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Wildland Fuel Characterization Across Space and Time
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ABSTRACT

- Wildland fuels are foundational to. smoke ptediction and generally contribute to high uncertaiiity in smoke
production and dispérsion- modeling. Until fecently, wildland fuels and fuel consumption have been mapped
using traditional methods. to estimate the cover, height, and biomass (kg m?). Over the past decade, significant
progress has been made in describing and quantifying fuels more accurately with 3D charactenzanon and
guantification across large spatial scales. This chapter introduces wildland fiels and approaches to mapping

Because source characterization of wildiand fuels. is

diiration smoke events..

4.1. INTRODUCTION

oke: from wildland fires becomes an increasing
ymmunities, improved predictions of snicke
mmunities is essential (Rappold et al., 2011;
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em at scales relevant to smoke. management, smoke impacts to communities, and future research needs,
pics covered include (1) an introduction to wildland fuels, ( (2) traditional approachiés to mapping wildland
s. (3) next-generation approaches to wildland fuel mapping, and (4) research and devélopment needs.

critical to predicting smoke impacts, reviewing how to

easure and map wildland fuel biomass and consumption provides important context for fire and fuels man-
, Smoke scientists, and policy makers. Although recent developments in 3D fuel mapping are promising,
re still many challenges associated in scaling-measured values to the scale of wildland fire events and
ng wildland fuels such as coarse wood and organic soils (duff, peat {ands) that can contribute to long-

Williamsen et al., 2016; Lin et al,, 2019; Holm et al.,

2021). The amount, comp051t10n -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). In 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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burn 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).
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and relatively minimal PM, , 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., 2019; Hagmann
etal., 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
decomposed organic soils (Ottmar et al., 2007). Smo
emissions are then estimated based on type and
of fuel consumed (g or kg), which is used to deter
mine smoke composition by multiplying mass by
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 tha
is consumed often represent the greatest sources O
uncertainty (Ottmar, 2014; Drury et al., 2014). Erros
in estimates of pre-burn fuel biomass can contribul
as much as 80% when calculating emissions, an
errors in estimating fuel consumption can contribul
another 30% (Peterson, 1987). Fuels, topoeraphy, al
weather compose the classic fire environment trian;
(Countryman, 1972). However, wildland fuels are |
only one of the three variables that can be mana
to influence fire behavior before an ignition ocel
(see Box 4.1).

Although maps of wildland fuel biomass are wid
available (e.g., LANDFIRE:; Rollins, 2009). they gel
ally have high uncertainty because they are derived |
vegetation layers classified from remotely sensed ima
and are not based on direct observations. Reliable
mates of fuels generally require more detailed inform:
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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
eastérn Cascade Mountains (northwesiern United
States). The thrée fuelbeds represent an nnmanaged
forest dominated by Douglas fir (Pseudotsuga menzie-
sif); 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-
tory trees and thinning overstory trees, This treatmient
vas followed by a prescribed naderstory burn, which
educed accumulated surface fuels. The thin-only sce-
rio represents postthinning fuels that are elevited
m the accumulated posttreatment logging slash and
itter (see Table B4.1).

cnsumption and PMq . emissions’ scenarios were
imated in Consume (Prlchald ¢t al,, 2007} under
cenarios. A Summer wildfire scenario was evalu-
0 compare potential PM, ; emissions undér dry
els typical of summer wildfire seasons in dry mixed

oisture and other burn day inputs are listed in
4.2. Becaise thinned forests lack continuity

often minimal, We theréfore asstumed 10%
consumption under the summer wildfire

“input-fuel loadings (Mg/Ha)

r. forests of the eastern Cascade Mountains.

ensurface and canopy fuels, canopy consumip-.

Box 4.1 Fuel Reduction Treatments and Emissions Scenarios

scenario and no consumption under the preseribed
fire scenario.

Predicted PM, , emissions differ markedly across
scenarios. Under summer wildfires, the thinned and
prescribed burn unit has sparse understory fuels that
contribute little to PM,  emissions: In contrast, downed
woody -debris and ground fuels in the thin only unit pose
a substantial emissions potential. The unmanaged forest
(control) has hwh crown fire potential, modeled at TS
canopy consumption. Although it might seem coun-
terintuitive that thin-only treatments pose comparable
risk tor high PM,, emissions as unmanaged forests,
Figure B4.1 demonslrates that the majority of fiiels that
contribute to wildfire émissions are surface. fuels. If
thinning results in 4 rearrangement of canopy fiels to
surface fuels, it would be expected that high emissions
could result from a-summer wildfire.

