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ABSTRACT 

Wildland fuels are foundational to smoke prediction and generally contribute to high uncertainty in smoke 
production and dispersion mode\lng. Until recently, wildland fuels and fuel consumption have been mapped 

''"<\ using traditional methbds to estimate the cover, height, and biomass (kg m-2). Over the past decade, significant 
'\.: .progress has been made in describing and quantifying fuels more accurately with 3D characterization and 
{::_quantification across-large spatial scales. This chapter introduces wildland fuels and approaches to mapping 
\::'them at scales relevant to smoke management, smoke impacts to communities, and future research needs. 
)}Topics covered include (1) an introduction to wildland fuels, (2) traditional approaches to mapping wildland 
'\;:Jm!}s. (3) next-generation approaches to wildland fuel mapping, and (4) research and development needs. 

tJ3ecause source characterization of wildland fuels is critical to predicting smoke impacts, reviewing how to 
:J}l~:asure and map wildland fuel biomass and consumption provides important context for fire and fuels man­

"• _rs; smoke scientists, and policy makers. Although recent developments in 3D fuel mapping are promising, 
_·er~·a:re still many challenges associated in scaling-measured values to the scale of wildland fire events and 

)i~·eSSing wildland fuels such as coarse wood and organic soils (duff, peat lands) tllat can contribute to long­
·µta'tion smoke events. 

4.1. INTRODUCTION 

t~},ke from wild!alld fires becomes an increasing 
·"ti:,,,communities, improved predictions of smoke 
·1:0 communities is essential (Rappold et al., 2011; 
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Williamson et al., 2016; Liu et a!., 2019; Holm et al., 
2021). The amount, composition, and structure of fuels 
that burn in wildland fires play a central role in the type 
and amount of air pollutants emitted by wildland fire 
events, and how long they are produced (Byram, 1959; 
Ottmar et al., 2007, Weise & Wright, 2014). Wildland 
fuels are defined as the combustible biomass of live and 
dead vegetation (Keane, 2015). ln their most basic expres­
sion, fuels are stored potential energy that when released 
by fire, generate heat and emit air pollutants. However, as 
we explore in this chapter, the structure, composition, 
and chemical composition of wildland fuels are highly 
variable and are anything but basic (Cruz et al., 2018). 
Along with weather and topography, the amount, type, 
structure, spatial continuity, and condition of fuels that 
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bum in a wildland fire event drive fire spread, energy 
release, fuel consumption, and smoke production 
(Fig. 4.1; Larkin et al., 2010). 

Characterizing and mapping the structure and vari­
ability of wildland fuels are key elements of smoke 
modeling and can be difficult to accurately represent 
without site-specific information. Geography, climate, 
seasonality, and past disturbances all factor into the 
type and quantity of wildland fuels that are available for 
combustion and how much smoke is produced from 
wildland fire events. For example, a fully cured grass­
land at the end of a growing season generally burns as a 
fast-moving fire with short-duration smoke production 
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Figure 4.1 Interrelated steps to estimating wildland fire emis­
sions from burned area, fuel characterization, and consumption 
to emissions and dispersion modeling (after Ottmar et al., 2009). 

and relatively minimal PM
2

.
5 

emissions compared with 
sites with higher available biomass for burning such as 
shrublands and forests (Cook et al., 2016). Following 
extensive fire exclusion, mixed-conifer forests generally 
have high biomass, accumulated understory fuels, and 
deep organic soils (Hessburg et al., 20 I 9; Hagmann 
et al., 2021). In the absence of frequent fire, many mixed 
conifer forests have multilayered canopies that can 
support crown fires with large plume development and 
long-duration smoke emissions from the smoldering of 
coarse wood and organic soil layers (De Groot et al., 
2007; Urbanski, 2014; Miller et al., 2019). However, for­
ests that have been regularly prescribed burned often 
have light understory fuels that contribute to low­
intensity surface fires that cannot reach the forest 
canopy; much like grasslands, these low-intensity sur­
face fires can produce short-duration emissions com­
pared with fire-excluded forests (Haikerwal et al., 2015; 
Liu et al., 2017; Jaffe et al., 2020). 

Because the structure, continuity, and composition of 
wildland fuels matter so much for fire behavior and 
smoke prediction, wildland fuelbeds often need to be 
characterized into the types of fuels that are available for 
combustion, often organized in vertical layers, including 
tree canopies, dead tree boles (termed snags). shrub stems 
and leaves, grass and herbaceous vegetation. sound and 
rotten wood, needle and leaf litter, moss. lichen, and 
ground fuels, which are defined as partially to full) 
decomposed organic soils (Ottmar et al., 2007). Smoke 
emissions are then estimated based on type and mass 
of fuel consumed (g or kg), which is used to deter­
mine smoke composition by multiplying mass b~ 
emission factors for specific pollutants and fuel types 
(Urbanski, 2014; Prichard et al., 2020). 

Of all variables involved in estimating smoke emis­
sions, the amount of available fuel and proportion that 
is consumed often represent the greatest sources of 
uncertainty (Ottmar, 2014; Drury et al., 2014). Errors 
in estimates of pre-burn fuel biomass can contribute 
as much as 80% when calculating emissions, and 
errors in estimating fuel consumption can contribute 
another 30% (Peterson, 1987). Fuels, topograph}. and 
weather compose the classic fire environment hiangle 
(Countryman, 1972). However, wildland fuels are the 
only one of the three variables that can be managed 
to influence fire behavior before an ignition occun 
(see Box 4.1). 

Although maps of wildland fuel biomass are \\i 
available (e.g., LANDFIRE; Rollins, 2009). they ge 
ally have high uncertainty because they are derived fi 
vegetation layers classified from remotely sensed ima 
and are not based on direct observations. Reliable 
mates of fuels generally require more detailed informa · 
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Box 4.1 Fuel Reduction Treatments and Emissions Scenarios 

Fuel reduction treatments are used to reduce surface 
and canopy fuels and to mitigate future wildfire hazard 
(Omi, 2015; Kalies & Kent, 2016). In the following 
example. we evaluate potential consumption and emis­
sions in managed dry, mixed conifer forests of the 
eastern Cascade Mountains (northwestern United 
States). The three fuelbeds represent an unmanaged 
forest dominated by Douglas fir (Pseudotsuga menzie­
si1), ponderosa pine (Pinus ponderosa), and grand fir 
(Abies grandis) that have large accumulations of sur­
face and canopy fuels from an extended period of fire 
exclusion. The Thin Rx scenario represents a restored 
forest that was thinned from below. removing mid­

: story trees and thinning overstory trees. This treUtment 
_: Was followed by a prescribed understory burn, which 
\- reduced accumulated surface fuels. The thin-only sce­
·:/:-llario represents postthinning fuels that are elevated 
?(horn the accumulated posttreatment Jogging slasl1 and 
},:tftt_er (see Table B4.l). 

._ Consumption and PM,," emissions scenarios were 
t~~timated in Consume (Pfichard et al., 2007) under 
-.::·t\Vo scenarios. A summer wildfire scenario was evalu-
-·,,.-yea to compare potential PM~,s emissions under dry 

,dels typical of summer wildfire seasons in dry mixed 
>'>6-flifer forests of the eastern Cascade Mountains. 
,-·:#Pi:-:moisture and other bum day inputs are listed in 
·\b_jer B4.2. Because thinned forests lack cpntinuity 

-,',"·een surface and canopy fuels, canopy consump­
"ii)is often minimal. We therefore assumed 10% 
\0py- consumption under the summer wildfire 

Input fuel loadings (Mg/Ha) 

Canopy Shrub Herb 

120.94 1.49 0.22 
62.55 1.31 1.12 
62.55 0 1. 12 

scenario and no consumption under the prescribed 
fire scenario. 

Predicted PM 2_
5 

emissions differ markedly across 
scenarios. Under summer wildfires, the thinned and 
prescribed burn unit has sparse understory fuels that 
contribute little to PM

2
, emissions. In contrast, downed 

woody debris and gromld fuels in the thin only unit pose 
a substantial emissions potential. The unmanaged forest 
(control) has high crown fire potential, modeled at 751% 
canopy consumption. Although it might seem coun­
terintuitive that thin-only treatments pose comparable 
risk to high PM 2_5 emissions as unmanaged forests, 
Figure B4. l demonstrates that the majority of fuels that 
contribute to wildfire emissions are surface fuels. If 
thinning results in a rearrangement of canopy fuels to 
surface fuels, it would be expected that high emissions 
could result from a summer wildfire. 

The prescribed bum scenario s110ws a similar con­
trast between treatments. Maintenance burning is 
common in restored dry forests, and, as presented in 
this scenario, actual PM 2_

5 
emissions can be quite low 

once fuels have been reduced from the first prescribed 
bum. In contrast, the thin-only unit has substantial 
emissions potential in ground fuels, litter, and especially 
downed wood. Where possible, additional bioma&s 
removal includi11g whole-tree yarding and biomass uti­
lization can reduce the emissions potential of recently 
thinned sites. In this case, the unmanaged control has 
less emissions potential than the thinned unit due to the 
elevated downed wood in the thin-only unit. 

Wood LLM Ground Tota! 

