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Abstract wildfire emission inventories exhibit large variability that complicates assessments of smoke
impacts. Here we compare fuel consumed (in mass per burned area units) from multiple burn area-based and
energy-based approaches for fires in the western US during 2020. Average fuel consumed can vary by up to
factors of 2—16 between approaches across burn severity classes and fuel types. Fuel consumed estimates
typically increase with burn severity, except for the energy-based approaches for forest land cover, where it
decreases for high burn severity. Also, in contrast to other approaches, energy-based estimates decrease for tree
cover greater than 40% regardless of burn severity class. This implies that corrections to the energy-based
approach are likely needed across burn severity categories to account for canopy and smoke shading. The
methodological recommendations provided would likely result in greater consistency between wildfire
emission estimates and highlight the need to better constrain fuel loading and consumption.

Plain Language Summary Estimates of smoke emitted into the atmosphere can be highly variable,
which can result in uncertainties when estimating smoke impacts. Fuel consumption is one of the primary
drivers for this variability. Here, we compare different methods to estimate fuel consumption for fires in the
western US in 2020. We find that the different methods result in large variability in fuel consumed estimates,
with a factor of 10 or larger differences commonly found. For grasslands, shrublands and savannas, all
estimation methods show an increase in fuel consumed as the fire burn severity increases, which is consistent
with the expectation that the more severe the fire, the more fuel is consumed. However, approaches based on
observing the energy radiated from the fire and relating that to fuel consumed shows the opposite tendency over
forests, especially for areas with dense tree cover, which is against expectations. This likely indicates that
corrections to account for the energy that cannot penetrate the canopy or that gets absorbed by the combustion
gases need to be implemented. We provide recommendations to improve estimates of fuel consumption that we
expect will reduce the uncertainty in smoke emission estimates.

1. Introduction

Multiple approaches have been developed to estimate fire emissions. Activity-based approaches estimate the
mass of fuel consumed by fires and convert it into chemical constituents using emission factors (Andreae, 2019;
Seiler & Crutzen, 1980). Two activity-based approaches are regularly used to estimate the fuel consumed. The
burn area-based approach, also referred to as inventory-based, bottom-up, or the indirect combustion approach
(French & Hudak, 2023; Parrington et al., 2025), requires estimates of burn area, fuel loading, and fraction of fuel
burned to estimate fuel consumed. Examples of this approach include the Fire INventory from National Center for
Atmospheric Research (FINN, Wiedinmyer et al., 2023), the Global Fire Emissions Database (GFED, van der
Werf et al., 2017), the Bluesky framework (Larkin et al., 2009), the Wildfire Burn Severity and Emissions in-
ventory (WBSE, Xu et al., 2022), and the Fuel Characteristic Classification System (FCCS)/Fuel2Fire (formerly
WEB-FE) emissions used in the Real-time Air Quality Modeling System (RAQMS) (Petrenko et al., 2012; Pierce
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et al., 2007; Soja et al., 2004). The energy-based approach, also referred to as the fire radiative power (FRP)-
based, top-down, combustion, or direct approach (French & Hudak, 2023; Parrington et al., 2025), estimates fuel
consumed directly from observed fire radiative energy (FRE, the amount of energy radiated during the com-
bustion process and the time integral of FRP) by converting it to a mass of dry fuel consumed using a combustion
factor (mass/energy, Wooster et al., 2005). Examples of systems using this approach include The Quick Fire
Emissions Data set (QFED, Darmenov & da Silva, 2015), the Global Fire Assimilation System (GFAS, Kaiser
et al., 2012), and the Fire Energetics and Emissions Research (FEER, Ichoku & Ellison, 2014). While initial
versions of these energy-based systems use FRP from low-earth orbiting satellites, forthcoming updates and
recent algorithms such as the Regional ABI and VIIRS fire Emissions (RAVE, Li et al., 2022) leverage geo-
stationary satellites to provide hourly estimates of FRP, FRE, and emissions.

