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Airborne emission rate measurements validate remote
sensing observations and emission inventories of

western U.S. wildfires
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Abstract. Carbonaceous emissions from wildfires are a dynamic mixture of gases and particles
that have important impacts on air quality and climate. Emissions that feed atmospheric models
are estimated using burned area and fire radiative power (FRP) methods that rely on satellite
products. These approaches show wide variability, have large uncertainties, and their accuracy is
challenging to evaluate due to limited aircraft and ground measurements. Here we present a novel
method to estimate fire plume-integrated total carbon and speciated emission rates using a unique

combination of lidar remote sensing aerosol extinction profiles and in situ measured carbon
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constituents. We show strong agreement between these aircraft-derived emission rates of total
carbon and a detailed burned area-based inventory that distributes carbon emissions in time using
Geostationary Operational Environmental Satellite FRP observations (Fuel2Fire inventory, slope
=1.33+0.04, r> = 0.93). Other commonly used inventories strongly correlate with aircraft-derived
emissions, but have wide-ranging over- and under-predictions. A strong correlation is found
between carbon monoxide emissions estimated in situ with those derived from the TROPOspheric
Monitoring Instrument (TROPOMI) for five wildfires with coincident sampling windows (slope
=0.99 + 0.18; bias = 28.5%). We report smoke emission coefficients (g MJ 1) for many compounds
including several previously unreported species. Smoke emission coefficients provide direct

estimations of compound-specific emissions from satellite FRP observations.

Introduction
Biomass burning (BB) emits a complex mixture of carbon-containing gases and aerosols that play
an important role in the global carbon cycle! 2. As the frequency and severity of fire in the western
U.S. continue to rise®®, accurate emission estimates of diverse constituents including aerosols,
trace gases, and total carbon from fires are critical to evaluate the local, regional, and global
impacts of BB on climate, weather, and air quality’. BB is the second largest global source of
carbon dioxide (COy), total greenhouse gases, and trace gases, and is the largest source of primary
carbonaceous particles to the atmosphere!®13, Carbon emissions released from BB are estimated
to be ~20-40% of that released from fossil fuels* *°, although there is significant interannual
variability and emission estimates vary by orders of magnitude with large uncertainties® ',
Biomass burning emissions are commonly estimated using either “bottom-up” burned area
or “top-down” FRP approaches. The conventional bottom-up methodology first outlined by Seiler

and Crutzen®® relies on biome-specific emission factors (EFs, grams emitted per kilogram of dry
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fuel burned) for trace gases and aerosols and an estimate of the total amount of dry biomass
consumed by the fire. The amount of biomass consumed is approximated from several parameters
including burned area, fuel loading, and combustion completeness estimated from satellite
products (hot spots, active fire counts, burn scars), derived from vegetation models®, or predicted
from environmental conditions (meteorology, fuel moisture) and/or fire processes
(flaming/smoldering). Inventory estimates based on these methods often show large variability
driven by uncertainties in fuel consumption estimates and inconsistencies in satellite products and
fuel characteristics!®24,

Top-down emission estimates rely on satellite fire radiative power (FRP) retrievals of a fire
event. FRP-based approaches use the rate of energy released from fires as a proxy for emissions
released from fuel consumption®-?, The total amount of dry biomass consumed by a fire can be
estimated directly from the temporal integration of FRP (fire radiative energy, FRE; MJ) together
with a scalar referred to as a biomass conversion factor (?; kg dry mass burned MJ?) (Emissions
[9]1=B [kg MJ1] x FRE [MJ] x EF [g kg™]). B is derived experimentally from the linear relationship
between directly measured fuel consumption and radiative energy released by a fire26: 27 30-33 or
indirectly using satellite-FRP with model emission estimates or other emission products34-%.
Alternatively, FRE can be directly translated to total emissions of individual constituents using
compound-specific smoke emission coefficients?® 3740 (q; g MJY) (Emissions [g] = a [g MJ?] x
FRE [MJ]). FRP-based methods enable near-real time emission estimates, although because fires
vary spatially, temporally, and in intensity, the spatiotemporal resolution of satellites adds

uncertainty to FRP-derived products**-*3, The emissions derived from both burned area (bottom-
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up) and FRP-based (top-down) methods can differ by an order of magnitude and are challenging
to validate because of limited ground-based and in situ observations?? 4041, 43,44,

