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Biomass Burning Fuel Consumption and Emissions for Air Quality 
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ABSTRACT 

Biomass burning emissions estimates of gas and aerosol air pollutants are used in modeling and forecasting 
smoke and air quality. These emissions originate from combustion of the fuels found in the landscape and vary 
"based on the terrai11, weather, fuel type, and condition of the fuelbed, including the arrangement of fuels, during 
the fire event. Combustion describes the flaming and smoldering burning phases of a fire that, summed over the 

·,:;-> -· duration of the event, equals the fuel consumed. This chapter provides a review of approaches to quantify fuel 
--\,-).· consumption from biomass burning relevant for air quality assessment. The indirect approach estimates 
)}'-. consumption based on the difference between pre- and post-fire fuel loads within the burn area or models it by 
'.\{"applying a burningetliciency to the pre-fire fuel load. The direct approach uses a combustion factor to translate 
-t\. _fire radiative power (FRP) measured from thermal infrared instruments into the consumption rate;_ temporally 

:/integrating FRP over the duration of the fire provides fire radiative energy (PRE), which the same combustion 
·,\factor translates to total consumption. Methods to map the location, strength, and composition of fire emis­

~/<fas, which are a function of fuel characteristics and fire environment, are provided. This chapter provides a 
-dhi'cussion on the uncertainty of biomass burning emissions inventory products and considers new approaches 
·o;r-'lmproving fuel consumption mapping. 

5.1. INTRODUCTION 

fs~ions from biomass burning are the direct product 
i{)!qnsumption of fuels during fire, made up of 
----~,>and dead vegetation. found in the landscape 
·--:;;2014). The process is fuels driven and mediated 
'ffie_r and topography to create spatial-temporal 
_X_l_t)' in bow and where fuels bum and the resulting 
)l{ The combustion process produces energy (heat 
h:t)_;,gases, and solids of various sizes that are either 
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left as residue at the site (ash and char) or lofted into the 
air as particulate matter (PM), an important component 
of smoke. A variety of different gaseous and particulate 
combustion products are emitted into the atmosphere 
depending on the fuel type and co11ditions during 
burning, including the fuel moisture, arrangement of 
fuels, terrain, and fire weather, which influence the inten~ 
sity and efficiency of burning (Prichard et al., 2020). 

Global carbon emissions from biomass burning have 
been estimated to average 2,200 TgC yr 1 from 1997 to 
2016, and extend as high as 3,000 TgC in 1 yr (1997) 
(van der Werf et al., 2017). with high interannual varia­
tion. Additionally, differences are found between studies, 
depending on the approach (Hoelzemann et al., 2004; Ito 
& Penner, 2004; van der Werf et al., 2006). In years since 
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' 70 LANDSCAPE FIRE. SMOKE. AND HEALTH 

these studies, several regions have experienced unprece­
dented levels of fire, so these data from the late 1990s 
and early 2000s should be considered an illustration of 
the complexity of the question "How much pollution 
does biomass burning contribute to the atmosphere?" 
Improving estimates of the magnitude and composition 
of biomass burning emissions has gained anention since 
2000, pointing to the growing concern to better under­
stand biomass burning emissions for both climate and air 
qualjty (Larkin et al., 2020). 

An emissions inventory is a periodically generated 
accounting (e.g., hourly, daily, annual) of the amount of 
pollutants released into the atmosphere from a source. 
Emissions inventories can be used as input to atmo­
spheric models to map the concentrations of smoke in the 
atmosphere (see Chapters 7-9), or by land and air quality 
managers to assess expected emissions impacts on air 
quality, visibility, and health, or in carbon cycle modeling 
and management (e.g., Gurney et al., 2020; Pouliot 
et al., 2008). Within the context of this book, the focus of 
this chapter is on emissions of pollutants from biomass 
burning relevant to air quality and human health; how­
ever, biomass burning emissions inventories are vital for 
calculating the impact of fire on atmospheric carbon and 
climate, but are not covered in this chapter. 

The general approach to an emissions inventory for any 
pollution source is a product of two factors: activity and 
emjssion factor (EF) (lPCC, 2007). Activity is defined as 
the amount of fuel consumption, and the EF converts 
consumption into emissions. Mass of emissions of a 
given gas or PM category, Mx (g), is determined with: 

(5.1) 

where M, is the mass of fuel consumed (kg) and EFx 
(g kg·1) is the emissions factor in mass of gas or PM (x) 
emitted per mass of fuel consumed (lPCC, 2007; 
Urbanski, 2014). 

Emissions from fuels that burn under controlled condi­
tions, such as gasoline in an internal combustion engine, 
are well characterized via controlled laboratory experi­
ments. In this case, fuels are standardized and EFs are 
consistent for a given fuel type, making fuel consumption 
(activity, in the general context of emissions inventory) 
the primary variable responsible for determining source 
emissions strength (the amount of emissions from a 
source or event). EFs for biomass burning are more varied 
and complex due to the variety of fuel and combustion 
conditions possible in open burning. They have been 
determined through both controlled combustion labora­
tory measurements and field-based measurements from 
hundreds of fuel types and various burning conditions. 
Compilation of EFs for biomass fuels by Prichard et al. 
(2020) includes more than 12,000 records on 267 air 

pollutants defined for various fuel types, burn types, 
locations, and combustion phase (flaming or smoldering 
combustion). 

In the case of biomass burning, in general, the amount 
of area burned dictates the amount of fuel consumed and 
is the primary driver of biomass burning emissions mag­
nitude; more burned area means more emissions, with 
some important qualifiers. Specific attention to the fuel 
type, density, structure, size, and condition, as well as 
combustion phase provides more refined estimates of 
emissions from landscape fire than can be achieved by 
taJlying the area burned alone (French et al., 2002: 
Prichard et al., 2020). This is because emission contribu­
tions greatly differ between different vegetation types 
(e.g., forest, shrublands, or grasslands) and fuel compo­
nents, which include aboveground components of tree 
foliage, fine branches, and shrubs; fine woody fuels 
(live or dead) and coarse woody debris (decay status): and 
surface organic material (litter and dufl) that compose 
the fuelbed (see Chapter 4). The relative contributions of 
these different materials vary greatly \\ithin and bet\\een 
wildland fuelbed types, i11troducing great complexit} that 
drives both fire behavior and fire emissions. 

At the same time, the fire environment introduces com­
plexity. Variability in space and time in solar insolation. 
precipitation, humidity, and other weather variables in 
the weeks to days prior to the event will influence fuel 
moisture. Fuel moisture can influence combustion t)pe, 
namely the flaming and smoldering phases of a f~ 
which dictates the type of emissions based on combustiol 
efficiency. Combustion efficiency is a measure of 
much energy results from a given amount of fuel. \\ · 
hjgher combustion efficiency resulting in more com 
burning of fuels than low-efficiency combustion. For 
mass burning, combustion efficiency is defined as 
amount of excess in CO2 in comparison to total emi 
carbon (Yokelson et al., 1999). The fire environ 
before and during the event, therefore, is an im 
factor in determining biomass burning emjssions a 
space and time. 