There is a large body of literature comparing fire emissions inventories at multiple scales, from global (e.g., Pan
et al., 2020; Shi et al., 2015; Wiedinmyer et al., 2023), to regional (Bekker et al., 2025; Byrne et al., 2024; Carter
et al., 2020; Xu et al., 2022; Zhang et al., 2014), and down to the scale of single fires (Stockwell et al., 2022;
Wiggins et al., 2021; Ye et al.,, 2021), with the general finding that emission estimates vary highly across
modeling systems with factor of 2-3 differences being common (Parrington et al., 2025), which can result in large
variability when assessing the impacts of smoke. Sources of uncertainty are many including the use of different
emission factors, source of fire detections (which can influence missing small fires or cloud-covered fires), burn
area or severity estimates (in the case of burn area-based), combustion factors (in the case of energy-based), and
tunning factors to improve agreement with atmospheric observations (e.g., Darmenov & da Silva, 2015; Kaiser
et al., 2012), which complicate the understanding of the differences across the emission estimation methods.
Estimating fuel consumption is a key step to calculate fire emissions and, while some studies have compared it
between approaches (e.g., Larkin et al., 2009), comparisons across multiple methodologies typically used to
predict smoke and uncertainty quantification are lacking.

In this study we compare the fuel consumed (in units of mass of fuel consumed per unit burned area) estimated by
one energy-based approach and four burn area-based approaches. This is done for fires on the 2nd half of 2020,
which include the record-breaking western US wildfires that burned over 40,000 km? and had substantial air
quality impacts (Li, Tong, et al., 2021). We estimate fuel consumed on a fixed grid aggregated over the lifetime of
the fires and compare statistics between approaches as a function of fire and landscape characteristics. This allows
us to better quantify the differences in modeled fuel consumption estimates and identify opportunities for
improvement. Section 2 presents the data sets used and describes the fire emission methodologies used, Section 3
shows results and discussions derived from comparing the fuel consumed estimates, and Section 4 provides
conclusions and future directions.

2. Data and Methods

General information about data sets used, including acronym definitions and references, is summarized in Table
S1 of Supporting Information S1. For this investigation, we compiled and estimated fuel consumed for all
wildfires greater than 10 km? in the western and central continental U.S. between 1st July and 1st December of
2020, resulting in 164 fires (see map in Figure S1 in Supporting Information S1) that allow for robust statistics.
Examples of the different input and derived data sets for the Creek fire, an historical fire that has been thoroughly
studied (Lee et al., 2023; Mattarochia, 2022; Safford et al., 2022), is shown in Figures S2 and S3 of Supporting
Information S1. In the following subsections a brief description of the methodologies used to compute fuel
consumed is presented.

2.1. RAVE Fuel Consumed

RAVE provides hourly FRP across the continental U.S. from geostationary and low-earth orbiting satellites
(Table S1 in Supporting Information S1) with the algorithm described in detail by Li et al. (2022). The FRP,
gridded at the RAVE native 3 km resolution, is integrated over the study period to obtain gridded cumulative FRE
(Figure S2d in Supporting Information S1). Following the RAVE algorithm, total fuel burned (mass units) per
grid is obtained by applying a combustion factor of 0.368 kg fuel/MJ. Burn severity from the Monitoring Trends
in Burn Severity (MTBS) data set (Table S1, Figure S2a in Supporting Information S1) is derived from pre- and
post-fire imagery and characterizes the location, extent, and severity of all large fires within the US (Eidenshink
et al., 2007). This is used to estimate burn area within each RAVE grid cell (Figure S2b in Supporting
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Figure 1. Box and whisker plots showing fuel consumed (y-axis) as a function of burn severity class (colors) for each
methodology (x-axis) for RAVE grid cells with different dominant land cover as classified in RAVE. Center solid lines
indicate the median, circles represent the mean, boxes indicate upper and lower quartiles, and whiskers show the upper and
lower deciles. Number of RAVE grid cells used to calculate statistics is shown on top of each panel using the corresponding
color.
Information S1) by adding the area covered by “low,” “moderate” and “high” severity pixels (assuming
30 x 30 m? area per pixel), excluding pixels in the “unburned to low” category as in previous work (Williams
et al., 2025). RAVE fuel consumed in kg/m? is then obtained by the ratio of total fuel burned per grid and burn
area (Figure S2e in Supporting Information S1). Grid cells with a burn area below 25% of the total are excluded
from the analysis to avoid generation of outliers.
The 3 x 3 km? RAVE grid is used as a basis for comparing methods to estimate fuel consumed, resulting in 3,573
grid cells with valid data when aggregating all fires (Figures 1 and 2). Each RAVE grid cell has a dominant land
cover assigned based on the 2019 MODIS LCT IGBP classification (Table S1, Figure S1 in Supporting
SAIDE ET AL. 3of 12
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Figure 2. Like Figure 1 but only for forest land cover, binning by RAVE fire duration (left column) and by NLCD tree cover (right column), with colors representing
ranges of burn severity classes. Different approaches to estimate fuel consumed are shown in rows.