Emission rates (g s™) estimated from observations typically require knowledge of the entire
plume structure. Aircraft sampling of emission plumes generally only characterizes the horizontal
cross section of the plume, whereas the vertical distribution of species is typically unknown or
approximated. Airborne emission flux estimates computed using in situ measurements have only
been done within the planetary boundary layer (PBL), where emissions are assumed to be
uniformly mixed or the vertical structure of a plume is probed with multiple transects*® %6, In the
free troposphere, where many fire plumes are transported, it is challenging to estimate emission
fluxes using in situ measurements, since the vertical distribution of pollutants is typically
unmeasured. This study outlines a new approach to derive fire plume emission rates using the
combination of in situ measurements and lidar to resolve the horizontal and vertical distribution of
carbon in fire plumes.

This method is used to independently evaluate total carbon emissions derived from burned
area and FRP-based inventories, as well as carbon monoxide (CO) emission rates derived from the
TROPOspheric Monitor Instrument (TROPOMI) for western United States wildland fires. Nine
BB inventories are evaluated, including four burned area approaches, three traditional FRP-based
datasets, and two experimental products (in development) also based on FRP. Emission rates are
also derived for a variety of co-emitted compounds and are used to estimate smoke emission
coefficients using the relationship between total integrated emissions and integrated FRP for each
plume cross section. Emissions of several species are derived from aircraft measurements for the
first time and are expected to be representative of temperate forest ecosystems. The coefficients

can be applied in operational models that estimate primary emissions from satellite observations
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of fire energy in order to predict ozone and secondary aerosol formation in temperate forest
ecosystems or scaled for other ecosystems using appropriate emission factor ratios.

Materials and Methods

Campaign and measurement details. This study utilizes measurements collected aboard the
NASA DC-8 aircraft during the western portion of the Fire Influence on Regional to Global
Environments and Air Quality (FIREX-AQ) field campaign (Supporting Information (SI) Tables
S1 and S2) that spanned thirteen flights sampling 10 distinct fires. This includes a suite of
instrumentation quantifying gaseous and aerosol compounds, and a nadir/zenith directed Airborne
Differential Absorption and High Spectral Resolution Lidar (DIAL-HSRL) to characterize the
vertical distribution of aerosols and their optical properties (SI section S1.2). Total carbon is
calculated as the sum of all background-subtracted carbon-containing gaseous and aerosol species
measured in situ at one second time resolution (Egn. S1). The three main carbon-containing
emissions from fire (CO2, CO, and CHj) typically account for ~97-98% of the total carbon
emitted!> 47, and for the western U.S. wildfires sampled during FIREX-AQ, the average particulate
contribution was less than 1%, Additional information including fire selection, transect inclusion,
and smoke age estimates is included in the SI.

In situ aircraft-derived emissions. Vertical total carbon concentration profiles are generated for
each transverse plume crossing by scaling lidar spatial distributions of aerosol extinction (Mm™,
532 nm) to total carbon (ppbC) using an enhancement ratio of total carbon relative to in situ aerosol
extinction at 532 nm measured aboard the aircraft. Missing data and gaps in the HSRL vertical
extinction profiles resulted when plumes were too optically thick for the laser to fully penetrate,
or when data were masked due to surface feedback or cloud coverage. Data gaps in the scaled

carbon profiles are interpolated using a spatial interpolation method (Voronoi natural neighbor;
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Figure S1). An example downwind flight track colored by in situ carbon is shown in Figure 1A
together with the derived vertical carbon distributions (Figure 1B) shown for the same transect
plume crossings.

The carbon emission rate (gC s?) is calculated for each HSRL pixel from carbon mass
concentration (gC m3), pixel area (m?), and horizontal wind speed (m s%) (Egns. S2-S3). The total
carbon emission rate (gC s*) through each plume cross section is estimated by summing vertically
through the lidar sampling heights and horizontally across the width of the plume following Egn.
1:

Carbon Emission Rate (gCs™1) (1)

z=20km Lexit
= 2 Z Conc. (g€ m™3) x Area (m?) X Wind speed (m s™1)

z=surface tentry

where z is the altitude from the surface to 20 km above sea level and ¢ is the aircraft sampling time
from plume entry (fentry) to exit (Zexit).

