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Abstract Thermal remote sensing is widely used in the detection, study, and

management of biomass burning occurring in open vegetation fires. Such fires

may be planned for land management purposes, may occur as a result of a malicious

or accidental ignition by humans, or may result from lightning or other natural

phenomena. Under suitable conditions, fires may spread rapidly and extensively,

affecting the land cover properties of large areas, and releasing a wide variety of

gases and particulates directly into Earth’s troposphere. On average, around 3.4 %

of the Earth’s terrestrially vegetated area burns annually in this way. Vegetation

fires inevitably involve high temperatures, so thermal remote sensing is well suited

to its identification and study. Here we review the theoretical basis of the key

approaches used to (1) detect actively burning fires; (2) characterize sub-pixel fires;

and (3) estimate fuel consumption and smoke emissions. We describe the types of
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airborne and spaceborne systems that deliver data for use with these active fire

thermal remote sensing methods, and provide some examples of how operational

fire management and fire research have both benefited from the resulting informa-

tion. We commence with a brief review of the significance and magnitude of

biomass burning, both within the ‘whole Earth’ system and in more regional

situations, aiming to highlight why thermal remote sensing has become so impor-

tant to the study and management of open vegetation burning.

18.1 Significance of Global Biomass Burning

Biomass burning is a key process shaping the Earth system, affecting the terrestrial

biosphere and atmosphere through the combustion of vegetation and organic soils,

and transferring the vast bulk of their chemical constituents directly into the

troposphere. Seiler and Crutzen (1980) are often credited with providing amongst

the earliest scientific insights into the large scale significance of biomass burning.

However, in fact in the late nineteenth century von Danckelman (1884) already

drew attention to its magnitude and potential consequence (Brönnimann et al.

2009).

Detailed information on the many ways in which biomass burning impacts

Earth’s land and atmospheric properties are included in reviews such as Jacobson

et al. (2000), Lavorel et al. (2007), Bowman et al.(2009), and Akagi et al. (2011). In

the context of this chapter, it is sufficient that the reader appreciates the huge areas

and very significant mass of vegetation and organic soil globally affected, in order

to comprehend the need for large-scale fire assessment and monitoring via thermal

remote sensing methods.

Amongst the most recent burned area estimates are those of Giglio et al. (2010),

who used datasets derived from (mainly optical) satellite remote sensing to estimate

that between 1997 and 2008 global vegetation fires cumulatively burned 44.5

million km2, equivalent to the combined area of North and South America, or

~40 % of Earth’s total terrestrially vegetated area. Some of this burning is planned

and under human control; other areas are ignited and left to spread largely unhin-

dered by man; still others are ignited accidentally or by natural phenomena (pri-

marily lightning). Much of the 44.5 million km2 burned includes re-burning in the

savannah ecosystems of Africa, South America, and Australia. Here, a combination

of large areas of highly combustible grassy fuels, annually reoccurring ‘fire

seasons’, a ready supply of human ignition sources, and rapid post-fire vegetation

recovery, combine to support mean fire return intervals that can be as short as

1–3 years. Indeed, such burning is in part responsible for maintaining the structure

and function of savannah ecosystems, which in total constitute ~20 % of Earth’s

land surface area (Bond and van Wilgen 1996).

The maps of Giglio et al. (2010) indicate that, on average, ~3.4 % of the Earth’s

terrestrially vegetated area burns annually, with resulting large scale effects on

surface properties and land cover, landscape heterogeneity, and ecology (e.g.

Turner et al. 1994; De Bano et al. 1998; Wallace 2004; Bond and Keeley 2005;
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Pausas and Keeley 2009). Clearly, the importance of a wide-scale disturbance phe-

nomena like biomass burning is highly significant within the Earth system, This

includes impacts from large-scale slash-and-burn practices and severe forest fires,

particularly in disturbed areas, that contribute significantly to tropical deforestation

and forest degradation (Bond et al. 2005; Cochrane 2003; Wooster et al. 2012).

In addition to altering land surface dynamics, vegetation fires greatly affect

Earth’s atmospheric composition. They release an amount of carbon to the atmo-

sphere equivalent to perhaps around one quarter, possibly more, of global annual

industrial emissions (van der Werf et al. 2010); mostly in the form of CO2.

Furthermore, van der Werf et al. (2009) demonstrate that deforestation and tropical

peatland fire emissions (which unlike savannah emissions are not rapidly

re-sequestered) equate to the equivalent of perhaps 15 � 5 % of industrial CO2

emissions. In addition to CO2, biomass burning releases a vast range of other trace

gas and particulate species involved in important atmospheric processes (e.g.

Andreae and Merlet 2001; Crutzen and Andreae 1990; Kaufman et al. 2002).

Studies such as Page et al. (2002), van der Werf et al. (2004) and Wooster et al.

(2012) indicate that land clearance activities, coupled with periods of extreme ‘fire

weather’ such as El Niño related drought, can result in massive increases in the

number and size of regional vegetation fires, which sometimes have globally detect-

able effects on atmospheric composition through the release of these compounds (e.g.

Simmonds et al. 2005). At the local to regional scale, the potential loss of property and

lives during large fire events, and the impacts onnational firemanagement budgets, can

be considerable (Lynch2004), andfiresmay result inmajor smoke andhaze events that

can greatly impact air quality and human health (Kunii et al. 2002; Naeher et al. 2007).

Since vegetation fires occur over wide areas, are sporadic and rapidly changing

in nature, are international in scope, and often occur in isolated regions, remote

sensing has become a key tool in their identification and study. Thermal remote

sensing is used widely to map fire extents, examine fire regimes, characterize fire

impacts, and estimate and characterize the chemical composition of fire emissions

(e.g. McMillan et al. 2003; Coheur et al. 2009; Wooster et al. 2011). The focus of

this chapter is primarily to explore the background and techniques related to the

thermal remote sensing of the actively burning fires themselves. Hence, we review

the theory to both fire detection and fire characterization from airborne and

spaceborne platforms, and their use in support of both research and operational

applications.

18.2 Thermal Remote Sensing of Vegetation Combustion

Vegetation combustion is a complex process that involves simultaneous coupled

heat and mass transfer, with the chemical reactions and fluid flows made more

complex by the nature and non-uniformity of ‘natural’ fuels (Jenkins et al. 1998).

Vegetation combustion involves significant energy releases, including as radiant

energy, and hence is able to be targeted using thermal remote sensing methods.
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Biomass consists mainly of cellulose, hemi-cellulose, and lignin produced

through the process of photosynthesis, along with water, small amounts of nitrogen,

sulphur, and some inorganic compounds that remain as ash after a fire (Jenkins et al.

1998). The polymeric organic compounds that comprise plant material can be

generally described by the chemical formula C6H9O4 (Byram 1959), and the nature

of the chemical reaction involved in the complete air-based combustion of vegeta-

tion fuel of moisture content M% by dry weight can be represented by:

4C6H9O4 þ 25O2 þ 0:322M H2Oþ 94:0N2½ �
! 24CO2 þ 18H2Oþ 0:322M H2Oþ 94:0N2½ � þ 11:6� 109 J

(18.1)

See Byram (1959) andWard (2001) for a complete description of Eq. (18.1), where

the moisture in the fuel and nitrogen in the air are shown as bracketed quantities since

they do not take part in the combustion reaction. The same equation also describes

decomposition, amuch slower formof oxidation; both combustion and decomposition

are essentially the reverse of photosynthesis. By dry weight, vegetation fuels are

approximately 50 % carbon, 44 % oxygen and 5 % hydrogen (Ward 2001), and

when burned completely approximately half the dry mass is converted to CO2 and

half to water in the manner described in Eq. (18.1). The ‘heat of combustion’ released

by this energetic reaction equates to ~20.1 MJ per kilogram of dry fuel burned, and

varies by less than 10 % between the woody and herbaceous fuel types occurring in

most forests and savannahs (Stocks et al. 1997; Trollope 2002). Some of the released

energy is used as the latent heat of vaporisation for the water contained in the fuel and

formed by the reaction, so the actual ‘heat yield’ (or ‘low heat of combustion’) from

vegetation fires burning under natural conditions is somewhat lowered (Byram 1959;

Pyne 1984). Mean values are often ~18 MJ kg�1 of dry fuel burned (e.g. Cheney and

Sullivan 2008), and depend on factors such as the exact fuel moisture content and

combustion completeness (Byram 1959; Alexander 1982; Dietenberger 2002).

Incomplete combustion results in the production of significant amounts of additional

compounds beyond carbon dioxide and water vapor, including carbon monoxide,

hydrocarbons, and black carbon particles (each of which are some of the major

constituents of ‘smoke’). The proportion of a fire’s heat yield released as radiation

varies with fire characteristics and is still a subject of active research (e.g. Freeborn

et al. 2008). Byram (1959) estimated around 10–20 % of a fire’s energy is radiated

away from the combustion zone in the form of electromagnetic radiation of different

wavelengths, which is then available to be measured by remote sensing devices.

Figure 18.1 shows some example data of a forest fire targeted by an airborne imaging

spectrometer acquisition that collected multispectral visible (VIS), near infrared

(NIR) and shortwave infrared (SWIR) imagery and spectra.

In Fig. 18.1, the majority of the visible (VIS) wavelength radiation measured at

point A in the inset is actually emitted radiation from the burning fuel, and its strong

increase with increasing wavelength can be seen in Fig. 18.1c when compared to

point B. At point B, the measurement of the fires emitted VIS wavelength radiation

is strongly hindered by the overlying smoke. Our eyes ‘see’ only this VIS wave-

length radiation emitted by such burning vegetation; but more of the energy is
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actually emitted at longer infrared (IR) wavelengths. The majority of this emitted

energy is ‘blackbody’ type radiation emitted in accordance with Planck’s radiation

law, and flames have very high emissivity’s at flame depths greater than a few

meters and so are strong IR sources (e.g. Àgueda et al. 2010; Pastor et al. 2002). The

spectra of point A included in Fig. 18.1c demonstrates the characteristic shape of a

Planck curve, though the curve is clearly peaking at an IR wavelength somewhat

beyond the maximum wavelength shown in the plot. As Fig. 18.1b shows, the

smoke also becomes increasingly transparent at such longer (IR) wavelengths, and

the sensors SWIR wavebands easily identify both areas of emitted SWIR radiation

from the burning fuel and the change in reflected solar SWIR radiation resulting

from areas of already burned vegetation, even through the smoke.

