs. 5.1 and 5.4), resulting 

in low correlation at high spatiotemporal scales (Table 5.3). Because fires rarely occur on 

their own and generally form part of a regional pattern (Bella et al., 2006), the correlation 

increased considerably when accumulating results to a 1° spatial scale. For the same reason 

model performance was found to be best in savannas and woody savannas, where the 

highest number of fires occur and the sample size is thus largest, or in areas of large fire size 

where omission was relatively low. Model performance was therefore best when optimal 

burning conditions were reached, often coinciding with the peak of the burning season. 

Because often only a reasonably large sample of observations made at the MODIS detection 

opportunities is actually representative of fire activity in a certain region, the added value of 

the 0.1° spatial resolution (e.g., GFASv1.1/1.2) is somewhat limited compared to a coarser 0.5° 

spatial resolution (e.g., GFASv1.0).

Overall, using the climatological approach resulted in the best model performance, 

although in specific cases using the persistent approach showed better results. For 

example, at 0.1° spatial and daily temporal resolution the persistent approach performed 

best, likely because it only predicts fire activity on days of actual fires while the 

climatological approach may predict fire activity with some delay. Also the climatological 

approach used mean values for the fire duration and may therefore overestimate FRE 

from smaller fires while underestimating the larger fires. Despite the improved results 

of the climatological approach as opposed to the persistent approach, estimating FRE 

in near real-time based on MODIS observations remains challenging, especially at high 

spatiotemporal resolutions. Largest uncertainties originate from the high spatiotemporal 

variability of the fire diurnal cycle combined with the limited number of daily MODIS 

detection opportunities. Moreover, the fire diurnal cycle as analyzed here may to some 

extent be affected by the inability of SEVIRI to detect the smallest fires, along with other 

sources of uncertainty in the FRP observations (Roberts et al., 2015; Wooster et al., 2015). 

Finally, the characterization of the fire diurnal cycle and discussion of its spatiotemporal 

drivers presented here provide a first step to upscale the climatological model to a global 

scale, but a better understanding of the fire diurnal cycle and its drivers for other regions 

of the globe remains an important issue. 
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Within GFAS, to handle the uncertainties introduced into the MODIS-derived FRE 

estimates by neglecting the diurnal cycle influence, the estimated FRE is converted into 

estimates of dry matter burned (DM) using land cover-specific conversion factors. These 

were derived via comparison of long-term monthly FRE estimates to the DM estimates 

calculated over the same period by the Global Fire Emissions Database (GFED 3.1; van der 

Werf et al., 2010; Kaiser et al., 2012). It is currently assumed that by allowing the conversion 

factors to vary with land cover type the impact of any land cover-varying diurnal cycle is also 

incorporated, reducing the influence of the diurnal cycle. The issues discussed above, along 

with the accuracy of the GFED DM calculations, which are for example affected by the quality 

of the burned area product and the biochemical models used, all influence values of the land 

cover-specific FRE-to-DM conversions factors presented by Kaiser et al. (2012).

Wooster et al. (2005) and Freeborn et al. (2008) previously explored the conversion 

factors between FRE and DM using small scale experiments, and found that they appeared 

relatively independent of vegetation type. However, when moving to the satellite-scale 

there are additional factors influencing this FRE-to-DM relationship, for example the fire 

regime of an area and the degree to which MODIS misses the lowest FRP fires, and the 

canopy density of trees that might obscure some of the thermal radiation being emitted by 

fires burning in the ground fuels (Freeborn et al., 2014b). The thermal radiation recorded in 

satellite products is additionally reduced by cloud cover and erroneous flagging of smoke 

as clouds during data processing. Konovalov et al. (2014) nevertheless found FRE-to-DM 

relationships relatively similar to those of the earlier small-scale experiments when using 

atmospheric observations and biomass burning trace gas and aerosol emissions factors 

to estimate fuel consumption. Exploring methods to incorporate the fire diurnal cycle in 

the GFAS global FRP-based near real-time emission inventory is a first step in taking into 

account some of these issues in order to improve global FRE estimates made at relatively 

high spatiotemporal resolutions, and hopefully also in reconciling some of the differences 

in current emission inventories.

5.6 CONCLUSIONS

Emission inventories based on FRP observations have great potential to improve biomass 

burning emissions estimates, by eliminating the need for modeling of fuel loads and fuel 

consumption, and can be produced in near real-time. However, to date uncertainties in FRE 

estimates remain high when using polar orbiting FRP data sets, largely due to difficulties in 

combining the limited temporal resolution observations and knowledge about the fire diurnal 

cycle. Geostationary data can alleviate this issue, but brings its own problems related to the 
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non-detection of the lower FRP fires due to the coarse spatial resolution of the geostationary 

observations. Geostationary data sets are also not global in extent. Here we explored the 

spatial dependencies of the fire diurnal cycle and its impact on active fire detections made 

at the time of MODIS overpasses. Two modeling approaches were developed to derive 

hourly FRE estimates based on data-assimilation and SEVIRI FRP observations subsampled 

at MODIS detection opportunities. The first approach ignored the fire diurnal cycle assuming 

persistent fire activity between two MODIS detection opportunities, while the second 

approach combined prior knowledge of the fire diurnal cycle with active fire observations 

at MODIS detection opportunities to simulate the fire diurnal cycle. Both approaches were 

evaluated against the actual hourly FRP observations made by SEVIRI. Our main conclusions 

are the following:

1. We considered various drivers of the spatial distribution of fire diurnal cycle: dominant 

land cover, fire size, annual number of fire days, and diurnal climate conditions and 

found that all played a role. The strong relation between fire size and fire diurnal 

cycle for grass fuelled fires, and the climatic gradient in diurnal cycle, indicate that 

using fuel characteristics rather than land cover alone to characterize the fire diurnal 

cycle provides a potential pathway to improve these estimates. Here we showed that 

this information can partly be obtained by studying the fire characteristics, such as 

fire size, which are contained within the remote sensing data themselves.