Information S1) as described on Li et al. (2022). The average burn severity per RAVE grid cell is calculated
assigning values of 2, 3, and 4 to MTBS pixels with “low,” “moderate” and “high” burn severity, respectively, and
taking the average within the RAVE grid cell (Figure S2¢ in Supporting Information S1). Categories at the RAVE
grid of “low,” “low-moderate,” “moderate-high” and “high” are assigned to averages between 2 and 2.5, 2.5-3,
3-3.5, and 3.5-4, respectively. Similarly, each RAVE grid cell is assigned a % tree cover by averaging the un-
derlying 30 m NLCD TCC data set (Table S1, Figure S2g in Supporting Information S1) to the RAVE grid
(Figure S2h in Supporting Information S1). Additionally, we estimate the burn duration by counting the hours of
FRP values above zero in each RAVE grid cell during the study period (Figure S2f in Supporting Information S1).
We use these variables to assess behavior by fuel type, burn severity, tree cover and burn duration (see Section 3),
and to compare trends between them (e.g., Figure S4 in Supporting Information S1). RAVE is the only energy-

based approach compared to burn area-based methodologies as other approaches are typically provided in grids of
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0.1° resolution of coarser (Darmenov & da Silva, 2015; Kaiser et al., 2012), which if used as the reference grid
reduces the sample size significantly (Figure S5 in Supporting Information S1).

2.2. FINN Fuel Consumed

The FINNv2.5 methodology is described by Wiedinmyer et al. (2023). FINN output files provide fuel consumed
(kg/m2) and burn area (m?) daily at 1 km resolution, from where daily total fuel burned (kg) can be estimated. We
aggregated the total fuel burned and burn area to the RAVE grid and took the ratio of the two to find the
aggregated fuel consumed in kg/m? (Figure S2j in Supporting Information S1). The FINN methodology was
replicated to derive the fuel consumed based on the fuel loads and fraction consumed described by Wiedinmyer
etal. (2011, 2023), obtaining similar results as those from the FINN output files. The FINN methodology assigns
fuel loading into two vegetation types: coarse/woody and herbaceous, with the herbaceous loads having values
below 1 kg/m? for all land covers. When the fire pixel has more than 40% tree cover (based on MODIS VCF, see
Table S1 and Figure S2i in Supporting Information S1), FINN assumes that 30% of coarse/woody vegetation is
consumed and none otherwise. Fuel consumed is then calculated as the product of the fractional cover of each
vegetation type, the fraction of biomass that is burned, and the corresponding fuel loading. Note that while FINN
uses a different tree cover data set than what is used to classify RAVE gridcells, they are comparable when
aggregated to the RAVE grid (Figures S2g and S2i in Supporting Information S1), with NLCD typically showing
larger values for denser tree cover.