The error in scaling extinction to total carbon is estimated by comparing the scaled total
carbon derived by HSRL measurements at the aircraft flight altitude with the sum of the onboard
aircraft carbon measurements (average error across all fires ~38%). The error in scaling extinction
to total carbon is propagated together with the uncertainty in the wind and results in a total
measurement uncertainty that ranges by fire from 21 to 63%. Interpolating carbon concentrations
through the plume center during lidar saturation likely results in some underestimation that may
offset underestimation of onboard extinction measurements caused by evaporative inlet aerosol
losses* that would bias scaled total carbon estimates high. A full description of these calculations,
measurement descriptions, and uncertainties are provided in SI section S1.3.

The mass emission rates of individual species are determined as the product of the carbon

emission rate and the transect-determined enhancement ratio of the individual constituent relative
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to total carbon a. The total plume-integrated mass for nearly 90 compounds are derived from the
compound-specific mass emission rate and total transect sampling time (Eqn. S5).

Biomass burning emission inventories. Nine biomass burning emission inventories are
compared to the in situ observations of total carbon, including four burned area-based approaches:
the campaign-specific high-resolution Fuel2Fire inventory (developed for this work and described
further below), Global Fire Emissions Database (GFEDv4.1s)?*, the Brazilian Biomass Burning
Emission Model updated to include emission factors from Andreae®® (3BEM_A19), and the Fire
INventory from NCAR (FINN v2.3)°" %2; three traditional FRP-based datasets: Global Fire
Assimilation System (GFAS1.0)*>, Quick Fire Emissions Dataset (QFED2.4)%, and Fire
Energetics and Emissions Research (FEER)?’; and also two experimental products (not fully
operational at time of retrieval) based on FRP: High-Resolution Rapid Refresh (HRRR-Smoke
v3)** and The Blended Global Biomass Burning Emissions Product (GBBEPx v3)°°. Detailed
information including spatial resolution, emission factor database references, and brief
methodology descriptions are included in SI section S2.

The inventories provide daily biomass burning emissions summed for all inventory grid
cells that at least partially overlap a circle with a radius of 0.25 degrees centered at the mean
latitude and longitude of the United States Geospatial Multi-Agency Coordination (GeoMAC) fire
perimeters  hosted by the National Interagency Fire Center (https://data-
nifc.opendata.arcgis.com/datasets/historic-perimeters-2019)°.  Overlapis  determined by
identifying grid cells whose centers are within a radius of the GeoMAC fire perimeter mean
latitude and longitude of 0.25 degrees plus one half of the diagonal length of the inventory grid

cell (Eqns. S6 and S7).
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TROPOspheric Monitoring Instrument (TROPOMI) CO emission estimates. TROPOMI
orbits the western U.S. in a sun-synchronous orbit with equatorial crossing at 13:30 local time (LT)
and retrieves total vertical column densities (VCDs) of CO. A cross-sectional flux method was
applied to the CO VCDs to derive emission rates from single-orbit satellite observations, following
the approach described by Adams et al.’” and Griffin et al.’®. Briefly, the VCDs are wind-rotated
about the center of the fire location to obtain an upwind/downwind domain and binned into a grid
(4 km x 4 km) that is background corrected using upwind CO observations. All grids within the
fire plume boundary are integrated and an emission rate is estimated as the product of the mass
enhancement and the wind speed. The total uncertainty of the CO emission estimates is
approximately 40%. A detailed description of the TROPOMI CO emission method is included in

SI section S3.2.

Results: Emissions validation and evaluation

Comparison of aircraft measurements with the FIREX-AQ Fuel2Fire inventory. The
estimation of emission rates using the methods outlined above are only possible with a
combination of remote sensing and in situ measurements on the aircraft. The derived carbon
emission rates are compared to a comprehensive, burned area-based carbon emission inventory
(Fuel2Fire). The Fuel2Fire inventory emissions are calculated using newly optimized methods
specifically for the fires sampled during FIREX-AQ. Briefly, Fuel2Fire estimates the amount of
fuel burned using active fire detections within a refined GeoMAC fire perimeter together with a
high-resolution land classification system for fuel loading and fuel consumption determined from
daily fire weather severity. By assuming a carbon fuel fraction, detailed daily carbon emission
rates are estimated for each fire and are distributed temporally using FRP measured by the

