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Abstract. Smoke emissions from wildland fires contribute to concentrations of atmospheric particulate matter and

greenhouse gases, influencing public health and climate. Prediction of emissions is critical for smoke management to
mitigate the effects on visibility and air quality. Models that predict emissions require estimates of the amount of
combustible biomass. When measurements are unavailable, fuel maps may be used to define the inputs for models.

Mapped products are based on averages that poorly represent the inherent variability of wildland fuels, but that variability
is an important source of uncertainty in predicting emissions. We evaluated the sensitivity of emissions estimates to
wildland fuel biomass variability using twomodels commonly used to predict emissions: Consume and the First Order Fire

Effects Model (FOFEM). Flaming emissions were consistently most sensitive to litter loading (Sobol index 0.426–0.742).
Smouldering emissions were most often sensitive to duff loading (Sobol 0.655–0.704) under the extreme environmental
scenario. Under the moderate environmental scenario, FOFEM-predicted smouldering emissions were similarly sensitive
to sound and rotten coarse woody debris (CWD) and duff fuel components (Sobol 0.193–0.376). High variability in

loading propagated to wide prediction intervals for emissions. Direct measurements of litter, duff and coarse wood should
be prioritised to reduce overall uncertainty.
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Introduction

Smoke emissions from wildland fires are major contributors to
greenhouse gases and other air pollutants, with associated effects

on radiative forcing of climate and public health (Bowman et al.
2009; Liu et al. 2014, 2015; Reid et al. 2016; Cascio 2018; Fann
et al. 2018). Anthropogenic burning in grassland and savanna
landscapes throughout the world is also a major source of pol-

lutant emissions (Pereira 2003; Shi et al. 2015). Recent trends in
wildfire area burnedvary globally,with increases inmany regions
(Riaño et al. 2007; Flannigan et al. 2009; Giglio et al. 2013),

particularly those with closed-canopy forests (Riaño et al. 2007),
and declines in other regions. These regional differences depend
on how environmental controls affect vegetation and combusti-

bility (Littell et al. 2018; Forkel et al. 2019). In some vegetation
types the area burned is expected to continue to increase
(Abatzoglou and Williams 2016; Littell et al. 2018) and con-

tribute to increases in pollutant emissions.
Forest management in some regions aims to reduce fuels that

are available for combustion and thereby mitigate wildfire

severity (Kalies and Yocom Kent 2016). Fuel reduction treat-
ments, including thinning and prescribed burning, are implemen-
ted under various policy and regulatory frameworks (Collins et al.

2010). Although prescribed fires may mitigate wildfire severity,
they may also reduce air quality, one of the barriers to increasing
the pace and scale of such treatments (Quinn-Davidson and
Varner 2012; Ryan et al. 2013). Forest management using

prescribed fire requires credible estimates of emissions from burn
prescriptions and ways to inform smoke reduction techniques
(Peterson et al. 2018). In addition, understanding the trade-offs

between prescribed burning programs and potential wildfires is
also important for local and regional planning.

Quantification of uncertainty is critical to ensure that man-

agers have reliable predictions. This includes accounting for
uncertainty in fuel consumption and emissions predictions
resulting frommodel input errors. To date, however, predictions

of emissions rarely include estimates of uncertainty. Four types
of uncertainty affect predictions from any model: uncertainty in
data inputs (e.g. imperfect measurements, natural variation and
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classification assumptions), model structure, estimates of para-
meters and irreducible natural stochasticity (Beck 1987; O’Neill
and Gardner 1979; Turley and Ford 2009). To predict fuel

consumption and emissions from wildland and prescribed fires,
data inputs include area burned, amount of combustible biomass
(hereafter termed ‘fuel loading’) and environmental conditions

(Ottmar 2014). Model structure and estimated parameters are
also sources of uncertainty in predictions. For example, two fuel
consumption models in use today, Consume (Ottmar 2014) and

the First Order Fire Effects Model (FOFEM; Reinhardt 2003),
combine empirical and physical (‘process-based’) calculations
of consumption. Total emissions are a product of consumed fuel
in each phase of combustion (smouldering or flaming) and an

emissions factor. Emissions factors partition emissions into gas
species (e.g. carbon dioxide, carbon monoxide and other trace
gases) and particulates. Emissions factors are estimated empiri-

cally, from experiments or remote sensing, with the inherent
uncertainty of such observations (Urbanski 2014; Prichard et al.
2020).

Fuel loading is recognised as a fundamentally important
source of uncertainty for predicting smoke emissions from
wildland fire (Larkin et al. 2009; Drury et al. 2014), but is often

challenging to measure consistently and accurately (Keane
2015). Monte Carlo methods can estimate the sensitivity of
emissions estimates to different model inputs and settings
(French et al. 2004; Urbanski et al. 2011), but they require

sampling from a plausible distribution of the variables of
interest. Urbanski et al. (2011) recommended drawing from
distributions of fuel loading estimated from real data to ensure

that analyses result in plausible distributions, which is the
purpose of this study.

Direct measures of fuel loading are rarely available before a

wildland fire. Studies of emissions often rely on generalised fuel
classifications, such as the Fuels Characterisation and Classifi-
cation system (FCCS; McKenzie et al. 2012) or fuel loading
models (Lutes et al. 2009), which are assigned and mapped

based on vegetation classifications. Mapped estimates give
average values of fuel loadings for the associated fuel class at
a given location, but that value is unlikely to be the actual

loading that is present in a particular time or place, because fuel
loadings are highly dynamic and as a result, highly variable
(Keane et al. 2013). If fuel loadings are estimated indirectly,

using a single value provides false precision for estimates of
emissions, therebymasking the variability in fuel loading values
associated with a given vegetation type (Prichard et al. 2019).

The consequences of this variability in fuel loading for predict-
ing smoke emissions are not well understood.