2. Ignoring the fire diurnal cycle may cause structural errors in FRE estimates, and likely 

results in a general overestimation of FRE due to the timing of the MODIS overpasses. 

The errors vary regionally, mostly due to variations in the fire diurnal cycle, while 

results get more accurate at higher latitudes due to the increasing number of daily 

MODIS detection opportunities caused by orbital convergence.

3. Due to the large day-to-day variations in the fire diurnal cycle at the grid cell level, 

and the scarce number of MODIS observations of any one location per day, daily 

FRP fields calculated from observations made at MODIS detection opportunities are 

characterized by low precision (i.e., observations are not representative for daily fire 

activity) and high omission (i.e., non observation of fires). Therefore a sufficiently large 

sample size of MODIS observations is required to accurately estimate FRE, as shown 

earlier by Freeborn et al. (2011). In zones of frequent fires, where fires are generally 

part of a regional biomass burning pattern, model performance greatly improved 

when moving to a coarser scale, increasing the sample size. Model performance was 

also considerably better for zones of relatively large fires that were characterized 

by low omission. Production of emission inventories at very high spatiotemporal 

resolution using data from a limited number of low-Earth orbit satellite observations 
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may therefore provide somewhat restricted added value compared to those derived 

at coarser spatiotemporal scales.

4. Relative overrepresentation of day- or nighttime FRP observations may cause large 

day to day variations in estimated FRE when the diurnal cycle is ignored.

5. The way we observe the fire diurnal cycle is scale dependent, mostly because of the 

large variation in fire diurnal cycle, even within the same grid cell between different 

days. 

We recommend implementing the climatological model within GFAS in Copernicus 

Atmosphere Services in order to improve global and regional FRE estimates and further 

reconcile emissions estimates from the various different inventories currently available.
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CHAPTER 6

Summary

This chapter summarizes the key findings of this dissertation and provides recommendations 

for future research. I will start with a short summary of the research field, followed by separate 

sections providing a summary of the individual chapters of the dissertation. The final section 

synthesizes these findings followed by future research directions. 
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6.1 INTRODUCTION

The savanna biome exists of grasslands interspersed by trees. Tree cover density within 

the landscape is strongly affected by mean annual precipitation, and precipitation is 

often characterized by large seasonal and interannual variation. Frequent disturbance, in 

the form of grazing and browsing or fire, also plays an important role in the competition 

between various plant species, including competition between grasses and trees. The 

strong seasonality in precipitation creates an ideal environment for frequent fire occurrence. 

Lightning can be an ignition source in the (sub)tropics, but humans have also used fire as a 

landscape management tool since prehistoric times. To date, savannas are widely used for 

agriculture and livestock grazing. These types of human land use are expected to increase 

during the coming century, driven by socio-economic developments, in parallel with 

changing livelihoods. Climate change and rising CO2 concentrations may further affect plant 

functioning and livelihoods within the biome during the coming century. The objective of 

this dissertation was to better understand large-scale savanna ecosystem dynamics and 

changes. Special attention was paid to the role of fire, which plays an important role in 

ecosystem dynamics, affects regional air quality and global climate. The data used within 

this dissertation were mostly derived from satellite observations. Although field studies 

are needed for fundamental process understanding, satellite images provide the means to 

upscale these results. 

Over the past decades many new satellite-derived data sets have become available to 

study the environment. Time series now start to become long enough to study trends and 

separate different drivers using statistical modeling, the subject of the first two studies of 

this dissertation. During the following two studies, the dynamics of fire within the savanna 

biome were further investigated. The emphasis shifted somewhat from studying trends to 

better understanding fire emissions in these savannas.

6.2 GLOBAL CHANGES IN DRYLAND VEGETATION 
DYNAMICS

The first study, presented in chapter 2, analyzed long-term trends (1988 – 2008) in vegetation 

dynamics using two complementary vegetation indices. Vegetation Optical Depth (VOD) is 

based on passive microwave remote sensing and sensitive to the vegetation water content, 

while the Normalized Difference Vegetation Index (NDVI) is based on observations in the 

visible and near-infrared part of the spectrum and is responsive to vegetation greenness. In 

savannas and more arid regions with mixed woody – herbaceous vegetation, I found that 
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long-term trends in VOD were most sensitive to changes in the woody vegetation component, 

while trends in NDVI were most sensitive to changes in the herbaceous vegetation 

component. The study focused on long-term trends in both data sets and assessed their 

drivers. A statistical model based on optimal correlation between the vegetation indices and 

antecedent precipitation was developed to separate climate from other drivers. 

Precipitation was driving much of the interannual variation in both data sets. NDVI was 

most responsive to short-term variations in precipitation, while VOD was more sensitive 

to multi-year trends, as would be expected from the respective herbaceous or woody 

vegetation components. After correction for the precipitation-induced variations, some 

trends in the respective data sets disappeared, while others remained and new trends 

appeared. Opposing trends between VOD and NDVI were found in many arid regions. In 

those regions a positive trend in VOD and decreasing NDVI indicated an increase in the 

woody vegetation component at the expense of the herbaceous vegetation component. 

A key finding of the work presented in Chapter 2 is that because of the large scale at which 

these trends occurred in drylands across the globe, a global driver, such as increasing CO2 

levels, could be responsible. This suggests that these trends may continue into the future 

and lead to a substantially different landscape in the next decades to centuries. In more 

productive ecosystems a wider range of trends was observed, and except for precipitation, 

drivers including fire, land cover conversion, and livestock density all played a role in this. 

Advances in agricultural practices caused increasing trends in both vegetation indices in 

many agricultural regions.

6.3 RECENT TRENDS IN AFRICAN BURNED AREA

The next study (Chapter 3) focused on recent trends (2001 – 2012) and drivers of burned area 

in Africa. The shorter time period in this chapter compared to the previous one, is related to 

the shorter satellite record of fire. Africa is sometimes called ‘the burning continent’, due to 

the extensive use of fire by humans. Over the study period, a clear increase in burned area 

was observed over most of southern Africa and a clear decrease over most of northern Africa. 