Biomass burning emissions inventory and map · 
required as a primary input to smoke concentration 
ping, numerical smoke prediction. coupled fire 
smoke models, and air quality models. as descri 
Chapters 7, 8, and 9. In this chapter, we re\iew 
to model biomass burning emissions by ex 
approaches used to determine fuel consumption 
uncertainties associated with consumption es · 
In section 5.2, we present a general overview of 
factors used in biomass burning emissions invent 
well as the concept of combustion efficienC), 
which are more completely reviewed in the 
(Prichard et al., 2020; Urbanski, 2014; Urbansa 
2021). Approaches to map the location. st 
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' composition of fire emissions, cons'idering needs for both 
retrospective and real-time smoke modeling and fore­
casting, are considered in section 5.3. Retrospective map­
ping of emissions has value for greenhouse-gas and 
aerosol emissions assessments for carbon accounting and 
climate change modeling as well as for comparing to 
health outcomes from smoke pollution exposure, which 
is reviewed later in this book (Chapters 12 and 13). 
Real-time emissions inventories are used in forecasting 
potential smoke concentrations downwind from an event 
(Chapters 7, 8, and 9) or for taking action to avoid 
exposure (Chapter 10}'. Finally. in section 5.4, new 
approaches under development using remote sensing 
observations for improving estimates of fuel consump­
tion and biomass burning emissions are discussed. 

5.2. MODELING BIOMASS BURNING EMISSIONS 

--:( :Emissions from afire event are calculated (equation 5.1) 
\from the total fuel consumption for an, event (activity, in 
-)h._e·general context of emissions inventory) and emission 
Ja_C.tors (EF) for combustion products for the variety 
.-:gt -fuels and conditions found on the landscape. 

, ¢termination of both fuel consumption and emission 
· - s in the case of biomass buming must take into 

sideration many factors. The characteristics of the 
)land the conditions of the burn are very important in 
~i'.'mining both the amount of fl!el consumption 
\eved during the burning and combustion efficiency, 
,'6h''d1ives EE Fuel consumption is determined in 
i0iis'ways in emissions inventory approaches. Two gen­
)ip_proaches for determining biomass consumption for 
· nd fire are presented here followed by a section 

ink the role of emissions factors and combustion 
_"Cy.in determining biomass burning emissions. 

.el Consumption 

\~ptually, the most straightforward method to 
:J::onsumption is to difference estimates of the 
--,,_-·.p_ost-fire fuel loading (biomass density) mca­
,)~e,ground. At the scale of fire events. maps of 
JP;~_st-fire fuel loading can be derived from pre­
,--,_· 1fe remotely sensed data trained from field 

. cCarley et al. (2020) differenced pre- and 

.-,, ·maps derived from pre- and post-fire lidar 
'Jo map consumption estimates. Michalek 
'\_employed 30 m resolution Landsat data to 
·itlte_asured consumption across a burn site, 
<::fuel type. However, data available from 
\of field-deriVed consumption are limited 
·.;:: _Onerous task of col!ecting sufficient 
field data to represent the area of interest. 
]/)(rilitation, a field measurement approach 

cannot be accomplished for quantifying emissions on 
anything but a local scale. 

For comprehensive estimation and mapping of fuel 
consumption (M,.) two general approaches are commonly­
used (Wooster et al., 2013; Fig. 5.1). Either of these 
methods provide the estimate for M, in equation 5.1 to 
derive pollutant emissions. The indirect model•based 
approach uses an estimate of consumption based on the 
difference between pre- and post-fire fuel loading esti• 
mates (McCarley et al., 2020; Ottma1; 2014); alterna­
tively, it can be modeled by multiplying the pre-fire fuel 
load by a burning efficiency factor. The direct approach 
estimates consumption based on fire radiative power 
(FRP) observations, which integrated over time provide 
an estimate of fire radiative energy (FRE) (Wooster et al., 
2005). The terms indirect and direct refer to how field 
or remotely sensed observations relate temporally to 
combustion as a biophysical process, with the indirect 
approach made from a post-fire assessment, and the direct 
approach conducted at the time of the event based on 
active fire data; both approaches can be applied at mul­
tiple spatial scales. By the indirect approach, fuel con­
sumption can be estimated at the small scale of paired 
pre- and post-fire field plots, either destructively from 
harvest samples (Ottmar, 2014) or remotely from pre­
and post-fire tenestrial lidar (Hudak et al., 2020), at the 
landscape level of an entire fire event from airborne lidar 
collected pre- and post-fire (McCarley et al., 2020), 
and at regional-global scales from satellite image passes 
acquired before and after the burn (Pettinari & 
Chuvieco. 2016; Rollins, 2009). If post-fire fuel load 
estimates are unavailable, as is often the case, then a 
burning efficiency factor (fraction of fuel consumed) can 
be applied to the pre-fire fuel load estimate to derive 
consumption. However, it is not possible to directly 
observe fuel mass loss as it occurs by combustion during 
a fire event. On the other hand, consumption can be esti­
mated from FRP observations, which provides a suitable 
surrogate for combustion as it occurs (Wooster ct al., 
2013). Moreove1; FRP and FRE metrics .scale readily 
between ground radiometers and airborne and satellite 
thermal imaging (Dickinson et al., 2016), making 
the direct approach a powerful method for near-real­
time fuel consumption estimation. These two general 
approaches are used in the variety of emissions inventory 
systems described later in this chapter and in Chapter 9. 

5.2.2. Mapping Consumption: The Indirect Approach 

The indirect approach to mapping consumption 
is a model•based framework employing generalized 
information on pre-fire fuel characteristics and the level 
of consumption based on fuel conditions (French et al., 
2014; Ottmar, 2014). Consumption is a product of the 
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Figure 5.1 Two approaches to determine emissions from biomass burning. Fuel consumption is determined via 
two methods: (a) The indirect combustion approach considers the pre-fire fuels and proportion of fuel consumed 
(~). (b) The direct approach uses fire radiative energy to estimate consumption based on fuel-type specific 
combustion factors (C). Emissions factor (EF) for each product is applied based on combustion conditions. Various 
methods are used to allocate emissions temporally and vertically for use in atmospheric smoke modeling 
(see Chapters 8 and 9) (figure courtesy of S. O'Neill}. 

burn area, the amount of biomass in that area, and the 
fraction of the biomass consumed (Fig. 5. I), which is 
also termed burning efficiency or combustion complete­
ness (van der Werf et al., 2006). The fraction consumed 
can be defined as a function of several variables, including 
the moisture conditions of the fuel and combustion con­
ditions in the fire environment. Seiler and Crutzen (1980) 
used this general framework to make the first global esti­
mates of contemporary carbon emissions from biomass 
burning, separately considering variation in each term for 
different biomes and different types of land management. 
Using this approach, the mass of total fuel consumption 
(M,, kg) for an event is calculated using the following 
general equation: 

M, =AxBxf3, (5.2) 

where A is area burned (m2) in an event or re · 
biomass density (fuel loading per unit area; kg 
f} is the fraction of biomass consumed (0-1. unit 
termed the burning efficiency factor. Circling 
equation 5.1, applying an emissions factor, EF. 
the mass of emissions Mx for fuel type x: 

M,, = AxBxf3x EFx. 

Quantification of each of these terms is 
detail next. This general approach has been es 
a standard method for fuel consumption froa 
burning. For carbon emissions, the fraction cl 
is carbon is included as a carbon emission fj 
cally 0.45 or 0.5, the nominal carbon content 
For pollutant emissions, used in atmospheric 
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' and air quality modeling, emission factors are applied as 
shown in equation 5. I and further discussed later in this 
chapter. 