Fig. 18.1 Forest fire remote sensing data from the HYPER–SIM.GA airborne spectrometer

imagery described in Amici et al. (2011). (a) True colour composite along with a magnification

better highlighting an area of emitted visible wavelength radiation resulting from flaming combus-

tion. (b) False color composite of the same area derived using shortwave infrared wavebands,

illustrating the ability to penetrate the smoke at these wavelengths and highlight both actively

burning and already burned areas. (c) Spectra of location A (flaming fire; relatively smoke-free) and

B (smoke-covered fire) identified in the magnified inset of (a). (d) The ‘Advanced Potassium Band

Difference (AKBD)’ metric of Amici et al. (2011) which uses NIR spectral measurements inside

and outside of the potassium absorption line region noted in (c) to identify flaming areas. The image

is shown at the same scale and covering the same areas as (a). The location of flaming areas, even

those burning underneath smoke, are clearly discernible using this simple multispectral technique
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Superimposed on the Planckian thermal emission shown in Fig. 18.1c is near

infrared (NIR) line emission from thermally excited trace elements within the

burning vegetation, in this case potassium (K) ~0.76–0.77 μm, and sodium (Na)

at 0.59 μm (Amici et al. 2011). This signature can also be used to identify specific

areas of flaming activity through smoke (Fig. 18.1d), since the production of this

line emission requires the high temperatures specific to flaming rather than smol-

dering combustion. Additional band radiation is also superimposed on the

Planckian thermal signatures, due to the H2O, CO2 and other hot gases produced

during combustion. This occurs within particular absorption and emission spectral

regions, sometimes at wavelengths outside of the main ‘atmospheric window’

regions normally used to image the Earth. See Boulet et al. (2011) for a detailed

discussion of such gaseous thermal emission and absorption features. Some active

fire remote sensing applications make use of these types of line emission and

gaseous band emission features, but most rely on the detection of Planckian thermal

emission signatures, most commonly in the middle IR atmospheric window (MIR;

3–5 μm) where fire IR emissions generally peak and where solar radiation signal is

lower than in the SWIR (Fig. 18.2). Observations in the longwave IR atmospheric

window (LWIR; 8–14 μm) are also commonly used to enhance fire detection

Fig. 18.2 Modeled thermal emission from a 1000, 600, and 300 K object, representing a flame, a

smoldering fire, and the ambient background respectively. Calculations were made using Planck’s

Law assuming blackbody behavior. The shift of the peak wavelength of thermal emission as the

emitted temperature increases is described by Wien’s Displacement Law. Note the logarithmic

scale of the y-axis, and so the large increase in thermally emitted spectral radiance at all

wavelengths as temperature increases from ambient to flaming conditions. Also not that increases

in the middle infrared (MIR) spectral region (3–5 μm atmospheric window) are of a much greater

magnitude than those in the long-wave infrared (LWIR) spectral region (8–14 μm atmospheric

window)
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methods, and can be made through the full depth of Earth’s atmosphere, even

through significant smoke (Fig. 18.3).

Of course, in contrast to the passive solar reflectance observations that are

typically used to detect burn ‘scars’, the thermal radiation emitted by fires must

(by necessity) be measured whilst combustion is actually occurring. Hence, the

technique is often referred to as ‘active fire’ remote sensing. Taking 600 and

1000 K as representative temperatures of smoldering and flaming combustion,

respectively (Kaufman et al. 1998a; Sullivan et al. 2003; Dennison et al. 2006),

Fig. 18.2 indicates that in comparison to the radiant energy emitted from the

ambient temperature background (~300 K), (i) the rate of thermal radiant energy

release from a vegetation fire is much greater, and (ii) the peak thermal radiant

energy release is at much shorter wavelengths. These two physical principles,

which stem directly from Planck’s Law and Wien’s Displacement Law, serve as

the basis for the thermal remote sensing of active fires.

The fact that actively burning fires emit IR so strongly, particularly at MIR

wavelengths as demonstrated in Figs. 18.2 and 18.3, means that their identification,

even from Earth orbit, can be based on relatively simple detection algorithms (see

Sect. 18.3). It also means that (i) the output of such detection algorithms (such as

‘hotspot’ counts and fire location maps) can be rapidly delivered to users, and

(ii) fires that cover only a very small fraction of the pixel area can in theory still be

detected since they can significantly increase the MIR ‘pixel integrated’ signal

(Fig. 18.3; Robinson 1991; Giglio and Justice 2003). Figure 18.4 demonstrates this

Fig. 18.3 Nighttime thermal imagery subset collected by the AVHRR sensor over southern

Borneo on 24th August 1991 (coastline vector in black). Land clearance fires, large scale forest

and peatland degradation and an El Niño related drought conspired at this time to allow large scale

fires to develop across the region. AVHRR collects data in both the (a) MIR [3.6–3.9 μm
waveband] and (b) LWIR atmospheric windows [in this case the 10.3–11.3 μm waveband].

Clearly at the 1.1 km nadir spatial resolution of AVHRR, the fires are not filling pixels, but rather

are highly subpixel events as modeled in Fig. 18.4. The original spectral radiance measures, of the

type simulated in Fig. 18.4, have here been converted to brightness temperature measures via the

inverse Planck function, and a linear contrast stretch applied for display purposes. The fires affect

the MIR pixel integrated brightness temperatures much more than the LWIR brightness

temperatures. The image subset shown in (c), calculated as the difference between the MIR and

LWIR brightness temperatures, therefore highlights fire affected pixels particularly well
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principle further by simulating the spectral signature of a series of different ground

targets observed from Earth orbit using the MODTRAN-5 (MODerate resolution

atmospheric TRANsmission) radiative transfer code, assuming a US 1976 Standard

atmosphere and rural aerosol. Whilst the savannah pixel containing a 0.5 % cover-

age of a 1000 K fire shows a slightly elevated signal in the LWIR (8–14 μm)

compared to the non-fire savannah, it actually shows a lower signal than the 320 K

solar heated bare soil. The fire pixel is, however, very well separated from all the

ambient pixels in the MIR (3–5 μm), where it has a spectral radiance signal ~20�
higher than the non-fire savannah pixel. However, as also illustrated, sun glints can

also generate high spectral radiances in the MIR, and relatively lower spectral

radiances in the LWIR, so can potentially be confused with pixels containing

sub-pixel sized fires. However, sunglint pixels can be discriminated from active

fire pixels using measurements in the VIS-to-NIR spectral region (0.4–1.2 μm),

since highly sub-pixel fires emit insignificantly here (see Fig. 18.4).

The informative, rapid and directly useable capability to detect even very highly

sub-pixel sized areas of burning vegetation has led to the widespread utilisation of

active fire remote sensing over the last few decades, including from spaceborne

platforms and at scales ranging from local and regional (e.g. Figs. 18.1 and 18.3) to

Fig. 18.4 Top-of-atmosphere spectral radiance simulated at four different target pixels (note

logarithmic x and y axes) using the MODTRAN 5 radiative transfer code. Shown are simulations

for a savannah surface at 300 K; the same surface but with a 1000 K fire covering 0.5 % of the

ground field-of-view (FOV), specularly reflected sunglint from a 300 K surface; and solar-heated

(320 K) bare soil. The pixel containing the sub-pixel fire shows a signal highly elevated in the MIR

(3–5 μm) spectral region compared to all other targets, equivalent to a brightness temperature of

around 400 K (See Wooster et al. 2012 for more detail)
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continental and global (e.g. Figs. 18.5 and 18.6). As just one example, the Fire

Information for Resource Management System archives and distributes MODIS

(Moderate Resolution Imaging Spectroradiometer) Active Fire detections and

associated fire maps in near real time to many worldwide users (URL1; Davies

et al. 2009). Furthermore, thermal remote sensing techniques can move beyond fire

Fig. 18.5 Active fire detections made across Africa in 12 months (February 2004 to January 2005)

using data from the geostationary Meteosat SEVIRI instrument. Detections are coloured by day of

detection to define the different fire seasons north and south of the equator. Multiple fires in the

same grid cell are given the date of the last detected fire event. Fire detections were made using the

algorithm of Roberts and Wooster (2008), an adaptation of which is used to generate the near real-

time Meteosat FRP (fire radiative power) Pixel products available from the EUMETSAT Land

Satellite Application Facility (URL2). Inset shows African land cover aggregated into four broad

classes, as derived from the Global Land Cover 2000 dataset (Mayaux et al. 2004) (Figure adapted

from Roberts et al. 2009)
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detection to offer more quantitative descriptions of fire’s radiant energy release

(Kaufman et al. 1998a; Wooster et al. 2003). Equation (18.1) indicates that the

radiant energy released by a fire relates linearly to the amount of material combusted,

and the amount of gas and aerosol emissions (‘smoke’) produced, pointing the way to

the estimation of these quantities via measurement of fire-emitted electromagnetic

radiation (Kaufman et al. 1998a;Wooster et al. 2005; Freeborn et al. 2008; Ichoku and

Kaufman 2005; Kaiser et al. 2012; see Sect. 18.7).

Though very detailed observations of fires can be made through smoke, meteo-

rological cloud cover remains a problem. Fortunately, the ‘fire season’ of most fire-

affected regions generally follows dominant climatic patterns, and times of peak

fire usually coincide with dryer periods with lower cloud cover (Fig. 18.5).

Furthermore, in many ecosystems the majority of the area burned in wildfires,

and thus the majority of the smoke emitted, occurs in the largest few percent of fire

events. Therefore, many thermal remote sensing applications need not aim to detect

every single fire, but can rather focus on the more significant, larger and/or longer-

lived events, which are generally the easiest to detect (Schroeder et al. 2008a).

Figure 18.6 illustrates the global fire situation for a 10 day period based on data

from the polar-orbiting MODIS sensors.

Fig. 18.6 Global active fire map based on the accumulated locations of fires detected by the

MODIS instrument on board the Terra and Aqua satellites. Detections were made over a 10-day

period (16–25 December 2012) using the algorithm of Giglio et al. (2003). Each red/yellow dot
indicates a location where MODIS detected at least one fire during the compositing period. Colour

ranges from red (low fire count) to yellow (high fire count). Fire map created by Jacques

Descloitres. Fire detection algorithm developed by Louis Giglio. Blue Marble background

image created by Reto Stokli. The latest near-real time image maps can be obtained via the

NASA LANCE (Land and Atmosphere Near-real-time Capability for Earth Observing) system

(URL3) and links therein, whilst regularly updated global active fire location data is available from

MODIS via the FIRMS (Fire Information for Resource Management System) (URL1)
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18.3 Methods of Active Fire Detection from Space

18.3.1 Algorithm Basics

Flaming fires emit very significantly in the shortwave infrared (SWIR) atmospheric

window (1.6–2.5 μm; Figs. 18.1 and 18.2). However, as already stated, strong

daytime solar reflections at these wavelengths, and the fact that many more fires

burn by day than by night (Fig. 18.7), has steered the development of active fire

detection towards use of the middle infrared (MIR) atmospheric window (3–5 μm).