For the recently created North American Wildland Fuel
Database (NAWFD), Prichard et al. (2019) compiled existing

sources of measured fuel loadings aggregated by major existing
vegetation groups (EVGs), a coarse classification of vegetation
types in the USA provided by the LANDFIRE project (Rollins

2009). They used this database to estimate empirical distribution
functions for the loadings of different fuel components. The
distributions were characterised by mean values, variability and

distribution shape. This large dataset enabled us to predict
consequences for emissions prediction of the variability in fuels.
Here we used sensitivity and uncertainty analysis to quantify
how variability in the fuel loading inputs, by EVG, propagates to

the emissions predicted by models. This is a prerequisite for
using models to make robust predictions of emissions for
specific applications, such as prescribed burn planning. In our

view, robust predictions should include estimates of uncertainty
in fuel loadings and estimates of the effects of that uncertainty
on emissions.

Uncertainty analysis quantifies the uncertainty in model
predictions given underlying uncertainty in data inputs or
parameter values (Jansen 1998). Sensitivity analysis (Cariboni

et al. 2007) is concernedwith quantifying the influence ofmodel
inputs and parameters on target model outputs, such as the
prediction of particulate emissions. If a small change in a
particular fuel component (e.g. shrub, herb or downed wood)

produces relatively large changes to predicted emissions, then
the model is judged to be sensitive to that input. Using this
method we can rank fuel loading components by the relative

sensitivity of model outputs.
The overarching goal is to improve understanding of the

variability in wildland fuels, and the consequences for predic-

tion of emissions, and thereby to direct resources to efforts that
will best reduce uncertainty in smoke predictions. Using the
NAWFD, we evaluated the contribution of uncertainty in fuel

loading inputs to the sensitivity and uncertainty in predicted
wildfire emissions using a global sensitivity analysis (Cariboni
et al. 2007; Saltelli et al. 2010). Our specific objectives were as
follows.

1. Identify fuel components that most influenced the prediction
of emissions in both the flaming and smouldering phases of

combustion.
2. Assess whether sensitivity to fuel loading changed with

environmental conditions or with the choice of model to

predict emissions.
3. Understand how variability in fuel loading quantified by

(Prichard et al. 2019) propagated to uncertainty in predicted

emissions in both the flaming and smouldering phases of
combustion.

We addressed these objectives with two operational fuel
consumption models (Consume and FOFEM), for several rep-
resentative North American fuel types. An overview of the

analysis using these two models is given in Fig. 1.

Methods

Consume and FOFEM descriptions

Consume 5.0 predicts total fuel consumption and combustion by
phase (flaming, smouldering and residual smouldering), with
statistical models estimated from prescribed burn studies in
south-eastern pine, western ponderosa pine, western grasslands

and western shrublands (Ottmar et al. 2006; McIver and Ottmar
2007; Wright 2013a, 2013b; Prichard et al. 2017). Because the
majority of these datasets were sampled from prescribed fires,

source data do not represent the wide range of wildland fire
conditions. These conditions include fuel moisture (which can
change over hours and weeks) and day-of-burn environmental

variables and weather such as wind speed and relative humidity.
The empirically developed relationships in Consume predict
consumption ofwoody components as a consistent proportion of
the fuel loading present. Shrub consumption is not modelled in
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Consume; rather it is prescribed by the user as a percent of the
area affected.

FOFEM 6.4 predicts fuel consumption and emissions

together with tree mortality and soil heating (Reinhardt 2003;
Lutes 2017). It uses a mix of consumption models that depends
on fuel type and location. These include empirical equations, the

BURNUP physical process module that predicts heat transfer
and burning rates of woody fuel by size class (Albini and
Reinhardt 1995, 1997) and default assumptions based on fuel

component, season and the region of the USA. BURNUP
estimates consumption of larger fuels in part from interactions
with smaller fuels and the estimated intensity of burning is used
to differentiate the smouldering from flaming phases of com-

bustion. A given loading of larger fuels can be consumed at
different rates depending on its interactions with smaller fuels,
resulting in variable consumption for a given fuel. Duff con-

sumption is modelled using empirical equations selected by
region and duff moisture assessment, except for chaparral types
where 100% consumption is assumed. Litter consumption is

typically modelled in the BURNUP physical process model,
which tends to predict 100%consumption. A default assumption
is used in the south-east USA. Fine and coarse wood consump-

tion is always modelled in BURNUP. FOFEM typically
assumes 100% or 90% herbaceous fuel consumption based on
season, but empirical equations are used when the south-east
region is selected. Shrub consumption is typically assumed to be

50–90% based on cover type and season, but empirical
equations are used for non-pocosin shrubs (Hough 1978) or
flatwoods (Wright 2013b) in the south-east USA.

For both models, wildland fire emissions of gases and
particulates are calculated with emissions factors, empirically
derived scalar values multiplied by the consumed fuels for

different emission components. For example, Consume uses
emissions factors recently summarised from the Smoke Emis-
sions Repository Application (Prichard et al. 2020). For a given

amount of consumed fuel the emissions may be higher or lower
depending on the chosen emissions factor, which themselves
have uncertainty (Prichard et al. 2020). Given that our focus was

on how the variability of fuels propagates to uncertainty in
emissions prediction, and that the emissions factor affects the
magnitude but not the variability in emissions, we chose to apply
a common emissions factor to calculate emissions for both

models. From Prichard et al. (2020), we used the western forest
emissions factor for all EVGs, with the exception of the Beech,
maple, basswoodEVG (Table 1). Note also that thesemodels are

continually being updated, so direct model comparisons pertain
to the versions under study.

Test-case vegetation groups, fuel components and baseline
loadings

For this analysis, we focused on three candidate EVGs for the
flaming phase of combustion and three candidate EVGs for the

smouldering phase of combustion. (Table 1; one EVG was
common between the two fuel groups). These were chosen
because (1) they represent major fire-prone vegetation groups in

continental USA, (2) they have potential internal variation in
fuel loadings and (3) they had sufficient coverage of target fuel
loading components in the database (. 30 complete cases for
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Fig. 1. Diagram illustrating the sensitivity analysis method. Fuel loading combinations are generated as combinations of

random draws from a set of fuel layers and constant baseline values that differ by existing vegetation group (EVG). Analysis is

conducted separately for flaming and smouldering emissions (flaming example pictured for the ponderosa pine EVG).