The reason behind these opposing trends (which were unique in the fire satellite record) was 

not understood, but previous work had shown that changes in rainfall as well as land use 

may have contributed. I therefore developed a statistical model to estimate the individual 

contribution of precipitation and land cover changes on the observed trends. 

I found that the increase over southern Africa and part of the decrease over northern Africa 

was related to variations in precipitation driven by variability in sea surface temperatures. 

These changes were directly related to the El Niño-Southern Oscillation (ENSO) mode, 
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and likely short-lived. In addition, in northern Africa a clear underlying decline was caused 

by conversion of savannas into croplands. Given the relatively large impact of land cover 

conversion over the study period and the expectation that this conversion will continue in 

future, it can be anticipated that fire activity in all of Africa will decline during the coming 

decades. When studying the spatial distribution of savannas, savannas converted into 

cropland, and annual burned area, we found that burned area did not only decline within 

the area actually converted to agricultural land but also in the remaining savannas in the 

vicinity. Especially at the onset of savanna conversion a large decline in annual burned area 

was observed. For example, when 10% of a given grid cell was converted from savanna to 

cropland annual burned area typically declined from roughly half of the grid cell when it was 

fully covered by savanna to about a quarter. The reduced fire return periods in the remaining 

savannas may result in competitive advantages of woody vegetation over herbaceous 

species. In the long-term, the declining fire activity in savannas, combined with increases 

in fire activity in forests around the world due to climate change, may cause a shift in global 

pyrogeography from being savanna dominated to being forest dominated.

6.4 SATELLITE-DERIVED FUEL CONSUMPTION 
ESTIMATES

This study (Chapter 4) explored the possibilities of estimating fuel consumption per unit 

of area burned by combining fire radiative power (FRP) detections with burned area 

estimates. With the increasing quality of satellite-derived burned area estimates, fuel 

consumption is becoming the weakest link in estimating fire emissions. We developed 

a new method to derive long-term mean fuel consumption estimates by combining FRP 

detections and burned area estimates of the polar orbiting MODerate-resolution Imaging 

Spectroradiometer (MODIS) instruments. In this method, first the spatial variability in 

fire radiative energy (FRE) was estimated by assuming that the limited number of daily 

MODIS observations are representative for daily fire activity. A large sample of MODIS FRP 

detections was included for each grid cell by calculating the long-term mean at 0.25°. This 

way, several sensor specific limitations averaged out. In a follow-up step, fuel consumption 

estimates were derived by calibrating the results against available field measurements. 

Because tree cover may obscure part of the FRP signal, results were only presented for 

low tree cover regions (including savannas) in South America, Sub-Saharan Africa and 

Australia. 

Results were compared to an existing method based on FRP detections of the 

geostationary Spinning Enhanced Visible and Infrared Imager (SEVIRI) instrument for Africa. 
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Geostationary satellites provide high temporal resolution data and thus observe the full fire 

diurnal cycle. However, they are located relatively far from the Earth resulting in a coarse pixel 

size and low sensitivity to small fires. For comparison, the estimated FRE of both methods 

was converted into dry matter burned using a conversion factor based on laboratory 

experiments. Finally, the results were compared to modeled fuel consumption estimates by 

the preliminary version 4 of the Global Fire Emission Database (GFED). In addition, the spatial 

distribution of the drivers of fuel consumption were explored. 

The spatial patterns in fuel consumption derived from the geostationary and polar 

orbiting instruments compared favorably, giving confidence in the spatial distribution of 

the fuel consumption estimates using this approach. However, absolute values remained 

more uncertain. Following previous studies, I found that FRE estimates based on SEVIRI FRP 

data were about half of the FRE estimates derived from MODIS FRP data, mostly related to 

the low sensitivity of the SEVIRI instrument to small fires. Moreover, when calibrating against 

field observations the fuel consumption estimates were about 1.5 times higher than when 

using a conversion factor based on laboratory experiments. This may partly be explained 

by the reduced sensitivity of the MODIS instruments towards the swath edges, resulting 

in an underestimation of FRE. The comparison of long-term average fuel consumption 

estimates derived from satellite data to field studies was complicated, mostly because of 

the differences in spatiotemporal scales and the heterogeneity of fuel consumption in both 

space and time. Additionally, many field studies have been carried out in the pre-satellite era 

precluding direct comparison. 

When analyzing the spatial distribution of fuel consumption, NPP and fire return time 

could explain some but not all the variation in the fuel consumption estimates. Vegetation 

type played an important role driving the fuel build-up mechanism. For example, well 

connected grasslands tend to burn more frequently than shrublands or disconnected 

Hummock grasslands (covering much of interior Australia), resulting in lower fuel 

consumption. However, clear differences in fuel build-up rates between Australian and 

African grasslands were also observed, with generally faster fuel build-up in Australian 

grasslands than in African grasslands of similar productivity, possibly driven by different 

grazing intensities or decomposition rates. Different fuel build-up mechanisms between 

different types of grasslands and shrublands are currently not incorporated in GFED, 

potentially explaining some of the differences found between fuel consumption estimates 

derived from satellite data as I have shown here and by modeling. Effects of human land 

management on fuel consumption also clearly stood out, for example in areas of active 

deforestation or with degradation fires (i.e., fires that burn part of the woody vegetation 

in addition to the grasses) that showed enhanced fuel consumption. Moreover, in regions 

where savannas were converted into croplands, the fuel consumption was typically low. 
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6.5 FIRE DIURNAL CYCLE AND EMISSIONS ESTIMATES

The final study (Chapter 5) explored the fire diurnal cycle and the drivers of its spatial 

variation. Using data assimilation, two potential new methods were developed to include 

the fire diurnal cycle in the near real-time emissions estimates of the Global Fire Assimilation 

System (GFAS). Currently GFAS is based on the FRP detections of the polar orbiting MODIS 

instruments because they provide relatively high-resolution images, allowing for the 

detection of fires with relatively low FRP. However, the MODIS instruments only provide 

about four daily observations in the (sub)tropics. Geostationary instruments, such as SEVIRI, 

provide high (15-minute) temporal resolution images but are unable to detect the lowest 

FRP fraction due to the lower spatial resolution caused by their location relatively far from 

the Earth. Despite this limitation, the high temporal resolution of the SEVIRI instrument can 

be used to study the fire diurnal cycle, the effect of the fire diurnal cycle on observations at 

MODIS overpasses, and to explore potential methods to implement the fire diurnal cycle in 

GFAS, the subject of this work. 