Geostationary Operational Environmental Satellite (GOES) (see SI section S3.1). Figure 2A shows
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the 1 Hz Fuel2Fire carbon emission rates for the Williams Flats fire (August 3™, 2019) along with
those based on airborne measurements (tonnes of carbon per second; tC s™!). To align the aircraft
measurements to the Fuel2Fire emissions, the smoke age (SI section S1.5) is used to estimate the
original time of emission. The temporal variability prescribed to Fuel2Fire using geostationary
satellite FRP retrievals is captured well by the aircraft measurements for most transects. For other
fires, the magnitude of emissions is similar between methods, while individual data points show
large differences (Figure 2B), likely due to uncertainties in estimated smoke ages and uncertainties
in the GOES FRP retrievals (cloud/smoke obscuration, saturation, scan angle) used to distribute
emissions. Even with these outliers and emission rate uncertainties that range from 21 to 63% by
fire (SI section S1.3), the 15 min smoothed Fuel2Fire and aircraft measurements show agreement
using a reduced major axis regression (slope = 1.33 = 0.04, 7= 0.92).

The described method captures plume heterogeneity and does not require the plume to be
mostly decoupled from the ground, which is necessary for airborne solar occultation flux
measurements*®>°, The use of lidar also reduces artifacts related to sampling plume cross sections
at altitudes that are not centered within the plume; however, the method assumes that all smoke
sampled in a vertical cross section was emitted simultaneously and transported/aged together,
which simplifies actual plume dynamics®. Even with these assumptions, the violin plots in Figure
2B and each fire time series in Figure S2 show this method and emission estimates using
Fuels2Fire agree in magnitude, show reasonable temporal variations in most sampled plumes, and

is appropriate for estimating emission rates from plumes that can be completely (or mostly)
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penetrated by the lidar laser. In the following sections, these estimates are compared with satellite
measurements of CO and then used to evaluate the accuracy of several BB emission inventories.

Comparison of aircraft measurements with TROPOMI satellite measurements. It is critical
to validate satellite-derived BB emissions since satellite sensors have daily global coverage, and
thus are essential for operational air quality and smoke models, whereas airborne and ground
observations are infrequent and spatially limited. To date, TROPOMI CO retrievals have been
validated by comparisons to ground-based, aircraft, and satellite remote-sensing measurements
and model-simulated CO%!"%. Previously, nitrogen oxides (NOx)*® ® and nitrous acid (HONO)®’
biomass burning emissions have been derived from TROPOMI observations. This study is the first
to evaluate TROPOMI-derived CO emissions from wildland fires by aircraft measurements. Here,
fire-specific single-orbit TROPOMI CO emission estimates (SI section S3.2) near the fire source
(within 20 km) are compared to the FIREX-AQ aircraft CO emission estimates. Aircraft-based
plume-integrated CO emission rates are derived by scaling total carbon emission rates using the
enhancement ratio of CO to total carbon for each transect (SI Eqn. S5). The aircraft-derived CO
emission rates are averaged to include transects of the plume emitted within 90 minutes of the
satellite orbit to have enough plumes to compare with and to account for uncertainties in the
emission time. Figure 3 presents comparisons of TROPOMI CO emissions and aircraft-based
estimates (tonnes of CO per hour, tCO h!) for the five fires measured during FIREX-AQ with
coincident emission windows. The satellite shows agreement with the aircraft CO emission rate
with a slope = 0.99. The average of the relative differences (bias=[ TROPOMI-Aircraft]/Aircraft)
was 28.5 + 9.4 % (range ~2—59%), while the absolute differences range from 16 to 86 tCO h..
The horizontal bars show the temporal variability in the aircraft estimates within 90 min of the

overpass that cannot be captured by the satellite, which shows that the aircraft measurements have
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a finer spatial and temporal resolution than the satellite. The nitrogen oxide (NO) and nitrogen
dioxide (NOy) fluxes estimated by this method were also used to evaluate TROPOMI NOx

emission estimate methods as outlined by Griffin et al.>®

. Overall, the comparison of the
measurements with Fuel2Fire gives very high confidence in the accuracy of the total carbon
emission estimates from the DC-8 during FIREX-AQ and validates TROPOMI satellite-derived
CO emissions.

