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Abstract

Biomass burning influences atmospheric composition and regional air quality. The hourly
biomass-burning emissions are usually required by air quality models, yet most available
emission inventories provide daily or monthly estimates in 0.1 degree or coarser grids, limiting
the prediction accuracy. The Advanced Baseline Imager (ABI) on the Geostationary Operational
Environmental Satellites — R Series (GOES-R) observes fires across the conterminous United
States (CONUS) every 5 minutes at a spatial resolution of 2 km, which allows for characterizing
fires and emissions on diurnal scale. In this study, we developed a new operational algorithm to
generate regional hourly 3 km fire emission across the CONUS by fusing temporally resolved
ABI fire radiative power (FRP) and fine spatial-resolution (375m) FRP from the Visible Infrared
Imaging Radiometer Suite (VIIRS) on the Joint Polar Satellite System (JPSS) satellites. To do
this, ABI FRP was first calibrated against and fused with VIIRS FRP in 3 km grids. Then, FRP
diurnal cycles at an interval of 5 minutes were reconstructed using the fused ABI-VIIRS FRP
and the land cover-ecoregion-specific FRP diurnal climatologies. The reconstructed FRP diurnal
cycles were applied to estimate hourly emissions of eight species (e.g., carbon monoxide (CO)
and fine particulate matter with diameters < 2.5 um (PM2s)). The accuracy was verified by
comparing with CO observations from the TROPOspheric Monitoring Instrument (TROPOMI)
on the Sentinel-5 Precursor satellite, and with PMz s emissions from eight other inventories. The
results of the ABI-VIIRS estimates during one year from April 2020 to March 2021 indicate that
fires burned 221 Tg dry matter and emit 2.25 Tg PMz s emissions across the CONUS. The
seasonal and diurnal patterns of emissions vary with land cover types. The largest and smallest
seasonal variations are shown in forest and agriculture fire emissions, respectively. The diurnal

emission patterns of different land cover types share similar shapes but differ largely in
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magnitude. Moreover, the diurnal pattern of forest fire emissions suggests that emissions are
dominated during daytime in the eastern U.S. but strong during both daytime and nighttime in
the western U.S. The evaluation shows that the fused ABI-VIIRS based CO agrees well with the
TROPOMI CO, with a difference of 11%. However, the agreement between fused ABI-VIIRS

emissions and other inventories varies for different fire events.

Keywords: GOES-R ABI, JPSS VIIRS, Sentinel-5P TROPOMI, FRP, fusion, fire emission
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1. Introduction

Trace gases including greenhouse gases and aerosol emissions emitted from open biomass
burning influence climate, global carbon cycle, and public health profoundly (Friedlingstein et
al., 2020; IPCC, 2021; Johnston et al., 2012). Global fires emit 2.2 Pg carbon emissions and 36
Tg fine particulate matter (mass of PM in pg/m? for particles with a diameter less than 2.5um, or
PM: 5) into the atmosphere annually (van der Werf et al., 2017; van Marle et al., 2017). The
annual carbon emissions from fires have been as much as 23% and 138% of annual carbon
emissions from fossil fuels and land-use change, respectively, in the past two decades
(Friedlingstein et al., 2020). Carbon dioxide (CO2) emissions from deforestation fires play an
important role in the inter-annual variability of the atmospheric GHG budgets (IPCC, 2021).
Smoke aerosols scatter and absorb incoming solar radiation and inhibit cloud formation,
resulting in a net radiative forcing of +0.20 - +0.52 W m (Bond et al., 2013; Jacobson, 2014;
Kaufman et al., 2005). Furthermore, smoke aerosols cause public health and transportation issues
by degrading regional air quality and visibility (Ford et al., 2018; Jaffe et al., 2020; Johnston et
al., 2012; Li et al., 2021b). Therefore, fire emissions are considered an essential input for climate
and air quality forecast models, and accurate estimation of fire emissions is critical to understand
the roles of biomass burning (Appel et al., 2017; Inness et al., 2019; Reid et al., 2009; Wang et

al., 2018, Brown et al., 2021; Carter et al., 2020; Ye et al., 2021).

Three types of methods have been developed for emissions estimation. First, fire
emissions have been conventionally calculated using four parameters: total area burned (BA),
fuel loadings (FL), combustion completeness (CC), and emission factors (EF) since the 1980s
(Seiler and Crutzen, 1980). Before the 2000s, regional and global emission estimates were highly

uncertain due to the lack of consistent fire data at large scales and very simplified assumptions of
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each parameter (Crutzen and Andreae, 1990; Hao et al., 1990; Seiler and Crutzen, 1980). Since
2000, the availability of burned area and active fire products from the Moderate Resolution
Imaging Spectroradiometer (MODIS) on NASA’s Terra and Aqua satellites enabled the
computation of consistent emissions estimates at large scales (van der Werf et al, 2006). The
associated global inventories include the Fire Locating and Modeling of Burning Emissions
(FLAMBE) (Reid et al., 2009), the Global Fire Emission Database (GFED) (van der Werf et al.,
2017), and the Fire INventory from NCAR (FINN) (Wiedinmyer et al., 2011). The regional
inventories include the Wildland Fire Emissions Information System (WFEIS) for North
America (French et al., 2014), Brazilian Biomass Burning Emissions Model (3BEM) for South
America (Archer-Nicholls et al., 2015), and the Missoula Fire Lab Emission Inventory (MFLEI)
for the Conterminous United States (CONUS) (Urbanski et al., 2018). However, the widely used
MODIS burned area products tend to miss a considerable number of small burns in fire-prone
African Savanna (Roteta et al., 2019; Roy et al., 2019), deforestation fires in partially cloudy
Tropical Forests (Boschetti et al., 2019; Liu et al., 2020; Vetrita et al., 2021), surface fires in
Temperate Forests (Huang et al., 2018; Nowell et al., 2018), and agriculture burns (Liu et al.,
2019; Randerson et al., 2012) that has been highlighted by Chuvieco et al. (2020). These missed
burned areas lead to large uncertainties in emission estimates, which has been demonstrated
recently in Africa (Ramo et al., 2021). Furthermore, the other parameters in the conventional
approach also contain considerable uncertainties. Fuel loadings are calculated commonly based
on either modeled carbon fluxes or static values summarized from literatures or static fuel maps
at coarse resolutions (French et al., 2011; van der Werf et al., 2017; Wiedinmyer et al., 2011).
These calculations likely cause large uncertainties due to misclassification of vegetation at coarse

resolutions, large variability of fuel characteristics at fine scales, seasonal and inter-annual fuel
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dynamics, and the imprecision of satellite-based estimates of surface and ground fuel loadings
and characteristics (Di Giuseppe et al., 2021; French et al., 2011; Keane, 2013; Ottmar, 2014;
Prichard et al., 2019; van Wees and van der Werf, 2019; Weise and Wright, 2014; Zhang et al.,
2008). Further, it is difficult to obtain combustion completeness accurately at large scales

because it varies with fuel type, size, shape, and moisture content and burn severity (Campbell et
al., 2007; French et al., 2011; Hély et al., 2003; Veraverbeke and Hook, 2013). As a result,

global conventional inventories usually use a fixed combustion completeness value for a given
fuel stratum (e.g., GFED) or tree cover group (e.g., FINN) across different biomes (van der Werf
et al., 2017; Wiedinmyer et al., 2011). Finally, emission factor is often compiled from global lab-,
ground-, and airborne-based studies (Akagi et al., 2011; Andreae, 2019; Prichard et al., 2020;
Urbanski, 2014; Yokelson et al., 2013). However, it is known to vary significantly with fire types,
chemical properties of fuels, and combustion phases (Liu et al., 2017; Liu et al., 2016; Parker et
al., 2016; Urbanski, 2014). Integrating the four parameters in emissions estimation, the

associated uncertainties could result in exponential overestimation or underestimation due to

compounding and compensating errors.

Second, inverse modeling methods have been also applied to estimate regional and global
fire emissions with satellite observations (e.g., nitrogen oxides (NOx) and carbon monoxide (CO))
(Streets et al., 2013). These methods, conventionally applied to anthropogenic sources and
referred to as top-down methods, are often conducted using chemical transport models (CTMs)
(Streets et al., 2013). However, the emissions estimates from different studies show large
differences (Duncan et al., 2007; Jiang et al., 2017; Konovalov et al., 2014; Kopacz et al., 2010;
Shindell et al., 2006; van der Velde et al., 2021). Their accuracy could be affected by several

factors, including, but not limited to, uncertainties in physical, chemical, and meteorological
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variables involved in inverse modeling and CTMs, aggregation errors of emissions sources,
errors in transport and chemistry, and quality of satellite observations (Duncan et al., 2007; Jiang
et al., 2011; Shindell et al., 2006; Streets et al., 2013). These factors can influence the accuracy

of emissions by >20% globally and >80% regionally (Jiang et al., 2011 & 2013).