41.62 3.18 17.75 188 . .59 
87.96 10.41 17.75 232.45 
10.94 0.48 2.11 128.55 

-·:·i~~opy, shrub, herb, downed wood (wood), litter-lichen-moss (LLM), and ground fuels (ground) of the three 
;1~911 fuelbeds including an unmanaged control, thin only and thin and prescribed underburn (Thin Rxl 

-'.-_Environmental variable inputs to consume for summer wildfire and prescribed burn scenarios 

Shrub Canopy 
1,00D h FM Duff FM Litter FM consumption consumption 
(%) (%) (o/4,) (%) (%) 

10 10 6 100 75 
10 10 6 100 10 

20 40 15 100 10 
20 40 15 100 0 



56 LANDSCAPE FIRE, SMOKE. AND HEALTH 

1,000 
Wildfire Prescribed burn 

900 

800 

700 

1 ::, 600 
(/) 

C: 
0 ·;;; 

500 "' ·e 
a, 

ll) 

C\i 
'.:? 
Cl. 

400 

300 

200 

100 

0--------------------~-~-----Thu, Rx Th,n only Control Thin Rx Thin ooiy Control 

G1ound LLM Wood Herb ■ Shrub Canopy 

Figure 84.1 Comparison of predicted PM2_5 emissions (kg/ha) under wildfire and prescribed fire scenarios for 
mixed conifer forests under three comparative management strategies including thinning and prescribed burning, 
thin only and prolonged fire exclusion (control). 

than is provided by remotely sensed imagery and classi­
fied vegetation. For example, fuels that most often bum 
in a forest fire are obscured by forest canopies and are 
strongly dictated by past disturbances or management 
activities (Keane, 2015; Prichard et aJ., 2019). Passive 
remote sensing imagery may provide operational maps of 
forest vegetation type and cover but do not reflect the 
amount, structure, or condition of subcanopy fuels the 
drive fire behavior and consumption (Keane et al., 2001). 

With increased availability of light detection and rang­
ing (lidar) and structure-from-motion (SfM) photogram­
metry, remotely sensed data sets are beginning to facilitate 
3D fuel mapping (Loudermilk et al., 2009; Wang & 
Glenn, 2009; Hoff et al., 2019; Hudak et al., 2020). As 
such, methods for next-generation fuel characterization 
are being developed at scales and resolutions appropriate 
for physics-based computational fluid dynamics (CFO) 
models that are capable of resolving fire-atmosphere 
interactions, heat release, and smoke production (Linn 
et al., 2002; Mell et al., 2007; Loudermilk et al., 2009; 
Hudak et al., 2016a, 2020). However, even these new 
approaches to mapping fuels in 3D have limitations. In 

particular, distribution of downed logs and stumps may 
vary at fine spatial scales and be obscured from air 
remote sensing platforms (Brown, 1974; Keane. 201 
and there are currently no practical approache~ 
measuring forest floor Layers (litter and duff depth. c 
and bulk density) using remote sensing techniq 
Reliable estimates of these fuel categories across 
units often are critical to anticipating long-term s 
impacts and residual smoldering following the Ila 
fire front. 

This chapter introduces wildland fuels and app 
to mapping them at scales relevant to smoke manage 
smoke impacts to communities, and future 
needs. Topics covered include (I) an introduction to 

land fuels. (2) traditional approaches to mapping 
land fuels. (3) next-generation approaches to v.i 
fuel mapping. and (4) research and de\'elopment 
Because source characterization of v,ildland fl 
critical to predicting smoke impacts, reviev..ing 
measure and map wildland fuel biomass and 
tion provides important context for fire and fuels 
agers, smoke scientists, and policy makers. This 
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provides annotated content of a more deta_iled review 
recently published within the National Smoke Assessment 
with an emphasis on wildland fuel mapping applications 
relative to smoke modeling and forest health (Prichard 
et al., 2022). 

4,2. WHAT ARE WJLDLAND FUELS AND HOW 
DO THEY CONTRIBUTE TO SMOKE? 

In wildland fire science and management, wildland 
fuels are often characterized in three vertical fuel layers: 
canopy, surface, and ground fuels (Keane, 2015; Gale 
et al., 2021), Canopy fuels are the biomass above the sur­
face fuel layer (approximately >2 m), Surface fuels gener­
ally include biomass within 2 m above the ground surface. 
Grom1d fuels are all organic matter below the ground 

·.,.-_ line, where the ground line is usually just below the litter 
''?_.\Oi soil horizon) and include the Oe and Oa soi! horizons 
i:\(cotlectively, "duff"), defined as partly to fully dec::om­

. ··ose.d litter. Fuelbed layers are composed of finer-scale 
_:j\~!Ilents calledfi1el strata and categories (Fig. 4.2). 
):'./Fuel strata characterize the vertical profile of wildland 
i{uels, and fuel categories are defined for specific applica­
--."-'_jons, such as fire behavior prediction. For example, the 

" Wned wood stratum often contains fuel categories 
~ding fine wood (<8 cm diameter), coarse wood 

$ .. cm·diameter), stumps, and piles (Riccardi et al., 2007). 
'Ye,.\vood is m0stiy consuined during the flaming phase 

Canopy fuels 

of combustion (Ottmar, 2014) and is important for sur­
face fire behavior prediction and flaming emissions, 
whereas coarse wood partially burns during the flaming 
phase of combustion and then often smolders long after 
the passage of the flaming front (Fig, 4.3), contributing 
to long-duration heat release and smoke (Albini, 1976; 
Hollis et al., 2010; Hyde et al., 2011). 

Fuel strata and categories are also characterized by 
their physical and chemical properties, including bulk 
density, biomass (mass per area, kg m-2), suiface area 
(m2

), and heat content (J kg--1), which are used as inputs to 
fire behavior and effects models (Keane, 2015). The finest 
scale of fuel description is the fuel particle, defined as 
a specific piece of fuel that is part of a fuel category (Gale 
et al., 2021). A particle can be an intact or fragmented 
woody stick, grass blade, shrub leaf, or pine needle. Fuel 
particles have a broad range of physical properties, 
including density (kg m-3

), volume (m3), and shape. The 
properties of fuel categories, strata, and fnelbeds are often 
quantified from statistical summaries of properties of the 
particles that compose them. For example, quadratic 
mean diameter and mean surface area~to-volume ratio 
(cm2 cm-3) are often applied to size classes of wood parti~ 
des for fire and smoke modeling (e.g., Brown, 1974). 

Because live and dead fuels generally have very differ­
ent fuel moistures and availability for burning, wildland 
fuels are also defined by their status (live/dead) and 
condition (fuel moisture). Dead fuel is suspended or 

4.i, ~ertical stratifiqtion of canopy fuels (>2 m aboveground fuels) and surface fuels. 
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(a) 

(c) 

(b) 

Figure 4.3 Representative photos of (a) flaming, (b) short-term smoldering, and (c) long-term (residual) smol­
dering combustion (courtesy of Roger Ottmar). 

downed dead biomass, and live fuel is the biomass of 
living organisms including vascular plants (trees, shrubs, 
herbs) and nonvascular plants (mosses, lichens, and liver­
worts). Live and dead fuel properties are both influenced 
by short-term variations in weather, but live fuel mois­
tures are primarily controlled by chemical content (Fares 
et al., 2017) and plant physiology, including phenology, 
transpiration, evaporation, and soil moisture, which dif­
fer among taxa and across regional climate (Nelson, 
2001; Jolly et al., 2014). ln contrast, dead fuel moisture is 
dictated by the physical properties of the fuel (e.g., size, 
density, surface area) and their interaction with site cli­
mate, weather dynamics (wind, solar radiation, vapor 
pressure deficit), and available soil moisture (Fosberg 
et al., 1970; Viney, 1991; Banwell et al.. 2013; Byram & 
Nelson, 20 I 5). Live foliar moisture content influences 

when and where grasses, shrubs, and tree crov,lls 119 

available to burn and can be highly variable across s 
and time. For example, green grass cover generall} p 
ents a barrier to fire spread whereas partially to fi 
cured grass facilitates rapid fire spread. 

Because the type and condition of fuels vary overt' 
characterizing seasonality of wildland fuelbeds is cri · 
for refining predictions of fire behavior and smoke 
ductions. Differences in foliar moisture content bet 
green and cured grasslands are well understood. but 
ests can also have marked differences in available 
between growing and nongrowing seasons. For e 
mixed pine and hardwood forests of southeastern 
America are less available to bum during warm. h 
summer months with generally high month!~ p 
tion (Mitchell et al., 2009). However, dormant 
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are often marked by lower monthly precipitation with 
highly flammable litter fuelbeds that are generally com­
posed of forest litter, grasses, and shrubs. Similarly, dur­
ing the spring dip in boreal and subboreal landscapes, 
conifer tree species experience a pronounced decline in 
foliar moisture content prior to bud burst (Little, 1970; 
Chrosciewicz, I 986). During this short period of time, 
these forests can be particularly conducive to crown fires 
(Jolly et al., 20 I 4). 

The structure of wildland fuels is also an important 
characteristic that can strongly influence how fires spread 
and produce smoke. At fine spatial scales, the porosity of 
fuels influences how much available oxygen and air flow 
there is to support combustion (Fons, 1946). Complexes 
of dry fine wood, grass, and shrubs often bum efficiently 
and contribute most to flaming combustion. In contrast, 
duff is densely packed with low combustion efficiency and 
mostly contributes to smoldering combustion. Across 
coarser spatial scales, gaps in fuel structure influence fire 
spread, including whether a forest can support transitions 
from surface to crown fires (Weise et al., 2018) and how 
readily fires can spread from tree crown to tree crown 
(Parsons et al., 2017; Ziegler et al., 2017). For example, 
vertical gaps between understory fuels (shrubs, grasses, 
and litter) and canopy fuels can prevent surface fires from 
burning into forest canopies (Fig. 4.4). Similarly, the 
spatial continuity of surface fuels often strongly drives or 
constrains fire behavior (Atchley et al., 2021). Depending 
on fire intensity and wind speed, discontinuities in surface 
fuels such as patches of bare mineral soil or green vegeta­
tion with high foliar moisture content can create impedi­
ment:. to fire spread. Under mild weather and low wind 
peed:., surface fuel heterogeneity can strongly influence 

wildland fire behavior. However, vertical and horizontal 
gaps in fuel structure matter far less under more extreme 
fire weather and behavior. Desert ecosystems offer the 
most extreme example of fuel discontinuity; although 
desert vegetation is often dry enough to ignite a fire, fire 
spread is limited by the lack of continuity in sparse fuels 
(Gill & Allan, 2008; Swetnam et al., 2016). 