“The prescribed burn scenario shows a similar con-
frast between treatments. Maintenance burning is
common 0 restored dry forests, and; as presented in
this scenario, actual PM,  emissions ¢an be quite low
onceé fuels have'been 1educed from the {irst prescribed
burn. In contrast, the thin-only unit has substantial
emissions p_ot;ntia} in ground fuels, litter, and especially
downed wood, Where possible, additional biomass
removal including- whole-tree yarding and biomass uti-
lization can reduce the. emissions poteritial of recently
thinned sites. In this case; the tmmanaged control has
less emissions potential than the thinned unit dueto the
etevated downed wood in the thin-only unit,

Candpy Shrub Hetb Wood LLM Grotind Total

120.94 1.49 0.22 41.62 3.8 17.75 188.59.
62.55 1.31 1.12 87.96 1041 17.75 232,45
62.55. 0 1.12 10:94 0.48 2.1% 128.55

, shrub, herb, downed wood (wood), litteriichen-noss (LLM), and ground fuels. (ground)) of the three
telbeds including an unmanaged control, thin enly and thin and prescribed underburn (Thin Rx)

fronmental variablé inputs 10 tonsume for summer wildfire and preséribed burn scenarios

_ Shrub. Lanopy
1,000 h #m Duff FM Litter FM congumption consumption
(%) (%) {%0) {%) (%0}
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Figure B4.1 Comparison of predicted PM, ; emissions (kg/ha) under wildfire and prescribed fire scenarios for
mixed conifer forests under three comparative management strategies including thinning and prescribed burning,
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than is provided by remotely sensed imagery and classi-
fied vegetation. For example, fuels that most often burn
in a forest fire are obscured by forest canopies and are
strongly dictated by past disturbances or management
activities (Keane, 2015; Prichard et al., 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; HofT 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 (CFD)
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
vary at fine spatial scales and be obscured from airb
remote sensing platforms (Brown, 1974; Keane, 21
and there are currently no practical approaches
measuring forest floor layers (litter and duff dep
and bulk density) using remote sensing te
Reliable estimates of these fuel categories acrost
units often are critical to anticipating long-term
impacts and residual smoldering following the f
fire front.

This chapter introduces wildland fuels and appi
to mapping them at scales relevant to smoke manay
smoke impacts to communities, and future
needs. Topics covered include (1) an introduction
land fuels, (2) traditional approaches to ma;
land fuels. (3) next-generation approaches
fuel mapping, and (4) research and developt
Because source characterization of wildle
critical to predicting smoke impacts, re
measure and map wildland fuel biomass &
tion provides important context for fire 2
agers, smoke scientists, and policy makers. Th
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provides -annotated content of a more detalled Teview

relative to smoke modehng and forest hiealth (Prichard
et al,, 2022).

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

In wildland fire science and management, wildlarid
fuels are often characterized in three vertical fuel layers:
canopy, surface, and ground fuels {Keane, 2015; Gale
et al.; 2021).. Canopy fuels dre the biomass above the siur-
- face f uel layer (approximately >2 m). Surface fuels gener-
allyinclude biomass within 2 m above the ground surface

line, where the ground line j is usually just below the litter
)i soil horfzon) and include the Oc and Oa soif horizons
(Collectively, “duff™), defined as partly to fully decom-
osed litter. Fuelbed layers are composed of finér-scale
elemients called fiiel strata and categories (Fig. 4.2).
uel strata characterizé the vertical profile of wildland
s, and fuel categories are defined for specific applica-
such -as fire behavior prediction. For example, the
vned wood stratum often. contains fuel categories
cluding fine wood (<& cm diameter), coarse wood
‘diamster), stumps, and piles (Riccardi et al., 2007).
o0d is mostly cotisuined during the flaming phase

Canopy fuels
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recently pubhshed within the National Smoke Assessment
with an emphasis on wildland fue} niapping applications.

round fuels are all organic matter below the ground.