Active Fire and Burn Area Mapping 
Jn Chapter 2, the drivers of fire occurrence are reviewed 

explaining that some biomes are naturally fire prone, 
while other regions have little to no natural fire, and still 
others are influenced by anthropogenic burning for land 
clearing and other land use 11eeds (Bowman et al., 2009). 
The amount of biomass burning varies greatly from 
region to region and, in some fire-prone ecosystems, from 
year to year. Determining where and when fire is occur­
ring and the amount of area burned has been a major 
focus for mapping and monitoring air quality because the 
magnitude of burning (the amount of burn area (Al) is 
}he dominant factor in many regions driving interannual 

·,::,v_ariability in smoke (van der. Werf et al., 2006). Prior to 
',:()the 1990s, the magnitude of global biomass burning was 
··\_riot well known (Levine, 1991), and there were wide 
··\discrepancies in estimates of global fires occurrence 
t/IS.asischke & Penner, 2004). The advent of satellite sens­
;X'~i(has provided comprehensive observations to better 

\.1a11tify fire occurrence with thermal sensing ( Giglio 
J_al.,.2003; Kaufman et aL, 1998). Multispectral sensing 
-.. ·:,S._'_iidvanced for mapping land change and burn area 

"diicts at landscape scales with Landsat (Hawbaker 
·_al,. 2020; Key & Benson, 2006) and at regional to 
j·a1 scales with MODIS and similar systems (Giglio 
··-_r/2006). Estimates of biomass burning (burn area 

re·counts) for various regions of the world are fairly 
· nstrained due to the advent of satellite-based 

for fire monitoring (Chapters 2 and 3). 
·:"ibme regions and fuel types, accurate accounting 

0_Jiia•ss burning is challenging. Satellite-based 
,.,. S. for determining burn area suffer from a 
'f6h in resolution between the sensor and the 
·~:i'enon; where fire is typically confined to a narrow 
:¥/Of meters to submeter scale, satellite sensors 
;_e_iiergy at several meters to kilometer scale. This 

.J1i.ethods to subsample the information. often 
_:to ;bias of too much area burned (Hyer & 

0

9_)· .. On the other hand, satellite sensors also suf~ 
qharacteristics leading to undercounting of burn 
Jss.ingfires due to both the sampling rate of-the 
.,_-~llite sensor and the obscuration of the fires 
.-_"!:anopies or cloudy skies (Cochrane et al., 
-~_ton e:t al., 2018: Morton et al., 2011; Souza 
··'-.:Agricultural burning and other small fires, 

l;mrning practices, are missed in many emis­
:'}ies for these reasons (Randerson et al., 

':ditiori., smoldering fires that are known to last 
B\'½ionths, and can even reignite ·after winter 
'))~sume large areas of organic peat soils, 

emissions that are undeniably undercounted (McCarty 
et al., 2021). 

Figure 5.2 provides an example of a case in the south­
eastern United States where prescribed fires are common. 
The extensive omission errors are caused by the 16 day 
overpass frequency of the Landsat satellite, coupled with 
occlusion from cloud cover. Moreover, most fires in the 
ecosystems at both locations are low-intensity prescribed 
surface fires burning beneath the tree canopy; hence, 
canopy occlusion causes further underestimation of the 
true bum area, as recorded on the ground, causing some 
fires to be entirely missed (shown as empty blue poly­
gons). In this case, satellite-based accounting misses 80% 
of the actual area burned recorded from fire records. This 
is a common problem in accounting for fire in any forests 
that have dense canopies and support understory burning, 
including tropical forests, which are typically low­
intensity understory fires where dense forest canopies and 
clouds are common (Morton et al., 2013). Methods that 
use pre- and post-burn images for mapping bum area, 
and do not rely on active lire, are employed (Hawbaker 
et al., 2020); however most burn area products are seeded 
with locations mapped from active fire sensing (Giglio 
et al., 2006), because detection of burn locations in some 
biomes and ecosystems can be subtle, resulting in missed 
fires. Chapter 3 reviews these and other caveats in relying 
on satellite data alone for emissions inventory. 

Because satellite remote sensing cannot capture all 
burning relevant to air quality, approaches that include 
record-keeping techniques are often required. Within the 
United States, the USEPA relies on a data consolidation 
effort that combines fire records with satellite detections 
(SmartFire-2) (Larkin et al., 2020) to account for fire in 
the triennial National Emissions Inventory (NEI). 
Therefore, the United States and other national fire 
activity assessments for emissions reporting rely heavily 
on satellite-based active fire and burn area data, as 
reviewed later in this chapter and in Chapter 9. In gen­
era]. fire accounting will always miss some fires and area 
burned, as has been documented by Hall et al. (2016). 

Biomass and Fraction Consumed 
Estimating the amount of consumption within the 

perimeter of a bum based on the model shown in 
equation 52 can be highly uncertain due to the high var~ 
iability in both the amount of fuel (loading) at the site (B) 
and the fraction consumed (/J) (French et al., 2002, 2004; 
Urbanski et al., 201 I; van Leeuwen et al., 2014). To 
estimate emissions where no pre- or post-fire fuel 
loading measurements are available, consumption must 
be modeled based on field data that relates consumption 
to measurable variables (fuel characteristics and mois~ 
ture status). Examples of consumption models are the 
Consume model (Prichard et al., 2006), the First Order 
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Figure 5.2 Fire management records of 2014 prescribed and unintentional fire perimeters versus remote sensing­
derived burn area from the Landsat burn area product (Hawbaker et al., 2020) at Ft. Jackson Army Base and Eglin 
Air Force Base, located in the southeastern United States, showing extensive omission errors from canopy and 
cloud obscuration and low satellite repeat frequency (figure courtesy Dr. Nuria Sanchez-Lopez). 

Fire Effects (FOFEM) model (Reinhardt et al., 1997), 
and Can FIRE (de Groot et al., 2009), which are used as 
the basis of several emissions model systems. All of these 
models rely on knowledge of the fire environment, 
including the pre-fire fuels and the fuel moisture, which 
are a function of weather and climate. 

Pre-fire fuel loadings can be estimated from remotely 
sensed data, typically multispectral (e.g., Landsat) 
satellite imagery, trained from field plot measures. 
National LANDFIRE maps are the best example in the 
United States (Rollins, 2009). The Fuel Characteristics 
Classification System (FCCS) developed by Ottmar et al. 
(2007) provides a comprehensive framework for summa­
rizing complex fuelbeds into their component materials 
(trees, shrubs, herbaceous, coarse and fine woody debris 
fractions, litter, dufl); the proportions of these compo­
nents vary greatly by vegetation type. Landsat imagery 
FCCS fuelbeds have been mapped for the United States 

based on LANDFIRE Existing Vegetation Type 
maps (Rollins, 2009). Globally, FCCS has been ma 
from MODlS-derived vegetation type for use in fire 
sions modeling in many regions around the 
including South America (Pettinari et al., 2013). and 
global product (Pettinari & Chuvieco, 2016). The · 
purpose of developing the FCCS was for fire 
and management to provide fire managers \\-ith si 
fuel information from which they could estima 
behavior (e.g., spread rate). consumption. emissi 
fire effects for a giYen set of fire weather and fuel 
ture conditions. The Consume and FOFEM m 
developed to use FCCS fuels for site-level cons 
estimation but have been used with LANDFIRE 
layers to increase their applicability at broad 
(French et al., 2014) and in smoke model em· 
(e.g., BlueSky Tools; Larkin & O'Neill. 2018; 
et al., 2009; see Chapter 9). 
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' Weather and climate factors that innuence fuel 
consumption are best considered as a continuum of.con­
straints on combustion, operating at different temporal 
scales. Fire weather variables (wind, temperature, and RH) 
have the most immediate effects, operating at seconds to 
days, while climate variables, such as growing season 
length, operate at seasonal to decadal time scales. In the 
absence of fire, climate operates to constrain vegetation 
production, senescence, and mortality, and thereby fuel 
loads, as a balance between accumulation and decomposi­
tion (Olson, 1963). Occupying the middle ground between 
weather and climate at an intermediate temporal scale, 
ranging from hourly to seasonally, is fuel moisture, con­
strained by the full continuum of weather-climate factors 