Geospatial information on past fuel reduction treat­
ments including thinning, prescribed burning, and past 
wildfires, is important for wildland fuel mapping because 
it can refine estimates of wildland fuel biomass and con­
tinuity. Fuel reduction treatments such as forest thinning 
and prescribed burning are generally designed to create 
gaps in fuel structure and, for a time, reduce the conti­
nuity and availability of fuels to burn in subsequent 
wildfire events (Kalies & Kent, 2016; Prichard et al., 
2017). Following fuel reduction treatments or wildland 
fire events in fire-prone forests, understory fuels may 
either present barriers to fire spread through lack of con­
tinuity or support low intensity fire with concomitantly 
low emissions (Fule et al., 2012; Omi, 2015). Specific 
information about the type of treatment and time since 
treatment are therefore critical to updating maps of wild­
land fuels and are used in wildland fuels mapping pro­
jects described in section 4.3. 

Where organic soil layers including litter and ground 
fuels exist, they often comprise a substantial proportion 
of total available biomass and contribute disproportion­
ately to smoke emissions including long-term smoldering 
events (Urbanski et al., 2014; Mickler et al., 2017). 
However, approaches to characterize peat land and forest 
floor layers have not advanced much in recent decades. 
To date, airborne remote sensing techniques are unable to 

.. , 
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figure 4.4 Conceptual diagram of mixed severity fire with a depiction of crown fire (middle) and surface fire (left 
nd ri~ht) (courtesy of Bob Van Pelt). 
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penetrate organic soils and cannot resolve their density or 
depth. Instead, field observations in addition to models 
of organic soil accumulation (Zakem et al., 2021), decom­
position, and changing moisture characteristics are 
needed to complement 3D fuel measurement techniques. 
Recent research on spatial distributions of ground fuel 
depth, biomass, and other characteristics in long­
unburned forests of the southeastern United States 
emphasizes fine-scale spatial and temporal variability in 
ground fuels and the potential problems of sampling 
across forest stands or bum units (Kreye et al., 2014). 

4.2.1. Temporal and Spatial Dynamics 
of Wildland Fuels 

Much of the inherent complexity of wildland fuels is 
driven by how vegetation dynamics varies over space and 
time. Numerous ecological processes influence live and 
dead fuel dynamics, but the following four are particu­
larly important in governing spatial and temporal 
distributions of wildland fuels (Keane, 2015). 

I. Development. Wildland fuels accumulate from the 
establishment, growth, and mortality of vegetation 
(development). The rate of biomass accumulation, or 
productivity of vegetation, is dictated by interactions of 
the plant species available to occupy a site and the physical 
environment (climate, soils, and topography). 

2. Deposition. Over time, portions of living biomass 
shed or die and are deposited on the ground to become 
dead surface fuels. 

3. Decomposition. Belowground and aboveground 
dead organic matter is eventually decomposed by 
microbes and soil macrofauna. 

4. Disturbance. Fire, insects, and disease and other dis­
turbance agents act on living and dead biomass to change 
the magnitude, trend, and direction of fuel accumulation 
in space and time. 

Wildland fuel properties and their distributions are a 
cumulative result of interactions of the above processes 
that create shifting mosaics of fuel conditions on fire­
prone landscapes. The four processes listed above create 
such heterogeneous fuel distributions that any property 
of fuel often exhibits high variability. For example, the 
biomass per unit area, kg m·2 of fine woody debris, often 
termed fine wood loading, can vary by two to three times 
its mean over a small (<JO ha) prescribed bum unit 
(Keane et al., 2012a). 

These four processes interact to influence fuel 
development, and the interactions depend on the eco­
system and corresponding climate and disturbance 
regimes. For example, live and dead vegetation character­
istics often correlate to development and deposition, 
whereas climate drives decomposition and disturbance 
(Keane, 2008). Vegetation composition is sometimes used 

as a surrogate for fuels (Keane et al., 1998; Menakis et al., 
2000), but often does not adequately represent the role of 
decomposition and disturbance on fuelbed development. 

Understanding spatial and temporal variability of 
wildland fuels provides insight into how fuel consump­
tion influences smoke emissions (Anderson, 1976) and 
how fuel management influences fuel properties. Processes 
that drive fuel dynamics also inform novel fire behaviors 
and effects (Parsons et al., 20 I 0) and can contribute to 
new fuel classifications, sampling methods, and geospa­
tial data sets (Keane, 20 I 5). Spatial configuration of fuel 
characteristics is needed for next-generation fire effects 
and behavior models that rely on 3D fuel inputs and rep­
resent fire with CFO modeling (Linn et al., 2002; Mell 
et al., 2007; King et al., 2008; Parsons et al., 2010). It is 
this variability, combined with the inherent sampling 
error of various fuel sampling techniques, that makes 
estimating biomass for smoke prediction particular!) 
challenging. 

4.3. TRADITIONAL APPROACHES TO MAPPING 
WILDLAND FUELS FOR SMOKE MODELING 

AND EMISSIONS INVENTORIES 

Traditional approaches to mapping wildland fuels fuel 
biomass (kg m-2) and other characteristics (e.g., vegeta­
tion height and cover) are based on modeled relationships 
between classified vegetation and fuels (Keane, 2013). 
For example, LANDFJRE supports 30 m raster maps 
of wi.ldland fuels and other data layers important to fire 
and smoke modeling. Wildland fuel characteristics are 
modeled from LANDSAT Thematic Mapper (TM) 
imagery, which is used to estimate vegetation cover and 
existing vegetation type (https://landfire.gov/evt.php). and 
airborne lidar data sets that inform vegetation height and 
cover metrics for 30 m pixels. Disturbances, including past 
fires, forest insects, windstorms, and forest management. 
are also used to update map layers and represent vegeta­
tion and fuel succession. Supported LANDFLRE ri 
layers include surface fire behavior fuel models. C'.tn 
fuel, fuel loading models (Lutes et al., 2006), and fuel 
for the Fuel Characteristics Classification S} 
(Prichard et al., 2013). 

Many biomass maps are also available at coarser s 
scales, based on remotely sensed optical, lidar, and 
data, and are used for global carbon modeling and 
sions mapping. Examples include the U.S. Environ 
Protection Agency's emission inventory (U.S. EPA. 20 
global carbon and biomass mapping (e.g., ESA Bi 
Climate Change Initiative map by Santoro 
Carrus, 2019), and wildland fuel maps based on 
vegetation types (e.g., Pettinari & ChU\,ieco. 2016). 

Although widely used, associating fuel charac · 
with remotely sensed products has limitation~ d 
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imagery resolution and canopies that obscure surface and 
ground fuels (Keane et al., 2013). Because fuel categories 
vary independently of each other, high variability of fuel 
characteristics within a site may overwhelm unique 
fuelbed identification across sites (Prichard et al., 2019). 
A common approach to wildland fuel mapping is to 
assign fire behavior fuel models based 011 vegetation type 
and di~turbance history for fire simulations (Burgan 
et al., 1998; Scott & Burgan, 2005). However, fuel models 
generally are too simplistic to represent the complexity 
of wildiand fuels and do not support categories that 
are imp01iant to quantify for smoke modeling such as 
coarse wood and ground fuels (Sikkink & Keane, 2008; 

. Keane, 2015). 
_·_'\; Because mapping products are often unreliable at the 
•"\·;_ •.SGale-of prescribed burning, field-based fuel characteriza­

)/:: _,tfon is required to further refine fuels for site-specific 
\fii.pplications. Field surveys often include visual 
··;:::ii$se$sments, including use of photo load plots to assess 
)frYe .and dead surface fuels (Keane & Dickinson, 2007), 
\Photo series to visually estimate fuel loadings from sim­
···na"r·sites (https://depts.washington.edu/nwfire/dps), and 
_1,.ifect measurement (see Keane, 2015, for more detail on 
l!{i,S,--topic). The mos~ common direct measurement 
''lithods include planar intercept for sampling downed 

Oi:tY• fuels and fixed-area plots for sampling the bio­
}{per unit area of fuels (Brown, 1974; Catchpole & 

.... ·ler 1992; Bate et al., 2004). Litter and grou_nd fuel 
' .. a:Cterization generally involves destructive sampling 
'.iStimations based on depth measurements and has 
·'>•_nea virtually unchanged over the last four decades 

:::··-,(!,f al., 1982; DeBano et al., 1998). For destructive 
).il]g; plots are sampled to develop local bulk density 
·--;_[rom dry-weight biomass measurements of a 
.(VOiume (Keane, 2015). Some ecosystems may 

)'t_t.h)• soil organic matter coverage ( deserts, wood• 
/s-,li'g:ebrush grasslands) making sampling difficult 
fi.¢·~:.ri::quiring a field measurement of ground fuel 
thfr.0.-c0ver. A common approach to estimate bio­
,.,,;,,: -~~y of ground fuels is from measured depths of 

·Ji-.horizons (m), which are multiplied by bulk 
i'inr 3) to estimate biomass (kg m-2; (Brown 
fDelUca & Boisvenue, 2012). 
, "JJY, ~ major gap in our understanding of 
J-~aS been a lack of spatial dimensionality in 
(riza'.tion, which is necessary to reduce uncer­
fi!:fr'.~a·se· precision of inputs to fire behavior, 
. \iti/and .smoke modeling. Due to the high 
·JiitY of wild!and fuels and lack of correla­
ftlh1:'strata and categories, estimations based 
'f:(U.ti measurement techniques often result 
il'.di;-. .-aiid lack of precision (Brown et al., 
\foJle, planar intersect sampling of woody 
":_.Pt])orates only one dimension of point 

intersections with a transect line (Brown, 1971). Given 
that fine and coarse wood can vary differently across 
space, linear sampl!ng may not capture spatial variability 
of fine and coarse wood (Keane & Gray, 2013). Other 
conventional fuel inventory techniques, such as photo 
series, may also be inappropriate because fuels vary at 
spatial scales that might be different from the scales rep~ 
resented by the photo. 