Here, levels of solar reflected radiation are lower than in the SWIR, while thermal

energy emission rates from fires are very much higher than from the ambient

temperature background, such that pixels containing even highly sub-pixel active

fires often show up clearly in MIR imagery (Figs. 18.3 and 18.4). As a result, cooler,

smoldering fires that might be almost impossible to detect in the SWIR region can

still be quite clear in the MIR, and flaming fires generally show up extremely well.

Many works have outlined the basis by which such ‘fire pixels’ can be automati-

cally discriminated (e.g. Robinson 1991). Since at MIR wavelengths the spectral

radiance (W m�2 sr�1 μm�1) emitted from flaming vegetation can be up to four

orders of magnitude higher than from the surrounding ambient background

(Fig. 18.2), areas of combustion occupying even a very small fraction of the pixel

area (e.g. 0.1–1.0 %) can result in significant increases in the pixel-integrated signal

(see example in Fig. 18.4). Detection of these types of elevated MIR channel signals

is therefore the basis of most active fire detection algorithms (Robinson 1991), and

a review can be found in Li et al. (2002).

By day, solar-heating of bare ground and/or specularly reflected sunlight can

increase MIR channel signals in non-fire pixels, potentially resulting in false

positives if fire pixel detection is based on thresholding of the MIR channel pixel

signals alone (Zhukov et al. 2006). Therefore, in addition to simple MIR channel

signal thresholding, a series of additional spectral and/or spatial tests are generally

employed to best discriminate ‘true’ fire from false alarms. Rather than identifying

fires based on the pixel-integrated spectral radiances, such as are modeled in

Fig. 18.4, most active fire detection algorithms in fact work on brightness tempera-

ture (BT) measures, which are easily calculated from the spectral radiances using

the inverse Planck function (Wooster et al. 1995). Areas of solar heated vegetation,

bare soil, and rock tend to exhibit quite similar brightness temperatures in the MIR

and LWIR atmospheric windows (i.e. BTMIR ffi BTLWIR), but pixels containing

sub-pixel sized actively burning fires can be discriminated these since the latter

typically show BTMIR � BTLWIR as was demonstrated in Fig. 18.3. Therefore,

thresholds based on the brightness temperature difference measured between the

MIR and LWIR channels is a common feature of active fire remote sensing

algorithms. Although such elevated BT differences can also occur in pixels affected

by sunglint (either from clouds or water bodies), it is possible to exclude such

pixels since they typically show increased signals in the visible wavelength region,

while active fire pixels usually do not (Fig. 18.4). Based on these basic principles,
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multispectral active fire detection algorithms enable the identification of even

highly sub-pixel actively burning fires, while mostly avoiding false alarms (e.g.

Giglio et al. 2003; Zhukov et al. 2006; Roberts and Wooster 2008).

Early active fire detection algorithms were designed for data collected in a

particular geographic region and/or season, often relying on subjectively fixed

detection thresholds (e.g. Flannigan and Vonder Haar 1986). Most were intended

for use with data from polar orbiting satellite instruments such as the Advanced

Very High Resolution Radiometer (AVHRR), which has a spatial resolution of

1.1 km at nadir or lower if the sub-sampled GAC version of the data are used (e.g.

Wooster and Strub 2002). For example, Baum and Trepte (1999) classed AVHRR

pixels as containing actively burning fires if they passed the following four simple

tests:

BTMIR > 314K (18.2)

BTMIR � BTLWIR > 10K (18.3)

BTLWIRðclear skyÞ � BTLWIR < 6K (18.4)

Fig. 18.7 The diurnal fire cycle in northern hemisphere Africa, based on the number of active fire

detections made using data from the geostationary Meteosat SEVIRI imaging radiometer,

examples of which were shown in Fig. 18.5. The fire pixel detection statistics are here shown

binned into fire radiative power (FRP) bins covering 30 MW intervals (shown in various grey
shades). FRP is a measure of the rate of release of thermal radiative energy by all fires burning

within the pixel (see Sect. 18.6 of main text). Numbers of fire pixels decrease as FRP increases,

which is also demonstrated in the frequency-density plots shown later in Fig. 18.14. Fire pixels at

all FRP magnitudes are maximal in the early to late afternoon, which is the peak of the diurnal fire

cycle in most fire affected regions
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BTLWIR < 310K (18.5)

Fixed-threshold approaches such as this can work well for individual scenes or

time periods, but often provide poor performance during multi-regional and/or

multi-seasonal analyses, and are not really appropriate for use in studies where

the sensor used may change over time. In such cases, issues such as spatio-temporal

changes in the ambient background thermal conditions make the use of fixed

thresholds problematic (Giglio et al. 1999). This realization led to the development

of so-called ‘contextual’ active fire detection approaches (Justice et al. 1996; Flasse

and Ceccato 1996; Kaufman et al. 1998a). These approaches generally have two

pathways by which pixels containing actively burning fires can be identified. The

first ‘fixed threshold’ pathway may use a single algorithm stage, and is designed to

detect pixels unambiguously containing large and/or intensely burning fires. The

stage generally consists of thresholding tests akin to those in Eqs. (18.2), (18.3),

(18.4), and (18.5), with fixed thresholds set sufficiently high such that in theory only

pixels certain to contain fires pass the tests. The second ‘contextual’ pathway

typically consists of two or more stages, whereby potential fire pixels (PFPs) are

first identified using a fixed threshold approach based on relatively low thresholds

(thus selecting many non-fire pixels as well as true fires), and then testing each PFP

against the statistical properties of its immediately surrounding ‘ambient back-

ground’ pixels in order to confirm whether or not it is a ‘true’ fire pixel. The entire

algorithm, incorporating the ‘two pathway’ approach, is generally termed a ‘con-

textual active fire detection algorithm’.

Most current methods for identifying actively burning fires include some form of

contextual approach, including the algorithms used to generate the Geostationary

Operational Environmental Satellite (GEOS) Advanced Biomass Burning Algo-

rithm (ABBA) fire products (Prins and Menzel 1992), the MODIS Active Fire and

Thermal Anomaly products (Giglio et al. 2003), the BIRD Hotspot Recognition

Sensor (HSRS) fire products (Zhukov et al. 2006) and the Meteosat SEVIRI fire

products (Roberts and Wooster 2008). Variants of the approach exist in each

algorithm, for example the algorithms developed for use with BIRD HSRS and

Sentinel-3 Sea and Land Surface Temperature Radiometer (SLSTR) data first

divide each scene into a set of sub-scene windows, from which obvious non-fire

pixels are masked out. A set of ‘background statistics’ calculated from these

non-fire pixels are then used to test whether the remaining pixels within the window

are likely to contain active fires (Zhukov et al. 2006; Wooster et al. 2012).

Table 18.1 lists the main polar orbiting Earth Observation sensors currently used

for active fire detection, including their basic spectral, spatial, and temporal

specifications, and some suggestions for references where further information can

be obtained. While the Defense Meteorological Satellite Program (DMSP) Opera-

tional Linescan System (OLS) does not have a dedicated MIR or LWIR spectral

band for active fire detection, the low-light visible wavelength imaging capability

of this sensor has long been used for active fire detection (Elvidge et al. 1996).

Apart from the DMSP OLS, and the Terra Advanced Spaceborne Thermal
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Emission and Reflection Radiometer (ASTER) sensor, whose active fire detection

capability is based on analysis of 30 m spatial resolution SWIR data, all other

sensors listed primarily employ MIR and LWIR measurements in the active fire

detection process. Furthermore, in addition to these polar orbiting instruments,

there exists a strong capability to detect fires from geostationary sensors, with

improved temporal resolution compared to polar-orbiting systems. Examples here

include fire products created from the GOES East and West imagers (Prins and

Menzel (1992, 1998, URL4), Xu et al. (2011; URL5) and from Meteosat Second

Generation (MSG) (Roberts and Wooster 2008; URL2). Examples of data from the

latter were shown in Fig. 18.5.

18.3.2 Further Active Fire Detection Algorithm Adaptations

In addition to the multispectral tests discussed above, several additional processing

methods can be used to potentially improve active fire detection accuracy, and/or

increase processing speed. For example, the aforementioned Sentinel-3 SLSTR

algorithm uses the ‘spatial filter’ edge detection test first introduced for use with

geostationary Earth observation imagery by Roberts and Wooster (2008) and then

by Xu et al. (2011). The aim is to enable use of very liberal thresholds during Stage

1 of the contextual detection pathway, maximising the ability to detect small or

weakly burning fires, whilst minimizing the number of non-fire PFPs passed to the

‘contextual’ Stage 2 due to these being relatively computationally demanding (and

thus time-consuming). In order to reduce errors of omission and commission, the

unique high frequency, fixed viewing geometry afforded by geostationary

platforms enables further inclusion of multi-temporal tests that make use of imag-

ery taken at different times of day. Figures 18.5 and 18.7 show examples of the

broad spatial coverage, high temporal resolution data that can be gathered from use

of geostationary fire detection methods, in this case applied to Meteosat SEVIRI

(Roberts et al. 2009). The Advanced Biomass Burning Algorithm (ABBA) devel-

oped for use with the GOES imager (Prins and Menzel 1992) makes use of high

temporal information to filter out active fire pixels detected only once at the same

pixel location in any 12 h period, assuming most of these to be false alarms (Prins

et al. 1998). An alternative multi-temporal approach, also developed for GOES and

described by Xu et al. (2011), does not filter out such ‘single pixel detects’, but

instead separates fires from false alarms by exploiting fluctuations in a pixel’s MIR

radiometric signal as a new fire ignites, intensifies, and ultimately extinguishes or

propagates into a neighboring pixel.