,_.. and landscape physiography. These factors include temper-
'<. ature, precipitation, evapotranspiration, relative humidity, 
{·:;wfo,;I, slope, aspect, and soil type. Fuel moisture is a critical 
'<: ·coptrol on combustion an<l is difficult to monitor remotely 

:((Cl10wdhury & Hassan, 2015; Yebra et al., 2013) given 
':)_Pat it is temporally very dynamic for each fuel compo­
·h'i_e'i'l.t, depending on particle size and arrangement (see 
J;:"hapter 4) (Viegas et al., 1992: Viney, 1991). Despite this 
/C(}fnplexity, moisture status of dead fuels is easier to 

" ameterize in fuel moisture models by fuel size class 
11 Jive fuel moisture content (Carlson et al., 2007; 
·-. "ey, 1998; Nelson, 2000, 2001), because plants in their 

__ 'hus functional forms exhibit a variety of strategies in 
-· '"cinse to water limitation and drought (Viegas et al., 
'j),..However, fuel moisture is. the basis of fuel consump­
_ _-:_'ifficidels. providing the most important constraint on 
-.--. _bustion, making it a very important variable in emis­

':'s'_"¢stimation, no matter the approach used. 

if!::M,~pping Consumption: The Direct Approach 

;-:}e •'fire sensing can provide a direct estimate of 
j,s" consumption derived from the energy emitted 
· __ ._fetal., 2003 ), unlike the indirect approach, which 
''~n'e_s·consumption from a model-based accounting 

':{cqnsumption (Fig. 5.1 ). Fire radiative power 
b'servations are derived from calibrated bright• 
}tatures measured by thermal infrared imaging 
'_Ozier, 1981; Kaufman et al., 1998). Fire radia• 
Y_--{FRE) is the time integral of instantaneous 
'· tions, expressed as follows: 

" FRE= fFRP(t)dt. (5.4) 

'"}f~I can be a;~roximated by the following 
·, \Chetti & Roy, 2009; Hudak et al., 2015): 

• 2'.;0.5(FR~ +FRP,.,)(t,~t,.,), (5.5) 
; 

where time tis the time in seconds (s) of each FRP obser­
vation, i, in the time series. 

FRP and FRE are extremely useful because they are 
linearly related to combustion rate and total consump­
tion, respectively (Wooster et al., 2005). The direct 
approach to estimating the consumption mass, M,, is as 
follows (Prichard et aL, 2021; Wooster et al., 2013): 

M,=FRExC, (5.6) 

where Cis a combustion factor (kg MJ··1) for a given veg­
etation (fuel) type, which equates to the slope of the linear 
best fit relationship between and FRE and the mass of 
fuel consumed, M< (Wooster et al., 2013). An advantage 
of the direct approach to consumption estimation by 
equation 5.6 is that it replaces the burn area, biomass, 
and fraction consumed variables in equation 5.2. 
Thus, the combustion factor C (kg MJ· 1J converts energy 
units (MJ) to mass units Ocg) of fuel consumed (M) to 
effectively collapse the three predictors used in the 
indirect approach of equation 5.2 into a single· coeffi­
cient. The combustion factor varies considerably as a 
function of fuel moisture (Sn1ith et al., 2013). Circling 
back to equation 5.1, applying EF,. provides the mass of 
emissions M, for fuel type x: 

(5. 7) 

lnherent underestimation biases confound FRE-based 
consumption estimation from remote sensing observa­
tions. The origin of these biases parallel those for esti­
mating consumption in the indirect method. They include 
obscuration from clouds, smoke, and tree canopies and 
limitations in observation due to satellite orbit charac­
teristics. Mathews et al. (2016) found that forest with 
co_mplete or nearly complete canopy closure can obscure 
fire and may be below the detection threshold of above­
canopy FRP sensors. Global satellite FRP products are 
derived from polar-orbiting satellites (e.g., MO DIS) that 
image a given location on the Earth twice daily at most, 
assuming no cloud cover (Roberts et al., 2011); this trans­
lates into many missed ignitions and unobserved flame 
front movement between satellite overpasses and where 
clouds are present during the overpass. At the regional 
scale of northern Australia, which has a very active fire 
regime, Boschetti and Roy (2009) used simple kriging to 
spatially extrapolate sparse MO DIS observations of FRP 
using the independently derived MOD1S burn area 
product. to derive FRE estimates that were less affected 
by undersampling. Similarly, at the landscape scale of 
individual prescribed fires, Klauberg et al. (2018) used 
ordinary kriging and conditional simulation to extrapo­
late FRE estimates integrated from temporally unders~ 
ampled FRP observations collected from an infrared 
camera mounted on a fixed-wing aircraft flying laps over 

I 
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the fire. In both of these examples, geostatistical mod­
eling (e.g., kriging) served to fill in the spatial gaps 
caused by undetected burning between the sparse fire 
observations. 

5.2.4. Addressing Complexity in Fuels and Combustion 

As described in Chapter 4, biomass fuels are heteroge­
neous in characteristics relevant to emissions. Even in 
areas of monoculture forests or grasslands, topographic 
and hydrologic features can influence the fuel conditions 
and drive variability in combustion. Fuel components, 
meaning the fuel type and vegetation strata (see Chapter 4), 
have very different burning properties, making assign­
ment of combustion factors by vegetation type a gross 
oversimplification, especially for global-scale assessment 
when generalized vegetation type is often used in this way 
(e.g., land cover class or biome; Kaiser et al., 2012; van 
der Werf et al., 2006; Wiedinmyer et al., 2011). 

One strategy for addressing fuel complexity for more 
accurate consumption estimates via the indirect method 
is by modeling combustion by fuel component or strata, 
for example assigning differentP values in equation 5.2 to 
the aboveground and surface fuels (French et al., 2002). 
In this example, equation 5.2 is expanded to include two 
fuel components as: 

(5.8) 

where B
0 

is the average biomass density of aboveground 
vegetation and Bs is the loading of the surface fuels, with 
corresponding consumption fractions,8, for each stratum. 
This can be applied to more than two fuel components 
or strata, and is one of the strategies used in several 

consumption approaches, including the Global Fire 
Emissions Database (GFED) (van der Werf et al., 2017; 
van Leeuwen et al., 2014) and the Consume model, which 
uses the FCCS fuelbed paradigm (Ottmar, 2014). In 
addition, separating combustion models by fuel compo­
nent allows for explicitly defining combustion phase 
for assigning emission factors, thereby improving the 
estimate of emissions of non-CO 2 gases by accounting 
for combustion efficiency (see section 5.2.5). 

5.2.5. Emission Factors and Combustion Efficiency 

Smoke from biomass burning is a complex mixture of 
gases and particulate matter (PM) (Table 5. I; Prichard 
et al., 2020; Urbanski, 2014). The most abundant gases in 
smoke from fires burning wood and other biomass arc 
carbon dioxide (CO,), carbon monoxide (CO). methane 
(CH

4
). nitrogen oxides (NO, NO

2
), ammonia (NH

3
), and 

sulfur dioxide (SO,) (USEPA, 2021a). Nitrogen oxides, 
grouped together as NO,, are especially important for 
their role in the formation of ozone (0 1) through a pho­
tochemical process, which is a critical pollutant in do,\n­
wind smoke. Important for air quality, nonmethane 
hydrocarbons, organic aerosols, and other organic and 
inorganic pollutant compounds are found in smaller but 
sometimes critical levels in smoke, most often in incom­
plete combustion conditions (Andreae & Merlet. 2001). 
PM in biomass burning smoke is a mixture of fine to ,ery 
fine solid particles and liquid droplets. Alternative termi­
nologies for PM are total particulate matter ( TP/t.1 J or 
total suspended particles (TSP). Particulates that 
lofted into the air form aerosols, a collection of suspen 
particles of varying composition, shapes, and sizes. PM 
often designated by size; typical designations are part' 