Whether collected in the field or through remote sens• 
ing, traditional wildland fuel mapping often provides a 
single estimate of biomass or depth for a given pixel. As 
such, the inherent uncertainty in wildland fuel estimation 
cannot be used to inform confidence intervals or proba­
bilistic ranges of actual values. This is an important 
consideration for smoke modeling, With better knowledge 
of actual ranges in fuel distributions for mapped vegeta­
tion, we can provide better source characterization for 
wild.Jand fire events and estimated uncertainty in smoke 
production. For example, in a recent study, Prichard eta!. 
(2019) compiled biomass estimates by major fuel cate­
gory based on plot data collected throughout the United 
States. They were able to estimate (based on the well­
studied fuels, mostly forests) probability distributions of 
plot estimates. These values call be used to inform whether 
there are sufficient observations to fit distributions, and, 
if so, fitted distributions can be used to provide statistiw 
cally derived estimates of means, ranges, and most likely 
values (e.g., 50th vs 95th quantile). 

4.4. NEXT-GENERATION WILDLAND FUEL 
MAPPING 

Advances in remote sensing techniques offer promising 
approaches to characterizing the structure aii.d biomass 
of wildland fuels. These include airborne and ground­
based Jidar and structure-from~motion photogrammetry 
(SfM) (Loudermilk et al., 2009; Hudak et al., 2016a; 
Cooper et al., 2017), Airborne lidar scanning (ALS) is 
used operationally for precision forest inventory of tree 
stems and crowns and is useful for mapping vegetation 
height and cover and biomass (Hudak et al., 2008; Garcia 
et al., 2011; Silva et al,, 2016, 2017). However, its coarser 
resolution (3-5 m) limits its ability to adequately charac­
terize understory and surface fuels, especially through an 
overstory forest canopy (Skowronski et al., 2011; Hudak 
et al., 2016a, b). Neither lidar nor other remote sensing 
systems can penetrate the forest floor to measure litter 
and ground fuel biomass. although recent work suggests 
that robust estimates of litter biomass may be possible in 
some forest types (Rowell et al., 2020). 

Terrestrial laser scanning (TLS) is an emerging tech• 
no logy used to estimate the biomass and structure of sur­
face, subcanopy, and canopy fuels (Loudermilk et al., 
2009; Seielstad et al., 2011; Rowell et al., 2020). Mounted 
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on a tripod or vehicle, TLS units obtain scan distances at 
sub-cm scales from the instrument location to vegetation, 
surface fuel, and other object surfaces and can penetrate 
through foliage layers. The lidar signal, which amounts 
to a 3D cloud of X, Y, and Z points, can then be related 
to biomass by constructing statistical models where 
destructively sampled bulk density for various categories 
is correlated to statistical metrics derived from the lidar 
point cloud data (Fig. 4.5). lt can be difficult to differen­
tiate between fuel categories using TLS in heterogeneous 
fuelbeds, and integration with multispectral imagery is 
sometimes necessary for image interpretation (e.g., Hudak 
et al., 2020). 

Structure-from-motion (SfM) technology uses high­
resolution images, often collected from cameras mounted 
on drones, to create 3D multispectral images of vegeta­
tion and fuels (Zarco-Tejada et al., 2014). Although pho­
togrammetric point clouds have inferior vegetation 
penetration compared with lidar, the multispectral capa­
bilities of digital cameras make assignment of plant 
functional type or live/dead status more feasible than 
from the single near-infrared or green channel data in 
most lidar sensors (Bright et al., 2016; Hudak et al., 
2020). Integrating short-range SfM using digital cameras, 
mobile phones, or high definition (4K) digital video 
allows for fine-scale, 3D representations of wildland fuels 
in true color or multispectral images (Bright et al., 2016; 
Wallace et al., 2019). Once calibrated with field-based 
measurements (Fig. 4.6), these data sets can provide 3D 
mapping of live and dead canopy and surface fuel bio­
mass and structure with applications for biomass map­
ping, fire behavior modeling, and fuel consumption 
measurements. 

Because TLS and SfM images are sampled at high res­
olution, they can be merged into 3D point clouds for 
fine-scale mapping and quantification of live and dead 
surface and canopy fuels. Highly resolved spatial data 

Figure 4.5 Example of a point cloud generated from terrestrial 
lidar scanning with denser fuels represented in blue and more 
porous fuels in red. 

from TLS and SfM expands sampling beyond the 
domains of traditional destructive plots and planar 
intersect fuel surveys. In particular, TLS excels at 
capturing detailed pre- and post-fire 3D data that 
represent continuous changes in estimates of bulk 
density at fine scales (Hudak et al., 2020). These technol­
ogies offer promising ways to characterize the vertical 
and horizontal distribution of wildland fuels with appli­
cations for fire behavior and smoke modeling (e.g., 
Rowell et al., 2016). High resolution 3D mapping is mak­
ing pre- and post-burn fuel monitoring of spatially 
resolved fuel consumption possible. These advances have 
the potential to refine estimated fuel consumption and 
smoke emissions; they have implications for post-fire 
monitoring of vegetation response to fire. 

Physics-based models of fire behavior and smoke pro­
duction that rely on 3D fuel characterization are under 
evaluation for operational use (e.g., Linn et al., 2020). 
These rapid developments in fire behavior and smoke 
modeling (e.g., Atchley et al., 2021) are in close 
coordination with 3D fuel characterization and mapping 
approaches. When integrated with fire behavior moni­
toring (Moran et al., 2019). 3D consumption data can be 
used to evaluate fuel and fire interactions that produce 
smoke from a range of fire types and behavior. 

Although recent developments in 3D fuel mapping are 
promising, there are still no established methods to scale 
3D fuels data from fine-scale field measurements to the 
larger spatial scales (e.g., bum units or watershedsl. 
Before such mapping applications can be developed. 
modelers need to identify how fuel metrics (e.g .. biomass. 
bulk density, surface-area-to-volume ratio, and heat 
content) and characteristics (e.g., fuel type. status. and 
condition) can be assigned from sampled values to large 
spatial scales, across fire types (e.g., prescribed fire, 
wildfire, surface fire versus canopy fire) and across 
managed landscapes. 

Figure 4.6 Example image of a forest understOf"\ ~ 
from close-range structure-from-motion photogrammetry. 
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Appropriate scales for fuels mapping detend on the 
application and type of wildland fire event. For example, 
coarse-scale grid cc!ls (e.g., 5 x 5 x 5 m) may be sufficient 
to represent crown fuels during extreme fire spread events, 
where-fire weather and topography domina~e fire behavior 
and smoke production patterns. In contrast. fine-scale 
fuel heterogeneity is often critical for accurate fire 
behavior predictions in a low-intensity surface fire such 
as a prescribed burn in light surface fuels. A forest that 
has been recently thinned and prescribed burned contains 
available fuels but in a structure that is unavailable to 
burn in most wildland fire events. However, column­
driven fire spread combined with strong winds could 
exceed the threshold to burning for that site. Similarly, 
sites with high live fuel moisture in grass and shrub fuels 
m;iy present barriers to fire spread under normal fire­

·.,-.weather conditions, but thresholds to burning can be 
::/¢'xceeded by exceptional fire weather and spread events. 
::_:/:Mapping 3D fuels at the scale of wildland fire events, 
"-iri.Cluding wildfires and prescribed fires, presents several 
iffiallenges to hierarchically scaled observations across 
JJ)atial scales. Field and remote sensing measurements 
WriU)' be taken at similar scales but are inherently difficult 
--·':9,>integrate due to intermixed fuels (e.g., complexes 

't;JiVe and dead shrubs, grasses, and leaf litter) and 
--,··1ei1ges in colocating and relating field and remote 
{itlg measurements. However, the field of 3D fuel 
-.T}c_terization is rapidly advancing with several prom­
ii<lpproaches. Calibrated with field data sets, TLS 
'/J.M photogrammetry point clouds offer a novel 

---·a1able advance,mcnt in fuel characterization with 
_,Tesolved bulk density estimates for known vol­
:(iR.Owell et al., 2020). Robust coupling involves 
'ting techniques between individual 3D field plots 
,.,_,_fcloud data sets. For example, a recent approach 

)fl~ld sampling (Hawley et al., 2018) was designed 
'jbi\!Y to linl< 3D fuel type~ and fuel mass, collected 
"'\:fo>< to x lO cm cubes to the same resolution of 

('.f'LS point clouds of vegetation structure. 
Ji~l work is needed to create machine-learning 

·, .t_o classify JD point-cloud data sets generated 
:)lind/or SfM photogrammetry, then apply rule­
·~:ignnlents of metrics such as bulk density, 
;l,'~U.,!oMvplume ratios, and fuel moisture content 
:c'j'~~-Sified object or volume for broader scale 

,,._ {)lications. 