Random draws are either from a lognormal (lnorm) or gamma distribution. For each fuel combination simulations are run

using Consume and First Order Fire EffectsModel (FOFEM) in bothmoderate (80th percentile) and extreme (97th percentile)

environmental scenarios. Emission predictions for CO, CO2 and PM2.5 are recorded and repeated for 5000 random draws. For

each set of model predictions the sensitivity indices are calculated.
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the target fuel loading components). The EVGs chosen for this

studywere forested types because forestlands havemuch greater
coverage in the NAWFD than either shrublands or grasslands.

A wildland fuelbed has numerous components that contribute

to emissions. Rather than consider all fuelbed components
simultaneously, we performed the analysis separately for fuels
that dominate flaming combustion (fine wood, shrubs, herbs and
litter; Ottmar 2014; hereafter termed ‘flaming fuels’) and those

that dominate smouldering combustion (sound coarse woody
debris (CWD), rotten CWD and duff, Ottmar 2014; hereafter
termed ‘smouldering fuels’). We varied the flaming fuel compo-

nents for the first analysis and the smouldering components for
the second analysis. The fuel loading components that we varied
did not represent all fuel components used to calculate emissions.

We selected baseline loading values for the remaining fuel
components for each EVG based on a representative FCCS
fuelbed (Table 2). Consume has more fuel components for
calculating emissions than FOFEM, so the models were standar-

dised by giving baseline values of zero in the Consume input file
for fuel components included in Consume and not in FOFEM.

Quantifying distributions of fuel loading

The NAWFD estimates empirical distributions for each fuel

loading component with sufficient data for distribution fitting
(Prichard et al. 2019). The database allowed us to identify both
the expected loading and the associated variability for a given

vegetation group. Without other information, such as direct
measure measurement, fuel loadings at a particular place in the
landscape may be considered a random draw from the distri-

bution associated with its vegetation classification. Here we
sampled from the empirical distributions estimated in Prichard
et al. (2019), for either flaming or smouldering fuels, for each of
the EVGs selected for the corresponding analysis. Methods for

distribution estimation are described in Prichard et al. (2019)

and in the Supplementary Material online.

Correlation matrix

It is possible that fuel loading components correlate with each

other. For example, with a positive correlation, when a low value
of 10-h loading is observed it is likely that 100-h loading is also
relatively low. We estimated a Spearman rank correlation
matrix for each set of fuel type (e.g. flaming or smouldering

fuels) for each EVG. This gave pairwise correlations among the
fuel components, with a value near 1 indicating a strong positive
correlation. A value near zero indicates no correlation. We then

adapted the matrix-based methodology of Iman and Conover
(1982) to mimic the empirical rank correlation structure in the
sampled values. Methods for estimation of the correlation

matrix are given in the Supplementary Material online. The
result of the sampling procedure was a matrix of 5000 random
combinations of smouldering or flaming fuels for each EVG
(Fig. 1), with a correlation structure that matched the estimate

for each set of fuel types for each EVG.

Target outputs and environmental variable settings

Effects of fuel loading on emissions predictionwere assessed for

three common air pollutants: PM2.5, CO2 and CO. For sensi-
tivity analysis, we only considered either the flaming or
smouldering phase emissions, whereas we calculated total

emissions (flaming and smouldering) for our analysis of how
variability propagated to emissions. We applied two different
environmental scenarios for each random sample of fuel loading

values. These approximated extreme hazardous conditions
(97th percentile) and moderate conditions (80th percentile) for
each EVG (Table 1). Such scenarios are commonly used in
wildland fire management planning.

Table 1. Environmental scenarios for each existing vegetation group (EVG)

Each EVG name and corresponding numerical identifier (in parentheses) is given. For duff fuel moisture (FM), 1000-h fuel moisture, percent burned, percent

shrub black and litter FM the 80th percentile scenario value is given first, then the 97th percentile scenario value (80th/97th). For region theConsume ecoregion

is given first and the FOFEM region given second (Consume/FOFEM). Emissions factors (EF) are taken from Prichard et al. (2020) and are scaled as Mg

emissions per Mg consumed fuels. FOFEM, First Order Fire Effects Model

EVG Douglas fir, ponderosa pine,

lodgepole pine forest (625)

Ponderosa pine

forest (631)

Beech, maple,

basswood (625)

Lodgepole pine forest and

woodland (622)

Spruce-fir forest and

woodland (639)

Duff FM

(%)

80th

97th

30

20

30

20

30

20

30

20

30

20

1000-h

FM (%)

80th

97th

30

5

30

5

30

5

30

5

30

5

% Burn 80th

97th

20

50

20

50

20

50

20

50

20

50

% Shrub

black

80th

97th

80

100

80

100

80

100

80

100

80

100

Litter FM

(%)

80th

97th

6

4

6

4

6

4

6

4

6

4

Region Consume

FOFEM

Western

Interior West

Western

Interior West

Southern

South East

Western

Interior West

Western

Pacific West

Season Summer Summer Summer Summer Summer

EF PM2.5 0.0143 0.0143 0.01478 0.0143 0.0143

EF CO2 1.58788 1.58788 1.6505 1.58788 1.58788

EF CO 0.09793 0.09793 0.08419 0.09793 0.09793
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From the set of sampled fuel loadings and environmental
inputs we created an input file suitable for each model. Any
randomly sampled value, 0.001was given a value of zero, with
the exception of duff. Any randomly generated value , 0.1 for

duff was given the minimum allowed value of 0.1 for input to
both models. Sound and rotten CWD represent total large fuels
($ 1000-h size class). In FOFEM and Consume, large fuels are

partitioned into 1000-h, 10000-h and. 10 000-h size classes. To
simplify comparisons, we placed the sound and rotten CWD
loading values into the 1000-h size class for both models.