Third, satellite fire radiative power (FRP) provides an alternative pathway to the
estimation of biomass-burning emissions. FRP, the instantaneous fire radiative energy, is linked
to the rates of biomass combustion and fire emissions via a biomass combustion coefficient and
smoke coefficient, respectively (Kaufman et al., 1998; Wooster, 2002). Their empirical
relationships have been further proven in lab and field experiments (Freeborn et al., 2008; Ichoku
et al., 2008; Kremens et al., 2012), and landscape wildfires in several fire-prone regions,
including Africa (Mota and Wooster, 2018; Nguyen and Wooster, 2020; Roberts et al., 2005),
South America (Pereira et al., 2009), boreal Russia (Konovalov et al., 2014), Indonesia (Lu et al.,
2019; Lu et al., 2021) and United States (Li et al., 2020b; Li et al., 2018b; McCarley et al., 2020;
Wiggins et al., 2020), as well as across the globe (Ichoku and Ellison, 2014; Jin et al., 2021;
Vermote et al., 2009). The development and advancement of the empirical relationships have
also been summarized in detail by a recent review (Wooster et al., 2021). Therefore, satellite
FRP retrievals have been commonly applied to estimate biomass-burning emissions (Kumar et
al., 2011; Li et al., 2021a; Li et al., 2019; Liu et al., 2015; Roberts et al., 2009; Vermote et al.,
2009; Wooster et al., 2018; Zhang et al., 2020; Zheng et al., 2021). The emissions inventories
include global biomass burning emission product from geostationary satellites (Zhang et al.,
2012); Blended Global Biomass Burning Emissions (GBBEPx3.0, Zhang et al., 2019), Quick

Fire Emissions Dataset (QFED2.5, Darmenov et al., 2015), Fire Energetics and Emissions
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Research (FEER1.0, (Ichoku & Ellison, 2014)), and Global Fire Assimilation System (GFASI.2,

Kaiser et al., 2012).

Compared with the conventional burned-area based approach, the FRP-based method is
superior in two aspects. First, it bypasses uncertainties in three parameters (BA, FL, and CC),
thereby improving emissions estimation potentially. Second, it computes emissions at much
higher temporal resolutions (i.e., daily or hourly), which is critical to time-sensitive applications.
For instance, air quality forecast models usually require hourly emissions. Because diurnal
emissions are not provided in the available inventories, models assume the same emissions rate
during the day or redistribute daily emissions to a fixed diurnal climatology, which results in

large uncertainties in model predictions (Bela et al., 2022; O’Neill et al., 2021; Ye et al., 2021).

The accuracy of FRP-based emissions estimation relies largely on the quality of FRP
diurnal cycles that are indispensable for computing total fire radiative energy (FRE) and mass of
emissions. Sensors on polar orbiting satellites (e.g., MODIS and the Visible Infrared Imaging
Radiometer Suite (VIIRS)) can observe relatively small and cool fires due to their higher spatial
resolutions than geostationary sensors (Csiszar et al., 2014; Giglio et al., 2016; Schroeder et al.,
2014). Nevertheless, each sensor only provides fire observations twice a day in clear-sky
condition or none due to obscuration of clouds, which are too temporally sparse to depict FRP
diurnal cycles. Regardless of this fact, most FRP-based emissions inventories (i.e., QFED2.5,
GFAS1.2, FEER1.0, and GBBEPx3.0) compute FRE and emissions using FRP from MODIS
and/or VIIRS by simply assuming that very limited daily FRP observations can still be used to
derive emissions. This assumption results in overestimated FRE and emissions when nocturnal
fire activity is limited (Andela et al., 2015; Li et al., 2021a) but underestimated estimates when

daytime FRP peaks at hours other than MODIS or VIIRS overpass times (Andela et al., 2015).



177  Although FRP diurnal cycles were reconstructed by superimposing predefined Gaussian-shaped
178  curves to MODIS FRP (Andela et al., 2015; Vermote et al., 2009), the peak hour and fire
179  duration were shown to be misrepresented (Andela et al., 2015; Li et al., 2019; Saide et al., 2015;

180  Yeetal., 2021).

181 Geostationary satellites observe fires at high temporal resolution (i.e., every 5-15

182  minutes), which enables the reconstruction of FRP diurnal cycles, yet they tend to miss small

183  and/or cool fires due to their coarser spatial resolution, especially at large view angles (Roberts
184  and Wooster, 2008; Schmidt et al., 2012; Xu et al., 2021a; Xu et al., 2017). To improve the

185  generation of FRP diurnal cycles and the calculation of FRE, it has been demonstrated that

186  fusing FRP from fine spatial-resolution polar orbiting and high temporal-resolution geostationary
187  satellites is promising (Freeborn et al., 2009; Li et al., 2021a; Li et al., 2019; Zhang et al., 2020).
188  The potential of this approach is elevated greatly with the launches of the new-generation sensors,
189  such as the Advanced Baseline Imager (ABI) on the Geostationary Operational Environmental
190  Satellite R Series (GOES-R and the VIIRS sensor onboard Suomi NPP (Suomi National Polar
191  orbiting Partnership) and JPSS (Joint Polar Satellite System) series. The ABI observes fires in 2
192  km pixels at nadir, with an unprecedented temporal resolution of 5 minutes across the CONUS
193  and 10 minutes over North and South Americas (Schmit et al., 2017), and VIIRS provides FRP
194  for daily global fires at the finest spatial resolution of 375 m (Schroeder et al., 2014). Similarly,
195  the Advanced Himawari Imager (AHI) on Himawari-8/9 provides high-temporal-resolution fire
196  observations in Asia (Bessho et al., 2016) and the Flexible Combined Imager (FCI) on the

197  planned Meteosat Third Generation (MTG) will also provide high-temporal-resolution fire

198  observations in Africa and Europe (Holmlund et al., 2021). The new fire data from Sentinel-3

199  will expand the long-term MODIS fire data at late morning (Xu et al., 2021b).
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In this study, we develop a new algorithm that computes hourly biomass-burning
emissions product at a spatial resolution of 3 km across the CONUS by fusing ABI and VIIRS
FRP. This product named hourly Regional ABI and VIIRS fire Emissions (RAVE) produces fire
emissions to air quality forecast model applications, including NOAA operational models such
as the High Resolution Rapid Refresh smoke model (HRRR-smoke), Community Multiscale Air
Quality (CMAQ) model, and Weather and Research Forecasting model coupled with Chemistry
(WRF-Chem). These models operate currently at varying degrees of grid resolution and
projections, with eventually all models migrating to 3-km spatial resolution. To facilitate the use
of RAVE emissions product by multiple models, we decided to generate the product in a regular
latitude-longitude grid with 0.03° resolution (simply called 3km grid in the following text). In
doing so, any model can project the emissions onto its horizontal resolution. This paper describes
the new algorithm of emissions estimation using ABI and VIIRS FRP and then investigates the

accuracy of the RAVE product.

2. Data

2.1. VIIRS active fire data

VIIRS onboard the sun-synchronous Suomi NPP and NOAA-20 satellites crosses the
equator at 1:30 AM and 1:30 PM local time, but NOAA-20 VIIRS observes the same location
approximately 50 minutes before or after Suomi NPP due to the half-orbit separation of the two
satellites (Wolfe et al., 2013). VIIRS has a wide swath of 3000 km along the scan direction,
which enables the instrument to observe the entire globe without gaps (Cao et al., 2014). VIIRS
is equipped with a dedicated moderate resolution 4-pum band for fire monitoring (M13, 750 m)

with a high saturation level to allow for FRP retrievals for the vast majority of fire pixels.

10
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Additionally, the imaging resolution (375m) I4 band provides better detection sensitivity and
spatial detail, but limited potential for FRP retrievals due to its lower saturation. This band
configuration led to the development of two active fire products: an M-band only heritage
product (Csiszar et al. 2014), and an improved I-band / M-band hybrid product (Schroeder et al.,
2014; hereafter referred to as the I-band product). Due to the onboard pixel aggregation and bow-
tie deletion, VIIRS pixel size is generally more consistent across different scan angles from nadir
to the scan edge and overlaps between consecutive scan lines are sharply reduced in comparison
with MODIS (Cao et al., 2014). This leads to relatively consistent fire detection capability in the
full range of scan angles and negligible repeating detections of the same fire between scan lines
(Li et al., 2020a; Li et al., 2018a). Because the VIIRS I-band can observe many more small fires
(i.e., FRP >4 MW) relative to VIIRS M-band and MODIS (Fu et al., 2020; Li et al., 2020a,
2021a; Li et al., 2020c; Schroeder et al., 2014), we used the 375m VIIRS I-band active fire

product in this study.