2.3. WBSE Fuel Consumed

Another method of fuel consumption estimation is determined following the approach from Wildfire Burn
Severity and Emissions inventory (WBSE) proposed by Xu et al. (2022). With the objective to use these emissions
in projected climate scenarios (which restricts the variables available to be used as inputs), Landfire's EVT (Table
S1in Supporting Information S1) categories are simplified by cross-walking them to 5 fuel categories (grassland,
shrubland, and forests at elevations below 5,500 ft, above 7,500 ft, and in between) and the fuel consumed is
assigned as a function of burn severity for forest classes (4.5-7.5 kg/m? for low severity up to 6.2—10.1 kg/m? for
high severity) and constant for grassland (0.4 kg/m®) and shrubs (4.7 kg/m>) (Figure S2k in Supporting Infor-
mation S1). Land covers that do not match any of the above classes are assigned zero fuel consumed. The fuel
consumed is then averaged within each RAVE grid cell containing fires (Figure S21 in Supporting Informa-
tion S1). While Xu et al. (2022) derived burn severity for estimating fuel consumed over California, here we use
MTBS burn severity to provide a control on variability arising from differences in burn severity estimates. Note
that the use of different land use data sets can lead to mismatches in the fuel classification (e.g., Figure S6 in
Supporting Information S1) that can influence fuel consumed as shown in the Results.

2.4. FCCS/Fire2Fuel Fuel Consumed

Another method used to estimate fuel consumed was developed to estimate emissions for the FIREX-AQ field
campaign by the Fuel2Fire team (Warneke et al., 2023). FCCS provides fuel load estimates for a variety of fuel
beds that are based on a combination of best-available ground-based data, remotely-sensed LiDar, satellite data
and models (Ottmar et al., 2007; Riccardi et al., 2007). The six fuel bed strata includes: canopy, shrub, herba-
ceous, wood (e.g., downed, stumps, and piles), LLM (litter, lichen and moss) and ground fuels (e.g., duff). The
LANDFIRE extended team produces “Updated” data at least annually and a complete “Remap” every 3—4 years.
For the FIREX-AQ campaign, the Fuel2Fire team used the 2014 Remap to generate five 30 m resolution potential
fuel consumed databases providing the amount of fuel that would be available to burn, dependent on the five
National Fire Danger Rating System potential for different fire-weather risks (low to extreme, Figures S3a-S3e in
Supporting Information S1). For this we use the daily Severe Fire Danger Index (SFDI, Jolly et al., 2019),
calculated using a 40-year fire index climatology (1979-2018) provided by the CEMS (Table S1 in Supporting
Information S1). SFDI was assigned per RAVE grid cell based on the day with the largest FRE (Figures S3f and
S3g in Supporting Information S1). The total fuel consumed for each FCCS pixel was estimated based on the fire
danger rating of the corresponding RAVE grid cell and these were averaged to the RAVE grid (Figure S3h in
Supporting Information S1). Fuel consumed associated with residual burn area (i.e., same area continuing to burn
on the next day) was also included and ranged from 0% to 40% of fraction of fuel burned. These emissions es-
timates compare best to the Bluesky framework (Larkin et al., 2009), which also relies on the ground-based FCCS
fuels data and fuel moisture (fire weather/danger).
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2.5. GFED Fuel Consumed

van Wees et al. (2022) modified the GFED methodology (van der Werf et al., 2010, 2017) to generate monthly
500-m resolution global fire emissions, which we use in this work. Gridded above-ground total biomass burning
carbon emissions (g C m™~ month™") are converted to fuel consumed by assuming 50% carbon content in fuel and
are aggregated for the months studied (July—November 2020). Then, a similar aggregation to the RAVE grid is
performed as described for FINN (Section 2.2) using GFED fuel consumed and burned area (Figure S3i in
Supporting Information S1). A key difference of GFED with other methods is the use of a physically based
biosphere model (the Carnegie-Ames-Stanford Approach, CASA) to quantify fuel net primary production (NPP),
fuel loads, and combustion. Model inputs include satellite retrievals such as fraction of photosynthetically active
radiation (fPAR), gross primary productivity (GPP), net photosynthesis (PSNnet), and tree cover. Model results
are calibrated to match annual satellite based NPP, reference above- and below-ground biomass, and a database of
field measurements of fuel load and consumption (van Wees et al., 2022).