Fire showed a clear diurnal cycle across all ecosystems. Peak fire activity is generally 

reached during the afternoon, when ambient conditions are optimal, while nighttime fire 

activity is typically strongly reduced. I found that the shape of the fire diurnal cycle was 

dependent on various drivers, such as land cover type but also a clear climatic gradient was 

observed in the fire diurnal cycle when moving from the arid grasslands to humid savannas. 

In more humid regions, the fire diurnal cycle was generally more pronounced, with shorter 

duration over the day and nighttime fire activity often below the SEVIRI detection threshold. 

In regions where grass-fuelled fires dominated biomass burning (e.g., savannas), fire size 

was found to be a good predictor for the fire diurnal cycle. Information on fuel load and 

conditions is thus partly contained within the remote sensing data. 

Using SEVIRI data sampled at MODIS detection opportunities to derive FRE while ignoring 

the fire diurnal cycle led to several structural errors. First, the shape of the diurnal cycle 

and the typical timing of the MODIS overpasses (01:30, 10:30, 13:30 and 22:30h, equatorial 

crossing time) affected the total estimates of FRE. Total FRE was generally overestimated 

because the 13:30h Aqua overpass captures the (near) peak fire activity and is therefore not 

representative for the full period until the next overpass of the Terra satellite at 22:30h. This 

effect decreased at higher latitudes due to orbital convergence (i.e., an increased number 

of daily observations due overlapping swaths of two overpasses). In addition, when day or 

nighttime observations were missing (e.g., no overpass or cloud cover), this introduced large 

erroneous day-to-day variation in the FRE estimates. Missing daytime observations would 

likely result in underestimated FRE because the generally lower nighttime FRP detections 

then dominate the FRE estimate, and vice versa for missing nighttime observations. To 
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overcome these shortcomings I presented a modeling approach based on information 

on the climatology of the fire diurnal cycle, which was recommended for implementation 

within GFAS and the Copernicus Atmosphere Monitoring Services (CAMS). 

6.6 GENERAL CONCLUSIONS AND FURTHER RESEARCH

For those who view the savanna as a pristine biome, maybe the most striking aspect of it is 

the large impact of humans on the ecosystem. I have shown this for the satellite era, but this 

is going well back into human history. An important mechanism through which humans 

manage savannas are fires. To date, the ongoing changes in fire regimes and consequences 

for ecosystem functioning and fire emissions remain to a large extent unknown. While 

investigating the interaction between vegetation, climate and human land management, 

it became apparent that over the period that satellite data was available, changes in the 

more productive savannas were often driven by human activity, while climate often played 

a larger role in arid regions. Here I will further focus on the different approaches used in 

this dissertation and how they have helped to give new insights in some aspects of these 

systems. In addition, I will look forward to the role that the new generation recently or soon 

to be launched satellites can play in increasing our understanding. 

All studies in this dissertation used satellite-derived data sets as the primary source of 

information. Several strategies to derive new information from the satellite imagery or to 

better understand its dynamics were particularly successful. Over the past decades, different 

satellite based sensors have been brought into orbit, resulting in a wide variety of data sets 

to study the environment today. The lengthening time series offer chances to use statistical 

modeling to study the drivers of variation and trends. Such statistical models were used in 

the first two studies to separate different drivers of vegetation and burned area dynamics, 

respectively. Another recurrent aspect of the studies presented here was that they were 

all based on the combination of several satellite based sensors and data sets. Often the 

differences between the sensors and data sets could be used to derive new information, or 

resolve sensor specific limitations. This strategy was used to understand long-term trends 

in vegetation structure, but it was also found useful when studying fire, for example when 

combining burned area and FRP data sets to derive estimates of fuel consumption. 

During this work I found an interesting relationship between the spatial and temporal 

dimensions of the data. Combining spatial and temporal patterns often yielded more 

robust results and under certain conditions the two dimensions were interchangeable. For 

example, socio-economic developments driving increased cropland extent, caused a clear 

decline in burned area in northern Africa over the last decade (Chapter 3). These conclusions 
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were supported by the spatial distribution of burned area, savannas and cropland as well as 

by recent trends in burned area that were analyzed using the temporal data and a statistical 

model. During follow up studies, this “swapping space for time” approach could be used 

to understand the implications of land management beyond the limits of satellite records. 

Today’s fire regimes in some of the African savannas are still managed using traditional 

ecosystem knowledge, which may provide valuable insights in possible past fire use in 

Africa. A similar approach could be applied to South America or Australia, where fire regimes 

have changed drastically after western colonization. In the same way, it was also found 

that fuel consumption estimates could be derived from the combination of burned area 

and FRP data. However, due to the high spatiotemporal variability of fire activity and the 

limited number of daily MODIS overpasses, the FRP detections contained a large random 

error and only large enough samples of active fire (FRP) observations resulted in robust fuel 

consumption estimates (Chapter 4). The sample size can be increased by aggregating data 

at either coarser spatial or temporal resolution, and the two dimensions were thus found 

to be interchangeable. In our study we choose a relatively high 0.25° spatial resolution 

and aggregated data over the full period of data availability to get robust sample sizes, 

even for areas with infrequent burning. When interested in the temporal dynamics of fuel 

consumption, such choices could be reconsidered. 

During the next decade data will become available from a new generation of instruments 

aboard satellites that have been launched recently or will be launched in the near future. 