We then used each model to estimate fuel consumption and
emissions for each fuel loading combination in the input file, for
each environmental scenario (80th and 97th percentiles). These
were then used in the sensitivity and uncertainty analyses

(Fig. 1).

Sensitivity analysis

To identify fuel components with the largest effect on emissions

estimates, we used Sobol variance partitioning (Sobol’ 2001).
This method of global sensitivity analysis quantifies, in this
case, the contribution of the variability in data inputs to the total

variability in model predictions (Saltelli et al. 2010). This index
includes interactions with other inputs. Details of the estimation
of the sensitivity index are given in Supplementary Material

online. A higher value of the sensitivity index indicates that the
model prediction was more sensitive to that output.

Quantifying uncertainty propagation

To understand how variability in fuel loading propagates to
variability in consumed fuels, we quantified the variance and
standard deviation of both the fuel loading and the consumed

fuels. For a given fuel component the variance was quantified as
the sum of squared deviations from the mean value divided by
N– 1 (N¼ 5000). For example, if 1-h fuels are represented by X
and X is the mean value for 1-h fuels for a given EVG, then the

variance in 1-h fuel loading is represented by:PN
i¼1 Xi � X
� �2
N � 1

ð1Þ

The variance was calculated for each fuel component indi-
vidually and for the total fuels (the sum of fuels across all fuel
components). The standard deviation was calculated as the

square root of this value.
Each model predicts a proportion of the fuel loading that is

consumed. For each fuel component, the amount of consumed
fuels is that proportion multiplied by the fuel loading. The total

consumed fuel is then the sum of the consumed fuels across all
fuel components. The loading for each fuel component is a
random variable (Xi) and there are k fuel components under

consideration. For example, in our flaming fuels analysis we
evaluated six fuel types (X1,X2,X3,X4,X5,X6), which resulted in
six different random variables (k ¼ 6). If we assume a constant

proportion of fuels consumed (pi for each fuel component), then
the total consumed fuels can be written as:

p1X1 þ p2X2 þ p3X3 þ p4X4 þ p5X5 þ p6X6 ¼
Xk
i¼1

piXi ð2Þ

The variance of total consumed fuels is the variance of this
sum of random variables. However, due to the properties of the
variance, this is not just a simple sum.We have to consider both

Table 2. Mean fuel loadings (with standard deviations given in parentheses), defined as dry weight biomass inMg ha21, for each existing vegetation

group (EVG)

Baseline values are given for the fuels not included in the analysis. The proportion of zero loadings is given below the mean values in parentheses. RCWD,

rotten coarse woody debris; SCWD, sound coarse woody debris

EVG Douglas fir, ponderosa pine,

lodgepole pine forest (625)

Ponderosa pine

forest (631)

Beech, maple,

basswood (655)

Lodgepole pine forest and

woodland (622)

Ponderosa pine

forest (631)

Spruce-fir forest and

woodland (639)

1 h 0.75 (0.72)

[0.04]

0.38 (0.99)

[0.08]

0.13 (0.10)

[0.01]

0.90 0.22 1.12

10 h 3.23 (2.65)

[0.01]

2.42 (2.17)

[0.02]

1.31 (0.88)

[0.02]

4.93 3.36 2.24

100 h 5.86 (4.75)

[0.06]

4.21 (3.91)

[0.12]

4.22 (4.14)

[0.12]

6.27 3.36 4.48

Herb 0.37 (0.32)

[0.01]

0.50 (0.43)

[0.01]

0.53 (0.44)

[0.03]

0.45 0.11 0.67

Litter 10.35 (8.32)

[0.01]

8.61 (7.11)

[0.003]

9.91 (5.75)

[0.02]

1.67 3.41 0.73

Shrub 2.08 (2.02)

[0.02]

1.95 (1.57)

[0.10]

1.60 (1.38)

[0.12]

0.00 0.00 6.42

SCWD 0.90 17.92 6.72 9.39 (25.92)

[0.20]

7.56 (19.07)

[0.37]

15.17 (20.68)

[0.21]

RCWD 0.90 6.72 1.12 9.28 (13.53)

[0.31]

5.19 (14.35)

[0.49]

17.26 (22.28)

[0.39]

Duff 16.76 22.85 16.13 20.83 (17.81)

[0.03]

14.22 (14.28)

[0.04]

23.77 (19.46)

[0.01]
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the value pi as well as whether the variables correlate with each
other.

In general, the variance (V) of the sum of multiple random

variables is:

V
Xk
i¼1

piXi

 !
¼
Xk
i¼1

Xk
j¼1

pipjCov XiXj

� �
; ð3Þ

where Cov refers to the covariance between two random vari-
ables. The covariance is a measure of how two random variables
vary together and is related to the correlation coefficient. A
higher covariance corresponds to a higher correlation. If two

random variables are uncorrelated then their covariance is 0.
The Cov(XiXi) ¼ V(Xi).

For example, if k ¼ 2, then:

V p1X1 þ p2X2ð Þ ¼ p21V X1ð Þ þ p22V X2ð Þ þ 2p1p2Cov X1X2ð Þ
ð4Þ

Each proportion (pi) is #1. Therefore, if the fuels are uncor-
related (Cov¼ 0), then the variance of the sumwill be less than or
equal to the sum of the variances. If the fuel components are
strongly correlated, then it is possible for the variance of the sum

to be greater than the sum of the individual variances. That would
mean that the variability in the total consumed fuels could be
higher than the variability of the total fuel loading.

The value of proportion consumed (pi) also determines how
the variability propagates from fuel loading to consumed fuels
(Eqn 3). We calculated the proportion of fuel loading consumed,

for each sampled fuel component, for each model. Higher values
of proportion consumed increase variability in consumed fuels for
a given loading. Furthermore, if for a given model structure the

proportion of consumed fuels is not constant with fuel loading,
then this too can result in the variability in the total consumed
fuels exceeding the variability in the total fuel loading.