Table 5.1 Emission Factors (EF) for the primary pollutants in biomass burning smoke 

Pollutant 

Carbon dioxide CO 2 
Carbon monoxide CO 
Particulate matter <2.Smm - PM2 .5 

Methane CH
4 

Nitrogen oxides NO, 
Ammonia NH 3 
Sulfur dioxide SO2 

Mean (SD) of all data in SERA 

Emission factor (EF) (g/kg) 

1,595.6 (166.2) 
99.042 (49.430) 
22.456 (16.954) 
4.294 (3.387) 
3.021 (2.110) 
1 .386 (1 .445) 
1.113 (0.723) 

Mean (SD) by combustion phase 

EF flaming (glkg) EF smoldering 

1,671.4 (78.2) 1,521.2 (148.5 
70.363 (22.700) 131.593 (40.01 
15.957 (9.884) 31.804 (18.880t 
2.618 (1.345) 7.628 (3.338 
2.755 (1.143) 2.288 (2.016 
0.889 (0.768) 2.576 (1,886 
1.025 (0.552) 1.569 (1.158 

Source: This information is compiled and condensed from the Smoke Emissions Reference Application (SERA), 
Prichard et al. (2020). 
Note: Units are in g of a gas or PM per kg of fuel consumed (Mc). Also shown are EFs for flaming and smoldering corn 
conditions. Standard deviation (SD) of measurement mean is shown in parentheses. The number of data samples varies. 
considering fire in areas with few to no houses or human-built infrastructure. Smoke from fires that consume structures 
a myriad of additional compounds, which will not be reviewed in this chapter. 
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' 
with a diameter <2.5 µm (PM2.5) and particles with a 
diameter <l O µm (PM 10), which include the smaller cate­
gory of particles. Smaller particles (PM,.) are more inllu-_, 
ential on human health and often the subject of health 
studies because they can be respired deeper into the lungs 
than coarse particulates (see Chapter 11). Additionally, 
these small particles stay aloft longer, so can be trans­
portedfarthet; causing impacts to air quality far from the 
site of the event (Seinfeld & Pandfa, 1998). 

Emission Factors 
For all sources, emission factors (EFs) define the parti­

tioning of combustion products into various emission 
products and are variable based on the fuel type and 
combustion conditions. Biomass burning, EFs are deter­
·mined by measuring the concentration of a pollutant 
either in the lab or in a field-measured fresh smoke plume 

. against a background concentration (Urbanski et al., 
;·)021). Seasonal and regional variability in EFs is well 
rknown. Pot global scasle emissions inventories, specific 
<,EFs are applied by biome (Kaiser et al., 2012; van 
i:)ieeuwen et al., 2013). For event-based and regional 
,;:.:-~fforts, EFs are on the fuel type and combustion condi­

'i8ns (Prichard et al., 2020). Studies of African savannah 
·'a"ss1ands identified some of the underlying factors 
~i~i-~g variability in these ecosystems (Hoffa et al., 1999; 
(frontzi, 2005); these and similar studies provide some 
·-:id'ance for improving EFs used in biomass burning 
'\Ssions modeling. Regiotially defined variability in 
"'jh~S:s-burning CO emissions and concentrations using 

F,scenarios was assessed in a study by van Leeuwen 
")'. The study used both spatial variability defined by 

cand temporal variability, as opposed to previous 
hes that employed static EFs by biome (Akagi 

_20J 1). Using this spatial-temporal complexity in 
·h Leeuwen (2014) found an increase in CO emis­
_--1'.boreal regions (as much as 50%), but lower esti­
"of Africa (-3.5%), compared with using static EF 
iC:vealing the importance of refined knowledge of 
')Space and time for accurate emissions and smoke 
\iJ,tfon mapping. 
"i e·rrorts to better characterize the composition of 
,.-_., ·: emissions modeling have resulted in several 

,,tc/EFs from biomass burning and other open 
··\(/4.ka:gi et al., 2011; Andreae, 2019) and include 
·-.c'i,ITlent of the Smoke Emissions Repository 

\,.(SERA) database of biomass burning EFs 
-::· _qdeling (Prichard et al., 2020). SERA lists 
Jdes Of gases and particulate categories; the 
Jl'S:;ind aerosols and an average EF as reported 
'-'-'-.jfsted in Table 5.1. A subset of the pollutant 
·Jii:the criteria airpollutants (CAP) designated 
·p,A_.-'lt should be noted that one of the pri-
t_iTits ·of interest for air quality assessment, 

ozone (0 3), is not included in this table because it is not a 
primary product of combustion, rather is formed when 
nitrous oxides (NO ) in smoke interact with sunligltt 

' through photochemistry. Similarly_ aerosols are known to 
evolve as they age (Huang et al., 2013; Kleinman et al., 
2020), so typically EFs are reported from fresh smoke, 
unless otherwise noted. 

Combustion Efficiency and Emissions 
Variations in emissions and EFs are driven by various 

compounds in the biomass as well as the combustion 
conditions. Combustion type or combustion phase is 
determined by the conditions under which the combustion 
process occurs, which is a result of fuel water content, 
fuel compaction, and ventilation (wind), all of which 
influence available oxygen. Low oxygen conditions during 
a smoldering bum produces a very different set of 
combustion products than clean burning, where oxygen is 
not restricted, as shown in the EF differences due to 
combustion phase (fable 5.1). Smoldering conditions 
reduce the combustion efficiency thereby decreasing 
the amount of CO, at the same time as increasing the 
formation of CO a'nd gaseous and particulate organic 
compounds that can have high toxicity, so are therefore 
of concern for human health (Rappold et al., 20ll; see 
Chapter I I). 

Modified combustion efficiency (MCE) is a way to 
quantify the level of inefficient combustion found 
especially during the smoldering phase. MCE is 
calculated from the concentrations of CO, and CO in 
the plume compared to the nonplume (b"ackground) 
concentration, as shown in Eq. 5.9 with A indi­
cating plume to background difference (Yokelson 
et al., 1999): 

MCE~6CO, 1(6C0,+6CO). (5.9) 

Efticient combustion will have an M CE of 1 indicating 
that all carbon in the fuel is emitted as CO

0
• The MCE 

indicates the relative amount of flaming and smoldering 
combustion, with a lower MCE indicating more smol­
dering. Typical MCE values for wildfire biomass 
combustion are 0.80 to 0,95. MCE measured in smoke 
provides a way of defining the relative amount of com­
plex combustion products, such as organic gases and 
aerosols, critical to air quality. As reviewed in Urbanski 
et al. (2021), MCE tends to differ with fuel type, with 
MCE highest for herbaceous (grass and forb) and shrub~ 
type fuels and lower for forest fires (Fig. 5.3). In general, 
M CEs for prescribed fire tend to be higher than for 
wildfires, indicating cleaner burning in prescribed versus 
wildfire, although this generalization is broad, and 
MCE is highly variable in all open burning situations 
(Prichard et al., 2020). 
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Figure 5.3 Figure demonstrating the variation possible of mod­
ified combustion efficiency (MCE) for fire in different vegetation 
types and biomes of the United States (US). SE = southeast US, 
SW = southwest US, NW = northwest US, and WF = wildfire. 
Error bars are 1 standard deviation of the measured data 
(reproduced from Fig. 6 in Urbanski, 2014). 