Comparison with biomass burning emission inventories. Conventional BB emissions
inventories use methods based on either burned area or satellite FRP and often incorporate other
satellite data products such as aerosol optical depth?>. The magnitude and distribution of BB
emissions based on these methods vary widely and the availability of aircraft measurements to
evaluate inventory accuracy and uncertainty is very limited. To compare the aircraft measurements
with commonly used fire emission inventories, the daily total carbon inventory emissions are
distributed hourly using fire-day specific probability distributions estimated from GOES-FRP
diurnal patterns® (Figure S3) to isolate differences not related to inventory-applied fire diurnal
cycles. The GOES diurnals indicate limited nocturnal fire activity and therefore emission estimates
from all inventories are weighted towards the daytime. Total carbon emissions are calculated from
measurements for the Williams Flats fire on three separate days, and these aircraft measurements
are averaged to the hour to align with the inventories. The unweighted orthogonal distance
regressions between the aircraft- and satellite-based estimates are shown in Figure 4A. Nine BB
inventories including four burned area datasets (Fuel2Fire, GFED, 3BEM_A19, FINN), three
FRP-based inventories (GFAS, QFED, and FEER), and two experimental products also based on

FRP (HRRR-Smoke, GBBEPx)? are shown (SI section S2). The various inventories have a wide

range of emission estimates for the Williams Flats fire; for example, 3BEM_A19 is a factor of ten
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lower and HRRR-Smoke a factor of three higher than the aircraft measurements, while the average
of all inventory datasets lies near the one-to-one line (slope = 1.2). The Fuel2Fire and GFED
inventory had the best overall agreement (slopes = 1.3 and 1.1, respectively), while the remaining
FRP-based inventories had strong correlations, but are approximately a factor of 2 lower.

The magnitude of emissions on August 7" is 2—4 times larger than August 3™, and the
linear fits are driven by the higher emission day. The measurements and inventories for each plume
crossing are averaged for each sampling day and Figure 4B shows the boxplot summaries (the
median, 75", and 25" quartiles or average + standard deviation where n = 2). Emissions are the
highest and most variable for the two experimental inventories, HRRR-Smoke and GBBEPx,
while the remaining FRP-based inventories had better agreement and are within the 25%/75"
quartile range of the aircraft measurements for both August 3™ and 7, though below the average
on the 7". The emissions are lowest for all three of the burned area inventories on August 3™
(GFED, FINN, 3BEM_A19). On August 6™, all inventories are lower, while on the other days the
inventory average agrees better with the measurements. Aircraft sampling on August 6 spanned
only two hours (n=2) and the emission time was earlier than the highest FRP on that day, which
may explain the low bias in all inventory emissions derived from the GOES diurnal emissions
relative to aircraft measurements. This demonstrates that the prescribed fire diurnal cycle from
GOES observations might not fully capture the fire diurnal cycle variability, especially during
lower consumption periods. Many models use a fixed fire diurnal cycle for each day that can
inaccurately distribute emissions® or weight emissions towards daytime hours’, though these
results show that even observationally-derived fire diurnal patterns can miss periods of emissions.

Every inventory except for the high-resolution Fuel2Fire inventory shows reduced daily

emissions from August 7" to the pyrocumulonimbus event on August 8" (SI Figure S4, solid
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lines). The primary difference between Fuel2Fire and the other inventories is that Fuel2Fire
assumes residual emissions from the area burned on the previous day; therefore, those days with
an intense preceding fire day will have higher relative emissions compared to other inventories.
Additionally, satellite products can severely underpredict emissions during large fire events due to
dense plumes concealing FRP or hotspots and need to consider fire behavior and changes in fuel
consumption.

Air quality forecast model predictions use the most recent satellite detections and typically
assume persistence into the forecasting window®, and therefore most forecasts (Figure S4, dashed
lines) show increasing emissions from August 7% to August 8. Forecasted total carbon emissions
for the Williams Flats fire, estimated from forecast carbon monoxide emissions with FIREX-AQ
derived CO emission factors, are compared to the inventory estimates in Figure S4. The forecasted
emissions vary by a factor of 35 and generally underpredict total carbon relative to the Fuel2Fire
inventory for most days, except for August 9" when Fuel2Fire indicates that the fire was subsiding
while forecasted persistence predict continued high emissions. Ye et al.®” showed that
experimental models that ingested QFED emissions tend to have carbonaceous aerosol forecasted
emissions that are overpredicted relative to the Fuel2Fire inventory. One potential explanation for
these discrepancies is that Ye et al.*” assumes a fixed percentage conversion from the Fuel2Fire
total carbon to carbonaceous aerosol that could bias the Fuel2Fire inventory low. Small
adjustments to this conversion factor can result in large differences in the predicted total aerosol

emissions. Additionally, the compound-specific emission factors used to estimate emissions vary
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by model, and therefore the relative differences between forecasted emissions can vary by
compound or conversion method.