)~ESEARCH NEEDS AND FUTURE 
, DIRECTIONS 

. ,.\t~v~ncement in remote sensingandmachine 
c;frl_im:s·coupled with cloud computing, we 
i{(:Jtdar and Sflv1 photogrammetry will 
·._!f_~Ccessible and provide highly resolved 

mapping of wildland fuels for fire behavior and smoke 
modeling. However, pointMcloud imagery has its limita­
tions, and future maps will likely involve an integration 
between remotely sensed and modeled fuel characterizaM 
tions. Jn particular, research is needed to develop opera­
tional methods for coordinated image acquisition, 
interpretation, and mapping. 

Given this reality, the largest gap in our knowledge of 
wildland fuels remains how to model fuel dynamics over 
space and time to create up-toMdate and realistic char~ 
acterizations for smoke modeling. Spatiotemporal interM 
actio_ns of living and dead vegetation are complex yet 
critical for providing temporally resolved estimates of 
fuel production and distribution. The 3D spatial com­
plexity of fuels, and their dynamics over time, translates 
to similar complexity and variability in the availability of 
fuels to bum and their contribution to fire behavior and 
effects. However, the life cycle of fuels as it relates to veg­
etation dynamics and feedbacks with fire has not been 
fully defined, Furthermore, the temporal dynamics of 
fuels can be distinct between fine-scale changes in fine 
fue! moisture and the coarse-scale changes (e.g., vegeta­
tion structure, productivity, and climate). 

Because long-duration smoke events create significant 
smoke impacts to communities, future research is needed 
to identify potential sources of smoldering consumption 
that can contribute to the severity and duration of smoke 
impacts to communities from prescribed burning. 
Organic soils can compose a substantial proportion of 
total site biomass and contribute disproportionately to 
smoke emissions including longMterm smoldering events 
(Rappold et aL, 2011; Urbanski, 2014). Because some 
fuels, including forest floor and peat-land soils, cannot 
be remotely sensed, future approaches to fuel character­
ization will involve a combination of traditional 
methods and new technologies that are currently under 
development. For example, in boreal ecosystems where 
the majority of biomass is stored in peat-land soils, 
Chasmer et al. (2017) showed that variation in forest 
floor depth could be quantified by differencing the 
ground-surface elevation models derived from separate 
pre- and postMfire lidar collections. However, in most 
fuelbe<ls, ground fuel layers are too shallow re,\ative to 
the vertical precision of airborne lidar to detect changes 
in ground fuel depth due to consumption. Realistically, 
updating maps of wildland fuels will require linkages 
between remotely sensed data sets and ecological proce;,s 
models to account for the diversity of wildland fuels 
and challenges with remotely sensing forest floor layers . 
Ecological models that simulate development, deposiM 
tion, decomposition. and disturbance can capture 
multiscaled fuel dynamics and translate them to fire 
behavior and smoke modeling at relevant spatial scales 
(Keane, 2015). 



64 LANDSCAPE FIRE, SMOKE. AND HEALTH 

4.6. CONCLUSIONS 

Wildland fuels are foundational to smoke prediction 
and generally contribute to high uncertainty in smoke pro­
duction and dispersion modeling (Weise & Wright, 2014). 
Until recently, fuels and fuel consumption have been 
mapped using traditional methods to estimate the cover, 
height, and biomass (kg m-2) of wildland fuels across 
dominant ecosystems of North America. Over the past 
decade, significant progress has been made in describing 
and quantifying fuels more accurately with 3D character­
ization and quantification across large spatial scales. 

One of the biggest challenges in characterizing fuels is 
the high spatial and temporal variability that is present in 
wildland fuels in nearly all types of ecosystems. Most 
fuels managers do not have routine access to high-tech 
tools or high-resolution data (e.g., 3D characterization of 
fuels). Therefore, practical approaches are needed to 
improve field-based fuel characterization, fire behavior 
modeling, and consumption modeling, which will in tum 
inform the potential contribution of specific fuels (coarse 
wood, rotten stumps, basal accumulations, deep organic 
soil layers) to fire emissions and smoke dispersion. 

Given the spatial and temporal complexity of wildland 
fuel dynamics, a better understanding is needed of the 
ecology of vegetation and fuels. In future decades, we 
anticipate that climate change will drive substantial 
changes in vegetation and fire dynamics, with concomi­
tant changes in fuelbeds and their contribution to fuel 
consumption and emissions. Developing or revising eco­
logical process models to ensure compatibility with next­
generation fire behavior and smoke models will improve 
characterization of wildland fuel dynamics and both 
reduce and inform uncertainty in smoke predictions. 

REFERENCES 

Albini, F. A. (1976). Estimating wildfire behavior and effects. 
General Technical Report I T-GTR-30. Ogden: U.S. 
Forest Service, lntermouotaio Forest and Range Research 
Station. 

Anderson, H. E. (1976). Fuels: The source of the matter. In Air 
Quality and Smoke from Urban and Forest Fires: Proceedings. 
Fort Collins: Colorado State University. 

Atchley, A. L., Linn, R., Jonko, A., Hoffman, C., Hyman, J. D., 
Pimont, F., et al. (2021). EITects of fuel spatial distribution on 
wildland fire behavior. International Journal of Wild/and Fire, 
30, 179-189. https://doi.org/10.1071/WF20096 

Banwell, F. M., Varner, J. M., Knapp, E. E., & Van Kirk, R. W. 
(2013). Spatial, seasonal, and die! forest floor moisture 
dynamics in Jeffery pine-white fir fores1s of the Lake Tahoe 
Basin, USA. Forest Ecology and Management, 305, 11-20. 
https://doi.org/10.1 OJ 6/j.foreco.2013.0S.00S 

Bate, L. J., Torgersen, T. R., Wisdom, M. J., & Garron. E. 0. 
(2004). Performance of sampling methods to estimate log 

characteristics for wildlife. Forest Ecology and Management, 
199, 83-102. https://doi.org/10.10 I 6/j.foreco.2004.04.02 I 

Bright, B. C., Loudermilk, E. L., Pokswinski, S. M., 
Hudak, A. T., & O'Brien, J. J. (2016). Introducing close-range 
photogrammetry for characterizing forest understory plant 
diversity and surface fuel structure at fine scales. Canadian 
Journal of Remote Sensing, 42, 460-472. https://doi.org/10.10 
80/07038992.2016.1229S98 

Brown, J. K. (1971). A planar intersect method for sampling 
fuel volume and surface area. Forest Science, 17, 96-102. 
bttps://doi.org/10.1093/forestscience/17.1.96 

Brown, J. K. (1974). Handbook for im•entorying downed woody 
material. General Technjcal Report INT- I 6. Ogden: U.S. 
Forest Service, Intermountain Forest Experiment Station. 

Brown, J. K., Oberheu, R. D., & Johnston, C. M. (1982). 
Handbook for inventorying surface fuels and biomass in the 
interior west. GTR-1 T-129. Ogden: USDA Forest Service. 
lntermountain Forest and Range Experiment Station. https:// 
www.fs.usda.gov/treesearch/pubs/2940 I 

Burgan, R. E., Klaver, R. W., & Klaver. J. M. (1998). Fuel 
models and fire potential from satellite and surface obsena­
tions. International Journal of Wild/and Fire, 8(3), 1S9-170. 
https://doi.org/10.1071/WF99801S9 

Byram, G. M. (1959). Combustion of forest fuels. In K. P. Brown 
(Ed.), Forest fire: Control and use. New York: McGraw-Hill. 

Byram, G. M., & Nelson, R. M., Jr. (201S). An analysis of the 
drying process in forest fuel material. E-GeneraJ Technical Report 
SRS-200. Asheville, C: USDA Forest Service. Southern 
Research Station. https://www.treesearch.fs.fed.us/pubs/47925 

Catchpole, W. R., & Wheeler, C. J. (1992). Estimating plant bio­
mass: A review of techniques. Australian Journal of Ecolo~·. I 7, 
121-131. https://doi.org/ IO. I I I l/j.1442-9993. J 992.tb00790.x 

Chasmer, L. E., Hopkinson, C. D., Petrone, R. M., & Sitar. M, 
(2017). Using multi temporal and multispectral airborne lidar 
to assess depth of peat loss and correspondence with a new 
active normalized bum ratio for wildfires. Geoph_ni<tJI 
Research Lel/ers, 44, 11,851-11,859. https://doi.org/I0.1002/ 
20l7GL07S488 

Cbrosciewicz, Z. ( 1986). Foliar moisture content variations m 
four coniferous tree species of central Alberta. Canmlilll 
Journal of Fores/ Research, 16, 1S7-162. https://doi.o,. 
l0. I I 39/x86-029 

Cook, G. 0., Meyer, C. P., Muepu, M., & Liedloff, .\. C. (2016 
Dead organic matter and the dynamics of carbon 1811 
greenhouse gas emissions in frequently burnt smanna 
International Journal of Wild/and Fire, 25, 1252-1263. htt 
doi.org/l0.1071/WF15218 

Cooper, S. D., Roy, D. P., Schaaf, C. B., & Paynter. I. (201 
Examination of the potential of terrestrial laser scan 
and structure-from-motion pbotogrammetry for rapid 
destructive field measurement of grass biomass. 
Sensing, 9, S31. bttps://doi.org/ I 0.3390/rs906053 I 

Countryman, C. M. (1972). The fire e11rironmt'nt c 
Berkeley, CA: Pacific Southwest Forest and Range Ex 
Station. https://www.frames.gov/documents/beha 
publications/Countryman_ 1972_ TheFireEn-..iron 
Concept_ocr.pdf 

Cruz, M. G., Gould, J. S., Hollis, J. J., & McCaw, W. L ( 
A hierarchical classification of wildland fire fuels 



WILDLAND FUEL CHARACTERIZATION ACROSS SPACE AND TIME 65 

Australian vegetation types. Fire 1(13), 1-39. https:1/doi. 
org/10.3390/firel0l 0013 

Dellano, L. F., Neary, D. G .. , & Fo1liott, P. F. (1998). Fire's q/Ject 
011 ecosystems. New York: John Wiley and Sons. 