5.3. BIOMASS BURNING EMISSIONS 
INVENTORIES AND MAPPING SYSTEMS 

AND PRODUCTS 

The variety of emissions inventory approaches has 
resulted in disparate estimates of the impacts of fires on 
pollutant concentrations. Emissions estimates of some 
chemical species may vary by a factor of 3 to 4 (Urbanski 
et al., 20 I I). lo this section, we review existing models, 
systems, and products for emissions inventory and 
mapping, including approaches used for national fire 
emissions inventories and modeling systems used for 
event-scale assessment of smoke plumes to global-scale 
understanding of atmospheric chemistry. Chapter 9 
provides a more specific review of air quality models 
from several nations that use the methods described 
in this chapter. 

5.3.1. National-level Emissions Inventories 

Monitoring air pollution on a global scale is challeng­
ing, requiring multiple governmental and quasi­
governmental efforts to bring the science of emissions 
monitoring to the task (Frost et al., 2013). The work to 
quantify pollutants has primarily been carried out to 

inform in-country and transboundary regulatory require­
ments. The Convention on Long-Range Transboundary 
Air Pollution (LRTAP) was set up in 1979 by 51 nations 
to address transboundary air pollution. LRTAP provides 
a framework for monitoring specific pollutants to 
address transboundary air pollution in North America, 
Europe, and Russia and former East Bloc countries 
(UNECE, 1979). In a separate effort, much of the work 
on quantifying emissions from biomass burning has been 
carried out for purposes of climate change monitoring. 
which is concerned with CO, and other climate-relevant 
gases and aerosols, also called greenhouse gases (GHG). 
Often GHG assessments present results in total carbon 
emissions or CO2 equivalents, rather than for toxic air 
pollutants that are of concern for human health studie!;. 
The initiative to quantify GHG emissions from biomass 
burning has provided a framework to account for and 
quantify pollutant source emissions using methods pre­
scribed by the IPCC (2007). Recent efforts to reconcile 
the different approaches for multiple needs of climate 
and air quality have provided guidance for including 
biomass burning in national-scale emissions inventories 
(Vallack & Rypdal, 2019). 

National governments around the world conduct 
inventories of air pollutants and GHG emissions from 
biomass burning and other open burning. As an example, 
the U.S. National Emissions Inventory (NE!) compiles 
detailed estimates of air pollutants and precursor, 
every 3 yr from state and regional government agencies, 
reported by county or state, depending on the data source. 
In addition to general air pollution sources, such 
vehicles and power plants, the NEI accounts for fire 
agricultural burning with extensive imprO\ements 
methods beginning in the 2011 NEI (Fig. 5.4) (La 
et al., 2020). In a separate effort for climate as~ss 
purposes, the Inventory of US. Greenhouse Gas Em· 
and Sinks (USEPA, 2021b) has been compiled ann 
since the early 1990s; it is submitted to the United~ 
in accordance with the Framework Con\'entioo 
Climate Change (UNFCCC) reporting require 
(UNFCCC, 2021). Similarly, in the European l.inion. 
European Monitoring and Evaluation P 
(EMEP) started publishing a guidebook on air 
emissions in I 992 and it has been maintained under 
LRTAP Convention. The guidebook includes e · 
sources from forest and grassland fires. as v.ell as 
tural burning and continues to be published bJ 
European Environment Agency (EEA), most 
released in 2019 (European Environment Agency, 
Canada and Australia have extensive areas of 
that vary annually. They both conduct detailed a 
of emissions from fire in their annual GHG repor11 
UNFCCC using IPCC reporting methodol 
both have national air quality monitoring pr 
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Figure 5.4 Overview of the U.S. Environmenta.1 Protection Agency approach to wildland fire emissions inventory. 
For more information see Holder (2019). 

:to the U.S. EPA and E.U. EMAP programs. Additional 
'.l'~formation on country-level efforts to model and track 
----:Offution from fire is provided in Chapter 9. 

;~i_'2_. Fire Emissions Inventory Systems 

,;<::~tside of needs for national and international report­
:.a'nd regulatory compliance, fire emissions are tracked 
"'.-;i:~ariety of needs and stakeholders. Table 5.2 pro­
_:"'-.a• list of some of the emissions monitoring and 
:·~tciry systems currently in use. Many of these efforts 
-_-._'.2used on GHG emissions tracking, with some hav­
··ein.:adopted for integration into air quality models. 

·j:sCale emissions inventory approaches are avail-
'\)'r.:._.retrospective emissions inventory, such as the 
·.fF.ire Emissions Database (GFED) and for direct 
· \a.spheric chemistry modeling and forecasting 

ter 9). Global-scale m9dels provide a compre­
;µif:thod to understand fire in the Earth system, 
:fal_iow for more complete and accurate modeling 
'$'pheric processes. The different approaches used 
"4~.0ffs and assumptions to achieve the goals of 

ent. The Global Fire Assimilation System 
_ iser et al., 2012), the NASA Fire Energetics 

· '·_ ns Research (FEER) algorithm (lchoku & 
't4), .and the global biomass burning emission 
·:.~.in .geostationary satellites (GBBEP-Geo; 
·_1;/2019-) use the fire energy approach (FRE) 
.:'b.~iously, which employs a combustion factor 
}igy and emissions with broad assumptions 
-, .. _··fQr an event as we!! as fuel type and 
JNN blends indirect and direct modeling 
"'"'ith generalized information on fuels and 

satelfite~derived active fire detections to produce emis­
sions on a daily basis (Wiedinmyer et al., 201 l). These 
systems produce results in near-real-time, meaning the 
estimates are made as fires occur in order to provide data 
for numerical weather prediction and atmospheric 
modeling (see Chapter 9). 

Finer-scale emissions inventory approaches are used 
for mapping smoke from individual fires and regions and 
to gain more specific and l'elined estimates of emissions 
for landscape and regional applications. The USDA 
Forest Service's Wildland Fire Emissions Inventory (WFEI) 
(Urbanski et al., 2011) was completed to estimate fine­
scale emissions for the western United States from 2003 
to 2008 in order to assess the reliability and uncertainty 
of coarse-scale estimates from other global inventories 
(see Chapter9). The Canadian Wildland Fire Information 
System (CWFIS) provides. twice-daily input on fire emis­
sions for Canada's Wildfire Smoke Prediction System 
(-FireWork) daily smoke forecast maps. The underlying 
emissions model for CWFIS modeling is CanFlRE 
(de Groot et al., 2009), which is also integrated into the 
national emissions reporting for GHG. The Wildland 
Fire Emissions Inventory System (WFEIS; French 
et al., 2014) operates on historical fire data and was 
developed to provide a spatial mapping capability to 
nonspatial emissions modeling using Consume (Prichard 
et at., 2009). WFEJS uses the indirect method, intersect­
ing fire perimeter location and time-stamp data with fuel 
information from the FCCS ('see Chapter 4) mapped by 
LANDF[RE (Rollins, 2009), and weather-derived fuel 
moisture, to make an indirect estimate based on 
equations 5.1 and 5.2. BlueSky is an emissions modeling 
and smoke forecasting framework that is used to map 

l 
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Table 5.2 Fire emissions modeling systems currently available showing temporal and spatial domain 

Spatial 
System Approach Temporal domain domain Spatial scale Reference(s); websites 

GFAS Direct 2003 pres; NRT Global 0.1"' of \at/long Kaiser et al., 2012 
https://www.ecmwf.int/en/forecasts/ 
da tas et/g \obal-fi re-assi mi I ation-system 

FEER Direct 2003 pres; NRT Global 0.1"' of lat/long lchoku & Ellison, 2014 
https://feer.gsfc.nasa.gov 

GBBEPx Direct NRT Global 0.1" of lat/long Zhang et al., 2019 
https://www.ospo.noaa.gov/Productstl·a_i:i._ 
gbbepx 

GFEDv4 Indirect 1997- 2016 Global 0.25" of lat/long Giglio et al., 2013; van derWerf et al., 2 
https://www.globalfiredata.org/ · 

F\NN Indirect 2002- 2013 NRT Global 1 km Wiedinmyer et al., 2011 
https://www2.acom.ucar.edulmodelii;i 
finn-fire-inventory-near 

BlueSky Indirect NRT United States Various Larkin et al., 2009 
(emissions) https:/lwww .ai rfi re. orgldata/bl uesky 

WFElS Indirect 1983-2020 North America Various French et al., 2014 
https://wfeis.mtd .org 

Note: NRT = near real time, indicating estimates are produced as the events happen. 

emissions sources in a way that can be ingested into air 
quality .and other smoke transport models (Larkin et al., 
2009). The BlueSky emissions model uses similar inputs 
as WFElS and uses the Consume model to make an 
indirect estimate of consumption and emissions. It has 
been used for the triennial U.S. NEI to estimate source 
emissions for input into the Community Model for Air 
Quality (CMAQ; Byun & Schere, 2006). BlueSky is 
desciibed in detail in Chapter 9. In addition to the models 
listed in Table 5.2, Chapter 9 proyides additional insight 
into the emissions modeling and inventory data used in 
operational smoke mapping and forecasting around the 
world. 