Improved data sets of environmental conditions and fire will for example become available 

from the Visible Infrared Imaging Radiometer Suite (VIIRS) instrument and the Sentinel-

series of satellites. These missions assure continuity of the MODIS based data sets while for 

example higher spatial resolutions provide new insights in small fire activity and fire behavior. 

In addition to these moderate resolution instruments, Landsat 8 (launched in 2013) provides 

30 meter resolution global data on fire activity and ecosystem variables. New developments, 

like the laser based Global Ecosystem Dynamics Investigation Lidar (GEDI) instrument 

(expected in 2018) will provide global high resolution estimates of canopy structure. These 

high resolution instruments have relatively low revisiting times compared to the moderate 

resolution instruments, but offer ideal data for validation and may bridge some of the gaps 

between field studies and satellite observations. In addition, the high resolution data of 

Landsat may be used to study tree cover loss, land use change or when data is combined with 

information on canopy structure, species or vegetation trait distribution and biomass may 

be studied. Airborne field campaigns using hyperspectral data have also shown to be able to 

effectively map species distribution in addition to, for example, detailed information about 

photosynthesis. Improved computational power and the availability of high resolution data 

sets will likely provide many new insights in ecosystem function during the coming decade. 
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One of the key findings of this dissertation was that much of the fire dynamics in terms 

of fuel consumption, fuel conditions, fire diurnal cycle and fire size are contained within 

the satellite data available today. For studying fires, the use of various complementary 

data sets (e.g., polar- or geostationary orbit, or FRP detections and burned area) seemed 

to be a particularly promising research direction. However, when deriving new information 

on fires from satellite remote sensing, validation was often difficult. To date, the available 

field studies on these aspects are limited and not particularly well suited to meet the 

needs of the remote sensing community. New satellite based or airborne high resolution 

data sets may be used for validation of moderate resolution data sets to some extent, but 

a combined effort of field studies designed for calibration and validation and satellite-

derived data sets is needed. Making the link between field studies and remote sensing is 

crucial because ecosystem changes driven by socioeconomic or climate change can often 

only be fully appreciated at larger scales. In addition, new high resolution sensors open up 

opportunities to study aspects of the ecosystems that to date have only been studied at 

the field level. When setting up a field campaign for validation of the previously mentioned 

satellite-derived fire characteristics, ideally the measurements would follow gradients of 

precipitation, vegetation types or fire return periods. One of the science challenges of the 

coming decade is to effectively use the wide range of data sets at different spatiotemporal 

resolutions available, something that can only be achieved by collaboration and open data 

policies. 





CHAPTER 7

Samenvatting

Dit hoofdstuk geeft een korte samenvatting van de introductie gevolgd door de belangrijkste 

resultaten van dit proefschrift. De laatste sectie is gefocust op meer algemene conclusies en 

blikt vooruit op de rol die de meest recente generatie satellieten gedurende het komende 

decennium zullen spelen in het onderzoek naar het savanne ecosysteem. 
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7.1 INTRODUCTIE

Savannes bestaan uit graslanden met verspreid voorkomende bomengroei en bestrijken 

ongeveer 12% van de mondiale landmassa, met name in de tropen en subtropen. De 

verhouding tussen kruidachtige soorten, zoals grassen, en houtige soorten, zoals bomen 

en struiken, is voor een belangrijk deel afhankelijk van de gemiddelde jaarlijkse neerslag. 

Begrazing en vegetatiebranden zijn twee andere factoren die de soortensamenstelling en 

de verhouding tussen kruidachtige soorten en houtige soorten bepalen. Vegetatiebranden 

doden de jonge bomen die zich in de kruidlaag bevinden en houden op die manier de 

savannes open. De uitgesproken seizoenaliteit van het neerslagregime en grote variatie 

in neerslag van jaar tot jaar zorgen voor hoge productie van biomassa gedurende natte 

periodes gevolgd door periodes van droogte waarin met name de grassen gevoelig zijn 

voor branden. Vegetatiebranden kunnen veroorzaakt worden door bliksem, maar sinds de 

prehistorie worden de branden ook gebruikt door de lokale bevolking voor de jacht en om 

het landschap te onderhouden. Zodoende branden grote delen van de ‘natuurlijke’ savannes 

ieder jaar of om het jaar, wat wereldwijd jaarlijks resulteert in een verbrand gebied met een 

oppervlakte ter grootte van India.

Grote delen van de (sub)tropische savannes worden tegenwoordig gebruikt voor 

landbouw of het laten grazen van vee. Sociaaleconomische ontwikkelingen, zoals 

toenemende bevolkingsdruk, zullen gedurende de komende eeuw waarschijnlijk voor 

verdere toename van veeteelt en landbouw zorgen in de (sub)tropische savannes, met name 

in Zuid-Amerika en Afrika. Daarnaast zijn traditionele leefwijzen aan verandering onderhevig. 

Zulke veranderingen kunnen een groot effect hebben op het savanne ecosysteem, waar een 

eeuwenoude dynamiek tussen mens en natuur bestaat. Klimaatverandering en hogere CO2 

concentraties in de atmosfeer hebben ook invloed op het functioneren van het ecosysteem 

en landbeheer. 