De Gro01, W. J., Landry, R., Kurz, W. A.. et a.l., (2007). 
Estimating direct carbon emissions from Canadian wild land 
fires. Imcrmuional Journal of lf'ild!and Fire, 16, 593-606. 
h ttps:/ /doi.org/ I 0.1 07 l/WF06 J 50\ 

Deluca, T. H., &Boisvenue, C. (2012), Boreal forest soil carbon: 
Distribution, function and modelin_g. Forest1J•: An inlerna­
tionaljouma/ ofjOrest research, 85(2), 161-184. https://doi. 
org/l O. l 093/forestry/cps003 

Drury, S. A., Larkin, N. S., Strand, T. T., Huang, S., Strenfel, S. 
J., Banwell, E. M., et al. (2014). Interconi.parison of fire size, 
fuel loading, fuel consumption, and smoke emissions estimates 
on the 2006 Tripod Fire, Washington, USA. Fire Ecology /0, 
56-.S3. https://doi.org/ I 0.4996/fireecology. l 00 l 056 

··Fares, S., Bajocco, S., Salvati, L., Camarretta, N., Dupuy, J. -L., 
Xanthopoulos, G., et al. (2017). Characterizing potential 

.... ·.· •wildland fire fuel in live vegetati011 in the Mediterranea·n 
/')·\region. Annals of Forest Science, 74( I). https://doi.org/10.1007/ 
. ·' ·)Sl359.S-016-0599-5 
-f;;J:hns, W. L. ( 1946). Analysis of fire spread in light forest fuels. 
);'.'Journal of Agrim!tural &search 72(3), 92-121. https:/fwww. 
\'.'t';,fs.fed. us/psw/publications/fons/psw _ l 946_fons00 I. pdf 

Osberg, M. A., Lancaster, J. W., & Schroeder, M. J. (1970). 
i. ~uel moisture response-drying relationships under standard 

iid field conditions. Forest Science, 16, 121-128. https://doL 
•r'g/I0.1093/forestscience/16.1.121 
'¢;r,.z., Crouse,.J. E., Roccaforte, J. P,, & Ka lies, E. L. (2012). 
· ihinning and/or burning treatments in western USA pon­

osa or Jeffrey pine dominated forests help restore natural 
'.:behavior? Forest Ecology and ,Wanagement, 269, 68-81. 
. :S_://doLorg/l 0, l 0 16,'.j.foreco,2011.12.025 
)VI. G.. Cary, G. J., Van Dijk, A. L J. M., & Yebra, M. 

l} Forest fire fuel through the lens of remote sensing: 
·" of approaches, challenges and future directions in the 

<sensing of biotic determinants of fire bebavior. 
·"fi Sensing of Enl'ironmem, 255, 112282. https;//doi. 
·oi1bJ6/j.rse.2020.l !2282 
/ M., Danson, F. M., Riane, D., Cbuvieco, E .. 
·· ,Z; F. A., & Bandugula, V. (201 I), Terrestrial laser 
"'0i,.to.estimate plot-level forest canopy fuel properties. 
iffo.nal Joum11{ of Applied Earth Obserl'ation and 
·. rmation, 13, 636-645. https://doi.org/10.1016/j.jag. 
'.!boG 

··::·.;"&.Allan, G. (2008). Large fires, fire effects and the 
·, .e...'concept. Jntematiorw! Journal of Wildfaml Fire, 
· ?'s. https://doi.org/l0.l071/WF07145 
~_'.: JS.,, Hess burg_, P. F., Prichard, S. J., Povak, N. A., 
,;)0,, Fule, P. Z., et al. (2021'). Evidence for wide­
·a:riges ill the structure, composition, and fire regimes 
};16i-th American forests. Invited feature. Ecological 
i~/e02431. https://doi.org/!0.1002/eap.243 I 
··, Rl',isen, F., Sim, M. R., Abramson, M. J., Meyer, 
_,·D\.F. H., et al. (20!5). Impact of smoke from 
'l'ning: Is it a public health concern? Jo11rnal of 
"·. le .Management Association, 65(5), 592-598. 
jo: 1080/10962241.2015. I032445 

Hawley, C. M., Loudermilk, E. L., Rowell, E. M.,& Pokswinski, 
S. (2018). A novel approach to fuel biomass sampling for3D 
fuel characterization. IvlethodsX, 5, 1597-1604. https:/fdoi. 
org/10.1016/j.mex.2018.11.006 

Hessbnrg. P. F., Miller, C. L, Parks, S. A., Povak, N. A .. Taylor, 
A.H., Higuera, P. E., et al. (2019). Climate, environment, and 
disturbance history govern resilience of western Nortl1 
American forests. Fro11tiers ill Ecology and Evolution, 7. 239. 
https:/ /doi.org/1 0.3389/fevo.20 l 9. 00239 

Hoff, V., Rowell, E., Teske, C., Queen, L., & Wallace, T. (2019). 
Assessing the relationship between forest .structure and fire 
severity on the North Rim of the Grand Canyon. Fire, 2_, JO. 
https://doi .org/1 0.3390/fire20I001 0 

Hollis, l, Matthews, S., Ottma~. R. 0,, & Prichard, S. J. (2010). 
Testing woody fuel consumption models for application 
in Australian southern eucalypt forest fires. Forest Ecology 
and Manageme/11 260, 6. https;/!doi.org!I0.1016/j.foreco. 
2010.06.007 

Holm. S. M., Miller, M. D., & Balmes, J. R. (2021). Health 
effects of wildfire smoke in children and public health tools; 
a narrative review. Journal of Exposure Science and 
Enw·mnmemal Epidemiology, 31, 1~20. https:/ldoi,org/!0.1038/ 
s4 l 3-70-020-00267-4 

Hudak, A. T., Bright, B. C., Pokswindki, S., Loudermilk, E. L, 
O'Brien, J. J., Hornsby, B. J., et al. (2016a). Mapping forest 
structure and composition from !ow-density LiDAR for 
informed forest, fuel, and fire management at Eglin Air Force 
Base, Florida, USA, Canadian Journal of Remote Sensing, 42, 
411-427. htfps://doi.org/10.1080/07038992.2016. I 217482 

Hudak. A. T., Crookston, N. L., Evans, J. S., Hall, D. E., & 
Falkowski, M. J. (2008). Nearest neighbor imputation of 
species-level, plot-scale forest structure attributes from 
liDAR data. Remote Sensing of Enl'ironmem, I 12, 2232--
2245. https;/!doi.org/10.1016/j. rse.2007.10.009 

Hudak_, A. T., Dickinson, M, B., Bright, B. C., Kremens, R. L, 
Loudermilk, E. L., O'Brien, J. J.,etal. (2016b). Measurements 
relating fire radiative energy density and surface fuel con­
sumption: Rx.CADRE 2011 and 2012. international Joumal 
of Wild/and Fire, 25, 25-37. https:l/doi.org/10.1071/WF14 l 59 

Hudak. A. T., Kato, A., Bright, 8. C., Loudermilk, E. L., 
Hawley, C., Restaino, J. C., et al. (2020). Toward spatially 
explicit quantification of pre- and post-fire fuels and fuel con­
sumption from traditional and point cloud measurements. 
Forest Science,fxz085. https://doi.org/10.1093/forsci/fxz085 

Hyde, J.C., Smith, A. M. S., Ottmm~ R. D., Alvarado, E. C., & 
Morgan. P. (20tl). The combustion of sound and rotten 
coarse woody debris: A review. lnremational Joumul qf 
Wild/and Fire, 20, 163--174. https://doi.org/10. l 07! 1WF09 l l 3 

Jaffe, D. A., O'Neill, S. M., Larkin, N. K., Holder, A. L., 
Peterson,D. L., Halofsky, J.E., et al. (2020). Wildfire and pre­
scribed burning impacts on air qnality in the United States. 
Journal of the Air and Waste Management Association, 70(6), 
583-615. https://doi.org/10.1080/10962247.2020.J 749731 

Jolly, W. M., Hadlow, A. M., & Huguet, K. (2014). De-coupling 
seasonal changes in water content and dry matter to predict 
live conifer foliar moisture content. lntemalional Journal of 
Wild/and Fire. 23, 480-489. https://doi.org/ I 0.1071/WF l 3127 

Kalies, E. L., & Yocom Kent, L. (2016). Tamm review: Are. 
fuel treatments effective at achieving ecological and social 



66 LANDSCAPE FIRE. SMOKE. AND HEALTH , 

objectives? A systematic review. Forest Ecology and 
Managemem 375, 84-95. 

Keane, R., Gray, K., Bacciu, V., & Leirfallom, S. (2012a). 
Spatial scaling of wildland fuels for six. forest and rangeland 
ecosystems of the northern Rocky Mountains, USA. 
landscape Ecology, 27, 1213-1234. https://doi.org/10.1007/ 
s 10980-012-9773-9 

Keane, R. E. (2008). Biophysical controls on surface fuel litter­
fall and decomposition in the northern Rocky Mountains, 
USA. Canadian Journal of Forest Research, 38, 1431-1445. 