5.4. APPROACHES FOR IMPROVING FUEL 
CONSUMPTION ESTIMATES FOR EMISSIONS 

INVENTORIES 

Existing approaches for quantifying the magnitt1de and 
extent of fire emissions across the landscape are inher­
ently limited by lack of knowledge about conditions 
within and during the fire event. Most emissions inven­
tories rely on generalized maps or unconfirmed knmvledge 
of fuel loadings and structure. Approacbes often use 
rules of thumb regarding combustion conditions and 
averages of important parameters that define emission 
magnitude and type. Furthermore, once emissions are 
calculated, in order to use the information for smoke 
exposure, they need to be integrated into a smoke 

transport model to map air quality concentratitj_ 
Chapter 8). To integrate emissions with transpor:f_' -. 
that operate at minute to hour time steps, a templ 
file must be assigned to allocate the daily resul \_,., 
required time step of the smoke model, intr"'­
another set of assumptions. Because of' the{:'' 
assumptions and the inherent variability in f-ll.~1-. 
fire environment, large differences are _fc{:_-: 
simulated smoke composition is compared'_"v{:tI 
sensing measurements or in situ observations ( :'-:' .. 
et at., 2011; Yao et aL, 2013). Pfister et al. (20_.( 
sources of CO and found high uncertainty-a'ii,-d 
estimate of CO from fires when compared:Wff 
ments collected during an airborne sampf''' 
aimed at quantifying sources of CO of 
California. ,, · 

The high variability in emissions from biq•,-,,.c­
has ramifications for air quality model( 
casting. Attempts at error analysis for, t/ 
been elusive, mainly due to the lack ofllf __ 
characterize the uncertainty (French et.a(,''.--., 
reason, techniques to better de.scribe tl{ 
more complete observations are requite&.'.'' 
we review a few avenues under way to hd,1L 
the state of emission variables, includin~{§_ 
consumption. Not included here is·a-]'" · 
advances in fuels characterization,. till:,, 
and measuring emission factors (EF}'._:'" 
advances in fuels c1mracterization re:1¢';.'. 

'./ 
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' modeling. Burn area improvements are reviewed in 
Chapter 3. Recent improvements in measuring and quan­
tifying EFs can be found in the literature coming out of 
the 20 18 Western Wildfire Experiment for Cloud 
Chemistry, Aerosol Absorption and Nitrogen (WE-CAN) 
(e.g., Se!imovic et al., 2019) and the 2019 Fire 1nfluence 
on Regional to Global Environments and Air Quality 
(FIREX-AQ) (NOAA, 2021) campaigns, recent intensive 
studies of North American fire emissions and smoke 
composition. 

5.4.1. Improving Indirect Fuel Consumption 
Estimations 

Estimates of M,, by the indirect approach are highly 
sensitive to the source of burn area informa:tibn used 
(Knorr et al., 2012). Estimates using standard modeling 
methods (equation 5.2) vary widely, with large uncer­
tainties that are difficult to quantify (Fortin, 2021; French 

\::·.et al., 2004; Urbanski et aL, 2011). This inherent vari­
;'.\'8bility, and therefore uncertainty. in quantification of fuel 
\consumption is founded in the variability of both the fuel 
{To.ac:ling (B) and the amount of fuel consumed (JJ in 
·-'_equation 5.2 and C in equation 5.6). Uncertainties in fuel 
·]~fading and bum efficiency can exceed 100% (Reid et al.. 
---09; Wooster et al., 2013), as these predictors are consid­

ft_bly difficult to quantify at any scale (Boschetti & 
·'Y,. 2009; French et a!., 2004; Schultz et al., 2008; 

_ Poster et aL, 2005). lt has been empirically demon­
'r;i'ted that fuels in natural fuelbeds fundamentally vary 
:.:s-~btheter scales (Keane, 2012, 2015; Keane et al., 2012). 
':;.""-he indirect approach to estimating consumption 
·_res on poorly parameterized empirical models of 
------mption based on a small sample of consumption 

___ rements by fuel type and strata (_e.g., the Consume 
:·e1;.Ottmar, 2014; Prichard et al., 2009). Van Leeuwen 
((2014) published the first attempt at a comprehen­
·<g1obal database listing all the available fuel 

··:·ption field measurelilents in the peer-reviewed 
t"e. Estimates range from 4.6 ± 2.2 t ha- 1 in 
·_as to 314 ± 196 t ha- 1 in tropical peat lands, which 
-:~ts anywhere from 21 % to 96'¼, of available fuel 
:--.:.d, depending on the fuel category and biome 
_:h:_sn. van Leeuwen et al., 2014). Based on van 
,., .. ·'et al. (2014), some biomes and regions are dras­
_ .. ':hdersampled, including tundra regions, agricul-

iidscapes, and peat lands, The high level of 
W/iri pre~bum fuel loading (Prichard et al., 2019) 
'lill_stion loss makes it very difficult to measure 
'\l1J)i_es to fu!ly characterize fuel consumption 

"•f:.,of model. An improvement would be spa-
_Cii,estimates of consumption that capture fuel 

<··_{ty, or more samples to inform the empirical 

models. The challenge is to develop a framework for 
modeling fuels and fire regimes that accounts for spatio­
temporal variability in fuels. This framework will neces­
saiily be informed by both remotely sensed and field 
measurements collected at multiple spatiotemporal scales. 
Uncertainties in maps of estimated fuels and consump­
tion are expected to be high at the resolution of pixel­
based estimates but improve upon aggregation to entire 
fire events (Hudak et al, 2015; KJauberg et al., 2018), 
which is the scale domain of emissions models needed for 
air quality mapping. 