Since meteorological clouds are generally quite opaque at IR wavelengths, and

very thick smoke plumes can also be difficult to sense through, the utility of any

active fire detection strategy can be thwarted under such conditions. Therefore, in

an active fire remote sensing product, a pixel may be denoted as a ‘non-fire pixel’

due to the presence of cloud cover, rather than as the result of active fire detection

testing. For this reason, a number of satellite-based active fire products also include
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cloudiness metrics for each pixel, sometimes alongside other information such as a

land/water classification and a mask of areas identified as sun glint. The MODIS

Active Fire and Thermal Anomaly (MOD14/MYD14) products listed in Table 18.1

include this type of information (Giglio et al. 2003), as do the Meteosat SEVIRI

FRP-PIXEL products available from the EUMETSAT (European Organisation for

the Exploitation of Meteorological Satellites) Land Satellite Application Facility

(URL2). An example of the latter is shown in Fig. 18.8, and some studies use this

type of information to normalize active fire pixel counts for the proportion of the

land surface actually viewed, for example to better compare active fire statistics

across space and time (e.g. Di Bella et al. 2006) or to estimate total fire activity from

the viewable fraction (e.g. Kaiser et al. 2012).

18.4 Airborne Active Fire Detection

Whilst the active fire detection capability from the low Earth orbit systems listed in

Table 18.1 offers a high degree of utility and data richness, and the geostationary

systems can offer an additional coarser spatial resolution but much higher temporal

resolution view, satellite-based systems are still restricted in what they can provide

to help analyze the type of fine scale, rapid variations in fire behavior associated

with variable topography, fuel properties, and weather. Furthermore, the real or

Fig. 18.8 Fire mask for North Africa down to the equator, created from Meteosat SEVIRI

imagery. The mask delineates pixels which are processed by the active fire detection algorithm,

and which are not (due for example to cloud cover, or to their being classified as water bodies).

Other information includes which pixels are potentially contaminated by sun glint, and which are

confirmed active fires. This mask forms the ‘Quality Flag’ component of the ‘FRP Pixel product’

obtainable in near real-time from the EUMETSAT Land Satellite Application Facility (URL2)
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perceived delays involved in the obtaining of satellite active fire products are

often cited by field personnel involved in fire management as reasons against

incorporating such products into operational and strategic fire management plans

(Trigg and Roy 2007). This is despite the actually quite rapid delivery of EO

products such as those supported by, for example, FIRMS (URL1; Davies et al.

2009), GOES ABBA (URL4), and the EUMETSAT Land Satellite Application

Facility (URL2). Nevertheless, the fact that airborne systems can operate near

continuously as needed (albeit at a logistical and financial cost), and can quite

easily provide meter or even sub-meter spatial resolution imagery, at repetition

frequencies as high as every few minutes or even better, means they are highly

capable of supporting fire management operations. Table 18.2 details some of the

commonly used airborne remote sensing systems related to active fire observations,

and although issues of geo-referencing and calibration typically become more

significant hurdles than with satellite data products, there are airborne systems

that can directly deliver quantitatively useful datasets rapidly to users on the

ground. Airborne thermal remote sensing therefore provides a very useful tool

with regard to active fires, and its exploitation has followed two main paths. Firstly

an ‘operational’ agenda for direct use in fire suppression and post-fire rehabilitation

operations, and secondly a research agenda related in some cases to future satellite

instrument or algorithm development.

18.4.1 Operational Airborne Thermal Fire Mapping

Thermal imaging systems have had a long and widespread use in patrol aircraft,

aiding spotters looking for new forest fires. Many airborne IR systems are also used

Table 18.2 Example specifications of some of the key airborne IR sensors commonly used for

active fire detection and study

Sensor Bands Spectral coverage IFOV FOV

AVIRIS 224 VIS-NIR-SWIR 1 mrad 34�

Phoenix 2 MIR-LWIR 120�

ABAS 3 NIR-MIR-LWIR 0.3 mrad 80�

0.7 mrad 19�

AIRDAS 4 VIS-SWIR 2.6 mrad 108�

MIR-LWIR

AMS 12 VIS-NIR-SWIR 1.3 or 43�

MIR-LWIR 2.5 mrad or

86�

FireMapper 2 LWIR 1 mrad 35�

MASTER 50 VIS-SWIR 2.5 mrad 86�

MIR-LWIR

MAS (now enhanced MAS) 50 VIS-SWIR 2.5 mrad 86�

MIR-LWIR
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as decision support tools. Though costly to acquire and deploy operationally, the

use of IR imaging in this way can help minimize ineffective fire suppression

strategies. This is particularly the case during prolonged responses to large or

contentious wildfires (often termed ‘project fires’, ‘siege campaigns’, or in the

United States as ‘Type 1’ fires), where the Incident Commander is responsible

not only for effecting fire suppression, but also for defending human, economic and

cultural values. This task can require a great deal of information to affect success-

fully, including on both current and forecast fire behavior. Such ‘project fires’ often

take place in situations involving severe fire behavior and significant risk to human,

economic and/or cultural values, resulting in suppression costs often exceeding US

$1 million per day.

During a large fire event, the suppression tactics employed depend strongly on

knowledge of a fire’s current behavior. However, thick smoke columns, heteroge-

neous fuel structures, and dense canopy cover often conspire to make assessment of

the fire situation difficult with the human eye, even from an airborne vantage point.

Tasks such as differentiating the intensity of surface fuel combustion within a single

fire perimeter, or locating spot fires outside of the perimeter, can become very

difficult. In such cases, the enhanced view of the fire provided by airborne thermal

imaging, which as mentioned above can penetrate smoke, and to some extent also

vegetation cover, allows for a much better assessment of current fire behavior (see

example in Fig. 19.9). This capability helps Incident Commanders evaluate the

success of ongoing suppression efforts, allowing them to make better informed

tactical decisions regarding the distribution of manpower and other resources. The

ability to provide clearer views of the fire situation than can be gained with unaided

eyesight or optical wavelength imaging is also the operational driver for the instal-

lation of thermal imagers onboard fixed wing tanker aircraft. This allows pilots to

acquire suitable targets for water or flame retardant drops, even through smoke

columns. In the later stages of fire suppression, ground personnel are also sometimes

equipped with handheld thermal imagers, particularly to help locate areas of smol-

dering combustion below layers of ash, and thus ensure that more thorough suppres-

sion is conducted and new fires cannot start from still smoldering areas of fuel.

Much of the early development work regarding the thermal imaging of fires from

aircraft was conducted by the United States Forest Service (USFS). USFS projects

like FIRESCAN had been using thermal sensors for ‘wildland’ fire detection,

monitoring and decision support since the early 1960s (Warren and Celarier

1991; Lentile et al. 2006). According to Warren (1992), the focus was on airborne

systems even in the early days, with little or no use made of the type of ‘fixed area’

thermal scanners used in several European countries at the time. Such tower

mounted systems usually included both a thermal and optical imaging capability,

which were exploited by an operator to perform scans of all or part of the full 360�

view around the installation. Thermal imaging from aircraft allowed larger areas to

be rapidly surveyed, and early USFS studies were based on IR line scanners, often

modified militarily equipment operating in both the longwave IR (8–14 μm using a

HgGe detector) and middle IR (3–5 μm using an InSb detector) spectral regions.

These systems were considered to deliver data with acceptable accuracy at the time,
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could image in excess of 2,500 km2 h�1, and were able to detect very small

fires. Particularly so when the dual waveband systems were used, due to the

aforementioned increased hotspot sensitivity and algorithm performance when

exploiting MIR data (Sect. 18.3; Hirsch and Madden 1969; Warren and Celarier

1991). When ‘handheld’ ‘Forward Looking Infrared’ (FLIR) thermal imaging

systems first became commercially available in the late 1970s and 1980s, they

also became part of the airborne fire detection arsenal. The small size of FLIR

systems, and (unlike line scanners) their lack of a requirement for aircraft forward

motion to build a 2D image, meant they were particularly well suited to deployment

on helicopters, which due to their ability to hover, takeoff and land in small spaces,

and carry a variety of payloads, are widely used in fire management and suppression

operations (Warren and Celarier 1991). The helicopter-mounted FLIR imagers

often provided much more detail than line scanning systems, albeit generally over

smaller areas, and due to their high spatial resolution it was not particularly

necessary to have a system that operated at MIR wavelengths since in many cases

pixels were completely filled by fire.

From 1985, the US Forest Service ‘Fire Mouse Trap’ (Flying Infrared Enhanced

Maneuverable Operational User Simple Electronic Tactical Reconnaissance and

Patrol) system attempted to exploit FLIR technology alongside LORAN navigation

to deliver a semi-near real time forest fire mapping capability from helicopters and

small fixed wing aircraft (Dipert and Warren 1988; Warren and Celarier 1991).

Around the same time, the United States National Aeronautics and Space

Administration’s Jet Propulsion Laboratory (NASA-JPL) developed an airborne

fire mapping program called the Fire Logistics Airborne Mapping Equipment

(FLAME) project. The FLAME instrument was a dual-band (MIR and LWIR)

IR-scanner system, apparently able to detect 1 m2 fires from 3.5 km altitude

(Nichols et al. 1989). The subsequent ‘Firefly’ system exploited same two

wavelengths, and became the first digital fire detection and monitoring system

used by the United States National Interagency Fire Center, with data processed

onboard aircraft and transmitted by way of satellite to the Incident Command Post

(Warren and Celarier 1991; USFS 2012). FLAME was further upgraded in 1998

and repackaged as the Phoenix system, which also provided digital imagery output.

More recently, the US Wildfire Airborne Sensor Program (WASP) has been

developed using three commercially available FLIR-style cameras operating at

1.3, 3.25, and 8.6 μm (Li et al. 2002). In Canada, systems such as the Airborne

Wildfire Intelligence System (AWIS) and the ITRES TABI-1800 (Thermal Broad-

band Imager) provide similar support to operational fire management (Fig. 18.9).

In addition to its role in fire management and response, an important additional

remit for airborne thermal remote sensing in relation to fire has been to assist

national agencies and aerospace organizations in the testing of new instrument

types, the evaluation of new algorithms, and the calibration of satellite-based

sensors. Instruments often more capable than those typically deployed on fires on

an operational basis are often used for these applications. Examples are the Airborne

Visible/Infrared Imaging Spectrometer (AVIRIS) measuring from 0.4 to 2.5 μm in

224 contiguous spectral bands, the FireMapper IR imaging radiometer (Riggan and

Tissell 2009), and the MODIS Airborne Simulator (MAS) (Green 1996; Hook et al.