We compared variability in consumed fuels to variability in

fuel loading by taking a percentage. In general, if the percentage
variability was 0%, then none of the variability in loading
propagated to variability in consumed fuels. A percentage

variability of 100% indicated that all of the variability in loading
propagated to variability in consumed fuels. For total consumed
fuels, a value. 100% indicates that there was greater variability

in total consumed fuels than in the total fuel loading.
We then calculated 95% prediction intervals as the middle

95% of predicted emissions for each model (the 0.025 and 0.975

quantile values). Such intervals communicate plausible ranges
of emissions given the underlying variability in fuel loading.
These intervals were created for both environmental scenarios
and for both models.

Results

Quantifying the distributions of fuel loading

Standard deviations for flaming fuel loadings ranged from as
low as 0.1 Mg ha�1 for 1-h fuels to 8.37 Mg ha�1 for litter fuels
(Figs S1, S2 in the SupplementaryMaterial online; Table 2). The

highest standard deviations were associated with litter fuels
regardless of EVG. Overall, standard deviations were close to or

even exceeded the mean values. The proportion of zero values

(i.e. the fuel component was not present) was generally low for
flaming fuels, ranging from 1% to 12%. Correlations in fuel
loading among pairs of flaming fuel components ranged from

0.03 to 0.54 depending on pairing (Table 3).
Standard deviations for smouldering fuel loadings ranged

from 13.5 Mg ha�1 to 25.9 Mg ha�1, with the highest values

depending on EVG (Table 2). For the lodgepole pine forest and
woodland and the ponderosa pine forest EVGs, sound CWD
had the highest standard deviation. For the spruce-fir forest and

woodland EVG, rotten CWD had the highest standard devia-
tion. Overall variability for smouldering fuels was high, with
standard deviations near or exceeding the mean values. The
proportions of zero values (the fuel component was not

present) was higher for smouldering than flaming fuels, rang-
ing from 1% to 49%. Correlations in fuel loading among pairs
of smouldering fuel components overall were lower than those

among flaming fuel loadings, ranging between 0.17 and 0.30
(Table 3).

Sensitivity analysis

The sensitivity of flaming-phase emissions to fuels that con-
tribute most to flaming combustion (1-, 10-, 100-h, herb, litter,

Table 3. Pairwise Spearman rank correlation values for each pair of

fuel loading components, by flaming or smouldering fuels and by

existing vegetation group (EVG)

A value near zero indicates no relationship between the fuel loading

components, a value near 1 indicates a perfect relationship between the fuel

loading components. RCWD, rotten coarse woody debris; SCWD, sound

coarse woody debris

EVG Douglas fir,

ponderosa pine,

lodgepole pine

forest (625)

Ponderosa

pine forest

(631)

Beech,

maple,

basswood

(655)

Flaming fuel

loading pair

1-h, 10-h 0.481 0.492 0.523

1-h, 100-h 0.195 0.246 0.345

1-h, herb �0.087 �0.24 �0.192

1-h,litter 0.595 0.144 �0.086

1-h, shrub 0.041 0.266 0.069

10-h, 100-h 0.537 0.448 0.475

10-h, herb 0.02 �0.144 �0.123

10-h,litter 0.407 0.331 �0.157

10-h, shrub 0.031 0.063 0.171

100-h, herb 0.2 �0.037 �0.238

100-h,litter 0.277 0.31 �0.122

100-h, shrub 0.152 0.066 0.02

herb, litter �0.03 �0.078 �0.099

herb, shrub 0.081 0.06 0.215

litter, shrub 0.097 0.076 �0.028

EVG Lodgepole pine

forest and

woodland (622)

Ponderosa

pine forest

(631)

Spruce-fir

forest and

woodland

(639)

Smouldering

fuel loading

pair

SCWD,

RCWD

0.171 0.176 0.29

SCWD, duff 0.206 0.197 0.295

RCWD, duff �0.126 0.233 0.214
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shrub) was consistent across model type, environmental sce-
nario and baseline EVG. Flaming-phase emissions were most
sensitive to litter loading, with strong to moderate sensitivity to

the 10- and 100-h loading (Fig. 2a).
Sensitivity of smouldering phase emissions to coarse wood

and duff layers differed between Consume and FOFEM and also

by baseline EVG and environmental scenario. For the 97th
percentile environmental scenario, smouldering phase emis-
sions were consistently most sensitive to duff loading

(Fig. 2b). There were differences in sensitivity under the 80th
percentile environmental scenario; FOFEM smouldering emis-
sions sensitivity in the spruce-fir forest EVG was higher for
rotten CWD than duff and in the remaining two EVGs rotten

wood and duff sensitivities were similar (Fig. 2b).

Quantifying uncertainty propagation (flaming)

There were notable differences between the two models in how
variability propagated from fuel loading to consumed fuels. For
Consume, total consumed fuels had less variability than flaming
fuel loading (Table 4; 42–53%). In contrast, the variability in

total consumed fuels was as low as 57% and as high as 123% of
the variability in total flaming fuel loading when FOFEM was
used to predict emissions (Table 5). Variability in consumed

fuels that is greater than the variability in the fuel loading can be
explained in part by the correlation structure of the flaming fuels
(withmoderate correlations in the fine fuels; Table 3; Eqn 3), but

also by the proportion consumed (Fig. 3).
For Consume, the proportion of loading consumed for the

different fuel components was consistent with fuel loading

(Fig. 3; Fig. S3) and generally lower than the proportion
consumed for FOFEM. In the flaming fuels analysis, when
values of smouldering fuel loadings were held fixed, Consume
predicted a constant proportion consumed. In contrast, the

proportion consumed of smouldering fuels in FOFEM differed
even when the smouldering fuel loading itself was held constant
(Fig. 3b). This is because the consumption of the larger fuels

depends on interactions with the smaller fuels in the BURNUP
process model. For a given CWD fuel loading, the consumption
differed depending on the loading of the flaming fuels.