3. Results and Discussion
3.1. Assessing Consistency as a Function of Burn Severity for Non-Forest Land Cover

Figure 1 shows a summary of the fuel consumed estimates for all RAVE grid cells by fuel type and average burn
severity. We found large differences between burn area-based approaches for non-forested land covers. For
example, mean fuel consumption between the largest and smallest estimates for low and low-moderate severity
classes differ by a factor of 11-12, 12-16, and ~10 for grassland, shrubland, and savanna, respectively. Typically,
FINN fuel consumed estimates for non-forested land covers are lowest and WBSE are the highest. Tree cover in
non-forests is mostly below 40% (Figure S4 in Supporting Information S1), which is below the threshold at which
FINN begins to burn woody material. For these landcovers, FINN primarily burns the herbaceous vegetation with
fuel loadings below 1 kg/m?, thus explaining the low consumption estimates. In contrast, WBSE typically shows
the largest fuel consumption estimates for the non-forested land covers due to multiple factors. While WBSE uses
fuel loading for grasslands in the same range as those from FINN, WBSE only classifies a minor percentage of
pixels as grasslands (e.g., RAVE pixels classified as grassland have, on average, less than 11% of WBSE
grassland cover, see Figure S6 in Supporting Information S1), resulting in WBSE having a combination of shrubs
and forest fuel with higher loadings. In addition, WBSE does not distinguish between coarse/woody and her-
baceous fuels within each land cover type as do the other approaches, with the WBSE fuel loadings being closer to
what is specified for coarse/woody fuels in FINN. WBSE also uses a relatively large percentage of fuel consumed
(e.g., 80% for shrubs and 47%—77% for forests vs. 30% in FINN). RAVE, FCCS and GFED are typically more
consistent with each other and tend to have fuel consumption values in between those from FINN and WBSE.

Based on the agreement of different methods, recommendations to some of the burn area-based approaches for the
non-forest land covers can be provided. The generally low fuel consumed values from FINN compared to the
other approaches are associated with two factors: (a) limiting the consumption of coarse/woody material to areas
with tree cover above 40%, and (b) calculating the coarse/woody and herbaceous available fuel as the fuel loading
multiplied by the fraction of the area covered by trees and non-woody vegetation, respectively. A sensitivity
calculation removing both conditions (i.e., 30% of coarse/woody material is consumed regardless of tree
coverage, and fuel loads for each vegetation type are assigned across the landscape) results in FINN showing
comparable estimates of fuel consumed to RAVE, FCCS, and GFED for non-forest land covers (Figure S7 in
Supporting Information S1). WBSE tends to show large values of fuel consumed associated to a large fraction of
land cover classified as shrubland and a high fraction of fuel burned (80%) for this category. Using different
underlying land cover or ecosystem classification data sets and/or modifying consumed fraction with severity
could be explored to improve consistency with the other estimates.

Regardless of the differences in fuel consumed between approaches for non-forest land covers, it is notable that all
of them show an increasing trend with severity as expected: The more severe the fire, the more fuel that is burned
per unit area. None of the approaches include a built-in dependency of the fuel consumed with burn severity for
non-forest land cover (the dependency in WBSE is only for forest), and thus this result is due to other factors. One
contributor to this relationship is the robust increasing trend of % tree cover with burn severity across all land
covers (Figure S4 in Supporting Information S1). While FINN has a built-in relationship with percent tree cover
for the fraction of fuel consumed, a larger fraction of pixels is classified as forest on WBSE for larger % tree cover
(Figure S6 in Supporting Information S1), both explaining the positive trend between fuel consumed and burn
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severity for both estimates. While FCCS has a built-in dependency of fuel consumed with fire danger rating, we
find a weak relationship between fire danger rating (SFDI) and burn severity (Figure S8 in Supporting Infor-
mation S1), and thus the increasing trend of fuel consumed with burn severity for FCCS is explained for similar
reasons as for WBSE. Satellite-based inputs used by GFED include tree cover and others correlated to tree cover
(fPAR, GPP, and PSNnet), which also explains the relationship.