Keane, R. E. (2013). Describing wildland surface fuel loading 
for fire management: A review of approaches, methods and 
systems. l111ernational Journal of Wild/and Fire, 22, 51-62. 
https://doi.org/10.1071/WF I I 139 

Keane, R. E. (20 I 5). Wild/and f11el f11ndamentals and applica­
tions. New York: Springer. 

Keane, R. E., & Dickinson, L. J. (2007). The photo/oad sampling 
technique: Estimating swface fuel loadings using downward 
looking photographs. General Technical Report RM RS-I 90. 
Fort Collins: U.S. Forest Service, Rocky Mountain Research 
Station. 

Keane, R. E., & Gray, K. (2013). Comparing three sampling 
techniques for estimating fine woody down dead biomass. 
lmernational Journal of Wild/and Fire, 22, 1093-1107. https:// 
doi.org/l0.1071/WFl3038 

Keane, R. E., Burgan, R. E., & Wagtendonk, J. V. (2001). 
Mapping wildland fuels for fire management across multiple 
scales: Integrating remote sensing, GlS, and biophysical 
modeling. I111emational Journal of Wild/and Fire, 10, 301-
319. https://doi.org/10. I071/WF01028 

Keane, R. E., Gamer, J. L., Schmidt, K. M., Long, D. G., 
Menakis, J.P., & Finney, M.A. (1998) Development of input 
spatial data layers for the FARSITEj7re growth model for the 
Se/way-Bitterroot Wilderness Complex, USA. General 
Technical Report RMRS-3. Ogden: U.S. Forest Service, 
Rocky Mountain Research Station. 

Keane, R. E., Herynk, J. M., Toney, C., Urbanski, S. P., Lutes, 
D. C., & Ottmar, R. D. (2013). Evaluating the performance 
and mapping of three fuel classification systems using Forest 
Inventory and Analysis surface fuel measurements. Forest 
Ecology and Management, 305, 248-263. https://doi. 
org/10.1016/j.foreco.2013.06.001 

King, K. J., Bradstock, R. A., Cary, G. J., Chapman, J., & 
Marsden-Smedley, J. B. (2008). The relative importance of 
fine-scale fuel mosaics on reducing fire risk in south-west 
Tasmania, Australia. International Journal of Wild/and Fire, 
/7, 421-430. https://doi.org/10.1071/WF07052 

Kreye, J. K., Varner, J. M., & Dugaw, C. J. (2014). Spatial and 
temporal variability of forest floor duff characteristics in long­
unburned Pinus palustris forests. Canadian Journal of Forest 
Research, 44, 1477-1486. httpsJ/doi.org/lO. I I 39/cjfr-2014-0223 

Larkin, 1• K., O' eill, S. M., Solomon, R., Raffuse, S., Strand, 
T., Sullivan, D. C., et al. (2010). The BlueSky smoke modeling 
framework. International Journal of Wild/and Fire, 18, 906-
920. https://doi.org/l0.1071/WF07086 

Linn, R., Reisner, J., Colman, J. J., & Winterkamp, J. (2002). 
Studying wildfire behavior using FIRETEC. lmernational 
Journal of Wild/and Fire, I I, 233-246. hrtps://doi.org/10. !071/ 
WF02007 

Linn, R. R., Goodrick, S., BrarnbilJa, S., Brown, M. J., 
Middleton, R. S., O'Brien, J. J., et al. (2020). QUlC-fire: A 
fast-running simulation tool for prescribed fire planning. 
Environmental Modelling and Softll'are, 125, 104616. https:// 
doi.org/10. IOI 6/j.envsoft.2019.104616 

Little, C. H. A. ( 1970). Seasonal changes in carbohydrate and 
moisture content in needles of balsam fire (Abies balsamea). 
Canadian Journal of Botany, 48, 2021-2028. https://doi. 
org/10.1139/b70-295 

Liu, X., Huey, L. G., Yokelson, R. J., et al. (2017). 
Airborne measurements of western U.S. wildfire emissions: 
comparison with prescribed burning and air quality implica­
tions. JGR Atmospheres, /22(11), 6108-6129. https://doi. 
org/10.I002/20161 D02631 S 

Liu, Y., Kochanski, A., Baker, K. R., Mell, W., et al. (2019). Fire 
behavior and smoke modeling: Model improvement and 
measurement needs for next-generation smoke research and 
forecasting systems. International Journal of Wild/and Firt. 
28, 570-588. https://doi.org/10.I071/WFl8204 

Loudermilk, E. L., Hiers, J. K., O'Brien, J. J., Mitchell, R. J.. 
Singhania, J. C., & Fernandez, W. P. (2009). Ground-based 
LIDAR: A novel approach to quantify line-scale fuelbed 
characteristics. International Journal of Wild/and Fire. 18. 
676-685. https://doi.org/lO.l071/WF07l38 

Lutes, D. C., Keane, R. E., & Caratti, J. F. (2006). A surface fuel 
classification for estimating fire effects. International Journul 
of Wild/and Fire, 18, 802-814. https://doi.org/l0.1071/ 
WF08062 

Mell, W., Jenkins, M. A .. Gould, J., & Cheney, P. (20071. 
A physics-based approach to modeling grassland fife$. 
International Journal of Wild/and Fire 16, 1-22. httpsJ/doi 
org/10. I071/WF06002 

Menakis, J. P., Keane, R. E., & Long, D. G. (2000). Mappmg 
ecological attributes using an integrated vegetation 
classification system approach. Jo11rnal of Sustainahl~ 
Forestry, 11, 245-265. httpsJ/doi.org/l0.1300/J091 vi I n0I_I0 

Mickler, R. A., Welch, D. P., & Bailey, A. D. (2017). Carboo 
emissions during wildland fire on a orth American 
temperate peat land. Fire Ecology, 13, 34-57. https://d01. 
org/l0.4996/fireecology.1301034 

Miller, C., O'Neill, S., Rorig, M., & Alvarado, E. (2019). Air­
quality chaUenges of prescribed fire in the complex tefl'UI 

and wildland urban interface surrounding Bend, Orego,,. 
Atmosphere, JO, 515. doi:10.3390/atmosl0090515 

Mitchell, R. J., Hiers, J. K., O'Brien, J., & Starr, G. (2009 
Ecological forestry in the Southeast: understanding 1M 
ecology of fuels. Journal of Foresrry, 107, 391-397. 
I0.1093/JOF/107.8.391 

Moran, C. J., Seielstad. C. A., Cunningham, M. R .• Hoff. 
Parsons, R. A., Queen, L., et al. (2019). Deriving fire beh 
metrics from UAS imagery. Fire,2, 36. https://doi.org/10.3 
fire2020036 

Nelson, R. M., Jr. (2001 ). Water relations of forest fuels. In 
Johnson & K. Miyanishi (Eds.), Forest fires: JJc/wrior 
ecological effects (pp. 79-149). San Diego, CA: A 
Press. https://doi.org/10. IO 16/8978-012386660-8/50006-4 

Omi, P. N. (2015). Theory and practice of v.ildland 
management. Current Forestry Reports I, 100-11-. h 
doi.org/l0.1007/s40725-0l 5-00l 3-9 



WILDLAND FUEL CHARACTERIZATION ACROSS SPACE AND TIME 67 

Ottmar, R. D. (2014), Wildland fire emissions, carbon, and 
climate: modeling fuel consumption. Fores! Eco/off)' unt! 
},Jimugeme11r, 317, 41-50. https://doi.org/10.1016/j.foreco, 
2013.06.016 

Ottmar, R. D., Isabel, M. A,. & Sandberg, D. V. (2009). 
Characterizing sources of emissions from wildland fires. 
111 A. Bytnerowicz, et al. (Eds.), Wifdland fires and air 
pollutio11. Amsterdam, The Netherlands: Developments in 
Environmental Science 8. 

Ottmar, R. D., Sandberg, D. V., RiccardL C. L., & Prichard, S. 
J. (2007). An overview of the fuel characteristic classification 
system: Quantifying, classifying, and creating fuelbeds for 
resource planning. Canadian Journal of Forest Research, 37, 
2383-2393. https://doi.org/10. l 139IX07~077 

Parsons, R. A., Linn, R, R., Pimont, F, Hoffman, C., Sauer, L 
Winterkamp, J., et al. (2017). Numerical investigation of 

·\ a_ggregated fuel spatial pattern impacts on fire behavior. 
''/,-_. Land, 6. 43. l1ttps://doi.org/\0.3390/land6020043 
\>Parsons, R. A., Mell, W. E., & McCauley, E (2010). Linking 3D 

. sp·atial models of fuels and fire: effects of spatial heteroge­
Y::, -peity on fire behavior. Ecologiml .Modeling, 222, 679-691. 
':\·.J1ttps;//doi.org/10.1016/j.ecolmodel.2010.10.023 
-'.---P~terson, J. L. (1987). Analysis and reduction of the. e/'/'ors qf 
\\predicting prescribed burn emissions. PhD thesis. Seattle: 
)?:University of Washington. 
'"Pe_ttlnarL M. L., & Chuvieco, E. (2016), Generation of a global 

--·uel-data set using the Fuel Characteristic Classification 
·ys-fem. Biogeosciences, 13, 2061-2076. https:/ldoi.org/10.!5194/ 
·gcJ3-206]-20] 6 
'"_hp.rd, S., Ottmar, R., & Anderson, G. (2007). CONSUME 
·· ''-ris-guide and scientific documentation. https:/lwww.fs.fed. 
... Rnw/feralresearch/smoke/consume/consume30_users_ 
,:/icfo,pdf 

i'i~d, S. J., Keane, R., Rowell, E., Hudak, A., Loudermilk, 
· · Lutes, D., et al. (2022). US. Forest Service national 
e assessnie.nt:Fuels and consumption. Springer. 
. ·;·--:-S. J., Kennedy. M. C., Andreu, A. G., Eagle, P. C., 
--~.:-N. H., & Billmire, M. {2019). Next~generation bio­
;jn_/ipping for regional emissions and carbon inventories: 
··.-fating uncertainty in wildland fuel characterization. 
.. _l,:Of Geophysical Research: Biogeosdences, 124, 3699-

. h!)s://doi.org/10.102912019JG005083 
";:"S. j,, O'Neill, S. M., Eagle, P., Andreu, A. G., Drye, 
· ·_0wy, l, et al. (2020). Wildland fire emission factors 

··: America: Synthesis of existing data, measurement 
d management applications. lntermlfiona/ Journal of' 
I:-_ iii'e, 29(2), 132-147. https://doi.org/10.I07it 
,• 6-'-:.C. 