For a given emissions factor, the variability in consumed
fuels related to the width of 95% prediction intervals in emis-
sions. FOFEM had greater variability in consumed fuels for a
given fuel loading (Tables 4, 5), leading to prediction intervals

with similar lower bounds but higher upper bounds than those
for Consume (Fig. 4a; Table S2 in Supplementary Material
online).

Quantifying uncertainty propagation (smouldering)

For both models, the variability in total consumed fuels was less
than the variability in total smouldering fuel loading (Table 6).
For a given fuel loading, the variability in consumed fuels was

lower for Consume (21–26% of the variability in fuel loading)
than for FOFEM (86–89% of the variability in fuel loading).
This means that in the FOFEM model more of the variability in

total loading of smouldering fuels propagated to the variability
in consumed fuels than in the Consume model. These percen-
tages in general were also less for smouldering fuels than they
were for flaming fuels (Tables 4–6). Differences between the

models can be accounted for in part by differences in the pro-
portion consumed for a given fuel loading.

The proportion consumed in smouldering fuels was consis-

tent for Consume regardless of fuel loading and between
environmental scenarios (Fig. 3b; Fig. S3). For FOFEM, the
proportion consumed was highly variable and increased with

increasing fuel loading. This was due to the BURNUP process
model structure, where the burning of smaller fuels increased
intensity and the consumption of larger fuels and higher loading

increased consumption overall. This in turn led to greater
variability in the amount of consumed fuels and to wider
prediction intervals for emissions.

For a given emissions factor, the higher variability in

consumed fuels resulted in higher and more variable predicted
emissions for FOFEM than for Consume (Fig. 4b). For example,
for the lodgepole pine forest and woodland EVG, the prediction

interval for CO emissions predicted by Consume ranged
from 18.87 to 116.72 Mg ha�1. The prediction interval for
CO emissions predicted by FOFEM ranged from 24.1 to

193.22 Mg ha�1 (Table S3). Both the lower and upper bounds
for the FOFEM prediction interval were higher than for the
Consume prediction interval. These prediction intervals were

wider than those associated with flaming fuels (Fig. 4).

Discussion

In our analysis there were two main outcomes that we consider
in further detail below.

1. Given the underlying variability in fuel loading, flaming

emissions were most sensitive to litter loading and smoul-
dering emissions were most sensitive to duff and coarse
wood loading.

2. Variability in fuel loading propagated to high uncertainty in

corresponding emissions estimates, but uncertainty differed
by model structure.

The flaming phase of emissions (e.g. from shrubs, herbs, fine
wood and litter) was most sensitive to litter loading (Fig. 2a),
regardless of emission model. Among the flaming fuels, litter

loading also had the highest variability. Both models predict
relatively high consumption of flaming fuels, with little vari-
ability in the proportion consumed (Fig. 3a). Consequently,

variability in consumed fuels was more directly related
to variability in fuel loading. A loading component with more
variability would therefore contribute more to the total variabil-

ity in consumed fuels and subsequent emissions. Flaming
emissions were also moderately sensitive to 10- and 100-h fuel
loading. The most effective way to reduce uncertainty in
flaming-phase emissions from wildfires is therefore to focus

on data collection on the litter and 10- and 100-h fuel types.
In both models, smouldering phase emissions were moder-

ately to highly sensitive to duff loading (Fig. 2b). The variability

in duff loadingwas similar to or less than the variability in sound
and rotten CWD variability (Table 3), therefore the variability
alone cannot explain this sensitivity. Differences in model

sensitivity to duff compared with CWD can be explained by
the proportion of duff that was consumed and its contribution to
smouldering phase emissions. On average, duff had a similar
proportion consumed to sound and rotten CWD (Fig. 3b).

Fuel variability and emission uncertainty Int. J. Wildland Fire G



However, all of the duff consumption contributed to smoulder-

ing phase emissions, whereas sound and rotten CWD consump-
tion may contribute to both flaming and smouldering phases

(Lutes 2017). Smouldering emissions were also moderately

sensitive to rotten CWD, particularly in the FOFEMpredictions.
These results imply that reducing uncertainty in duff-layer
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Fig. 2. Sobol total sensitivity index for fuels assumed to contribute to the (a) flaming phase of combustion (1-h, 10-h,

100-h, herb, litter and shrub) and for fuels assumed to contribute to the (b) smouldering phase of combustion (sound and

rotten coarse woody debris and duff). Sensitivity of predicted emissions for CO, CO2 and PM2.5 flaming (F) and

smouldering (S) phases. Results are given for Consume (grey) and FOFEM (black) with 80th (P80; empty) and 97th

(P97; filled) percentile environmental scenarios. FOFEM, First Order Fire Effects Model.
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loading, either by direct pre-fire measurement or by expanding
the measurement of duff loadings across different vegetation
types, is advisable. A secondary emphasis would be measure-

ment of rotten CWD.
The prediction uncertainty in emissions illustrates only two

key types of uncertainty: data inputs and model structure. How

variability in the loading of different fuel components propa-
gates to variability in consumed fuels (Eqn 3) depends on (1)
correlations between loading components (e.g. a strong positive

correlation increases propagation of variability) and (2) the
proportion of consumed fuels predicted by the model. Both
the variability in fuel loading and correlations among fuel
components are characteristics of the fuel loading distributions

in the NAWFD and represent data input uncertainty given our
current state of knowledge for fuel loading. The proportion of
consumed fuels is a consequence of model structure (e.g.

empirical regression in Consume v. process-based in FOFEM)
and represents the contribution of model structure to the propa-
gation of data input uncertainty.