S;//

‘ertical stratification of canopy f tels (2 m aboveground fuels) and surface fuels.
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of combustion (Ottmiar, 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 ﬂarmng 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™), -surface ared

(in?), and heat centent (J kg~), 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 Teaf, or pine needle; Fuel

particles have a broad range of physical properties,
including density (kg ), volume (m?), and shape. The
properties of firel categories, strata,-and fuelbéds are often
quantified frorn statistical stitnmaries of propérties-of the

‘particlés that compose them. For example, quadratic
mean diameter and mean sutface area-to-volume ratio

(em* om™) are often applied to size classes of wood parti-
cles 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, wildlaid
fuels are also defined by their status (live/dead) and

condition (fuel moistire). Dead fuel ‘is suspended or

//}’”/’// o
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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). In 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, 2015). Live foliar moisture content influences

when and where grasses, shrubs, and tree crown:
available to burn and can be highly variable across sg
and time. For example, green grass cover generally p
ents a barrier to fire spread whereas partially to |
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 smok
ductions. Differences in foliar moisture content bel
green and cured grasslands are well understood, bt
ests can also have marked differences in availablé
between growing and nongrowing seasons. For exi
mixed pine and hardwood forests of southeastern
America are less available to burn during warm, |
summer months with generally high monthly pre
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, 1986). During this short period of time,
these forests can be particularly conducive to crown fires
(Jolly et al., 2014).

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 burn 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
strains fire behavior (Atchley et al., 2021). Depending
fire intensity and wind speed, dlscontmultles in surface
s such as patches of bare mineral soil or green vegeta-
1 with high foliar moisture content can create impedi-
Its to fire spread. Under mild weather and low wind
s, 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 (Fulé 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

gure 4.4 Conceptual diagram of mixed severity fire with a depiction of crown fire (middle) and surface fire (left

1) (courtesy of Bob Van Pelf).
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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 burn 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).

1. 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 of fine woody debris, often
termed fine wood loading, can vary by two to three times
its mean over a small (<10 ha) prescribed burn 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., 2010) and can contribute to
new fuel classifications, sampling methods, and geospa-
tial data sets (Keane, 2015). 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 CFD 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 particularly
challenging.

4.3. TRADITIONAL APPROACHES TO MAPPING
WILDLAND FUELS FOR SMOKE MODELING
AND EMISSIONS INVENTORIES

Traditional approaches to mapping wildland fuels fuel
biomass (kg m2) and other characteristics (e.g., vegetas
tion height and cover) are based on modeled relationship:
between classified vegetation and fuels (Keane, 2013)
For example, LANDFIRE supports 30 m raster map
of wildland fuels and other data layers important to fig
and smoke modeling. Wildland fuel characteristics a
modeled from LANDSAT Thematic Mapper (TH
imagery, which is used to estimate vegetation cover af
existing vegetation type (https:/landfire.gov/evt.php). &
airborne lidar data sets that inform vegetation height ar
cover metrics for 30 m pixels. Disturbances, including pé
fires, forest insects, windstorms, and forest managem
are also used to update map layers and represent vege
tion and fuel succession. Supported LANDFIRE
layers include surface fire behavior fuel models, cans
fuel, fuel loading models (Lutes et al., 2006), and fuelb
for the Fuel Characteristics Classification S§3
(Prichard et al., 2013).

Many biomass maps are also available at coarser sp
scales, based on remotely sensed optical, lidar. &
data, and are used for global carbon modeling 4
sions mapping. Examples include the U.S. Environs
Protection Agency’s emission inventory (U.S. EPAZ
global carbon and biomass mapping (e.g., ESA B«
Climate Change Initiative map by Santo
Cartus, 2019), and wildland fuel maps based
vegetation types (e.g., Pettinari & Chuvieco. 2016);

Although widely used, associating fuel charaet
with remotely sensed products has limitations



imagery resolution and canopies that ébscure surface and
ground fuels (Keane et al., 2013}. Because fuel categories
vary independently of gach 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 fuél models based on vegetation type
and disturbance history for fite simulatjons (Burgan
et al., 1998; Scott & Burgin, 2005). However, fuel medels

are important to quantify for smoké modeling such as
coarse wood and ground fuels (Sikkink & Keane, 2008;
Keane, 2015).