3.2. Assessing Consistency as a Function of Burn Severity for Forest Land Cover

We compare the fuel consumed across the various methods for forest land cover (Figure 1). Differences on mean
fuel consumption between the largest and smallest estimates across burn severity classes are within factor of 2-3,
which is lower than for non-forests but still substantial. The burn area-based approaches show increasing fuel
consumed with severity, similar to the results for non-forested areas. Mean and median fuel consumed are similar
for WBSE and FCCS, but FCCS has much larger variability within each burn severity class. This can be explained
due to WBSE using fuel loadings for three forest categories which are based on averages of representative species
(Xu et al., 2022), while FCCS uses fuel loading estimate for each of the 268 fuel beds. While FINN fuel con-
sumption for forest areas is much larger than for non-forest due to % tree cover often being >40%, its results tend
to have average fuel consumed values about a factor of 2 lower than those from WBSE and FCCS. The sensitivity
calculation described in Section 3.1 also results in FINN showing comparable forest fuel consumed as WBSE and
FCCS (Figure S7 in Supporting Information S1). GFED shows the largest variability within burn severity, with
similar values to FINN at low severity, and similar to WBSE and FCCS at high severity.

A notable difference compared to results described in Section 3.1 is that RAVE fuel consumed for forests remains
roughly constant from low to moderate-high severity and then decreases for high severity, to the point where the
RAVE mean and median fall out of the inter-quartile ranges of the burn area-based approaches and thus becoming
much lower than the estimates from the burn area-based approaches (Figure 1). This counterintuitive result could
be associated with emissions underpredictions often found for energy-based approaches during extreme events
(Byrne et al., 2024; Saide et al., 2015; van der Velde et al., 2021), which is potentially associated with sensor
saturation, fire obscuration by smoke and clouds, and algorithm issues (Justice et al., 2006; Li et al., 2021a, 2022).
We explore these anomalous trends more in depth in the next sections.

3.3. The Effect of Burn Duration

While cumulative FRE follows a similar trend as fuel consumed (decrease for high severity), mean FRP
persistently increases with burn severity (Figure S9 in Supporting Information S1). This apparent inconsistency
can be explained by a strong inverse relationship between burn duration in each RAVE grid cell and burn severity
(Figure S9 in Supporting Information S1), with average burn durations of 6.6, 4.9, 3.4, and 1.6 days for “low,”
“low-moderate,” “moderate-high” and “high” burn severity, respectively. In other words, high severity fires
progress out of a region more quickly, while low severity fires linger for longer. While fire growth rate and burn
duration are different concepts, they are likely associated, and thus these results are consistent with research
showing that the fastest growing fires are also the most destructive (Balch et al., 2024). Figure 2 (left column)
shows that the fuel consumed varies as a function of the burn duration for the different estimates. RAVE shows a
trend of increasing fuel consumed for larger burn duration. The burn area-based estimates tend to follow this trend
for “low” and “low-moderate” severity, which is associated to similar tendencies found in % tree cover for these
categories (Figure S10 in Supporting Information S1) but show negative or no clear trend for more severe cat-
egories. Only FCCS shows a positive trend from <1 to 1-2 days as this is built into the calculation given the
addition of residual fuel consumed after the first day. These results appear to show an increase of the fraction of
fuel burned with burn duration that might not be captured by burn severity, and thus it is recommended that future
work further explores these relationships to assess if burn area-based approaches need to implement it.