The Williams Flats fire was the largest and most sampled fire during FIREX-AQ. The
hourly comparisons for the other sampled western U.S. wildfires of various sizes are shown in
Figure 5 with logarithmically-spaced histograms of the ratio of inventory to aircraft measurements.
Only the FEER inventory missed estimates within the designated perimeter, and those data are
included as zero emissions (n = 10). Inventory estimates are sensitive to the selected perimeter and
defined overlap. For instance, GFED emission estimates, restricted to only include grid cells
completely contained within a 0.25° radius circle of the fire location (no partial overlap), are zero
across all sampled fires. The defined perimeter and overlap are described in SI section S2.1 and
aim to capture each fire’s total emissions without including any neighboring fires.

The Fuel2Fire and FINN inventories have more Gaussian distributions around the one-to-
one ratio, while several traditional FRP-based inventories (GFAS, QFED, FEER) agree with
geometric means ranging from 0.73 - 1.16, but have a larger spread in emissions (geometric
standard deviation > 3.5). Generally, the GFED inventory underpredicts emissions (0.45 + 3.60),
but has less fire-to-fire variability than the 3BBEM_A19 burned area inventory (0.19 £9.71), whose
spread in emissions were driven by overpredictions during the Tucker and North Hills fires. The
latest version of GFED uses the Moderate Resolution Imaging Spectroradiometer (MODIS)
burned area product together with additional algorithms in order to capture small fires, however,
there are large uncertainties even with improvements’" 72, The recent version of FINN (v2.3)
applies updated burned area estimates from MODIS plus the Visible Infrared Imaging Radiometer
Suite (VIIRS) fire detects and generally has higher emissions than its predecessor for temperate

North America®?, though it continues to underpredict emissions relative to the aircraft (0.65 +

15
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3.45). These advances in burned area estimates reduce some of the low bias frequently observed
for these inventory types in some regions??. In general, these three burned area inventories more
frequently underpredict emissions relative to the aircraft, yet can agree well on a per-fire basis
(e.g., the Williams Flats fire). HRRR-Smoke and GBBEPx have the highest overall emissions and
significant variability. As an example, GBBEPx agrees well for the Williams Flats fire (Figure
4A), but overpredicts relative to aircraft-derived total carbon by a factor of 4 for the Sheridan fire.
A potential reason for the difference could be the inventory-assigned (QFED) land-cover
classification, since the Sheridan fire on August 16" is categorized as a mix of savanna and
extratropical forest, while the Williams Flats fire is exclusively extratropical forest.

Estimated values of the energy released from burning fuel (biomass conversion factor, )
are used in several FRP-based approaches to estimate the amount of dry mass burned, although 3
values vary by detection method and have been scaled to match burned area generated emissions
for several fuel types®>. GFAS, QFED, and FEER had similar distributions in emissions, and
agreement with field observations would potentially improve with updated biomass
conversion/smoke emission coefficients or by implementing higher temporal and spatial resolution
satellite FRP retrievals (e.g., GOES or hybrid/fused FRP products).
Results: Speciated emissions
Smoke emission coefficients. FRP-based emission estimates for all compounds in smoke rely on
either a biomass conversion factor (B; kg dry mass burned MJ!) together with biome-specific

emission factors (EFs) or compound-specific (X) smoke emission coefficients (o, gX MJ ). Smoke
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emission coefficients are empirically derived from laboratory measurements®®, satellite

38,4273 " and/or chemical transport models’.

retrievals

Each measured carbon species is integrated over the time needed to complete an individual
plume transect to obtain a total mass for each transect. Emission coefficients (a-values) are then
calculated from the total mass for each transect against the transect-specific FRE (time-integrated
FRP) as shown in Figure 6A for total carbon and Figure 6B for CO. The smoke emission
coefficients for total carbon (o= 105.9 £ 10.9 g MJ '), CO (0.=21.4 £2.2 g MJ™!), and many other
previously-unmeasured compounds are listed in SI Table S3 for temperate forest fuels. Secondary
products that are not expected to be primarily emitted are excluded (e.g., ozone,
peroxyacylnitrates, HNOs). These are the first reported emission coefficients using in situ aircraft
measurements for large-scale wildfires. Additional details including descriptions of excluded fires
and transects are detailed in SI section S1.6.