Het doel van deze dissertatie was om de grootschalige dynamiek van (sub)tropische 

savanne-ecosystemen beter te begrijpen en veranderingen in deze ecosystemen en hun 

mogelijke oorzaken in kaart te brengen. Een aanzienlijk deel van deze dissertatie gaat 

specifiek in op het beter karakteriseren en begrijpen van de dynamiek van branden, die 

een belangrijke ecologische rol spelen binnen het ecosysteem en invloed hebben op 

de regionale luchtkwaliteit en het klimaat. Het werk in deze dissertatie is voornamelijk 

gebaseerd op satellietbeelden, modellen en statistiek. Satellietbeelden bieden een 

uitgelezen kans om de resultaten van veldwerk, lokale en regionale studies in een breder 

perspectief te plaatsen. Dit proefschrift bestaat uit een inleiding (hoofdstuk 1), vier studies 

(hoofdstukken 2 tot en met 5) en een Engelstalige en Nederlandstalige samenvatting 

(hoofdstukken 6 en 7).
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7.2 ONDERZOEK

Tijdens de eerste studie (hoofdstuk 2) heb ik twee methodes vergeleken om vegetatie te 

bestuderen vanuit de ruimte, ieder gebaseerd op een ander deel van het elektromagnetisch 

spectrum. De eerste methode is gebaseerd op de verhouding tussen geabsorbeerd rood 

licht en gereflecteerd infrarood licht. Een gezonde plant gebruikt namelijk rood licht 

voor fotosynthese, terwijl infrarood licht juist wordt gereflecteerd door de bladeren om 

onnodige verhitting (en dus verlies van water) te voorkomen. Hoe minder productief een 

plant is, bijvoorbeeld omdat er te weinig water is, hoe minder rood licht er gebruikt wordt 

en tegelijk neemt de reflectie van infrarood licht af. Daarom kan met behulp van satellieten 

worden bepaald hoe groot het oppervlakte gezonde groene vegetatie is in een gegeven 

gebied aan de hand van de verhouding tussen de hoeveelheid geobserveerd rood en 

infrarood licht. De tweede methode maakt gebruik van microgolven, die geabsorbeerd 

worden door het water dat zich in de vegetatie bevindt. Deze methode geeft dus inzicht in 

de hoeveelheid water in de vegetatie en kan bijvoorbeeld gebruikt worden om biomassa te 

bestuderen. Beide data sets bestaan uit tijdseries van meer dan twee decennia en kunnen 

gebruikt worden om veranderingen in de vegetatie te bestuderen. Trends in vegetatie 

groenheid zijn met name gevoelig voor veranderingen in de hoeveelheid kruidachtige 

planten, zoals grassen, omdat deze een relatief groot oppervlakte beslaan in gebieden met 

een (semi) aride klimaat. Trends in de hoeveelheid water in de vegetatie zijn juist gevoeliger 

voor een verandering in de dichtheid van struiken en bomen, omdat die door hun afmeting 

meer water opslaan. Een statistisch model werd ontwikkeld om onderscheid te maken 

tussen trends die veroorzaakt werden door verandering of variatie in neerslag en trends 

met een andere oorzaak.

Inter-jaarlijkse variatie en veranderingen in neerslag over de studieperiode waren 

verantwoordelijk voor een groot deel, maar niet voor alle geobserveerde trends in beide 

vegetatie indicatoren. Na de correctie voor de effecten van klimaat werd in aride gebieden 

een netto afname in groenheid geobserveerd en een toename in de hoeveelheid water 

opgeslagen in vegetatie, dit wijst op een toename van houtige planten ten koste van 

kruidachtige vegetatie. Een mogelijke verklaring voor een dergelijke toename is de hogere 

CO2 concentratie in de atmosfeer, die ten gunste komt van C3-planten (in de [sub]tropen 

vaak houtige soorten) ten opzichte van C4-planten (de meest algemene gras soorten in de 

[sub]tropen). C4-grassen floreren onder CO2 arme condities en in warme klimaten doordat 

zij tijdens de fotosynthese een lagere fotorespiratie (water verlies) hebben, de toenemende 

concentratie van CO2 in de atmosfeer resulteert echter in competitieve C3 planten, en 

mogelijk een toename van bomen en struiken in (sub)tropische savannes. In vochtigere 

savannes waren de trends minder eenduidig, en werden vele verschillende trends 
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geobserveerd in beide vegetatie indicatoren. Deze patronen konden gedeeltelijk worden 

toegekend aan verandering in begrazing, landgebruik en branden. 

In een vervolgstudie waarin ik Afrika beter bestudeerde (hoofdstuk 3), bleek dat in 

noordelijk Afrika een sterke toename in landbouwgrond heeft plaatsgevonden over het 

afgelopen decennium. Tegelijkertijd werd een afname in branden geobserveerd in grote 

delen van noordelijk Afrika maar een netto toename in zuidelijk Afrika. Een statistisch 

model werd ontwikkeld om de individuele invloed van neerslag en omzetting van savannes 

in landbouwgrond op vegetatiebranden apart te kunnen bestuderen. De toename in 

vegetatiebranden in zuidelijk Afrika bleek over het afgelopen decennium voor een groot 

deel te kunnen worden toegeschreven aan een toename van neerslag in aride gebieden 

daar. Neerslag heeft vaak een positief effect op de hoeveelheid vegetatiebranden in aride 

gebieden, omdat de hoeveelheid brandstof (biomassa) de belangrijkste limiterende factor 

is voor branden. In vochtigere klimaten is het effect van neerslag op vegetatiebranden 

meestal andersom, omdat de vegetatie door de neerslag te nat is om vlam te vatten. 

Deze geobserveerde trends, die veroorzaakt werden door neerslag, waren waarschijnlijk 

van tijdelijke aard aangezien ze door schommelingen in de temperatuur van de oceaan 

veroorzaakt werden, die binnen de 12-jaar studieperiode van het ene naar het andere 

extreme ging. Variaties in de temperatuur van de oceanen hebben een groot effect op inter-

jaarlijkse variatie in neerslag, daarom werd ook een duidelijke relatie gevonden tussen de 

temperatuur van de oceanen en het voorkomen van vegetatiebranden. 

In noordelijk Afrika kon een deel van de afname in branden worden verklaard door een 

soortgelijke tijdelijke verandering in neerslag over de studieperiode, maar het omzetten 

van savannes in landbouwgrond veroorzaakte ook een aanzienlijke afname. Gezien de 

tijdelijke aard van de trends in vegetatiebranden die werden veroorzaakt door neerslag en 

de duidelijke onderliggende afname in vegetatiebranden door omzetting van savannes 

in landbouwgrond, konden wij concluderen dat in de nabije toekomst het aantal branden 

waarschijnlijk verder zal afnemen onder invloed van sociaaleconomische ontwikkelingen. 