We obtained NOAA operational Suomi NPP and NOAA-20 VIIRS I-band Level 2 (L2)
active fire products from NOAA’s the Comprehensive Large Array-data Stewardship System
(CLASS, https://www.class.noaa.gov/). Defined in sensing geometry (or granule), for each fire
detection, the VIIRS I-band L2 fire product provides observation time and location, FRP,
satellite view zenith angle (VZA), solar zenith angle (SZA), persistent anomaly flag, and
brightness temperatures in the 3.7 pm and 11 pm bands (Schroeder et al., 2020). Because of a
low saturation temperature (367 K), the VIIRS 3.7 um 14 band is saturated frequently over
intense fires, hindering FRP calculation (Schroeder et al., 2014). Therefore, FRP for an I-band
fire pixel is computed using the mid-infrared method (Wooster et al., 2005) with the co-located

radiance in the 4-um M13 band with a high nominal saturation temperature (634 K) (Csiszar et

11
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al., 2014; Schroeder et al., 2020). For the sake of simplicity, the 375m VIIRS I-band FRP is
referred to as VIIRS FRP hereafter. The persistent anomaly flag in this product indicates that a
fire pixel may correspond to a hot spot not associated with biomass burning, such as gas flares,
volcanos, solar farms, urban, and other non-fire signals (Schroeder et al., 2020). Thus, these fire
detections were excluded in this study. Furthermore, the VIIRS I-band L2 fire product also

provides fire mask that classifies fire and non-fire (clear/cloudy) pixels.

For the correction of cloud impacts on FRP (c.f. Section 3.1), we also obtained Suomi
NPP and NOAA-20 VIIRS I-band geolocation product (namely GITCO) from NOAA CLASS to

locate cloud pixels from fire mask.

2.2. ABI active fire data

GOES-R ABI observes fires every 5 minutes across the CONUS and every 10 minutes
over North and South Americas (full disk scan) in its current default operational mode, with a
nominal pixel size of 2 km at nadir (Schmit et al., 2017). The first two GOES-R satellites -
GOES-16 and GOES-17, positioned at 75°W and 137°W above the equator, have been running
operationally since December 2017 and February 2019, respectively (Schmit et al., 2017).
GOES-16 observes the CONUS from the east, with a VZA of 29° - 72°, while GOES-17 scans
the CONUS from the west, with a VZA of 44° - 84°. The NOAA ABI active fire algorithm
detects fires mainly using the 3.9 and 11.2 um bands (Schmidt et al., 2012). For each fire
detection, the ABI active fire product provides the observation location (coordinates) and time,
FRP, fire flag, and the legacy instantaneous fire size and fire temperature estimates, which are
not utilized in this study (Schmidt et al., 2012). FRP is calculated from the radiances in the 3.9

um band and its accuracy for intense fires is improved because of the enhanced saturation

12
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temperature (411 K) of the ABI 3.9 um band relative to legacy GOES satellites (Schmidt et al.,
2012; Schmit et al., 2017). Fire detections are flagged into six groups: processed (good quality),
saturated, cloud/smoke partially contaminated, high-, medium-, and low-probability (Schmidt et
al., 2012). The first three categories indicate very confident detections that meet all algorithm
tests while the other three categories suggest potential detections that only pass some of the
algorithm tests. FRP is provided for all processed fires, most saturated, cloud contaminated, and

high- and medium- possibility fires, and some low possibility fires.

The ABI L2 active fire product is generated in the ABI fixed grid projection. The
projection defines the CONUS scan domain using 1500 by 2500 pixels. The product has been
validated using the 30 m Landsat-8 and 375 m VIIRS fire detections and ground fire records
across the southeast CONUS. The validation revealed that the ABI can observe low-intensity
fires with an FRP as small as 34.5 MW confidently and fires that are missed by VIIRS due to
obscuration of clouds or forest canopy (Li et al., 2020c). To make the best of ABI high temporal
resolution in the reconstruction of FRP diurnal cycles, we obtained the ABI Level 2 active fire
product for the 5S-minute CONUS scan mode from NOAA CLASS. The data period for this

analysis was three years from 2018 to 2020 for GOES-16 and one year of 2020 for GOES-17.

To remove false alarms, we preprocessed ABI fire detections using two strategies. First,
because false alarms are mainly associated with fire detections masked as high, medium, and low
possibility (Li et al., 2020c), we only considered high/medium/low possibility fire pixels if these
pixels were also detected as processed and saturated fire detections at least once during a 24h
window. Second, we used two persistent anomaly masks (for both GOES-16 and GOES-17) to

remove false alarms related to gas flares, solar farms, urban, etc. The anomaly masks were based
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on the persistent anomaly information used in the NOAA VIIRS active fire products (Schroeder

et al., 2020).

We also downloaded the ABI Level-1b (L1b) radiance product in the 5-minute CONUS
scan mode from NOAA CLASS. The reflectances of four ABI bands (0.47 pum, 0.64 pm, and
0.86 um) were chosen to generate true-color images in determining fresh fire smoke plumes for

the evaluation purpose (c.f. Section 3.4).

2.3. Land cover and ecoregion maps

We used land cover and ecoregion maps to classify fire detections and FRP for
reconstructing FRP diurnal cycles. First, a 3 km land cover map was generated by aggregating
vegetation classes from the 500 m MODIS land cover product in 2019 (Friedl et al., 2010). It
consists of five main land cover types: (1) forest (including evergreen needleleaf and broadleaf,
deciduous needleleaf and broadleaf, and mixed forests classes), (2) shrubland (including closed
and open shrublands classes), (3) savannas (including savannas and woody savannas classes), (4)
grassland (including grasslands and permanent wetlands classes), and (5) cropland (including
croplands and cropland-natural vegetation mosaics classes). Second, a 3-km ecoregion map was
generated from the Level I North America ecoregions developed by the United States
Environmental Protection Agency (EPA, https://www.epa.gov/eco-research/ecoregions-north-
america, last accessed on 12/01/2021). As a result, there are five main land cover types in 11

ecoregions (Figure 1).
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Figure 1. Land cover and ecoregion maps across the CONUS.

2.4. TROPOMI carbon monoxide (CO) data

We used TROPOMI L2 CO product to evaluate the RAVE CO emissions (c.f. Section
3.4). TROPOMI onboard the Copernicus Sentinel 5 Precursor satellite (Sentinel-5P) observes
key atmospheric species (e.g., CO, CO2, methane, NOy, etc.) at approximately 1:35 PM local
time, merely 5 minutes later than the SNPP VIIRS afternoon overpass (Veefkind et al., 2012).
The daily TROPOMI CO is retrieved from radiance in the shortwave infrared band (SWIR,
2305-2385 nm) using the Shortwave Infrared CO Retrieval (SICOR) algorithm (Landgraf et al.,
2016; Vidot et al., 2012). For each pixel (5.5 km at nadir, enhanced from the previous 7 km in
late 2019), the L2 CO product provides observation time and location, VZA, SZA, and the total
column density of CO (mol m~2). The product accuracy has been well demonstrated using total
column averaging kernels and ground-based CO (Borsdorff et al., 2018a, 2018b, and 2018c).
Borsdorff et al. (2018a) reveals that in clear-sky conditions, the vertical CO averaging kernels
are nearly 1.0 across the global, which indicates that the TROPIMI CO retrievals are close to the

true CO total column (Borsdorff et al., 2018a). Furthermore, the validations based on ground CO
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suggest that the bias of the TROPOMI CO is very small (6 parts per billion (ppb)) (Borsdorff et
al., 2018b and 2018c). We obtained the L2 CO product from the Copernicus open access hub
(https://scihub.copernicus.eu/; last accessed on 12/01/2021) for the period of April 2020 — March

2021.