- Becanse mapping products are often tinreliable at the
ale.of prescribed burning, field-based fuel characteriza-
on is required- to further refine fuéls for site-specific
plications. Field surveys often include visual
essments, including use of photo load plots to assess
nd dead sutface fuels (Keane & Dickinson, 2007),
hoto series to visually estimate fuel loadings from sim-
ites: (hitps://depts. washmgton edu/nwfire/dps), and
measurement (see Keane, 2013, for miore detail on
opic). The most common direct. measurément
include planar intercept for sampling downed
uels and fixed=area plots for sampling the bio-
er unit atea of fuels (Brown, 1974; Cafchpole &
11992: Bate et al,, 2004). Litter and ground fuel
Zation generally invelves destruciive sampling
imations based on depth measurements and has
virtually unchanged over the last four decades
1., 1982: DeBano-et al., 1998). For destructive
plots are sampled to devélop local bulk density
i dry-weight. biomass measurements of a
ime (Keane, 2015). Some ecosystems may
oil organic matter coverage (deserts, wood-
ush grasslands) making sampling difficult

ground. fuels 15 from measured depths of
zons {m), which are. mu’lt’ip’lied by bulk
to estimate biomass (kg m% (Brown
eliica & Boisvenue, 2012).

major gap in our understanding of
been a lack of spatial dimensionality in
ation; which js necessdry to réduce uncer-
precision of inputs to fire behavion,

of wildiand fuels and lack of correla-
a and categories; estimations based
asurerent techniques often resuit
d lack of precision {Brown et al.,
planar infersect sampling of woody
ates only one dimension ef point

generally are too simplistic to represént the-complexity.
of wildland fuels and do not support categories that

uiring a field measurement of ground. fuel
over. A commor approach t¢ estimate bio-

nd smoke modeling, Due to the high
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intersections with a transect line (Brown, 1971). Giveri
that fine and coarse wood can vary differently across
space, linear sampling:may not capture spatial variability
of fine and coarse wood {Keane & Gray, 2013). Other
converitional fuel inventory techniques, such as photo
series, ‘may &lso be inappropriate because fuels vary at
spatial scales that might be different from the scales rep-
résented by the photo.

Whether collected in the teld or through remote seris-
ing, traditional wildland firel mapping often provides a

single estimate of biomass or depth for‘a given pixel. As

stuch, the inlierent uncertainty in wildland fuel estimation

‘cannot be used to infoim confidence intérvals or proba-

bilistic ranges of actual values. This is an important
consideration for smoke modeling, With better knowledge
of actual rangesin fuel distributions for mapped vegeta-
tion, we: can provide better source characterization for
wildland fire events and estimated uncertainty in smoke

production, For example, ina recernt study, Prichard et al.

(2019) compiled biomass estimates by -major fuel cate-
gory hased on plot data collected throughoit the United
States. They were able to estimate (based on the well-

‘studied fuels, mostly forests) probability-distributions of

plot estimates. These values can be used toinform whether
there are sufficient observations to fit distributions; and,
if so, fitted distributions can be used to. provide statisti-
cally derived estimates of means, ranges, and most likely

vatues (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 and biomass

of wildland fuels. These: include -airborne and ground-
based lidar and structure-from-motion photogrammetry
(SfM) (Loudermilk et al., 2009; Hudak et .al,, 2016a;
Cooper et al.; 2017). Azrbome lidar scanning (ALS) 15

used operatlonally for-peecision forest inventory of tree-
stems and crowns and is useful for mapping vegetation

he]ght 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 surfaée fuels, especiaily through an
overstory forést 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
somé forest types (Rowell et al., 2020)..

Tecrestrial laser scanning (TLS}) is an emerging tech-
nology used to estimate .the_bioma_s_s_.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). It 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., burn units or waters )
Before such mapping applications can be develope
modelers need to identify how fuel metrics (e.g.. biomass
bulk density, surface-area-to-volume ratio, and hed
content) and characteristics (e.g., fuel type, status, an
condition) can be assigned from sampled values to la
spatial scales, across fire types (e.g., prescribed fis
wildfire, surface fire versus canopy fire) and acro
managed landscapes.