3.4. The Effect of Tree Cover

FRP is expected to be underpredicted for surface fires in forests due to the difficulty of sensors to penetrate the
canopy and detect understory FRP (Roberts et al., 2018). We explore this effect by assessing fuel consumed as a
fraction of tree cover (Figure 2, right column). The burn area-based estimates typically follow the expected trend
of a continuously increasing fuel consumed with tree cover. While FINN and FCCS don't show clear trends with
severity within each tree cover bin, both WBSE and GFED show the expected positive trends. While this is built
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into WBSE, it is notable that GFED represents this trend without using burn severity as input. Reasons of this
could include the use of the CASA biosphere model for estimating fuel and consumption, but also the potential of
co-correlation of the remote sensing inputs of GFED (fPAR, GPP, and PSNnet) and burn severity. On the other
hand, RAVE shows different trends than the burn area-based approaches, with an increase of fuel consumed with
tree cover below 40% and a sharp decrease after that. This behavior happens regardless of severity category and
it's also found on other energy-based approaches (Figure S5 in Supporting Information S1). This trend is expected
for low burn severity fires as they are likely occurring in the understory, for which energy-based estimates
(including RAVE) do not include a correction. However, high severity fires in forested areas likely involve crown
fires (USGS, 2025) making the similarly sharp decline in fuel consumed above 40% tree cover unexpected.
However, this could be explained by multiple factors. First, moderate and high severity often results from
scorched or brown canopy rather than from charred, black, or burned crowns (Busby et al., 2023; Meng
et al., 2017). This means that in the former cases the top of the canopy did not burn and thus still contributed to
FRP obstruction. Second, while satellites might be efficient at detecting the heat from flames that rise above the
canopy, there will still be attenuation of the combustion happening in the understory below, and the combustion
gases that absorb in the infrared (Deng et al., 2024) could additionally obstruct the signal. To our knowledge, a
correction scheme that considers these effects does not exist, and thus future work is needed on this topic. When
focusing on a given % tree cover bin (Figure 2, right column), fuel consumed tends to increase with severity up to
“moderate-high” severity, after which there is only a slight decrease for “high” severity. Also, 71% of the “high”
severity samples are in the 60%—80% tree cover range. This further emphasizes that a correction based on tree
cover for moderate and high severity classes is needed.

We applied the correction developed by Roberts et al. (2018) for surface fires (bottom panel of Figure 2, see
implementation details in Text S1 of Supporting Information S1) to assess the effect of this potential limitation.
The correction is able to mitigate the negative trend obtained above 40% tree cover and, in some cases, reverse the
decrease. Also, the correction does not affect the trends with burn duration (Figure 2, bottom-left panel). This
correction is likely valid for many cases in the “low” and “low-moderate” severity categories, so it could be
implemented for these cases. When implemented for fires in this study, RAVE FRE (and thus emissions) in-
creases by a factor of 1.8 and 2.0 for “low” and “low-moderate” severity categories, respectively. We did not
include corrections proposed by Roberts et al. (2018) that depend on the sensor view angle (see Text S1 in
Supporting Information S1), which would only increase the estimates further and thus should be considered on
future work. Considering the consistency between FCCS, WBSE, and GFAS approaches “moderate-high” and
“high” severities, we could assume that these fuel consumed estimates are reasonable, which if replaced within
RAVE when they are larger would result in a factor of 1.5-1.8 and 2.3-2.4 increase for “moderate-high” and
“high” severities, respectively. In combination, these modifications result in a factor of 1.7-1.9 increase for
RAVE emissions in forested areas. Energy-based approaches often apply scaling factors to aerosol emissions on
the order of 2—4 to improve agreement with aerosol optical depth observations (Darmenov & da Silva, 2015;
Kaiser et al., 2012), which could be explained partially by the findings from this work.