Consume and FOFEM have contrasting methods to predict
fuel consumption and emissions. Consume’s structure is rela-
tively simple, using individual regression equations often with
only pre-fire loading as an explanatory variable (e.g. Prichard

et al. 2017). This empirical approach includes explanatory
variables only if they are supported statistically and directly
with data, rather than presumed theoretical relationships. These

empirical relationships were estimated from prescribed burn
studies, which were conducted under relatively narrow

environmental conditions. Such lack of variability in environ-
mental predictors makes it difficult to detect the effects of such
variables on fuel consumption.

This outcome has the advantage of a relatively simple model
structure, but a disadvantage that in the real world it is unlikely
that the proportion consumed is constant for a given fuel

loading; it likely does depend on other variables. Another
disadvantage of strictly empirical models is that they have a
relatively restricted domain of application, where extrapolations

of the estimated relationship outside of the data or systems used
for estimation is inappropriate.

In contrast, FOFEM also uses empirical models, some rela-
tively simple and others less so, but integrates the process-based

BURNUP model to predict fire intensity and fuel consumption
(with BURNUP calibrated against empirical data; Albini et al.
1995; Albini and Reinhardt 1997). An advantage of process-

basedmodels is that, because they represent themechanics of the
underlying dynamics, they should be more robust than empirical
models to applications in different systems and under different

conditions (Hoffman et al. 2018). The structure of a process-
based model reflects basic scientific knowledge of the system,
although as a model it is still a simplification of that system, with
associated uncertainties and potential sources of model inade-

quacies, which may be difficult to identify (Reynolds and Ford
1999). As complexity of a process-based model increases,
it requires more precise and detailed model inputs, each with

its own associated uncertainty (Hanhna 1988; Jansen 1998;
Environmental Protection Agency 2009).

Table 4. Proportion of variability in fuel loading present in the variability in consumed fuels for the Consume model, when flaming fuels were

sampled

Avalue of 1means that all of the variability in the fuel loading has propagated to variability in consumed fuels. A value of 0 indicates that none of the variability

in the fuel loading has propagated to variability in consumed fuels. A value. 1 in total fuels indicates high proportion consumed or large correlations among

the fuel components (corresponding to . 100%). EVG, existing vegetation group

EVG Environmental scenario 1-h 10-h 100-h Herb Litter Shrub Total

Douglas fir, ponderosa pine, lodgepole pine forest (625) 80 0.72 0.72 0.51 0.86 0.46 0.79 0.53

97 0.72 0.72 0.51 0.86 0.46 0.99 0.53

Ponderosa pine forest (631) 80 0.72 0.72 0.51 0.86 0.46 0.9 0.52

97 0.72 0.72 0.51 0.86 0.46 1.00 0.53

Beech, maple, basswood (655) 80 0.69 0.14 0.33 0.94 0.48 0.5 0.42

97 0.69 0.14 0.33 0.94 0.48 0.5 0.42

Table 5. Proportion of variability in fuel loading present in the variability in consumed fuels for the FOFEM model

Avalue of 1means that all of the variability in the fuel loading has propagated to variability in consumed fuels. A value of 0 indicates that none of the variability

in the fuel loading has propagated to variability in consumed fuels. A value. 1 in total fuels indicates high proportion consumed or large correlations among

the fuel components (corresponding to . 100%). EVG, existing vegetation group; FOFEM, First Order Fire Effects Model

EVG Environmental scenario 1-h 10-h 100-h Herb Litter Shrub Total

Douglas fir, ponderosa pine, lodgepole pine forest (625) 80 1.00 1.00 1.01 1.00 1.00 0.36 1.04

97 1.00 1.00 1.00 1.00 1.00 0.36 1.01

Ponderosa pine forest (631) 80 1.00 1.00 1.00 1.00 1.00 0.36 1.23

97 1.00 1.00 1.00 1.00 1.00 0.36 1.06

Beech, maple, basswood (655) 80 1.00 1.00 0.97 0.81 0.64 0.67 0.62

97 1.00 1.00 0.98 0.81 0.64 0.70 0.57
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The complexity of process-based models makes it more
difficult to intuitively understand how different results are
generated. The internal parameter values are often calibrated

against data or some other criteria (e.g. Albini and Reinhardt
1997). For example, BURNUP was calibrated against burning
rates in a controlled experiment and from a small set of
controlled burns (prescribed fires and slash burning; Albini

et al. 1995). Combinations of values for BURNUP parameters
were found that best matched model predictions to observations
for that set of controlled fires. Although good correspondence

between model predictions and data lends confidence to the
model, it does not assess whether the model structure itself is an
adequate representation of system processes (Reynolds and

Ford 1999). When a model is calibrated to a dataset, rather than
representing actual relationships, the estimated parameter
values may simply be accommodating the observed pattern.
This situation is more likely as the number of parameters

increases (i.e. the model is more complex). When the same
model is calibrated to a different dataset, different parameter
estimates may be generated (Kennedy and Ford 2011). It is

possible that the model is showing a good fit to data with an
inadequate model structure.

Rather than assess the relative adequacy of Consume and

FOFEM, we focused on understanding differences in predic-
tion uncertainty due to the underlying variability in the input

data and how that interacts with the choice of emissions model.
Model validation would require comparison of model predic-
tions to observed fuel consumption and associated emissions.

For example Prichard et al. (2014) found that either Consume
or FOFEM better predicted observed fuel consumption,
depending on fuel and vegetation types. Furthermore, uncer-
tainty in the underlying structures and parameter estimates also

contributes to uncertainty in model predictions, which we did
not incorporate in this study. A general sensitivity analysis
of emissions models would show how model structure and

parameter uncertainty propagate to prediction uncertainty.
This may involve calculating prediction intervals for
fuel consumption from empirical regression equations

(e.g. Prichard et al. 2017) or a sensitivity analysis of the
parameters of a process-based model (e.g. Lutes 2013).