Dat is een verrassende bevinding omdat in het algemeen wordt aangenomen dat branden 

juist meer voor zullen komen vanwege de klimaatverandering. De ruimtelijke verdeling 

van vegetatiebranden, savannes en landbouwgrond liet zien dat niet alleen de grond die 

daadwerkelijk werd omgezet in landbouw maar ook de omliggende savannes een duidelijke 

afname in branden vertoonden. De soortensamenstelling van de vegetatie in de nabijheid 

van akkerbouw zal daardoor waarschijnlijk veranderen, gezien de rol die vegetatiebranden 

spelen in de competitie tussen verschillende plantensoorten. 

De twee laatste studies concentreerden zich op het beter begrijpen van de dynamiek van 

vegetatiebranden in de savannes. Naast het ecologische belang van vegetatiebranden heeft 

de uitstoot van fijnstof en vervuilende gassen invloed op lokale en regionale luchtkwaliteit 
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en atmosferische chemie. De focus van de laatste twee studies was daarom deels gericht 

op het beter berekenen van deze uitstoot, bijvoorbeeld voor toepassing in atmosferische 

modellen die gebruikt worden om luchtkwaliteit te voorspellen. Een belangrijke factor voor 

uitstoot inschattingen is de brandstofconsumptie, ofwel de hoeveelheid droge biomassa 

die verbrandt per vierkante meter verbrande oppervlakte. Tot op heden was informatie 

over de ruimtelijke verdeling van brandstof consumptie vooral gebaseerd op biochemische 

modellen; veldexperimenten geven ook inzichten maar zijn vaak niet representatief voor 

grotere gebieden. Satellietbeelden kunnen gebruikt worden om de oppervlakte van 

verbrande gebieden te kwantificeren, alsmede om het stralingsvermogen (de hoeveelheid 

energie die vrijkomt) van een brand te bestuderen. In de derde studie (hoofdstuk 4) 

werd deze informatie gecombineerd om een inschatting te maken van de hoeveelheid 

energie die vrijkomt per verbrande oppervlakte. Vervolgens zijn veldmetingen van de 

brandstofconsumptie gebruikt om een conversiefactor te bepalen van energie naar gewicht 

droge biomassa. 

Grote verschillen in brandstofconsumptie werden gevonden tussen savannes in 

Zuid-Amerika, Afrika en Australië, gedeeltelijk veroorzaakt door de frequentie waarmee 

branden voorkwamen. Savannes in Zuid-Amerika brandden over het algemeen minder 

regelmatig dan de Afrikaanse savannes, waardoor meer droge biomassa accumuleert 

en de brandstofconsumptie hoger is. Vegetatietype speelde ook een rol, struikachtige 

vegetatie of grastypes die op enige afstand van elkaar groeiden, brandden met lagere 

frequentie dan grassen die een continu brandstofveld vormden, en hadden daarom meer 

tijd om brandstof te accumuleren. Maar verschillende vegetatietypes resulteerden ook in 

verschillende accumulatiesnelheden van biomassa. De binnenlanden van Australië worden 

gedomineerd door polvormende grassoorten die op enige afstand van elkaar groeien, 

terwijl Afrikaanse graslanden gekarakteriseerd worden door grassen die aaneengesloten 

zijn. Bij gelijke productiviteit van de savannes was de opbouw van droge biomassa in deze 

Australische grassoorten aanzienlijk sneller dan in Afrika. Mogelijk kan dit verklaard worden 

door de afwezigheid van megafauna in Australië, maar een andere mogelijke verklaring is 

een verschil in afbraaksnelheden van organisch materiaal. Aanwezigheid van mensen had 

ook een groot effect op de brandstofconsumptie, landbouwgebieden werden bijvoorbeeld 

gekenmerkt door gereduceerde brandstofconsumptie ten opzichte van savannes, terwijl in 

regio’s waar ontbossing plaatsvond de brandstofconsumptie aanzienlijk hoger was omdat 

naast grassen ook bomen verbrand worden. 

De laatste studie (hoofdstuk 5) bestudeerde de dagelijkse gang van vegetatiebranden om 

in real-time inschattingen van de uitstoot die vrijkomt tijdens deze branden te verbeteren. 

In het algemeen bereiken vegetatiebranden hun hoogtepunt aan het begin van de middag, 

als de zon zijn hoogste stand heeft bereikt en de luchtvochtigheid relatief laag is. Aan het 
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eind van de middag, als de temperatuur zakt en de luchtvochtigheid toeneemt, neemt de 

intensiteit van de vegetatiebranden af. Afhankelijk van de condities van de brandstof en 

de weersomstandigheden wordt zodoende een deel van de branden gedoofd gedurende 

de nacht. Brandhaarden die de nacht doorkomen laaien de volgende morgen weer op om 

aan een nieuwe cyclus te beginnen. Voor het inschatten van uitstoot in real-time worden 

observaties van het stralingsvermogen van de vegetatiebranden gebruikt, omdat deze 

zonder vertraging beschikbaar zijn. Satellieten die een polaire baan volgen zijn in staat 

om zelfs branden met een relatief laag stralingsvermogen te observeren omdat ze relatief 

dicht bij de aarde staan. Het nadeel van satellieten in een polaire baan is echter dat ze geen 

continue observaties maken, de Terra en Aqua satellieten bijvoorbeeld worden veel gebruikt 

voor het maken van uitstoot inschattingen en maken op een onbewolkte dag in de tropen 

samen vier observaties op vaste tijden. Als alternatief kan gebruik worden gemaakt van 

satellieten in een geostationaire baan, deze draaien precies mee met de aarde waardoor ze 

continu dezelfde schijf van de aarde waarnemen. Een dergelijke baan is aantrekkelijk omdat 

de complete dagelijkse gang van vegetatiebranden kan worden waargenomen, maar is 

alleen mogelijk op grotere afstand van de aarde, waardoor kleine maar veelvoorkomende 

vegetatiebranden met een relatief laag stralingsvermogen niet worden waargenomen. 