2001). MAS for example is a scanning imaging spectro-radiometer which measures
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reflected solar and emitted thermal radiation in 50 narrowband channels between

0.55 and 14.2 μm. At nadir it delivers 50 m spatial resolution data from the NASA

ER-2 aircraft flying at 20 km altitude. An evolution of MAS is the MASTER

MODIS/ASTER airborne simulator, developed firstly to support ASTER data vali-

dation and secondly as a back-up instrument for MAS (Hook et al. 2001). MAS was

deployed during the Southern African Regional Science Initiative (SAFARI-2000),

which conducted prescribed burns coincident with overpasses of the then recently

launched EOS (Earth Observing System) Terra satellite, in part to help validate the

MODIS active fire detection algorithms (Swap et al. 2002).

18.4.2 Unmanned Aerial Vehicles

There are limitations to the use of airborne thermal imaging in wildfire activities,

often related to the high operational costs involved, and to the risks to aircraft and

crews when flying in potentially dangerous low visibility/high turbulence situations

close to fires and/or smoke columns. To try to overcome some of these issues,

Unmanned Aerial Vehicles (UAVs) equipped with thermal imaging capabilities can

be exploited. In the mid-2000s, the Altair-FIRE project (First Response Experi-

ment) was amongst the first efforts aimed at demonstrating the utility of integrating

UAV capabilities, advanced thermal imaging, cost-effective telemetry and (semi-)

automated image geo-rectification systems (Ambrosia et al. 1994; Wegener et al.

Fig. 18.9 Geocoded thermal imagery produced during a Alberta Environment and Sustainable

Resource Development (ESRD) response to a 2011 Northern Alberta wildfire, where active fire

fronts and residual hot-spots are evident as white pixels. The image was acquired using the ITRES

Thermal Airborne Broadband Imager (TABI-1800), which has 1800 across-track pixels and

provides MIR data to produce ortho-mosaic thermal maps in the 3.7–4.8 μm wavelength range

(URL5). Vector data products of active fire fronts, hot-spots, and fire perimeters can be extracted

from the imagery and used along with the thermal map to support fire suppression activities. The

high temperature sensitivity of the TABI-1800 (NEdT < 30mK) allows for discrimination of

subtle thermal details in addition to the highly radiant fire pixels (Image courtesy of Alberta

ESRD). Image courtesy of ITRES (URL6)
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2002; Ambrosia et al. 2003). Mounted on an Altair platform, a modified version of

the military ‘Predator’ UAV, the payload consisted of a multispectral imager

having a visible-to-thermal imaging capability (Fig. 18.10). In parallel, studies

such as Merino et al. (2006) have tested the capability of much lower cost civilian

UAVs and small micro-bolometer based LWIR cameras for the detection, monitor-

ing, and measurement of forest fire targets.

18.5 Thermal Imagery Contributions to Burned

Area Mapping

While the focus of the spaceborne and airborne thermal remote sensing methods

discussed thus far has been on the detection of actively burning fires, such mea-

surement capabilities also have some relevance to the identification and mapping of

burned areas. This has often been simply through use of active fire detections to

Fig. 18.10 The FiRE demonstration controlled burn conducted at El Mirage, California on 6th

September 2001 (Lat 34� 37.40, Lon �117� 36.2). The infrared colour composite collected by the

ALTUS II in flight at ~945 m altitude highlights the highly radiant location of the fire, with a

photographic view of the scene taken from a higher altitude aircraft shown in the inset
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gauge the ultimate size of the fire-affected area, generally via some form of

empirical relationship linking the number of active fire detections to the size of

the area burned (e.g. Giglio et al. 2005). Since fire behaviour varies greatly between

environments, such associations require careful testing and calibration. Reported

slopes of the linear relationships linking the two metrics ranged in the global study

of Giglio et al. (2005) between 0.29 km2 of burned area per active fire pixel in

southern-hemisphere South America, to 6.6 km2 of burned area per active fire pixel

in Central Asia. Once such relationships are established for the areas of interest, the

types of long term active fire detection record available from MODIS, TRMM

VIRS (Tropical Rainfall Measuring Mission, Visible and Infrared Scanner) and (A)

ATSR ((Advanced) Along Track Scanning Radiometer) can be used to estimate

burned area trends, provided of course that the active fire products are appropriately

inter-calibrated for differences in sensor spatial resolution (and thus minimum

active fire size), satellite overpass time, and image repetition frequency.

Until the recent version 3 of the widely-used Global Fire Emissions Database

(GFED; Van der Werf et al. 2010), this ‘hotspot counting’ approach to burned area

estimation based on active fire detections (Giglio et al. 2006) actually provided the

vast majority of the burned area estimates used within GFED, proving its utility at a

time when global burned area datasets based on spectral reflectance measurements

were still largely at the development and testing stage. The most commonly used

wavelengths for burned area mapping reside within the near-infrared (~0.8–1.2 μm)

and shortwave infrared (~1.6–2.2 μm) spectral regions, where changes in vegetation

cover and of the proportion of bare soil and charred surfaces have significant impact

on reflectances. Burning of less than half of the pixel can be detected by such

methods (Pereira et al. 1997; Smith et al. 2007), which while far less sensitive than

active fire detection methods is still a very useable change detection threshold. The

types of surface spectral reflectance change seen on burning are also often

accompanied by changes in the emitted spectral radiance, and thus in the apparent

brightness temperature (Fig. 18.11; Trigg and Flasse 2000; Smith et al. 2007). Such

thermal changes result, for example, from the albedo decreases that come from the

presence of charred surfaces, to the increased cover of exposed soils, from evapo-

transpiration decreases due to stress or loss of live vegetation, and from the

presence of still smouldering or glowing combustion (Eva and Lambin 1998;

Smith and Wooster 2005). LWIR observations are therefore sometimes used to

attempt performance enhancement of burned area mapping algorithms. When

mapping fire affected areas in Central Africa from ERS-1 satellites Along Track

Scanning Radiometer (ATSR), Eva and Lambin (1998) noted that upon burning

many pixels exhibited a sharp fall in SWIR spectral reflectance, and a simultaneous

increase in LWIR brightness temperature. This was exploited to map burn scars

across the Central African Republic, and without the inclusion of the LWIR data to

expand the information beyond the single ATSR solar reflected (1.6 μm) waveband

it is likely that classification accuracies would have been reduced. Despite this

success however, most approaches attempting to incorporate both emitted and

reflected spectral radiance data in a single ‘burned area mapping’ index have

shown mixed results (e.g. Holden et al. 2005; Smith et al. 2007), and widespread

adoption of the approach has not occurred. This is in part because the temperature
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of post-fire surfaces is controlled not only by land cover characteristics, but also by

processes unrelated to vegetation fires (e.g. other landcover properties, solar inso-

lation and cloudiness variations; see Fig. 18.11). Also, VIS-SWIR wavelength data

are often available from spaceborne sensors at a much higher spatial resolution than

are the accompanying thermal imagery (e.g. MODIS’ 250 m/500 m optical bands,

compared to the matching 1 km thermal bands; and Landsat 7 ETM’s 30 m optical

bands compared to the 60 m LWIR band), making the merging of the thermal and

optical wavelength imagery a less attractive prospect.

Another avenue of investigation aiming to exploit thermal measurements in

burned area mapping applications has been to separate the daytime MIR spectral

radiance signal into its separate solar reflected and thermally emitted contributions.

This aims to exploit the perceived strong sensitivity of the reflected component to

changes in certain surface characteristics, including vegetation moisture (Boyd and

Petitcolin 2004). Petitcolni and Vermote (2002) detail one way to attempt this

separation, based on careful atmospheric correction and the use of the Temperature

Independent Spectral Indices of Emissivity (TISIE) defined by Becker and Li

(1990). The resulting MIR spectral reflectance measures can, for example, be

used in place of VIS wavelength data in various types of vegetation index

(Kaufman and Remer 1994; Barbosa et al. 1999), and under certain conditions

Fig. 18.11 2002 Landsat ETM+ imagery of the 559 km2 Hayman Fire (Colorado, USA; Lat 39�

10.00, Lon �105� 15.00). At right is a false color composite (RGB ¼ ETM+ bands 7, 5, 4), where

exposed soil and charred surfaces appear as a reddish colour, and areas of unburned vegetation

appear blue. The right image depicts the low-gain ETM+ band 6 LWIR spectral radiance data of

the same area in a greyscale rendition. This indicates the burned area to have generally higher

spectral radiances (warmer). However, careful interpretation of such thermal data is necessary,

since areas of exposed soil (scene bottom left) and forest clear cuts (scene top) also show signs of

being warmer than the vegetated areas
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this has been shown to add value when attempting to discriminate burned and

unburned pixels (Libonati et al. 2009).

In terms of approaches to exploiting thermal band data in burned area (BA)

mapping algorithms, probably the most successful has been the inclusion of active

fire detections into burned area data processing chains. Specifically, the locations of

detected active fire pixels (made using the types thermally-based algorithms cov-

ered in Sect. 18.3) can very usefully act as ‘seed locations’ for optical waveband

change detection methods aimed at identifying newly burned areas from optical

wavelength data. Among the earliest examples is the Hotspot And NDVI

Differencing Synergy (HANDS) algorithm, used to map burned areas across the

Canadian boreal forest (Fraser et al. 2000). More recently, Giglio et al. (2009)

utilised the technique to produce a global, multi-year burned area product from the

10+ year MODIS data record, a product which is now used as the primary burned

area dataset within version 3 of the Global Fire Emissions Database (GFED;

Van der Werf et al. 2010).

18.6 Fire Characterization

In addition detecting active fire pixels and contributing to the mapping of post-

fire burned area, thermal IR remote sensing has a strong part to play in the

characterisation of fire properties, for example the temperature and area covered

by the active fire, and its rate of radiative energy emission.

18.6.1 Fire Radiative Power and Fire Radiative Energy

The complete combustion of a fixed amount of biomass releases an approximately

fixed amount of thermal energy (the so-called fuel heat yield discussed in Sect. 18.2

and defined by e.g. Byram 1959 and Pyne 1984). Assuming the fraction released as

radiant energy does not vary toomuch, then remotely sensedmeasurements of emitted

IR radiation hold strong potential to be used to ‘back calculate’ the amount of fuel

that was burned to produce that energy (Kaufman et al. 1998a; Wooster et al. 2005).