}1~ Sandberg, D. V., Ottmar. R. D., Eberhardt, E .. 
.. Eagle, P., et al. (2013). Fuel Clwracterfatic 

System Version 3.0: Technical documentation. 
:·887, U.S. Forest Service Pacific Northwest 
atiqn, Portland, OR, 
:•Stevens-Rumann, C. S., & Hessburg, P. F. (2017). 
____ _; Shifting global fire regimes: Lessons from 
·.i'.e~earch needs, Fore.st Ecology and Manage111e11t, 
~.,'.Jiitj):f/dx.doi .org/ IO, IO 16/j .foreco.2017. 03. 03 5 
';/S:ione, S. L., Cascio, W E., Neas, L. M., et al., 
·-·09g_ wildfire smoke exposure in rural North 

Carolina is associated with cardiopulmonary emergency 
department visits assessed through syndromic surveillance. 
E11viro11f//e!/lcd Health Perspecth'es, 119, 1415-1420. 

Riccardi, C. L., Prichard, S. J., Sandberg. D. V., &Ottmar, R. D. 
{2007). Quantifying physical characteristics of wildland fl.leis 
using the Fuel Characteristic Classification System. Canadian 
Journal of Forest Research, 37, 2413-2420. 

Rollins, M. G. (2009). LANDFJRE: A nationally consistent 
vegetation, wildland fire, and fuel assessment. fnlemal{onul 
Journal of Wild/and Fire, 18, 235-249. 

Rowell, E., Loudermilk, E. L., Hawley, C., Pokswinski, S., 
Seielstad, C., Queen, L., et al. (2020). Coupling terrestrial 
laser scanning with 3D fuel biomass sampling for 
advancing wildland fue!s characterization, Forest Ecology 
and lvlanagemem, 462, I I 7945. https://doi.org/10, 10! 6/j. 
foreco,2020.117945 

Rowel!, E., Loudermilk_, E. L., Seielstad, C, & O'Brien, J. J. 
(2016). Using simulated 3.D surface fuelbeds and terrestrial 
laser scan data to develop inputs to fire behavior models . 
Canadian .loumal of Remote Sensing, 42, 443--459. https:f/ 
doi .org/10. I 080/07038992,20 16. J 220827 

Santoro, M., &Cartus, 0. {2019). ESA Biomass Climme C'hange 
li!itiatfve (Bio11wss_cci): Global data sets offiJrest above­
ground biomass Joi· the year 2017, rol.l. Centre for 
Environmental Data Analysis. https:lldoi.org/10.5285/ 
bedc59t3 7c954 5c98 I a839eb5 52e4084 

Scott, J. H., & Burgan, R. E. (2005). Standardjlre beha11iorfuel 
models: A comprdwnsfve se1Jor use with Rotherme/'s SU((llee 

}ire spread made!, General Technical Report RMRS-153, 
Fort Collins, CO: Forest Service, Rocky Mountain Research 
Station . 

Seielstad, C., Stonesifer, C., Rowell, E., & Queen, L. (201 !). 
Deriving fuel mass by size class in Douglas-fir (Psewlotwga 
menziesil) using terrestrial laser scanning. Remote Sensing, 3, 
1691-1709. https://doi.org/l0.3390/rs3081691 

Sikkink, P. G., & Keane, R. E, (2008). A comparison of five 
sampling techniques to estimate surface fuel loading in mon~ 
lane forests. fntemational Journal of Wild/and Fire, 17, 363-
379, https:l/doi.org/10.107 !/WF07003 

Silva, C. A., Hudak, A. T., Vierling, L.A., Klauberg, C., Garcia_, 
M., Fenaz, A., et al. (2017). Jmpacts of airborne lidar pulse 
density on estimating biomass stocks and changes in a selec­
tively Jogged tropical forest. Remote Sensing, 9, 1068. https:I/ 
doi.org/10.3390/rs9101 068 

Silva, C. A., Hudak, A. T., Vierling, L. A., Loudermilk, E. L, 
O'Brien, J. J., Hiers, J. K., et al, (2016). Imputation of 
individual longleaf pine (Pi1111spalus1ris Mill.) tree attributes 
from field and LiDAR data, Canadian Journal of Remote 
Sensing, 42, 554-573. https://doi.org/10.1080107038992,2016. 
1196582 

Skowronski, N. S., Clark, K. L., Duveneck, M., & Hom, J. 
(2011 ). Three-dimensional canopy fuel loading predicted 
using upward and downward sensing LIDAR systems. 
Remote Sensing of E11w'ro11111e111, 115, 703-714. https://doi. 
org/10.1016/j.rse.20 IO. l 0.012 

Swetnam, T. W., Farella, l, Roos, C. 1., Liebmann, M. J., Falk, 
D. A., & Allen, C. D. (2016). Multiscale perspectives of lire, 
climate and humans in western North America and the Jemez 
Mountains, USA. Philosophical Transactions of the. Royal 



68 LANDSCAPE FIRE, SMOKE, AND HEALTH 

Society B: Biological Sciences, 371, 20150168. https://doi. 
org/10.1098/rstb.2015.0168 

Urbanski, S. (2014). Wildland fire emjssions, carbon, and cli­
mate: emission factors. Forest Ecology and Management, 317, 
51-60. https://doi.org/l 0.1016/j.foreco.2013.05.045 

U.S. EPA (2017). Profile of version 1 of the 2014 National 
Emissions Inventory. https:f/www.epa.gov/sites/production/ 
files/2017-04/documents/20 I 4neiv I _profile_final_april 
182017.pdf 

Viney, N. R. ( I 99 I). A review of fine fuel moisture modeling. 
International Joumal of Wild/and Fire, I, 215-234. https:// 
doi.org/10. 1071/WF9910215 

Wallace, L., Saldias, D. S., Reinke, K., Hillman, S., Hally, B., & 
Jones, S. (20 I 9). Using orthoimages generated from oblique 
terrestrial photography to estimate and monitor vegetation 
cover. Ecological Indicators, 101, 91-101. 

Wang, C., & Glenn, N. F. (2009). Estimation of fire severity 
using pre- and post-fire LiDAR data in sagebrush steppe 
rangelands. International Journal of Wild/and Fire, 18, 848-
856. https://doi.org/10.107!/WF08 !73 

Weise, D. R., & Wright, C. S. (2014). Wildland fire emissions, 
carbon and climate: Characterizing wildland fuels. Forest 
Ecology and Management, 317, 26-40. 

Weise, D. R., Cobian-Iniguez, J., & Princevac, M. (2018). 
Surface to crown transition. In L. Manzello (Ed.), 
Encyclopedia of wildfires and wild/and-urban in1e1face (WU/) 

fires. Cham: Springer International Publishing. https://doi. 
org/10.1007/978-3-319-5 l 727-8_24-I 

Williamson, G. J., Bowman, D. M. J. S., Price, 0. F., Henderson, 
S. B., & Johnston, F. H. (2016). A transdisciplinary approach 
to understanding the health effects of wildfire and prescribed 
fire smoke regimes. Environmental Research Le11ers, 11, 
125009. https://doi.org/10.1088/1748-9326/11/12/l25009 

Zakem, E. J., Cael, B. B., & Levine, N. M. (2021). A unified 
theory for organic matter accumulation. PNAS, J 18,(6), 
e2016896! 18. https://doi.org/10.1073/pnas.2016896118 

Zarco-Tejada, P. J., Diaz-Varela, R., Angileri, Y., & Loudjani, P. 
(2014). Tree height quantification using very high resolution 
imagery acquired from an unmanned aerial vehicle (UAV) and 
automatic 3D photo-reconstruction methods. European Journal 
of Agronomy,55,89-99. https://doi.org/10.1016/j.eja.2014.01 -~ 

Ziegler, J.P., Hoffman, C., Battaglia, M., & Mell, W. (2017). 
Spatially explicit measurements of forest structure and fire 
behavior following restoration treatments in dry forests. 
Forest Ecology and Management, 386, 1-12. https://doi. 
org/10.1016/j.foreco.2016.12.002 


	4.1. INTRODUCTION
	4,2. WHAT ARE WILDLAND FUELS AND HOW DO THEY CONTRIBUTE TO SMOKE?
	4.3. TRADITIONAL APPROACHES TO MAPPING WILDLAND FUELS FOR SMOKE MODELING AND EMISSIONS INVENTORIES
	4.4. NEXT-GENERATION WILDLAND FUEL MAPPING
	4.5 RESEARCH NEEDS AND FUTURE DIRECTIONS
	4.6. CONCLUSIONS
	REFERENCES