Lidar has been found to be an excellent tool in charac­
terizing forest structure (Wulder et al., 2008), and is now 
being used experimentally to estimate fuel loading 
because of its great sensitivity to vegetation structure that 
correlates to fuel loading (Hudak et .al., 2002). Unlike 
passive optical imagery (e.g., Landsat), which saturates 
under high biomass conditions, lidar is sensitive to 
increasing biomass without asymptote (Hudak et al., 
2020; Kennedy et al., 2018; Zhang et al., 2014). Airborne 
lidar collections are becoming widespread, particularly in 
the United States and particularly in forested lands, where 
the canopy penetrating capabilities of 1idar provide 
the most accurate ground elevation measurements from 
which to interpolate a high-resolution (e.g., 1 m) digital 
terrain models (DTM) from the ground returns. The 
strategy of the 3D Elevation Program (USGS, 2021) is to 
collect lidar data wall-to-wall across the coterminous 
United States within 10 yr, to populate a national eleva­
tion data set with unprecedented accuracy and precision 
at 1 m resolution. Such lidar can also be used to charac­
terize pre-fire fuel loading, providing detailed information 
not otherwise available in such detail (Popescu et al., 
2003; Skowronski et al., 2007). In the case of large wild­
fires where whole watersheds may be burned, landslides 
and broad-scale erosion become a critical concern of 
local watershed managers, especially for municipal water 
provisions, which has motivated post-fire lidar collections 
in specific cases to quantify such changes. While relatively 
rare, these pre- and post-fire lidar collections provide an 
opportunity to estimate fuel consumption. at unprece­
dented spatial resolution that no other technology can 
provide, simply by differencing maps of pre- and post-fire 
fuel loading, as demonstrated by McCarley et al. (2020), 
The advent of spaceborne lidar sensors with global cov­
erage (e.g., Global Ecosystem Dynamics Investigation 
(GEDI); lee, Cloud, and Land Elevation Satellite 
(ICESat-2)) provide dramatically expanded monitoring 
capabilities for estimating consumpti011 using pre- and 
post-fire lidar. Spacebome waveform sampling instru­
ments with larger instantaneous coveragy (footprint) 
than typical airborne lidar systems could provide 
estimates of fuel loading at the footprint level; for 
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ICESat-2 this is a 25 m diameter footprint, similar in size 
to a forest inventory plot (Leite et al., 2022). Such esti­
mates can be augmented with pre- and post-fire passive 
optical imagery (e.g., Sentinel or Landsat) using statistical 
or geostatistical models (Hudak et al., 2002) to generate 
pre- and post-fire fuel maps from which to estimate 
consumption. 

5.4.2. Improving the Direct Approach to Fuel 
Consumption and Emissions Estimation 

The biggest contributor to uncertainty in the direct 
approach to estimating consumption and subsequent 
emissions, based on FRE, is undersampling of FRP over 
the course of the fire event. The largest factor contrib­
uting to underdetection is the infrequent overpasses of 
polar orbiting satellites (e.g., twice daily for MODIS) 
relative to daily active fire at a given location (Boschetti & 
Roy, 2009). Cloud and smoke cover reduces detection of 
active fire, as does obscuration of low-intensity surface 
fires burning in closed canopy forests (Mathews et al., 
2016; Morton et al., 2013). Underdetections include 
small fires that are entirely missed, portions of large fires 
between potential hot pixel detects that go unobserved, 
and significant (particularly peak) fire activity that occurs 
between co-located hot pixel detects in time. These over­
lapping detections often represent a large proportion of 
the total energy released but are missed in the subsequent 
integration of FRE from the undersampled FRP record 
(Hudak et al., 2015). 

A more accurate approach to FRE estimation is to 
increase fire detections, ideally via high-rate sampling, as 
is accomplished by geostationary satellites that provide 
high-rate imaging capability, but at a low spatial resolu­
tion (O'Neill et al., 2021; Roberts & Wooster, 2008). 
O'Neill and Raffuse (2021) demonstrate the use of 
the U.S. Geostationary Operational Environmental 
Satellite (GOES) Advanced Baseline Imager (AB() on the 
GOES- I 6 platform to detect fires, compute FRE 
(see equation 5.3) and estimate emissions using the 
FEER approach (lchoku & EIJison, 2014). This approach 
provides a look at the active fire every 5 min, which 
allowed modeling of near-surface I hr average particulate 
matter concentrations using an atmospheric dispersion 
model for the 2020 California Camp wildfire. Limitations 
include less precise location information and obscuration 
of the signal by smoke and tree canopies, as previously 
discussed, but advantages are a more complete accounting 
of active fire over time. For energetic, fast-moving fires, 
geostationary-derived information is a major advantage. 
As techniques to use the high sample-rate data from 
satellites such as GOES are developed, improvements 
in smoke tracking and near-real-time forecasting is 
becoming a reality, as covered in detail in Chapter 9. 

5.4.3. Additional Sources of Uncertainty for Mapping 
Consumption and Emissions. 

Developing a realistic estimate of consumption during 
biomass burning, for both the direct, FR P-based 
approach and the indirect consumption modeling 
approach, requires many assumptions due to the com~ 
plexity of the variables involved. Uncertainty arises from 
subscale variability in fuels and combustion for both 
approaches. O'Brien et al. (2016) has shown sub meter 
spatial variation in FRE during fuel combustion. For in­
stance, the FRE of pine cones versus grass fuels in the 
fuelbed dramatically differs within a I m x I m microplot. 
as would the expected emissions. Indeed, inaccurate!) 
counting the number of pine cones per meter would dra­
matically bias emissions estimates, and the same could be 
said for inaccurate estimations of surface litter loading. 
duff depth, and other fuel components. Fuel moistu~ 
also influences combustion and FRE (Smith et al.. 2013). 
which can change quickly over short timescales as \\ell as 
spatially. Moisture conditions can be especially impactful 
in peat-dominated sites, where the water table is an 
important driver of surface fuel consumption (Bourgeau­
Chavez et al., 2020). Most, if not all, fuel components 
and their moisture content are exceedingly difficult ro 
quantify at the fine scale at which they fundamen 
vary, making fuel combustion, even if accounting for 
etation type, one of the largest sources of uncertainty 
emissions modeling. 

The coUective uncertainties in consumption. b) ei 
the indirect or direct method, may seem to limit 
ability to make reasonable estimates, but fi 
operating at broader scales serve to constrain fuel 
ing. consumption, and emissions such that accurate 
mates can be derived at higher levels of aggregation 
is not to say that current estimates are necessaril) · 
but imprecise at fine scale where fine-scale heter 
in fuels and consumption is insufficiently captured. 
maps necessarily rely on remote sensing data 
empirical models that exploit the statistical rela · 
between ancillary data provided by remote 
observables (e.g., spectral reflectance) and the 
cal attributes of interest measured on the gro 
fuels). Such model-based approaches can use 
ping of the training data to generate \ariatioa 
mapped estimates, which provides a measure rl 
uncertainty at the pixel level (Urbazaev et al.. 
Ideally, fuel maps would full) account for all 
error (sampling, allometric, observation. etc.) 
agate to contribute to overall uncertaint) at 
level (e.g., LANDFIRE at 30 m resoluf 
accounting for these cumulative errors 
challenge (Saatchi et al., 201 I); hm\e,er. ia 
terms, much of the fine-scale fuels ,ariation 
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' upon aggregation (Bell et al., 2018) to the decision space 
that typically corresponds to entire fire events and result­
mg emissions. 

5,5. SUMMARY AND CONCLUSIONS 

In summary, quantifying emissions from biomass 
burning is complex and inexact, involves observations 
and modeling tools, and has matured rapidly in the past 
three decades (Kasischke & Penner. 2004: Larkin et aL, 
2020: van der Werf et al., 2017). Emission estimates are 
needed for quantifying the constituents of pollution 
found in smoke to address air quality concerns. An emis­
sions inventory provides the data needed to run smoke 
models that can be integrated into air quality maps and 
used in decision-making and policy development. Many 
such models are used for both air quality and climate 
research and applications. Two approaches are in use to 

-,-estimate consumption. The indirect approach uses a 
')lJ.ddel-based framework for consumption based on 
tkll6wledge of fuels and conditions, while the direct 
~:_"ii:pproach provides real-time assessment of active fire and 
/t~lculation of emissions given specific assumptions on 
,''60mbustion. All emissions models suffer inaccuracies 

frOm lack of complete knowledge of the fire environ­
":-lrit_; however, new observational methods are under 

··1opment that will improve this knowledge to better 
·-'_lltifythe emissions originating from biomass burning. 
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