2.5. Other biomass-burning emissions inventories

We used six global emissions inventories (QFED2.5, GBBEPx4.0, FEER1.0, GFAS1.2,
GFED4s, and FINN2.4) and two regional inventories (WFEIS v2.0 and fire emissions from
California Air Resources Board or CARB) for comparing with emissions estimated in this study.
The details are summarized in Table 1. Among eight inventories, QFED2.5, GBBEPx4.0,
FEER1.0, and GFASI1.2 are based on the FRP approach. The QFED2.5 emissions are estimated
from MODIS FRP via emissions coefficients, which are obtained initially by linking MODIS
FRP to GFED3.1 fuel consumption and further tuned using MODIS aerosol optical depth (AOD)
(Darmenov and Silva, 2015). GBBEPx3.0 estimates emissions using MODIS and 750m VIIRS
FRP and emissions coefficients (Zhang et al., 2019). It has been upgraded recently to a new
version GBBEPx4.0 that uses 375 m VIIRS I-band FRP and emissions coefficients, which are
derived by relating 375m VIIRS FRP to historical QFED2.5 emissions. The FEER1.0 inventory
estimates emissions in two steps. First, it computes the mass of total particular matter (TPM)
from MODIS FRP via TPM emission coefficients, which are obtained using MODIS FRP and
AOD observations over smoke plumes (Ichoku and Ellison, 2014). Second, the mass of other
chemical species is estimated based on TPM mass and the ratio of the associated emission

factors to TPM emission factor (Ichoku and Ellison, 2014). The GFASv1.2 emissions are

16



350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

estimated using MODIS FRP and land cover specific biomass combustion coefficient (Kaiser et

al., 2012).

GFED4s, FINN2.4, and two regional inventories are based on the conventional approach.
For the GFED4s inventory, total area burned is from MODIS burned area product, and fuel
loadings are modeled using a biochemical model (van der Werf et al., 2017). Note that for years
from 2017 onward GFED4s estimates emissions using MODIS fire detections instead, which
differs from the version before 2017. For the FINN2.4 inventory, total area burned is estimated
from MODIS and VIIRS active fire observations, and fuel loadings are summarized from
literatures (Wiedinmyer et al., 2011). The WFEIS2.0 estimates emissions across North America
using MODIS burned area (Collection 6) and fuel loadings from the fuel characteristic
classification system (FCCS) (French et al., 2014). CARB estimates fire emissions for California
State using the FCCS fuel loadings and burned area reported by California Department of

Forestry and Fire Protection (CAL FIRE) (CARB, 2021).

To compare multiple emissions inventories in individual fire events, we also used 30m
Landsat Level-3 Burned Area (BA) data (Hawbaker et al., 2020) to delineate wildfires occurred
in California during the record-breaking 2020 fire season. In the fire season, the largest August
Complex Fire topped California’s four-decade fire records since the 1980s and the other four
largest fires were also among the historical ten largest wildfires (National Interagency Fire
Center (NIFC), https://www.nifc.gov/fire-information/statistics, last accessed on 12/01/2021).
The Landsat BA data were downloaded from the U.S. Geological Survey (USGS) EarthExplorer

data port.

17



372

373

374

375

Table 1. Eight biomass-burning emissions inventories

Inventory Resolution Method Input data Reference & Data access
Darmenov and Silva., 2015
global daily
https://portal.nccs.nasa.gov/datas
QFED2.5 0.25°x0.3125° FRP-based MODIS FRP
hare/iesa/aerosol/emissions/QFE
0. 1°x0.1°,
D/v2.5r1/
global daily Zhang et al., 2019
GBBEPx4.0 0.25°x0.3125° FRP-based VIIRS FRP (375m) https://www.ospo.noaa.gov/Produ
0.1°%0.1°, 25km cts/land/gbbepx/
Ichoku and Ellison., 2014
global daily
FEER1.0 FRP-based MODIS FRP http://feer.gsfc.nasa.gov/
0.1°x0.1°,
data/emissions/
Kaiser et al., 2012
global daily
GFAS1.2 FRP-based MODIS FRP https://apps.ecmwf.int/datasets/da
0.1°x0.1°
ta/cams-gfas/
global monthly burned area- MODIS burned area (C5), van der Werf et al., 2017
GFED4s
0.25°%0.25°, based modeled fuel loadings https://www.globalfiredata.org/
MODIS and 375m VIIRS fire Wiedinmyer et al., 2011
global daily burned area-
FINN2.4 detections, published fuel http://bai.acom.ucar.edu/
point based
loadings Data/fire/
North America, burned area- MODIS burned area (C6) French et al., 2014
WEEIS2.0
monthly based FCCS fuel loadings https://wfis.mtri.org/
California State, burned area- Agency-reported burned area, https://ww?2.arb.ca.gov/wildfire-
CARB

annual

based

FCCS fuel loadings

emissions
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3. Methods

The algorithm for hourly 3km emissions estimation proposed by this study is illustrated
in Figure 2. The accuracy of the emission estimates was evaluated using the independent CO

observations from SSP TROPOMI over selected fire events, and further compared with eight

available biomass-burning emissions.

fire detections fire detections

fire detections

5min GOES-16 ABI 5min GOES-17 ABI / NPP VIIRS I-band

NOAA-20 VIIRS |-
band fire detections

Merge based on VZA

Gridding ABI FRP at 3km

I

|

Gridding VIIRS FRP at 3km

Gridding VIIRS FRP at 3km

}

!

Cloud correction

Cloud correction

Y

Merge VIIRS grid FRP

Calibrate ABI FRP against and
fuse with VIIRS FRP

4

Reconstruct FRP diurnal cycles

FRP diurnal
climatology

.

Generate hourly emissions

Hourly 3km emissions
products

y

Emission factors

Burning-hours
climatology

Figure 2. Flowchart of generating hourly 3 km emissions using ABI and VIIRS FRP. Note that

the ABI and VIIRS fire detections are preprocessed data after removing false alarms based on a

temporal filter and persistent anomaly flags (c.f. Sections 2.1 and 2.2).
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3.1. Fusion of ABI FRP with VIIRS FRP

3.1.1. Gridding ABI and VIIRS FRP

ABI FRP from GOES-16 and GOES-17 and VIIRS FRP from Suomi NPP and NOAA-20
were first merged and gridded at 3km separately. Because GOES-16 and GOES-17 observe fires
across the CONUS simultaneously in opposite directions, ABI fire detections from the two
satellites were merged based on satellite VZA. Specifically, for a given fire event observed by
the two satellites at the same time, fire detections with smaller VZAs were selected. The merged
fire detections have a VZA less than 60° (with a pixel area <9 km?) in most areas of the CONUS
except a small fraction of the northeastern Montana State where both GOES-16 and GOES-17
have a VZA varying from 60° - 65°. The pixel-level FRP from legacy GOES satellites (e.g.,
GOES-13 and GOES-15) tended to be overestimated if a VZA was larger than 50° (Li et al.,
2019) due to the contribution of non-fire background radiances (Schroeder et al., 2010). To
examine if this issue also occurs in ABI FRP, we compared ABI FRP from GOES-16 and
GOES-17 in four wildfires that occurred during the 2020 fire season in the western CONUS. For
these fires, GOES-16 VZA varied from 53° to 64° (a pixel area of 7.6 - 9.6 km?) and GOES-17
VZA changed very slightly between 46° and 50° (a pixel area of 6.3 — 6.9 km?). We found that
ABI FRP from the two satellites were comparable, with a small difference of 1% (Figure 3),
which suggests that ABI FRP variation with VZA was negligible over the CONUS. Thus, the
pixel-level FRP retrievals of the merged ABI fire detections that were observed at the same time
and the same 3km grid were summed up, with each grid further classified by land cover and
ecoregion maps. Note that the 3 km grids were mapped based on coordinates (i.e., longitude and
latitude) with an interval of 0.03 degree. As a 3 km grid covered approximately 1 — 1.5 ABI

pixels, we assumed that the grid was fully clear or totally cloudy if an ABI fire detection was
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provided with valid FRP retrieval (FRP > 0 MW) or was flagged as cloud contaminated,
respectively. The cloud-contaminated detections were considered as temporal gaps with missing

FRP values in the FRP diurnal cycle.
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Figure 3. Comparison of GOES-16 and GOES-17 ABI FRP in four fires in 2020. Among these
fires, GOES-17 VZA changed slightly between 46° and 50° while GOES-16 VZA varied largely
from 53° to 64°, as shown in the VZA legend (for GOES-16). G17 and G16 in legend are
abbreviations for GOES-17 and GOES-16, respectively. Each sample represents total FRP in a

fire observed by both satellites at the same time.