Figure 6B also shows the TROPOMI-derived total CO mass (red) versus GOES-integrated
FRP has a similar CO a-value (23.9 + 7.0 g MJ™!) as those derived using aircraft measurements
(21.4 g MJ!). The TROPOMI value is comparable to the value derived for the continental United
States (CONUS) using TROPOMI CO total mass with GOES FRP from 41 fires (29.92 g MJ1)*
and a laboratory-derived value (33.71 g MJ")?, further validating the aircraft method. Previous
CO emission coefficients calculated using satellite particulate matter emission coefficients scaled
to CO using emissions factors are much higher (105-192 g MJ™') and lead to higher emission
estimates®> 37 75,
Figure 6B also shows the TROPOMI CO estimates versus FRP from MODIS Aqua

retrievals for western U.S. fires sampled during FIREX-AQ and another western U.S. wildfire

campaign (WE-CAN; Western Wildfires Experiment for Cloud Chemistry, Aerosol Absorption,
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and Nitrogen’¢; SI S3.2) assuming a 40% uncertainty in both (blue, o value =31.5 £ 6.7 g CO MJ-
! 72=0.72). The overpass times of the two satellites are not always coincident, though their orbits
are generally within 2 h. The relative difference between the satellite FRP-products (MODIS vs.
GOES) was only ~21%. Using the CO a-value to predict WE-CAN emissions shows agreement
with TROPOMI (~55% difference on average), and therefore using these a-values in GOES or
MODIS FRP-based operational models is representative for temperate forest ecosystems, although
differences for individual fires will exist. The methods outlined in this study could be used to
derive a-values for other ecosystems. Alternatively, the temperate forest values could be scaled by
multiplying by the ratio of ecosystem-specific emission factors for each selected constituent (X)
taken from biomass burning emission databases (i.e., EFx, ecosystem /EFX, temperate ecosystem) ' >°.

With the method described here, the biomass conversion factor, which represents the
amount of fuel burned per energy released, cannot be measured directly since the amount of fuel
consumed is unmeasured. The factor was instead calculated as the average of the ratios of smoke
emission coefficients to the campaign-wide average EFs for all species measured by the DC-8 as
reported by Gkatzelis et al.*®. The resulting biomass conversion factor was 0.21 = 0.10 kg MJ!,
which is lower than laboratory/controlled fires (0.368-0.453 kg MJ1)?% 2877 or satellite/model
emission derived values for extratropical forest/temperate fuels (0.261-0.49 kg MJ1)*> 3, B-values
vary widely among satellite-based studies by vegetation-type or by FRP-product (0.13—12 kg MJ
1)26. 28, 32, 36,38, 41, 43. 7779 ' which again highlights the need for aircraft measurements such as those
flown during FIREX-AQ for other ecosystems.

The FRP / total reactive nitrogen oxides (NOy) relationship. The outlined methods have
focused on carbon emissions, though quantifying both carbon-containing volatile organic