4. Conclusions

A key step to calculate fire emissions is to estimate the fuel consumed, which has not been thoroughly compared
across approaches in the past. We compare fuel consumed from energy-based (RAVE) and burn area-based
(FINN, WBSE, FCCS/Fire2Fuel, and GFED) methodologies and assess how fuel consumption changes as a
function of fire and landscape characteristics. We find that all approaches show increasing fuel consumed with
increased burn severity for non-forest land covers. However, their estimates can vary substantially, with dif-
ferences up to factors of 1016 in the mean between methodologies. FINN and WBSE represent extreme values
for these fuel types, with RAVE, FCCS, and GFED typically falling in between. Differences between approaches
are lower for forest land cover but still substantial (up to factors of 2-3 on the mean). While burn area-based
approaches also show an increase in fuel consumed with burn severity for forests, the energy-based approach
shows decreasing tendencies for high burn severity to a point where it mostly falls out of the range of the burn
area-based approaches. Further analysis of fuel consumed from the energy-based approach shows a strong
decreasing trend for tree covers above 40% for all burn severity classes. A energy-based approach driven by
different satellite sensors (GFAS) shows the same trend, and thus this issue is expected to happen across energy-
based approaches. This is again opposite to what is found for the burn area-based approaches. Energy-based
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estimates also show an increasing fuel consumption with longer burn durations, while burn area-based estimates
typically do not show this for moderate to high severity.

Recommendations to improve consistency between fuel consumption estimates vary for the evaluated model
approaches. For FINN, it is recommended that available woody/coarse fuels burn even when the tree cover is less
than 40%, and that fuel loads of different vegetation types (coarse/woody and herbaceous) are valid across the
landscape (i.e., not scaled by the fraction of tree or herbaceous cover). These changes result in increased fuel
consumed that is comparable to the energy-based approach for non-forests and to the other burn area-based
approaches for forests. Use of other land cover data sets that increase the grassland land cover could help
reduce fuel loads for non-forests in the WBSE estimation approach. It is also recommended that the relationship
between the fraction of fuel consumed and burn duration is further explored to assess if this needs to be
implemented in burn area-based approaches. In the case of the energy-based approach, a correction to account for
canopy shading should be implemented for forest land covers. While these corrections exist for surface fires,
parameterizations are also needed for crown fires, as our results underscore that obstruction of the signal by both
the canopy and combustion gases still needs to be accounted for in these situations. We estimate that not including
these corrections could result in the underprediction of FRP by almost a factor of 2, which could explain a large
fraction of the scaling factor usually used by energy-based approaches to reconcile smoke concentrations. These
recommendations could be implemented in energy-based approaches, but they would need to be accompanied by
changes to the tuning factors currently used in each system.

A caveat of this work is that all fuel consumed used are indirect estimates. More direct estimates of fuel consumed
can be obtained by using pre and post-fire LIDAR characterization (Bright et al., 2022; Hudak et al., 2020) and
field surveys (Lydersen et al., 2014), which could be used in future work. The methodology described here to
compare fuel consumed could also be used to evaluate and/or benchmark models coupling land surface, vege-
tation and fire (e.g., Ma et al., 2021), and fire-atmosphere coupled models (e.g., Turney et al., 2023) to assess their
consistency with other approaches. Additionally, the recommendations provided here could be implemented in
fire emissions calculations and tested within smoke modeling systems to assess potential improvements. While
the domain studied is within the western and central continental U.S., it is likely that these results can be extended
to other regions given the large diversity of fuels and burn severities found in the study region and the robustness
of the results, which could be verified using a similar methodology in other fire-prone regions.
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MTBS burn severity can be downloaded from MTBS (https://www.mtbs.gov/viewer/?region=all). FINNv2.5
emission files for each fire using MODIS and VIIRS were obtained from Wiedinmyer and Emmons (2022,
updated irregularly). EVT and FCCS were obtained from LandFire (https://landfire.gov/data). Burning Index and
Energy Release Component were obtained from Copernicus Climate Change Service Climate Data Store (2019).
NLCD tree cover was available from U.S. Geological Survey (USGS) (2024). MODIS LAI, VCF and LCT are
available at Myneni et al. (2021), DiMiceli et al. (2022), and Friedl and Sulla-Menashe (2022), respectively.
GFAS data was retrieved from Copernicus Atmosphere Monitoring Service (2022). Data used in the analysis
performed in this study can be found in Saide (2025).
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