Initial attempts to use thermal remote sensing to quantify total energy emission

from open vegetation fires were largely based on airborne imaging of fire spread

rates. For example, Budd et al. (1997) used airborne IR data to map fire perimeters

at 6–7 min intervals over a series of experimental bushfires in Australian Eucalypt.

By inserting the derived rate of spread and pre-burn fuel load into the formula for

Byram’s (1959) fireline intensity, it was estimated that peak head fire intensity for

most fires (averaged over 6 min) exceeded 1000 kW per meter of the fire front

(kW m�1), and ranged as high as 3,280 kW m�1. Assuming a fuel heat yield of

around 18 MJ kg�1 discussed in Sect. 18.2, these figures equate to fuel consumption

rates exceeding 3 kg min�1 per meter of fireline length. At a similar time, Kaufman
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et al. (1998a) proposed estimating the rate of radiant energy release from burning

vegetation fires more directly, via direct quantitative analysis of the thermally

radiant signals themselves. MODIS Airborne Simulator (MAS) was used, and the

target was Brazilian cerrado fires, with the ‘radiative energy release rate’ metric

defined by Kaufman et al. (1998a) (now usually termed ‘fire radiative power’, FRP)

calculated via an empirical relation based on MIR brightness temperature (BTMIR)

measurements (Eq. 18.6). This equation has subsequently been used to generate the

FRP information stored within the MODIS Active Fire Products (Giglio 2010):

FRP ¼ 4:34 	 10�19Asampl

X
BT8

MIR � BT8
MIR;bg

� �
(18.6)

where BTMIR and BTMIR;bg are the MIR brightness temperature (K) of the fire pixel

and surrounding ambient temperature background pixels respectively, and Asampl is

the MODIS ground pixel area (km2). Note that pixel area did not appear in the

original formulation of Kaufman et al. (1998a), so earlier versions of the MODIS

Active Fire Products (Collection 4 and previous) delivered FRP data in units of

W m�2 for any pixel location in the swath. However, the most recent version of the

MODIS Active Fire Products (Collection 5 onwards) accounts for the change in

pixel area across the MODIS swath, and so provides FRP data directly in MW per

pixel (Giglio 2010)

Equation (18.6) was derived specifically for the spectral and spatial

characteristics of MODIS, and the coefficients were optimized for the retrieval of

FRP from fire pixels with a maximum BTMIR of ~450–500 K (which represents the

approximate saturation temperature of the MODIS’ 3.95 μm ‘fire’ channel [band

21]). When applied to much higher spatial resolution imagery, where fire often fills

a greater pixel proportion and BTMIR values can be much higher than for MODIS,

the coefficients in Eq. (18.6) are no longer appropriate. In part to counteract this,

Wooster et al. (2003, 2005) derived an alternative approach to estimating FRP,

approximating the Planck function with a simple power law and using this to linearly

relate FRP to the fire’s emitted MIR spectral radiance (Wooster et al. 2003):

FRP ¼ Asampl:σ:ε

a:εMIR
LMIR � LMIR;bg

� �
(18.7)

where σ is the Stefan-Boltzmann constant (5.67 � 10�8 J s�1 m�2 K�4) and ε and
εMIR are the broadband and MIR spectral emissivities respectively (which cancel if

the fire can be considered a greybody or blackbody, which is the commonly

assumed case). LMIR, is the MIR spectral radiance of the fire pixel, LMIR,bg is the

MIR spectral radiance of the ambient background (both in units Wm�2 sr�1 μm�1),

and a [W m�2 sr�1 μm�1 K�4] is dependent upon the sensor spectral response

(see Wooster et al. (2005) for a full derivation).

Using multiple overpasses of fires by MAS in the Brazilian cerrado, Kaufman

et al. (1998a) successfully related the detected FRP at each timestep to the rate of

increase of burned area. The coefficient of determination (r2) between the time
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integrated FRP and the change in burn scar size over the same period was 0.94,

significantly stronger than the r2 ¼ 0.74 relationship between the number of active

fire pixels integrated over the same period and the change in burn scar size. This

improvement helps indicate the additional value of quantitative thermal analyses of

active fire pixels, and specifically the FRP metric, beyond simple counting of

numbers of ‘hotspot’ pixels. The assertion of Kaufman et al. (1998a) that FRP

could be directly related to fuel consumption and smoke production was later

experimentally tested by Wooster et al. (2005) and Freeborn et al. (2008) under

laboratory conditions. Handheld thermal imaging cameras were used to collect MIR

data at a sample rate of one frame per second, and estimates of FRP derived using

Eq. (18.7) were temporally integrated over the lifetime of each fire to calculate Fire

Radiative Energy (FRE, MJ). The FRE was found to be very well related to the fuel

biomass burned, and the slope of the linear best fit relationship between FRE and fuel

burned was termed the ‘combustion factor’ C (kg MJ�1) (Fig. 18.12).

Whilst integrating time-series measurements of FRP to yield FRE is tractable at

higher imaging frequencies (e.g. the 1 Hz or better available with ground-based

thermal imaging systems, or the few minutes available from repeated aircraft

overpasses), retrieving FRE from sequential satellite images can become problem-

atic since assumptions must be made about the temporal trajectory of fire behavior

Fig. 18.12 Linear relationship between fuel consumption and Fire Radiative Energy (FRE, J).
FRE is the temporal integral of the fires radiative power output (FRP, MW) over the fires lifetime.

Open circles represent herbaceous fuel, and closed circles are woody fuel. Results taken from

laboratory scale fire experiment detailed in Wooster et al. (2005). The ‘combustion factor’ C

relating these two measures is calculated as 0.366 (kg MJ�1)
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based on often prolonged, uneven, and temporally undersampled observation times

(Freeborn et al. 2009). Hence, geostationary satellites become attractive since they

offer the highest sampling rates available from Earth orbit and are thus able to take

data semi-continuously across the full diurnal cycle (Fig. 18.7).

18.6.2 Fire Diurnal Fire Cycle and Geostationary FRP
Observations

Geostationary active fire observations can provide unprecedented temporal detail

from high Earth orbit (Fig. 18.13). Such data show vegetation fires undergoing

characteristic changes in size and/or intensity that are reflected in the FRP time-

series. These variations often correlate with the metrological diurnal cycle of

relative humidity, air temperature and wind, leading to the typical fire diurnal

cycle seen in Fig. 18.7. More detailed analysis of FRP data returned from analysis

Fig. 18.13 Time-series of fire radiative power (FRP) observations made using the geostationary

Meteosat SEVIRI instrument over a single fire that burned on 6–7 August 2004 in an area of

grassland in northern Botswana (26.12� E, 18.28� S). SEVIRI FRP observations are available

every 15 min, and for this fire there was minimal cloud cover to obstruct the surface from view

during the entire measurement period. All detected active fire pixels at each imaging slot had their

FRP calculated using Eq. (18.7), and the total FRP for that time slot calculated via summation of

the individual per-pixel values. The typically strong fire diurnal cycle results in this case with the

fire falling below SEVIRI’s active fire pixel detection threshold at night, only to be re-detected the

next day. The total FRE for the fire is calculated from temporal integration of the individual FRP

records for the fire made at each 15 min time-slot, and equates to 12 � 106 MJ. Using these data in

Eq. (18.10) and applying the ‘combustion factor’ (C, kg MJ�1) from Fig. 18.12, this FRE equates

to ~4,400 ton of dry biomass. The SEVIRI FRP product is operationally available from the

EUMETSAT Land Satellite Application Facility (URL2)
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Fig. 18.14 (a) Fire radiative power (FRP) data of Africa, collected by the polar orbiting MODIS

and geostationary SEVIRI instruments. (a) Day and night frequency density distributions of FRP

for collocated fire pixels detected at the same time by SEVIRI and MODIS. Both sensors record
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of Meteosat SEVIRI imagery by Roberts et al. (2009) illustrated the somewhat

skewed distribution of the African fire diurnal cycle. The highest FRP fire pixels

appear to occur most frequently at the peak of the diurnal fire cycle, 
14:00 hrs

local time, and progression in fire activity throughout the afternoon and into the

evening is characterized by a greater proportion of lower FRP fire pixels.

However, the larger pixels sizes typically available from geostationary orbit do

offer some limitations, and when polar orbiting and geostationary systems view a

fire affected area at the same time, the latter typically fail to detect a greater

proportion of the true fire activity (Freeborn et al. 2009). Since lower FRP fires

are generally more frequent than high FRP fires (Fig. 18.14a), the omission of the

lowest FRP fire pixels may result in a somewhat altered apparent fire diurnal cycle,

and a spatio-temporal bias in both the FRP and FRE records. To attempt to account

for such biases, Freeborn et al. (2009) combined spatially and temporally concur-

rent geostationary (Meteosat SEVIRI) and polar orbiting (Aqua and Terra MODIS)

observations, to estimate the FRP that would be derived from a MODIS-like sensor

operating at the temporal resolution of SEVIRI. Figure 18.14b indicates that this

‘virtual MODIS’ FRP record lies consistently above that of the native SEVIRI

sensor, reflecting the fact that, when viewing the same area at the same time,

MODIS-type instruments generally detect a more complete record of regional fire

activity than do geostationary sensors. However, in reality polar orbiters only

provide such data at best a few times per day at most locations.

An alternative approach to bias correction was taken by Roberts et al. (2011),

who attempted to blend geostationary FRP data with the types of burned area

information commonly derived from optical remote sensing (Fig. 18.15).

The aim was again to adjust the measurement record for the presence of

non-detected active fires, which remained undetected either due to their low size

and FRP, or because of near continuous cloud cover while they were burning.

Figure 18.15 displays the results of this ‘blending’ approach, indicating that this

methodology provides fuel consumption estimates across Africa closer to those

presented in version 3 of the GFED database than are the estimates derived from the

geostationary FRE record alone. A related integrating approach based on MODIS-

derived FRP and burned area data had been previously explored by Boschetti and

�

Fig. 18.14 (continued) fewer fire pixels at night due to the strong fire diurnal cycle (see Figs. 18.7

and 18.13), and distributions suffer from left-hand truncation due to the inability to identify a

substantial proportion of the (very frequent) smaller and/or less intensely burning fires. This

truncation appears at a higher FRP threshold for SEVIRI since the SEVIRI ground pixel area is

~10� that of MODIS at nadir, and the FRP detection limit is directly related to pixel area. Note the

distributions also suffer from (more limited) right-hand truncation due to sensor saturation over

some of the largest/highest intensity fires. (b) Fire radiative power (FRP) data of Africa, collected
by the polar orbiting MODIS and geostationary SEVIRI instruments. (b) Direct comparison

between summed FRP actually measured by SEVIRI for a 5� grid cell over Africa every

15-min, and the higher values which would be measured by MODIS over the same area if it

could operate at the same temporal resolution as SEVIRI (Adapted from Freeborn et al. 2009)
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Roy (2009), in this case attempting to limit the impact of the lower temporal

resolution sampling provided by MODIS rather than the lower spatial resolution

sampling provided from geostationary orbit.