The FRP at a 375 m pixel from Suomi NPP and NOAA-20 VIIRS fire detections was

also aggregated to 3 km grids based on the location of a VIIRS pixel center at each VIIRS
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overpass time separately, and further classified using the land cover and ecoregion maps.
Because VIIRS could miss fire observations due to cloud obscuration, it is commonly assumed
that fire burning condition under clouds is the same as that in clear-sky condition (Darmenov et
al., 2015; Kaiser et al.; Giglio, 2007). However, this assumption of linear cloud correction could
result in significant FRP overestimations if cloud fraction is very large. For the RAVE algorithm,
the aggregated Suomi NPP and NOAA-20 VIIRS FRP for a given grid at an observation time
was separately adjusted by assuming burning condition under clouds was nonlinearly correlated

to the cloud fraction:

y 1%@%
FRP' = —— & (1)
1-g+axp

where FRPa‘;g and FRP" are the grid VIIRS FRP (unit: MW) before and after cloud correction; 8

is cloud fraction; and @ is a coefficient that is set as 0.25 based on a set of tests. To further avoid

FRP overestimation, cloud correction was not conducted in grids if the cloud fraction was larger
than 95%. Then, the cloud-corrected grid VIIRS FRP from Suomi NPP and NOAA-20 were

merged based on observation times.
3.1.2. Calibrating and Fusing ABI FRP with VIIRS FRP

The grid ABI FRP is calibrated against the grid VIIRS FRP because ABI FRP is
potentially underestimated due to the omission of small and/or cool fires. This calibration is

performed in a spatiotemporal-variant way using Eq. (2):

FRP" = FRP" x(1+r) (2)
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where, at observation time 7, FRP" is the cloud-corrected grid ABI FRP (unit: MW, as in Eq.
(1)); FRP" is the calibrated grid ABI FRP using a calibration factor r (unitless).
The calibration factor ris computed using Eq. (3) based on the contemporaneous grid

ABI and VIIRS FRP values by assuming that the of ABI FRP underestimation is related to the

magnitude of ABI FRP.

_1&( FRPY - FRP!
r=— 3)

n< FRP!

where, for a given grid in a specific day, n denotes the total number of FRP pairs observed by

both ABI and VIIRS contemporaneously (within 2.5 minutes) during the day; FRP" and FRP"

are the ith pair of the contemporaneous grid VIIRS FRP (cloud corrected) and grid ABI FRP,

respectively.

The calibration factor r varies among grids and days; this has been demonstrated to be
robust in improving the 2-km Himawari-8 AHI FRP relative to VIIRS FRP (Li et al., 2021a).
Note that calibration factor cannot be computed when VIIRS FRP observations are not available
at all in a given day due to obscuration of clouds or forest canopies or due to instrument
anomalies. Although such cases are very few, we still developed fixed calibration factors to
adjust ABI FRP. The constant factors are calculated using empirical relationships derived by
comparing contemporaneous VIIRS FRP from Suomi NPP and NOAA-20 and GOES-16 ABI

FRP over 100 fires that burned in 2020 across an ABI VZA range of 30° - 60° (Figure 4).
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Figure 4. Comparison of contemporaneous ABI and VIIRS FRP in fire clusters. (a) Daytime and
(b) nighttime. Each sample represent FRP observed by GOES-16 ABI and Suomi-NPP or

NOAA-20 VIIRS contemporaneously (within £2.5 min).

The calibrated grid ABI FRP and the grid VIIRS FRP were fused to generate ABI-VIIRS

FRP time series as following:

FRP' =w, xFRP" +w, x FRP" 4)

where for a given grid at observation time z, FREf , FRRV , FRBA are the fused ABI-VIIRS
FRP, the cloud-corrected grid VIIRS FRP, and the calibrated ABI FRP (Eq.(2)), respectively;

and w, and w, are weights to combine VIIRS and ABI FRP. When VIIRS FRP is available (with

or without ABI FRP), w, =1 andw, =0; and when only ABI FRP is available, w;, =0 and w, =1.
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3.2. Reconstruction of FRP Diurnal Cycles

3.2.1. Building FRP Diurnal Climatologies

FRP diurnal climatologies were established to fit temporal gaps in the fused ABI-VIIRS
FRP. As landscape-scale fire activities and characteristics (e.g., intensity, spread speed, and
burning hours) are controlled by fuels, weather, and topography (Pyne et al., 1996), we built FRP
diurnal climatologies for five main land cover types in 11 ecoregions using ABI FRP retrievals
from GOES-16 from 2018-2020 and GOES-17 in 2020. An FRP diurnal climatology was
established in three steps. First, for a given land cover type in a specific ecoregion, the gridded
ABI FRP classified by land cover and ecoregion maps was binned every 5 minutes. Second, a
mean FRP was calculated in each bin after removing a small number of outliers that were
determined based on the density probability of FRP samples following Li et al. (2019). Third, the
5-minute mean FRP time series were fitted using the Discrete Fourier Transform (DFT)
following Giglio (2007) and Zhang et al. (2012). Note that when the number of ABI FRP
samples was insufficient for a given land cover type in a specific ecoregion, the associated FRP

diurnal climatology was not derived.

Figure 5 illustrates the derived land cover-ecoregion-specific FRP diurnal climatologies
in 3km grids. Overall, all diurnal climatologies display a similar pattern, with decreasing FRP
from midnight to early morning, then increasing and peaking between 12 PM and 4 PM, and then
decreasing again gradually. Nevertheless, FRP diurnal climatology in the same ecoregion varies
among five land cover types. For example, in the deserts ecoregion, FRP climatologies in forest
and savanna show stronger variations than other land cover types and the associated peak-time
mean FRP are relatively larger (Figure 5a, c, f and h). Further, FRP diurnal climatology in the

same land cover type changes in peak time and FRP magnitude among different ecoregions. In
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forest, for example, climatological FRP peaks latest in the forested mountains ecoregion and
earliest in the temperate forest ecoregion (Figure 5a); and the peak-time climatological FRP is
the largest in the forested mountains ecoregion and the smallest in the temperate forest ecoregion
(Figure 5f). Such large differences in climatological FRP are also observed in the croplands
(Figure Se, j). Among the five land cover types, the peak times of the FRP diurnal climatologies
in Savanna are very close (Figure 5h). The difference in mean FRP (Figure 5f-j) is likely related
to several factors, including but not limited to fire intensity, sensitivities of fire detection

algorithms, and observing areas in different land cover types and ecoregions.
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Figure 5. The land cover-ecoregion-specific FRP diurnal climatologies derived from GOES-16

and GOES-17 ABI FRP observations. The left column (a-e) shows the normalized diurnal FRP
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in five land cover types: forest, shrubland, savanna, grassland, and cropland. Each normalized
diurnal curve was obtained by calculating the ratio of the diurnal mean FRP values to the peak-
time mean FRP value. The right column (f-j) shows the associated peak-time mean FRP in the

five land cover types.

Climatological burning hours or diurnal burning durations were also calculated for the
same land cover type in a specific ecoregion to determine the possible fire burning length.
Specifically, for a given land cover type in a specific ecoregion, the Sth and 95th percentiles of
the observation hours in the density probability of FRP samples described above were calculated

as the climatological start and end burning hours, respectively.

3.2.2. Reconstructing FRP Diurnal Cycles

FRP diurnal cycles are reconstructed by filling temporal gaps in the fused ABI-VIIRS
FRP time series. A temporal gap occurs at specific observation times when the sensors miss fire
observations or when the fire products fail to retrieve valid FRP for specific fire observations.
Although the ABI instrument observes fires across the CONUS every 5 minutes, it could miss
fire observations in some observing times due to the obscuration of occasional clouds, very thick
smoke plumes, and forest canopies. Of course, the instrument could have no fire observations at
all in a specific grid if clouds fully cover the grid and are persistent all day, which can hardly be
dealt with due to the lack of information on under-cloud burning conditions and thus is not
considered in the following analyses. Furthermore, FRP could be missing or invalid if the fire
products fail to characterize non-fire background or the sensors are saturated in extremely
intense fires. For example, while FRP is sometimes provided by the ABI fire product for

saturated pixels, the estimated FRP is known to be low and thereby has been considered an
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invalid FRP (or a temporal gap). The missing FRP in temporal gaps are predicted using the
reconstructed FRP diurnal cycle. For a grid in which ABI and/or VIIRS observed fires during a
specific day, an FRP diurnal cycle is reconstructed in two steps. First, temporal gaps, which refer
to time slots when the valid ABI-VIIRS FRP is not available, are located. A gap could appear
prior to or/and after a valid fused FRP; and its length could vary from 5 minutes to several hours.
Second, the missing FRP values in temporal gaps are predicted in two different ways. (1) For
gaps shorter than one hour, missing FRP values are interpolated using the immediate neighboring
valid FRPs. (2) Missing FRP values in gaps longer than one hour are predicted using FRP
diurnal climatology and an optimal offset, which is based on the assumption that FRP diurnal
cycles share similar shapes for a given land cover type in the same ecoregion (Li et al., 2019;
Zhang et al., 2012). The optimal offset is calculated from a set of the valid ABI-VIIRS FRP and
the corresponding climatological FRP values at the same time slots based on a least square
method. It is then applied to shift FRP diurnal climatology to predict FRP missed in the temporal
gaps. If without FRP values observed during a day but active fires are detected, the
climatological FRP values are adopted. If FRP diurnal climatology is not available in the
corresponding ecoregion, the climatology of the same land cover type from a neighboring

ecoregion is used.