!
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Figure 4.6 Example image of a forest understory ges
from close-range structure-from-motion photogrammel



Appropriate scales for fuels mapping depend on the
application and type.of wildland fire event, For example,
coarse-scale grid cells (2.£.,-3 % 5% 5 m) indy be-sufficient
to répresent crown fuels during extreme fire spread events,
where fire weather and topography dominate firebehavior
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 receritly thinned and prescribed burned ¢ontains
available- fuéls but in a structure that 1§ unavailable to
burn in most wildland fire events. However, column-
driven fire spread combined with strong winds conld
exceed the threshold to burning for that site. Similarly,
ites with high live fuel moisture in grass.and shrub fuels
y -present barriers to fire spread under normal fire-

eeded by exceptional fire weather aiid spread events.

Mapping 3D fuels at the scale of wildland fire evénts,
iding wildfires and prescribed fires, presents several
lenges to hierarchically scaled observations across

e taken at similar scales but are iriherently difficult
integrate due to intermixed fuels {e.g., complexes
¢ and dedd shrubs, grasses, and leaf lLtter) and
s i colocating and relating field and remote
measurements, However, the field of 3D fuel
rization is rapidly advancing with several prom-
approaches. Calibrated with field data sets, TL.S
photogrammetry point clouds offer a novel
le advancement in fuel characterization with
solved bulk density estimates. for known vol-
owell et al., 2020). Robust coupling involves
e’chniques between individual 3D field plots
cloud data sets. For examplée; arecentapproach
ampling (Hawley et al., 2018) was designed
o link 3D fuel types and fuel mass, collected
0 % 10 cm1 cubes to the same resolution of
LS point clouds of vegetation structure,
ork is needed to create machine-learning
classify 3D point-cloud data sets.generated
for SfM photogrammetry, then apply rule-
nents of metrics such as bulk density,
volume ratios, and fuel moisture content
ed-object or volume for broader scale

SEARCH NEEDS AND FUTURE
DIRECTIONS

icement in remote sensingand machine
$ coupled with cloud compuiting, we
ar and SfM photogrammetry will
iccessible and provide highly resolved

ather conditions, but thresholds to burning can be.

1 scales. Field and remote sensing measurements
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mapping of wildland fuels for fire behavior and smoke
miodeling. However, point-cloud imagery has its limita-
tions, and future maps will likely involve an integration
between remotely. sensed and modeled fuel characteriza-

-tions. In particular; research is needed to: develop opera-

tional methods for coordinated image acquisition,
interpretation, and mapping..

Given-this veality, the largest gap in our knowledge of
wildland fuels remains howto medel fuel dynamics over
space and time to create up-to-date and realistic char-
acterizations for smoke modelinig. Spatiotemporal inter-
actions of living and dead vegetation are complex yet
critical Tor providing temporally resolved estimates of
fuel production and distribution, The 3D spatial com-
plexity of fuels, and their dynamics over tifie, translates
to simijlar complexity and variability in the availability of
fuels to burn and their contribution to fire behavior and
#ffects. However, the life ¢ycle of fuels-as it relatesto veg-
etation dynaics and feedbacks with fire has not been
fuilly defined. Furthermore, the temporal dynamics of
fuels can be distinot between fine-scale -changes in fine
fuel moisture and the coarse-seale changes (e.g., vegeta-
tion structuie, ploductmty and climate).

Because long-duration smoke events créate significant
smeke itnpacts to communitiés, future research is needed
toidentify potential sources of smoldering consumption
that can contribute to the severity and duration of smoke
impacts to communities fromt prescribed burning.

Organic soils can compose a substantial proportion of

total site biomass and contribute disproportionately to
smoke-entissions including long-term snioldering events

(Rappeld et al., 2011; Urbanski, 2014). Bécause some

fuels; including forest floor and peat-land soils, canriot

be remotely sensed, future approaches to fuel character-

ization will invelve a co_m_bination of U‘aditibn_al'.
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 post-fire lidar collections. However, in most
fuelbeds, ground fuel layers are too shallow relative 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 process

models to account for the diversity of wildland fuels

and challenges with remotely sensing forest floor layers.
Ecological models that'simulaté development, deposi-
tion, decomposition, and disturbance can capture
multiscaled fuel dynamics and translate them to fire
behavior and smoke modeling at relevant spatial scales.
(Keane, 2015),
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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~) 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 turn
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.
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