18.6.3 Sub-pixel Fire Characteristics

In addition to the estimation of fire radiative power and energy, the primary

additional active fire characteristic directly derivable from spaceborne and airborne

thermal remote sensing is the ‘fire effective’ temperature and (sub-pixel) active fire

area (Dozier 1981; Robinson 1991; Giglio and Kendall 2001). Note that ‘area’ in

this sense does not refer to the size of the burn scar, but rather the instantaneous area

undergoing (flaming and/or smoldering) combustion at the time of thermal image

Fig. 18.15 Monthly total biomass consumption in fires across the African continent, calculated

from three different methods. The ‘FRE-only’ approach uses the SEVIRI FRP product (Roberts

and Wooster 2008) to calculate the total Fire Radiative Energy released by fires across the

continent, in a manner akin to that shown in Fig. 18.13 for a single fire. This FRE total is then

converted into an estimate of fuel consumption using Eq. (18.10) and the ‘combustion factor’ (C,

kg MJ�1) derived in Fig. 18.12. The ‘Integrated FRE-BA’ approach combines the SEVIRI-derived

FRE estimates with burned area maps from the MODIS sensor, in order to attempt to adjust the

FRE-only estimate for the non-detection of some fire events, due for example to their being

low-FRP events or burning under cloud cover (Roberts et al. 2011). The ‘GFEDv3’ approach is

based on the MODIS burned area maps alone (no FRE data) combined via a version of Eq. (18.9)

with estimates of fuel load (β, g m�2), derived from the CASA ecosystem production model, and

combustion completeness (γ, unitless) derived from e.g. soil moisture estimates (van der Werf

et al. 2010). Integrating the burned area maps with the FRE observations results in a fuel

consumption estimate closer to that of GFED version 3
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acquisition. Of course, a single temperature and active fire area cannot precisely

match the multi-thermal component structure of an actual vegetation fire, so these

metrics instead can be viewed as representing the temperature and size of a perfect

IR emitter that would provide the same spectral signal as observed from the active

fire itself. Nevertheless, despite being an oversimplification of the actual fire

situation, such data may be useful in a variety of wildfire measurement and/or

modeling scenarios (Zhukov et al. 2006; Dennison et al. 2006; Freitas et al. 2007;

Eckmann et al. 2008; Reid et al. 2009).

The primary approach taken to derive the ‘fire effective’ temperature and

(sub-pixel) area is the bi-spectral (or ‘dual band’) method of Dozier (1981),

originally developed to support sub-pixel hotspot detection (Robinson 1991). The

technique is based upon measurements of infrared spectral radiance made at two (or

sometimes more) well-separated wavelengths, most often with regard to active fires

in the MIR and LWIR spectral regions. The same method is also commonly used

for analysis of volcanic IR spectral radiance data, though SWIR wavebands are

more commonly used in the volcanological case (e.g. Rothery et al. 1988; Francis

and Rothery 2000; Ramsey and Harris 2012).

Robinson (1991), Giglio and Kendall (2001), Wooster et al. (2003) and Zhukov

et al. (2006) provide great detail on the theory of the bi-spectral method applied to

vegetation fire analysis. Assuming blackbody fire behavior, and given the spectral

radiance (Lλ) measured at a detected fire pixel in waveband λ, along with a radiance
estimate for the non-fire fraction of the fire pixel (Lλ,bg) obtained from surrounding

non-fire pixels, the following equation can be formulated for two different

wavebands and thus solved to provide an estimate of the fire’s effective temperature

(Tf) and sub-pixel areal proportion (pf):

Lλ ¼ pf τλB λ; Tf
� �þ 1� pf

� �
Lλ;bg þ pf L

"atm
λ (18.8)

Where B(λ,T) is the Planck function (W m�2 sr�1 μm�1) for waveband λ and

temperature T, and τλ and L
"atm
λ are respectively the atmospheric transmissivity and

upwelling atmospheric radiance in that spectral band. The last term will always be

small compared to one of the first two terms, and can thus be neglected, enabling the

‘fire effective’ temperature (Tf) and proportion (Pf) to be retrieved using versions of

Eq. (18.8) operating in two different wavebands.

Giglio and Kendall (2001) and Giglio and Justice (2003) provide great detail on

the bi-spectral approach, including on limitations related to uncertainties in the

ambient background signal at LWIR wavelengths, where the fire signal is typically

very much weaker (see Figs. 18.2, 18.3, and 18.4). Additional problems potentially

arise from imprecise co-registration between the two spectral channels used, and/or

large differences in their point spread function (Langaas 1995). Shephard and

Kennelly (2003) modeled the potentially large magnitude of these geometric errors,

but Zhukov et al. (2006) suggest they can be largely mitigated against by applying

the bi-spectral technique to the average spectral radiances measured at hotspot

clusters, rather than at individual fire pixels. Many researchers continue to use the
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bi-spectral approach (e.g. Qian and Kong 2012), and the fire effective temperature

output from the method may hold some relevance when attempting to discriminate

different combustion zones or combustion effects, for example areas of predomi-

nantly flaming or smoldering activity or different levels of soil heating (Zhukov

et al. 2006; Hanley and Fenner 1998). Similarly, the fire effective area has been

used within models of smoke plume injection height (Freitas et al. 2007) and to

estimate the fraction of pixels that are releasing smoke into the atmosphere (Reid

et al. 2009). Of course, Tf and pf can also be used together to estimate FRP via the

Stefan Boltzman Law (e.g. Wooster et al. 2003).

Alternative approaches to the estimation of subpixel fire effective temperature

and area also exist, including those related to the work of Green (1996) and others

who used the shape and magnitude of the spectra recorded at active fire pixels by

the AVIRIS imaging spectrometer to deduce active fire properties. Dennison et al.

(2006) built on this approach to ‘unmix’ AVIRIS active fire pixel signals into a

combination of subpixel (endmember) features (Fig. 18.16). This ‘multiple

endmember spectral mixture analysis’ (MESMA) method was later adapted for

usewith imagery fromalternative IR imaging sensors, such asMODIS (Eckmann et al.

2008) and the HYPER–SIM.GA (Galileo Avionica Multisensor Hyperspectral Sys-

tem) imager whose active fire spectral were shown in Fig. 18.1 (Amici et al. 2011).

Fig. 18.16 Spectral fits between the measured spectral radiance recorded at an active fire pixel by

the airborne AVIRIS instrument, and the modeled best-fit spectrum (calculated as a function of

emitted and solar reflected spectral signals). Minimisation of the residuals between the measured

and best-fit modeled spectrum allows fire characteristics (e.g. ‘fire effective’ temperature and

sub-pixel size) controlling the emitted radiance component of the measured spectrum to be

retrieved (Figure adapted from Dennison et al. 2006)
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18.7 Carbon, Trace Gas and Aerosol Emissions

Calculations

Once information on the location and thermal characteristics of actively burning

fires have been obtained from the types of remote sensing approaches detailed in the

preceding sections, a variety of downstream information can be calculated, for

example the rate of spread, (radiative) fireline intensity, and head fire or backfire

classification, based on various spatio-temporal analyses of the active fire detection

and FRP records (e.g. Smith and Wooster 2005). But perhaps the most significant

application is related to estimation of pyrogenic carbon, trace gas and aerosol

emissions (e.g. Riggan et al. 2004; Roberts et al. 2009; Kaiser et al. 2012).

Conventional calculations aimed at estimating the mass (Mx) of a particular

chemical species x released in a smoke plume are generally based on a multiplica-

tion of the amount of biomass burned (kg) by an emissions factor (EFx, g kg�1).

Tables of EFx for different environments and for dozens of different chemical

species present in biomass burning plumes are available in papers such as Andreae

and Merlet (2001) and Akagi et al. (2011), so the primary task is to reliably estimate

Mx. The approach of Seiler and Crutzen (1980), which in fact was very similar to

the original calculations made by von Danckelman (1884), was to determine the

amount of biomass burned via the multiplication of burned area (A, m2), fuel load

per unit area (β, g m�2), and the fraction of the available fuel that burns (γ, on a

0–1.0 scale):

Mx ¼ A� β � γ � EFx (18.9)

As satellite-derived burned area estimates have been refined through use of

increased spatial resolution datasets and improved burned area detection algorithms

(see Sect. 18.5), attention has turned toward uncertainties in the pre-burn fuel load

and combustion completeness, which possibly exceed 100 % in some circumstances

(Reid et al. 2009; Knorr et al. 2012). To help tackle this limitation, independent

estimates of total fuel consumption are often welcomed, at the very least for

comparison to those derived via the approach. Results such as those shown in

Fig. 18.12 indicate that fire radiative energy (FRE) should be linearly related to

the mass of fuel consumed in a fire (Wooster et al. 2005; Freeborn et al. 2007), and

use of an FRE measure and a simple ‘combustion factor’ C (kg MJ�1) therefore

allows Eq. (18.9) to be replaced by:

Mx ¼ FRE� C� EFx (18.10)

The FRP time series for a single African fire was shown in Fig. 18.13, and in this

case the FRE and equivalent biomass consumption was estimated as 12 � 106 MJ

and ~4,400 ton respectively. Roberts et al. (2009) include comparisons between a

set of such FRE-derived fuel consumption estimates and those derived from burned

area measures and pre-fire fuel loads, indicating a reasonably linear relationship
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between the two approaches. The fire radiative power approach to estimating

emissions of carbon, trace gases and aerosols has now reached semi-operational

status in the prototype Global Monitoring of Environment and Security (GMES)

Atmospheric Service (URL8), currently planned to become operational around

2014. Figure 18.17 shows a map of global ‘fire radiative power areal density’

(mW m�2) produced by the Global Fire Assimilation System (GFAS) of the

GMES Atmospheric Service. The GFAS system uses spaceborne FRP observations

to map the daily global release of 40 gas-phase and aerosol trace species present

within biomass burning smoke, based on an adaptation of Eq. (18.10) (Kaiser et al.