It is important to note that only parts of a given long gap are filled because fires might not
burn continuously during the entire gap. For instance, fast-running grass or forest fires in the
western CONUS could spread tens of kilometers in a day (Andela et al., 2019). In other words,
those fires likely reside in a 3km grid only for several hours. Moreover, agricultural burnings and
prescribed fires usually burn during some hours when fire weather is favorable and fires are

manageable. Such fires could be very small and/or cool and detected by VIIRS only. Thus, we
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use the climatological burning hours (c.f. Section 3.2.1) to determine the possible burn duration
of a long gap. We assume that fires burned one hour prior to and after a valid ABI-VIIRS FRP
observation if a long gap occurs during climatological burning hours; otherwise, a burning
duration of 30 minutes before and after a valid fused FRP observation is used. As a result, an

FRP diurnal cycle in a 3 km grid consisted of the gap-filled fused FRP.

3.3. Estimation of Biomass-burning Emissions

The consumed dry matter and emitted fire emissions are computed from the reconstructed
FRP diurnal cycles in 3km grids. For a given grid, hourly FRE is first calculated by integrating

FRP diurnal cycle during each hour, as expressed in Eq. (5).

12
FRE = [ FRP!dt (5)

t1

where FRE is hourly total FRE (unit: MJ); FRR" is the 5-minute FRP value from the

reconstructed FRP diurnal cycle (c.f. Section 3.2) at observation time #; and 71 and 72 denote the

first and last S-minute observation time slots in the given hour, respectively.

Then, hourly total dry matter consumption and emissions of eight chemical species

(Table 2) are calculated for the RAVE product using equations 6 and 7 separately.

DM = FREXF, ©6)

M _ =DM xEF, 7
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572 where DM is hourly consumed dry matter (unit: kg); FRE is as in Eq. (5); F is the biomass
573  combustion coefficient (unit: kg MJ!); M _is hourly total mass (unit: kg) of emission species x;

574  and EF,is the emission factor (unit: kg kg!) of the species x.

575 FRE biomass combustion factors ( F.) in the CONUS wildfires was set as 0.368 kg MJ! that

576  was obtained from field-based experiments (Wooster, 2005). The robustness of this value was
577  verified in several laboratory and landscape measurements where the difference was less than 20%

578  (Kremens et al., 2012; Li et al., 2018b; McCarley et al., 2020). Because RAVE algorithm is

579  specific to the CONUS, emission factors ( EF, ) were averaged from reported emission factor

580  values for North American fires compiled in two recent emission factor datasets (Akagi et al,
581  2011; Andreae, 2019). Note that the global average value from Andreae (2019) was used directly
582  if the number of studies for North America fires was less than three for a given species. The

583  standard deviation (SD) was added to represent the EF uncertainty (Table 2).

584 Table 2. Emission factors (unit: g kg™) of eight chemical species

Forest Savanna, Shrubland, Grassland Cropland
Emission species

mean (SD) mean (SD) mean (SD)
Carbon dioxide (CO2) 1598.5 (114) 1686.0 (112) 1585.0 (100)
Carbon monoxide (CO) 88.6 (22.2) 63.0 (14.7) 102.0 (33.0)
Particulate matter (PMa ) 12.8 (8.98) 7.17 (2.12) 6.26 (4.02)
Organic carbon (OC) 6.37 (3.30) 3.12 (0.92) 3.54 (3.34)
Nitrogen oxides (NOx) 1.91 (1.82) 3.90 (1.50) 3.11 (1.57)
Ammonia (NH3) 0.84 (0.72) 0.56 (0.53) 2.17 (1.27)
Sulfur dioxide (SO.) 0.70 (0.48) 0.47 (0.44) 0.80 (0.42)
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Black carbon (BC) 0.55 (0.40) 0.37 (0.20) 0.42 (0.28)

3.4. Emissions Evaluation

We evaluated the RAVE emission estimates produced in the CONUS using the Sentinel-
5P TROPOMI CO observations over individual fire events. CO is inert on the timescale of
smoke plume aging with an average lifetime of two months in the atmosphere, so it is a good

tracer of smoke plume transport (Streets et al., 2013; Yokelson et al., 2009).

3.4.1. Selecting Fire Samples

Fire events with isolated and fresh smoke plumes were chosen manually using
observations from multiple satellites. Because dilution of emissions in smoke plume is affected
mainly by smoke plume thickness and wind speed and direction (Hodshire et al., 2019; Hodshire
et al., 2021), this study focused on fresh smoke plumes to minimize the effect of dilution.
Specifically, we defined that a fresh smoke plume is emitted within 4 hours, as illustrated in
Figure 6. First, potential fire events were chosen by screening Suomi NPP VIIRS fire detections
and true-color imageries and Sentinel-5P TROPOMI CO data on NOAA JSTAR Mapper
(https://www.star.nesdis.noaa.gov/jpss/mapper/, last accessed on 12/01/2021). The JSTAR
Mapper, a public online tool, provides daily global maps of many products from different
satellites, including Suomi NPP and NOAA-20 VIIRS and Sentinel-5P TROPOMI. As the
observation time difference between Suomi NPP VIIRS and Sentinel-5SP TROPOMI is 5 minutes,

VIIRS fire detections and true-color imageries were first used to locate fires in which the
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associated smoke plumes were visually interpretable and not contaminated by clouds and other
smoke plumes. TROPOMI CO maps were then applied to refine these fire samples by removing
the ones in which (1) TROMOPI missed some CO observations due to strong water vapor close
to fire fronts or (2) smoke CO enhancement above background was very small (i.e., < 10 ppbv).
Second, the selected samples were further refined by examining the freshness of their
smoke plumes. For a given sample, a times series of ABI true-color imageries were first
composed from 5-minute ABI radiances (c.f. Section 2.2), which were observed within four
hours before TROPOMTI’s overpass. Then, the time series was examined to determine the start
time of the smoke plume. If the start time was found, the sample was considered as a qualified
one with a fresh plume. In this step, we noticed that some smoke plumes shown in the ABI true-
color image time series dispersed as wind direction changed, which might result in strong
dilution. Thus, these samples were also removed. As a result, a total of 27 fires in different land
cover types were selected during the period from April 2020 to March 2021, with an average

smoke age of two hours.
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Figure 6. An example of fire sample selection. (a-d) show the process of choosing one fire event
based on TROPOMI CO observations and Suomi NPP VIIRS and GOES-16 ABI true-color
images and active fire detections. The fire occurred near Austin in South Texas (the United
States) on 10 December 2020. (a) Suomi NPP VIIRS true-color image with VIIRS and ABI fire
detections observed at 19:36 UTC and 19:41 UTC, respectively. (b) TROPOMI CO column dry
air mixing ratio (unit: parts per billion by volume or ppbv in short) observed at around 19:41
UTC, with smoke plume in warm colors. (c) Delineated smoke CO and background CO overlain

on the Suomi NPP VIIRS true-color image. The upwind and all-directions backgrounds are
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delineated using white and pink polygons. (d) Time series of GOES-16 ABI true-color images

shows the evolution of the smoke plume during 17:21 — 19:46 UTC.

For each selected sample, TROPOMI CO observations of the smoke plume and
background were extracted separately. First, smoke CO observations were delineated manually
by referencing to the plume edges shown in VIIRS true-color imagery and CO enhancement
above background (Figure 6¢). Then, the delineated smoke boundaries were buffered outward by
at least three TROPOMI CO pixels (i.e., ~21 km and ~16.5 km along the track and scan
directions) to extract background CO observations. In addition, CO observations in the upwind

region were also extracted to calculate background CO.

3.4.2. Comparing RAVE CO with TROPOMI CO

The total CO mass was calculated for each of the 27 selected fires using our FRP-based
hourly RAVE CO emissions and TROMOPI CO observations. For a given fire sample, the FRP-
based CO mass was aggregated from our hourly 3 km RAVE CO estimates (c.f. Section 3.3)
during the period from the start time of smoke plume to the Sentinel-5P overpass time. To
calculate the TROPOMI-based CO emissions, smoke and background CO observation were
extracted separately using the delineated plume and background boundaries. Because the
selected smoke plume samples were emitted only a few hours earlier than the TROPOMI
overpass, we assumed that CO oxidation and dilution are negligible. Then, the total CO mass

was calculated using CO enhancement above background as following:

Méozz(p;m_pbg)xAixM (8)
i=1
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where M is the total mass of CO emissions for a given fire sample; o/ and A’ are the

sm

observed CO total column (unit: mol m?) and pixel area (unit: m?) of the ith smoke pixel; p, .

denotes the average column density of clear background pixels; and M is the molecular mass of
CO (M =28.01 gmol™).