Conclusions and recommendations: reducing uncertainty

A primary lesson from the NAWFD was that we do not have

sufficient coverage of measured fuels in the USA to quantify,
and thereby control for, spatial and temporal variability in fuel
loading. Even with the extensive observations of fuel loading

that were compiled in the NAWFD, many EVGs lacked enough
observations to quantify distributions. Those EVGs that had
sufficient observations were confined to distributions for a rel-
atively coarse vegetation classification. Given this reality,
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Fig. 4. Emissions 95% prediction intervals given variability in (a) flaming fuels (1-h, 10-h, 100-h, herb, litter, shrub)

and (b) smouldering fuels (sound coarse woody debris (CWD), rotten CWD, duff). Grey is Consume, black is FOFEM.

Dotted line is the 80th percentile environmental scenario, solid line is the 97th percentile environmental scenario.

Emissions are total for the flaming and smouldering phases of combustion (FþS). Existing vegetation groups (EVGs) are

Douglas fir, ponderosa pine, lodgepole pine (625), ponderosa pine forest (631), Beech, maple, basswood (655),

lodgepole pine forest and woodland (622), and spruce-fir forest and woodland (639). FOFEM, First Order Fire Effects

Model.
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associated uncertainty in emissions that are based on fuel

loading distributions is quite high (Fig. 4). The variability
quantified by the NAWFD, however, is not irreducible.
Improved fuels inventories can reduce uncertainty in emissions

estimates used for land management planning (Kasischke and
Penner 2004).

This analysis indicates two ways by which uncertainty in
predicted pollutant emissions due to variability in fuel loading

inputs can be reduced. The first, and perhaps themost obvious, is
to measure fuel loadings directly before a wildfire or prescribed
fire (Larkin et al. 2009). This would control for the potential

variability in fuel loading in a fire perimeter or planning area and
is the best way to address local questions. It is not always
possible to measure fuels, however, particularly before an

unplanned fire. Furthermore, because fuels and environmental
conditions vary geographically and over time, such measure-
ments will be site-specific and applicable over a particular time

frame. The second method to reduce uncertainty is to increase
the measurements of fuel loading across vegetation types and
within vegetation types that have little available data. With
enough data from different site conditions and vegetation types,

and a rigorous analysis of uncertainty (e.g. Prichard et al. 2019),
emissions models can be applied more confidently in areas
where fires have not occurred (but may be expected), albeit with

less precision than on sites for which direct observations exist.
In the process of evaluating the NAWFD, Prichard et al.

(2019) found biases in the vegetation types that had fuel

measurements. The sparse coverage of existing measured fuels
across vegetation types required a coarse aggregation into
EVGs. A given EVG comprises multiple vegetation types and
this coarser classification, therefore, has more sources of vari-

ability than would a finer classification. If sufficient measure-
ments of fuel loadingwere available to quantify distributions for
finer vegetation types, with a focus on those EVGswith themost

variable fuel loading, then it may be possible to reduce the
uncertainty associated with these sources of variability. Such
reduction in variability of fuel loading input would propagate to

narrower emissions prediction intervals when pre-fire fuel
loadings cannot be measured directly. For some fire-prone fuel
types, it may be desirable to develop this type of comprehensive

sampling database, so predictions from sites commonly burned
can be made with less uncertainty.

It is also possible that new directions of research, which

investigate the spatial and temporal sources of variability in
fuel loading, may mitigate the uncertainty we have documen-
ted. Increasing coverage of measured fuels would allow

for distributions to be characterised for finer vegetation classes
(as above) and could refine spatial and temporal scaling
relationships for fuels (Keane et al. 2012). For example,
incorporating management and disturbance history would

further refine fuel loading estimates. This is especially impor-
tant for smouldering fuels, which have much higher variability
overall than flaming fuel components and thus wider predic-

tion intervals for emissions.
The results of this uncertainty and sensitivity analysis indi-

cate steps that can be taken to reduce uncertainty in emissions

estimates.

1. Invest in additional biomass measurements across variable

vegetation types, with a focus on those vegetation groups
most common and typically fire-affected that are not well
represented in the database. Contribute these measurements

to the NAWFD. Within the more heterogeneous of these
groups more sampling may be needed, especially in types
with deep duff layers, which are important predictors of
smouldering combustion.

2. For local fire and smoke management, dedicate resources to
measuring litter biomass and smouldering fuels, including
CWD and duff in areas expected to be affected by wildland

fire emissions.
3. Perform full model assessments of Consume and FOFEM,

including validation and sensitivity analysis, to characterise

uncertainty in model structure.
4. Develop methods to integrate new information on variable

fuel loadings into operational fuel classification maps and

emissions models, rather than relying on generalised infor-
mation and broad assumptions about fuel loadings. When
that is not feasible, integrate an error metric into themodel so
the variability of fuels can be accounted for in an uncertainty

assessment.
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Table 6. Proportion of variability in fuel loading present in the variability in consumed fuels for bothmodels, when smouldering fuels were sampled

Avalue of 1means that all of the variability in the fuel loading has propagated to variability in consumed fuels. A value of 0 indicates that none of the variability

in the fuel loading has propagated to variability in consumed fuels. A value. 1 in total fuels indicates high proportion consumed or large correlations among

the fuel components (corresponding to . 100%). EVG, existing vegetation group; FOFEM, First Order Fire Effects Model; RCWD, rotten coarse woody

debris; SCWD, sound coarse woody debris

Consume FOFEM

EVG Environmental scenario SCWD RCWD Duff Total SCWD RCWD Duff Total

Lodgepole pine forest and woodland (622) 80 0.11 0.26 0.40 0.21 0.93 0.86 0.50 0.86

97 0.12 0.28 0.41 0.22 0.97 0.98 0.57 0.89

Ponderosa pine forest (631) 80 0.12 0.26 0.38 0.23 0.86 0.93 0.50 0.83

97 0.13 0.27 0.40 0.24 0.93 0.99 0.57 0.88

Spruce-fir forest and woodland (639) 80 0.12 0.25 0.41 0.25 0.85 0.98 0.50 0.86

97 0.13 0.26 0.41 0.26 0.95 1.00 0.57 0.88
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