Tijdens deze studie zijn observaties van de geostationaire Meteosat satelliet gebruikt om de 

dagelijkse gang van branden beter te karakteriseren. Deze informatie is vervolgens gebruikt 

om betere uitstootinschattingen te maken gebaseerd op de Terra en Aqua observaties. 

De ruimtelijke verdeling van de dagelijkse gang van vegetatiebranden werd beïnvloed 

door zowel het klimaat als door de brandstofcondities. In vochtige savannes in de 

tropen was de dagelijkse gang meer uitgesproken, met een kortere duur overdag en 

een stralingsvermogen dat ‘s nachts beneden de detectielimiet van de satelliet viel. In 

aride gebieden waren de vegetatiebranden intenser, met langere duur overdag en een 

sterk gereduceerd maar waarneembaar stralingsvermogens gedurende de nacht. Het 

gebied waarover een individuele brand zich kon verspreiden bleek een goede indicator 

voor brandstofcondities: in gebieden waar branden zich over grote afstanden konden 

verspreiden was de dagelijkse gang vaak wijder en minder uitgesproken dan in gebieden 

die werden gedomineerd door kleine branden. Door de vaste tijden waarop de Terra en 

Aqua satellieten hun waarnemingen maakten werd een grote overschatting van de energie 

die vrijkomt tijdens vegetatiebranden gemaakt als de dagelijkse gang genegeerd werd. 

Tijdens deze studie konden de real-time emissie inschattingen gebaseerd op de Terra en 

Aqua satellieten worden verbeterd door gebruik te maken van de nieuwe kennis over de 

ruimtelijke verdeling van de dagelijkse gang van vegetatiebranden. 
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7.3 ALGEMENE CONCLUSIES EN VOORUITZICHTEN

Naast de uitkomst van de individuele studies, kunnen ook een aantal meer algemene 

conclusies getrokken worden. Tijdens de eerste twee studies werd bijvoorbeeld gebruik 

gemaakt van statistische modellen om te begrijpen wat de achterliggende drijvende kracht 

is voor veranderingen in vegetatiepatronen of vegetatiebranden. Zulke modellen bleken 

uitgesproken krachtig en met de alsmaar langer wordende tijdseries zullen dit soort modellen 

ook in de toekomst toepassing vinden. Vaak werden verschillende data sets gecombineerd 

om zodoende nieuwe gegevens te verkrijgen. De combinatie van een toename in de 

hoeveelheid water in vegetatie en afname in vegetatiegroenheid kon bijvoorbeeld worden 

toegeschreven aan een toename in houtige vegetatie ten koste van vegetatie in de 

kruidlaag. Op een vergelijkbare manier kon een inschatting van brandstofconsumptie van 

vegetatiebranden worden gemaakt door data van verbrand gebied en stralingvermogen te 

combineren. 

Een interessante wisselwerking tussen ruimte en tijd werd ook gevonden, namelijk dat 

ruimtelijke patronen gebruikt kunnen worden om nieuwe inzichten in de lange termijn 

dynamiek te verkrijgen, met andere woorden satellietdata kan ook gebruikt worden om 

iets te zeggen over de periode van voor het satelliet tijdperk. Tijdens de studie naar recente 

trends in vegetatiebranden in Afrika werd bijvoorbeeld gevonden dat ruimtelijke verdeling 

van akkerbouw in de savannes een duidelijk effect had op de hoeveelheid branden. Uit 

de tijdserie en het statistische model bleek vervolgens dat over het afgelopen decennium 

de toegenomen akkerbouw in noordelijk Afrika een duidelijke afname in branden tot 

gevolg heeft gehad. Kennis over de ruimtelijke verdeling van landbouw in het verleden 

zou dus kunnen worden gebruikt om de verandering in vegetatiebranden in het verleden 

te reconstrueren. Op een soortgelijke manier zouden patronen in vegetatiebranden in 

gebieden van Afrika waar traditionele leefwijzen nog wijdverspreid zijn, inzichten kunnen 

geven in de geschiedenis van vegetatiebranden in Afrika. Zo ook in Zuid Amerika en Australië, 

waar het gebruik van vegetatiebranden door de lokale bevolking drastisch veranderde na 

de westerse kolonisatie, met grote gevolgen voor de lokale ecosystemen.

Gedurende het komende decennium komt data beschikbaar van een nieuwe generatie 

satellieten. De instrumenten aan boord van deze satellieten leveren data van hogere kwaliteit, 

maar nieuwe technieken worden ook ontwikkeld. Het GEDI instrument (Global Ecosystem 

Dynamics Investigation lidar, verwacht in 2018) maakt bijvoorbeeld gebruik van laser om 

gedetailleerde 3-D beelden te maken van de mondiale bossen. Tot op heden was dit soort 

data slechts beschikbaar door veldcampagnes of remote sensing met behulp van vliegtuigen. 

Deze data kan bijvoorbeeld gecombineerd worden met de 30 meter resolutie Landsat 8 data 

(gelanceerd in 2013) om een inschatting te maken van de soortensamenstelling. Deze hoge 
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resolutie data sets zullen een steeds grotere rol gaan spelen binnen het wetenschappelijk 

onderzoek en zullen gedurende het komende decennium een grote bijdrage leveren 

aan ons begrip van het savanne-ecosysteem. Door deze nieuwe ontwikkelingen is de 

kloof tussen veldcampagnes en satellietbeelden steeds kleiner aan het worden en betere 

integratie van de twee disciplines is daarom noodzakelijk. Veldcampagnes die tot voor kort 

relatief op zichzelf stonden, kunnen nu gebruikt worden voor validatie en het kalibreren van 

satellietbeelden om zo uitspraken te doen over veel grotere gebieden. Dergelijke opschaling 

van studies is belangrijk, omdat juist op grotere schaal de effecten van klimaatverandering 

of sociaaleconomische ontwikkelingen duidelijker naar voren komen. 
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