Non-smoke background emissions are commonly calculated from upwind observations
(Ichoku and Ellison, 2014; Jin et al., 2021; Lu et al., 2019). To examine the effect of background
pixels on emissions estimates, we calculated background CO using background observations of
(1) upwind and (2) all directions, respectively. The total CO mass was calculated using two
different background CO separately using Eq. (8) and compared their differences (c.f. Section
5.2). Finally, the FRP-based and the TROPOMI-based total CO mass estimates (with the

upwind background CO) are compared statistically over the 27 selected fire events.

3.5. Comparing RAVE with Other Emissions Inventories

Because fire-emitted PM2.5 emissions are commonly used to investigate the effect of
biomass burning on air quality (Jaffe et al., 2020; Li et al., 2021b), we also compared the RAVE
PM: 5 emissions with other eight emissions inventories (Table 1). First, we explored
discrepancies in the annual total PM2 5 and seasonal variations across the CONUS. Then, we also
examined the total PM 5 emissions from different inventories in California’s top five largest
wildfires in the 2020 fire season. Information of the five largest wildfires were obtained from the
NIFC. The perimeters of these fires were delineated using the 30m Landsat-8 burned area data

(c.f. Section 2.5).
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4. Results
4.1. Spatial Patterns of Biomass Consumption and Fire Emissions

Fires across the CONUS burned a total of approximately 221 Tg dry matter, and emitted
2.25 Tg PM2s, 360 Tg CO2, 18 Tg CO, 1.58 Tg OC, 0.6 Tg NOx, 0.2 Tg NH3, 0.14 Tg SO, and
0.11 Tg BC from April 2020 - March 2021 (Table 3). The biomass consumption and fire
emissions showed spatial variability, which was large and sparsely clustered in the western U.S.
but small and widespread in the Great Plains and the southeast U.S. (Figure 7). The consumed
dry matter was 181 Tg (82%), 22 Tg (10%), and 18 Tg (8%), respectively, in the three regions;
the corresponding PM2 s emissions were 1.94 Tg (86%), 0.15 Tg (7%), 0.16 Tg (7%) PMzs. In
the western U.S., fires in the three coastal states (California, Oregon, and Washington) consumed
115 Tg dry matter and released 1.3 Tg PM> 5 emissions, accounting for approximately half of the
totals across the entire CONUS. In the Great Plains, fire emissions in Kansas, Oklahoma, and
North Dakota accounted for ~50% emissions of the region. In the eastern U.S., emissions were
limited in the northeast but dominated in the southeast. Across the region, the emissions
accounted for 13% in the Mississippi Alluvial Plain and ~50% in the three neighboring states of
Florida, Georgia, and Alabama.

Biomass consumption and fire emissions also differ among land cover types (Table 3).
Forest fires contributed 56% to the total biomass consumption and more than half to the total
emissions for most species, with 41% (minimum) to the total NOx and 84% (maximum) to the
total OC. Among the other four land cover types, fire emissions of CO2, CO, PMzs, OC, and
NOx were the smallest in shrubland and similarly large in savanna, grassland, and cropland.
Interestingly, agriculture burnings were the second largest source for the emissions of NH3, SO2,

and BC.
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Figure 7. Annual total dry matter (a) and PM2s emissions (b) in 3 km grids from April 2020 —

March 2021.
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Table 3. Annual total mass (unit: Gg) of consumed dry matter and eight emission species in five

main land cover types.

Emission

. Forest Shrubland Savanna Grassland Cropland Total
species
DM 124,712 18,739 29,609 23,195 25,091 221,346
CcO2 199,609 31,569 49,922 38,988 39,769 359,857
CO 10,974 1,190 1,865 1,498 2,559 18,086
PM; s 1,580 134 212 172 157 2,255
oC 1,335 49 77 70 57 1,588
NO« 244 72 115 88 78 597
NH; 103 10 16 13 54 196
SO» 86 9 13 11 20 139
BC 68 7 11 9 19 114

4.2. Temporal Variations in Fire Emissions

The temporal variations are explained using PMz 5 emissions as an example because they
are very similar among various emissions species. Figure 8 illustrates the hourly variations of
PM: .5 emissions in five land cover types across the CONUS. The diurnal pattern is similar in all
the five land cover types: limited between midnight and early morning, increasing sharply after 9
AM, peaking around 2 PM — 3 PM, and then decreasing gradually until midnight (Figure 8a).
Daytime (6 AM — 6 PM local time) fires account for 91%, 83%, 79%, and 73% of daily total

PM: 5 in cropland, shrubland, grassland, and savanna, respectively (Figure 8a). In forest, daytime
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fires explain 95% of daily PM2 in the eastern U.S., whereas daytime and nighttime fires are
respectively responsible for 64% and 36% of daily PM2 s in the western U.S. (Figure 8b).

The hourly emissions variations around peak time differ among five land cover types
(Figure 8). In the daytime, emissions in all land cover types except Forest peak at 2 PM while
forests in the eastern and western U.S. peak at 1 PM and 3 PM, respectively. Cropland and
Forest in the east CONUS have the largest hourly variation during 1-2 hours before and after the
associated peak hour, showing relatively narrow and sharp peaks. On the contrary, Savanna and
Forest in the western U.S. have the smallest hourly variation, presenting relatively wide and flat
peaks. At night, all land cover types show a flat peak at 3 - 4 AM, which is the most pronounced

in Forest relative to the daytime peak.
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Figure 8. Land cover-specific diurnal patterns of PM2.5 emissions. PMz2s diurnal patterns in (a)

five land cover types across the whole CONUS, and (b) Forest across the west and east CONUS.

Hourly emissions vary largely in large wildfires. Figure 9 shows the time series of hourly
PM: s emissions in three largest wildfires (August Complex Fire, Creek Fire, and North Complex
Fire) in California in 2020. In the largest August Complex Fire, for example, the diurnal pattern
is generally similar during September 4-6, while it varies strongly in the following three days
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when PMz5s is very high (Figure 9a). Strong hourly variations are also shown in the Creek Fire

during September 5-7 (Figure 9b). Moreover, in these fires, nighttime fire emissions are strong

and daily emissions peak time varies very largely between 11 AM and 4 PM (Figure 9).
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(c) North Complex Fire
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Figure 9. Hourly total PM» 5 emission from three California largest wildfires in 2020. (a) The

August Complex Fire during the week from 4 — 10 September 2020, (b) the Creek Fire during

the week from 5-11 September 2020, and (c) the North Complex Fire during the week from 11-

17 September.
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Figure 10 shows the monthly variations of PM2.s emissions in five land cover types.
Strong seasonal variation is seen in forest, savanna, grassland, and shrubland, where emissions
are high in summer and early autumn and low in winter and spring. For instance, forest and
savanna PM; s during three months from August-October 2020 amount to 87% and 74% of the
annual totals, respectively. Especially, in forest, September 2020 alone explains 60% of the
annual total PM2s. In contrast, cropland shows a very small seasonal variation although winter
emissions are also slightly lower than the other seasons. Moreover, cropland is the largest source

of PMz s emissions during the winter and spring months relative to the other four land cover

types.
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Figure 10. Monthly total mass of PM» 5 emissions in five land cover types during one year from

April 2020 to March 2021. Note that forest PM2 s uses the second y-axis on the right.

4.3. RAVE CO versus TROPOMI CO in the Selected Fires
Figure 11 shows the comparison of RAVE CO emissions with TROPOMI CO emissions
for the 27 selected fires. These fires occurred in five different land cover types across the

CONUS (Figure 11a). Over the 27 selected fires, the mean CO enhancement varied from 17 to
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302 ppbv, with an average of 81 ppbv (Figure 11b). The largest enhancement is seen in a forest
fire that occurred in Southern California, where the CO in the smoke on average was 300%
higher than the upwind background CO. The CO enhancement in the western U.S. is much
higher than the eastern U.S. (133 ppbv vs. 51 ppbv), whereas the background CO in the western
U.S. is slightly lower than the eastern U.S. (76 ppbv vs. 104 ppbv). This pattern is consistent
with those of CO observations from other satellites (Jiang et al., 2018b).