compounds (VOCs) and nitrogen oxides (NOx) and other reactive nitrogen species is critical for
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understanding the air quality and climate impacts of ozone and secondary organic aerosol (SOA)
formation downwind of wildfires®®. Total reactive nitrogen oxides (NOy) is a reasonably-
conserved tracer in smoke plumes®! and the ratio of VOCs to NOy can be used as a proxy for
downwind ozone formation from wildfires as the initial mix of emissions controls NOx loss
pathways, which will determine the chemical regimes (NOx-sensitive or VOC-sensitive) of the
downwind plume®’. Gkatzelis et al.*® demonstrate that VOCs from fresh plumes can be estimated
using direct CO measurements near the fire source while the NOy relationship with CO is less
correlated across all fires sampled (+* = 0.75) . Figure 6C shows that total transect integrated NOy
(2) has a strong relationship with integrated FRP (+* = 0.91) for the temperate fuels, and because
NOy is conserved in the absence of wet or dry deposition, the correlations hold for both fresh and
aged plumes (colored by smoke age). The initial concentrations of VOCs can then be estimated
from parameterizations of satellite-measured CO (TROPOMI or Cross-track Infrared Sounder
[CrIS]), while total NOy can be estimated from integrated FRP satellite retrievals
(MODIS/GOES/VIIRS) using the predicted emission coefficient for the temperate ecosystem.
More work is needed to investigate differences between ecosystems and/or burn conditions (i.e.,
fuel moisture, meteorology), though there were no apparent trends with modified combustion
efficiency identified here. Predicting and implementing the initial concentrations of VOCs and
NOy from satellite products (CO and FRP) into models might enable more accurate and simplified
estimates of downwind ozone and SOA formation without the need for direct field measurements.
Discussion

The wide variability and large uncertainty in biomass burning emission estimates by inventories
complicate the interpretation of fire impacts on air quality and climate. Evaluating the accuracy of

commonly used biomass burning emission inventories has traditionally been challenging due to
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limited in situ aircraft or ground-based measurements. This study presents a new method of
calculating emission rates using in situ and remote-sensing airborne measurements, which were
compared to various inventories. The high-resolution burned area-based estimates generated for
FIREX-AQ (Fuel2Fire) accurately predict western wildland fire emissions, yet are very time
intensive to generate. Emissions from other traditional inventories vary greatly, resulting in both
over- and under-predictions of emissions when compared to the aircraft-derived method. We
derive in situ smoke emission coefficients from wildfire plumes using lidar to determine the
plume’s spatial extent. The aircraft-derived smoke emission coefficients can replace emission
factors to estimate fire emissions directly from satellite FRP, bypassing fuel burned estimates. The
outlined method can be used to derive coefficients for other ecosystems directly or the presented
values can be scaled using the appropriate ratio of EFs. In situ aircraft measurement derived
emission coefficients are reported for the first time for a wide range of species and implementing
these values in air quality and smoke models is expected to improve the accuracy and spatial

coverage as inventories begin to utilize higher time resolution geostationary FRP retrievals.
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Figure 1. (A) The DC-8 flight track showing several transverse transects of the Horsefly fire plume
(August 6, 2019) colored by the sum of in situ aircraft measurements of excess carbon (ppbC). (B)
An example vertical profile of transect plume crossings colored using the same color scale shown

in panel A. The aircraft sampling altitude above mean sea level (m) is indicated by the cyan line.
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Figure 3. Correlation between TROPOMI CO and aircraft CO emission rate estimates (tCO h™')

averaged when smoke emission times were within 90 minutes of the satellite overpass (~13:30

LT) for the North Hills (n=2), Shady (n=1), and Williams Flats fires on August 3™ (n=10), 6"

(n=5), and 7" (n=5). The 95" confidence intervals in the slope (grey), + standard error of aircraft

data (horizontal bars), and a 40% error in the TROPOMI CO estimate®® (vertical bars) are shown.
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Figure 4. (A) Orthogonal distance regression fits of inventory emissions against aircraft
measurements averaged to the hour for three flights sampling the Williams Flats fire. (B) All
aircraft measurements (black) and inventory emissions (colored) were binned during the aircraft
sampling period (2-7 h) for the Williams Flats fire. The median, 75", and 25" quartiles are shown,

or the average + 1 standard deviation where n = 2 (August 6').
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Figure 5. Distribution of the ratio of inventory carbon emissions to aircraft carbon measurements
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Figure 6. (A) Total carbon emissions (g) versus integrated fire radiative power (MJ) used to
generate a smoke emission coefficient for carbon (gC MJ!) from a York regression fit (dashed
line) with the 95% confidence intervals shown (shaded grey). (B) CO emission (g) versus GOES
integrated FRP for aircraft measurements (black) and TROPOMI retrievals (red). Emissions versus
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available (blue) (C) NOy emission versus integrated FRP colored by smoke age.
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Supporting Information. Extended experimental methods, biomass burning emissions
inventory descriptions, satellite retrieval descriptions, and a summary of forecast models is

included in the Supporting Information (SI) and Tables S1-S4 and Figures S1-S4.
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