2012). The system presently assimilates only MODIS FRP observations, and

spatially varying adjustments to the ‘combustion factor’ C have been calculated

for different land cover types via a comparison between the FRP-derived metrics

calculated by GFAS and version 3 of the GFED database. The resulting emissions

fields are fed into a variety of regional and global atmospheric chemistry transport

models, supporting near-real time decision making and policy development, includ-

ing for air quality applications (see URL9 for examples).

Fig. 18.17 Example global active fire FRP data record for 19 January 2013, produced by the

prototype GMES Atmospheric Service currently being developed by the Monitoring Atmospheric

Composition and Climate (MACC II) project (URL8). The widespread nature of biomass burning

activity is easily seen in this global view. The data represent the daily average of the Fire Radiative

Power (FRP) observations made from all active fires detected on this day in 125 km grid cells and

expressed in units of FRP divided by grid-cell area [mW/m2] (max. value 0.49 W/m2). Since the

rate of release of thermal radiation by a fire is believed to be related to the rate at which fuel is

being consumed and thus smoke produced (see e.g. Fig. 18.12), these data are used for the global

estimation of open vegetation fire trace gas and particulate emissions, which are then passed onto

the other MACC services for incorporation as model source terms. Publically available data are at

present mostly derived from FRP observations made by the MODIS instruments, and future

increases in temporal resolution beyond daily averages are planned via use of geostationary FRP

products. Products and examples of severe atmospheric perturbation by fire emissions can be

found at URL9 and the reader is referred to Kaiser et al. (2012) for further details
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18.8 Summary, Conclusions and Some Recommendations

This chapter has demonstrated the basic principles and developments in the thermal

remote sensing of active fires, and has reviewed some of the ways in which the

resultant datasets have contributed to both (i) a research agenda, aimed for example

at better quantification of the amount and variability of worldwide biomass burning,

studying its behavior and effects on both the land and atmosphere, and (ii) an

operational agenda related to both fire management and fire suppression, and to the

monitoring (and sometimes forecasting) of the effects of biomass burning events on

the land surface, atmospheric composition, air quality and climate. The prototype

GMES Atmospheric Service (URL8) is just one example of how active fire satellite

thermal remote sensing now directly supports real-time operational monitoring and

management of biomass burning impacts in this way, another being the FLAMBE

(Fire Locating and Modeling of Burning Emissions) system described in Reid et al.

(2009). The active fire information available in real-time from systems such as

FIRMS (URL1) and the EUMETSAT Land Satellite Applications Facility (URL2)

also support other, sometimes unexpected, applications. For example, whilst the use

of active fire detections in the planning of vegetation management strategies to aid

future fire severity reductions might perhaps be foreseen, their use by the South

African power company Eskom in avoiding damage from fire-induced “flashover”

events in power distribution systems seems far from obvious (Davies et al. 2009).

The 2000s have seen a strong degree of growth in the use of thermal remote

sensing to study vegetation fires and biomass burning events. According to an

analysis using Google Scholar, prior to 1998 there were fewer than 100 journal

articles including the words “active fire” published annually, but that number

has grown in a strong linear trend (r2 ¼ 0.97, n ¼ 14) to ~600 year�1 currently.

This growth has most likely been driven both by the availability of new datasets,

including most importantly from the highly successful NASA Earth Observing

System (EOS) and the accompanying publically available data records (Kaufman

et al. 1998b), and by the increasing realization that even relatively spatially limited

fire events such as the 1997–1998 fires on Borneo and Sumatra can significantly

affect the environment at regional (e.g. Mott et al. 2005) and global scales (Page

et al. 2002; Simmonds et al. 2005).

Further developments in sensor technologies and observing systems will be one

of the key drivers of future active fire remote sensing. Spaceborne systems such as

the proposed Hyperspectral Infrared Imager (HyspIRI; URL10) offer more thermal

bands with improved performance with regard to active fire observations than are

available currently from systems such as Landsat ETM+ (Enhanced Thematic

Mapper Plus) and ASTER. The next generation of imagers onboard the operational

GOES and Meteosat satellites will also provide significant benefits for active fire

observation. Planning for each of these includes one or more ‘low gain’ thermal

bands, somewhat akin to the current MODIS Band 21 ‘fire channel’ (Kaufman et al.

1998b), which should allow unsaturated thermal observations of even very large

and/or intensely burning fires. The forthcoming Sentinel-3 SLSTR (Sea and Land

Surface Temperature Radiometer) instrument, which follows on from the long-

standing (A) ATSR series, also offers a similar capability (Wooster et al. 2012).
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Being a rapidly changing, somewhat transient phenomena, validation of active

fire observations is in some ways more difficult than for longer-lived occurrences

such as burn scars. Validation of the MODIS active fire detection products was

greatly aided by the presence of the higher spatial resolution ASTER thermal sensor

onboard the same Terra platform, albeit with ASTER’s spatial coverage limited to

coverage of the central region of the MODIS swath (Morisette et al. 2005;

Schroeder et al. 2008a, b). Validation remains an important research focus, not

only in terms of active fire detections, but also in terms of the outputs from fire

characterization algorithms. The efficacy of metrics such as ‘fire effective’ temper-

ature and area’ deduced via the Dozier (1981) or similar sub-pixel analysis

techniques (Sect. 18.6) has received relatively little scrutiny compared to active

fire detection accuracy, in part because of their difficulty of validation and because

they are in any case only approximations to the true heterogeneous reality existing

within fires. This situation is rather similar to that of satellite volcanology, where

strategies using very high spatial resolution handled (FLIR) observations have been

employed to at least validate some of the assumptionsmadewhen using such sub-pixel

analysis methods (e.g. Wright and Flynn 2003). Coordinated under flights of satellites

with manned aircraft or UAVs carrying more sophisticated thermal sensors is another

avenue for cross-comparison, similar to that conducted during SAFARI-2000 shortly

after MODIS launch (Swap et al. 2002). This should be repeated for different

environments now that data processing chains are more mature.

In addition to validating the algorithms themselves, another key requirement is

gaining confidence in the parameters used to quantify fuel consumption and

biomass burning emissions. For example, increasing use of fire radiative power

and energy approaches requires that the combustion factor (C, kg MJ�1; Sect. 18.6)

be verified beyond the limited range of fuels and small fires investigated so far (e.g.

Wooster et al. 2005; Freeborn et al. 2008), and the impacts of attenuation by smoke,

the ambient atmosphere and vegetation canopies (particularly for surface fires)

should gain increased consideration (Kaiser et al. 2012). The optimization of

emissions factors (EFx; see Sect. 18.7) used in deriving chemical emissions

estimates from measures of fuel consumption will also continue, driven by required

improvements in plume chemistry and transport modelling (e.g. Van Leeuwen and

van der Werf 2011). Estimates of fuel moisture, fuel load, fire severity, FRP, and

perhaps metrics resulting from other existing or as yet undeveloped fire characteri-

zation methods may all have a part to play in such optimization.

The outputs from emissions monitoring and modelling systems (e.g. the GMES

Atmospheric Service and FLAMBE) should be continuously evaluated against

more direct atmospheric constituent observations (e.g. from satellite, aircraft, tall

tower or lidar-based systems; Kaiser et al. 2012), and research into methods to

adjust for the limited temporal sampling provided by polar orbiting systems, and/or

the non-detection of smaller/lower FRP fires, needs to be continued (Vermote et al.

2009; Ellicott et al. 2009; Boschetti and Roy 2009; Freeborn et al. 2009, 2010;

Roberts et al. 2011). Here, the development of ‘fire-targeted’ satellite remote

sensing missions, such as TET-1 (Technology Experiment Carrier 1) and BIROS

(Berlin InfraRed Optical System) (Roemer and Halle 2010) can very likely contrib-

ute, telling us the frequency distribution of different fire types (Zhukov et al. 2006).
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Current BIRD HSRS data suggest that fires having FRP < 10 MW are by far the

most common, but are often missed by MODIS class sensors. These data also

suggest that such fires are responsible for only a few percent of globally observed

total FRP (Zhukov et al. 2006), so the impact of these omissions could be limited.

However, the same records indicate that fires with FRP below 100 MW are also

responsible for only ~7 % of the global FRP record, which seems incompatible with

indications of a roughly two-fold difference between the amount of FRP detected

by MODIS and by geostationary systems during long duration, simultaneous

sampling periods (Roberts and Wooster 1998; Freeborn et al. 2009). The fact that

the BIRD mission preferentially targeted large fire events is one possible cause of

these discrepancies, and missions like TET-1, BIROS and future higher resolution

thermal imagers such as HyspIRI should ideally be used to evaluate the true situation.

Beyond the above suggestions, further objectives come from the ‘Global Obser-

vation of Forest Cover and Land Cover Dynamics’ (GOFC-GOLD) initiative

(URL11), which in addition to a focus on data availability, quality and validity is

stimulating the development of a ‘geostationary active fire network’ to provide

almost continuous coverage of fire at lower latitudes, albeit currently with the

low-spatial resolution bias associated with geostationary observations. GOFC-

GOLD is also highlighting the need for continued production of long-term datasets

for better climate-relevant records, against which potential changes in fire regimes

may be tested (e.g. Krawchuk et al. 2009). The MODIS data record demonstrates a

very strong start in this area, as does the ATSR World Fire Atlas that contains a

global record of active fire detections back to 1995 made using a simple nighttime

fixed thresholding approach (Mota et al. 2006). It is possible that exploitation of the

long-term AVHRR data record, at least for some areas and ‘extreme fire’ periods

warrants further attention (e.g. Cahoon et al. 1994; Stroppiana et al. 2000), particu-

larly after adjusting for differing levels of cloud cover and satellite overpass times

(e.g. Wooster et al. 2012).

At the time of writing, the active fire product from the new Visible/Infrared

Imager Radiometer Suite (VIIRS) sensor, building on the MODIS experience and

flying onboard the NPOESS (National Polar-orbiting Operational Environmental

Satellite System) Preparatory Project Suomi satellite, is undergoing testing and

calibration (URL7). The VIIRS sensor, along with the ESA Sentinel-3 SLSTR and

future ‘fire-capable’ geostationary imagers, are planned to provide operational active

fire datasets for the next two decades. This should stimulate the development of

new algorithms and analysis methods, which will likely influence the next generation

of spaceborne and airborne sensors for Earth system monitoring, along with

their exploitation in continued active fire research and fire management operations.
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