The RAVE CO agrees well with TROPOMI CO overall in the selected fires (Figure 11c).
Over the 27 fires, the total mass of the FRP-based RAVE CO varied from 0.12 to 9.56 Gg, which
1s similar to the range (0.15 — 9.48 Gg) of TROPOMI CO. The RAVE CO and TROPOMI CO
are significantly correlated (R?>=0.94, p < 0.001), with a root mean square error (RMSE) of 0.56.
Overall, the RAVE CO, on average, is 11% (22% at a 95% confidence interval) higher than

TROPOMI CO.
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Figure 11. Comparison of CO emissions in the selected fires. (a) Distribution of the selected 27
fires overlain on the land cover map (as in Figure 1a). The inset shows a fire example. Red, black,
and purple polygons delineate TROPOMI CO observations in smoke plume and background. (b)
The TROPOMI CO column mixing ratio of smoke plume and upwind background in the selected
fires (colored by longitude), with their mean values denoted by circles and squares, respectively.
Error bars show the 20th and 80th percentile CO column mixing ratios. (c) Comparison of

RAVE and TROPOMI CO mass in the selected fires.

4.4. Comparison of RAVE with Other Emissions Products

The annual total mass of the RAVE PM, s emissions agrees with some inventories but

differs largely from a few others (Figure 12a). Among eight inventories, the annual PM» s varied
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from 1.55 to 9.48 Tg. The annual RAVE PM3 ;5 is slightly larger (<8%) than WFEIS2.0 and
GFED4s, and about 45% larger than GFAS1.2. However, the RAVE emissions are smaller than
the other four inventories, with a factor of 1.2, 1.5, 4.1, and 4.2, respectively, relative to
FEER1.0, FINN2.4, QFED2.5, and GBBEPx4. Note that the FINN2.4 PM; 5 is only from April

to December.

The monthly total mass of PM3 s further shows very large discrepancies among eight
inventories (Figure 12b). All inventories display a generally similar seasonal pattern. Among all
inventories, monthly PM s from QFED2.5 and GBBEPx4 are the highest while GFED4s is the
lowest in most months. The discrepancy between inventories is relatively small in the period
from August — October than the other months, where the minimal and maximal monthly PMz s
difference varies from a factor of 7 in September to 39 in December 2020, with an average of 16.
Compared with the other seven inventories, the RAVE monthly PM, s differs by a factor of up to

9 in November, but 1.5 to 4.4 in the peak month (September 2020).
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798  Figure 12. PM; 5 emissions in eight inventories. (a) Annual total PM» 5 and (b) monthly total
799  PM3s. Y-axis in (b) uses a logarithmic scale. Note that FINN2.4 PM; 5 emissions only account
800  for 9 months from April — December 2020 because it was not available for 2021 when the

801  analysis was performed.

802 Large discrepancies in PM> 5 emissions are also observed in individual large wildfires
803  (Table 4 & Figure 13). Among the five largest wildfires during the study period, nearly all

804  inventories report the highest PMzs in the August Complex Fire and the lowest in the SCU

805  (Santa Clara Unit) Complex Fire. Yet, the discrepancy among all inventories is as large as a
806  factor of 5 — 18 in the five fires. Moreover, except for QFED2.5 and GBBEPx4 with the highest

807  estimates, the other six inventories do not show a consistent larger or smaller estimate. Among
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all inventories, the RAVE PM2 s is comparable with CARB, with a difference < 30% in four fires,
but smaller than QFED2.5 and GBBEPx4 by a factor of up to 6 (Table 4). Furthermore, the
spatial patterns of PM2 s emissions in the largest August Complex Fire also differ widely among

inventories (Figure 13).

Table 4. The total mass of PM» 5 (unit: Gg) from California’s five largest wildfires in 2020.

Fire Area
Fire Name CARB GFAS1.2 GFED4s RAVEI1.0 FEER1.0 FINN24 QFED2.5 GBBEPx4
(km?*)*
August
4,179 283 164 455 274 478 703 1171 1211
Complex
SCU
1,605 26 25 11 35 6 10 103 71
Complex
Creek Fire 1,537 146 107 186 153 206 51 623 915
LNU
1,470 21 29 48 48 85 33 157 241
Complex
North
1,290 102 53 232 76 128 216 274 284
Complex

* Fire area information was obtained from NIFC.
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817  Figure 13. PM2.5 maps of California’s largest August Complex Fire in 2020 from six emissions
818  datasets. (a) 3 km RAVEL.O, (b) 0.1 degree GFAS1.2, (c¢) 0.1° FEER1.0, (d) 0.1° GBBEPx4.0, (e)
819  0.25° GFED4s, and (f) 0.25° x 0.3125° QFED2.5. The black line is the buffered Landsat (30m)-

820  based fire perimeter outward by 3km.

821

822 5. Discussion

823 This study developed a robust algorithm to produce highest spatial and temporal

824  resolution biomass-burning emissions product, RAVE, across the CONUS by blending high-
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temporal-resolution (5 minutes) ABI FRP and fine-spatial-resolution (375m) VIIRS FRP. It

significantly improves the quality of biomass burning emissions estimation.

5.1. Implications of High Spatiotemporal Resolution Emissions

Hourly fire emissions are one of the critical inputs for air quality forecast models. Almost
all the available fire emission inventories (e.g., Table 1) provide emissions at a daily basis or a
longer period. In the absence of hourly emission data, a fixed diurnal climatology is commonly
employed to redistribute daily emissions to 24 hours, which can lead to forecast errors (Bela et
al., 2022; O’Neill et al., 2021; Ye et al., 2021). For instance, the OC emissions predicted from 11
air quality forecast models with daily fire emissions as the input showed very different diurnal
patterns and peak occurrences from the ABI observations (Ye et al., 2021). The errors associated
with fixed diurnal cycles misrepresenting the dynamics in fire emissions has been shown in past
studies (Saide et al., 2015; Ye et al., 2021). Indeed, fire emissions are highly variable in seasonal
and diurnal patterns. This is evident in the time series of the hourly PM2 5 emissions from three
California’s largest wildfires in 2020 (Figure 9). In the three fires, hourly PM s shows very large
variations during intensive burning days (e.g., September 4-6 for the August Complex Fire,
Figure 9a), with variable peak hours. Moreover, nighttime emissions are also strong in these
forest fires. Evidently, a fixed emission diurnal cycle is inadequate to represent the large
variability of fire emissions. Especially, the commonly used Gaussian-shape diurnal curves
would likely misrepresent emission peaks and underestimate nighttime emissions substantially as
they have flat tails on both sides. As vegetation is increasingly flammable at night in the western
U.S. due to climate change (Balch et al., 2022; Freeborn et al., 2022), nocturnal fires and

emissions are more pronounced. Thus, our hourly RAVE emission data provide sources of fire
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emissions (locations and amount) that are expected to improve air quality models for forecasting

smoke dispersion and transport across the CONUS.

High spatial-resolution emissions reflect fuel consumption. Most available emission
inventories provide estimates in 0.1 degree (~10 km) or coarser resolution grids (Table 1).
Emissions at high spatial resolution (e.g., 3km as in RAVE) improve the ability to track
emissions from individual fires, and reveal the heterogeneity of emissions in large wildfires
(Figures 7 and 13), which helps to understand the complexity of fuel consumption within a large
fire. This is very meaningful for fuel management and future fire activity and fire emissions

(Burke et al., 2021).

5.2. Accuracy of the RAVE Emissions

Validation and evaluation of biomass-burning emissions are crucial and remain
challenging tasks. Because of the wide availability of aerosol observations from ground-,
airborne-, and satellite-based instruments, these observed AOD values are widely used to
evaluate emissions estimates by comparing with the model-based AOD with the emissions
estimation as an input (Brown et al., 2021; Carter et al., 2020; Johnson et al., 2016; Kaiser et al.,
2012; Pan et al., 2020; Roberts et al., 2015; Ye et al., 2021; Zhang et al., 2014a). However, this
indirect evaluation is affected by uncertainties in AOD modeling because other parameters (e.g.,
plume injection, the depths of the planetary boundary layer (PBL), aerosol physical and chemical
properties, etc.) also play important roles (Curci et al., 2015; Das et al., 2017; Ye et al., 2021).

We directly evaluate the RAVE CO emissions using TROPOMI CO observations (Figure
11). The manually selected fires with fresh smoke plumes ensure the quality of samples (such as

cloud contamination and dilution) although the number of samples is relatively small. The

50



870  TROPOMI CO verified the reliability of emissions estimation in the RAVE, with a significant
871  correlation (R?>=0.94, p < 0.001) and a difference less than 11%. The good agreement confirms
872  the sound performance of the FRP-based emission estimation approach, which is consistent with
873  our previous finding (Li et al., 2020b). This evaluation depends on the quality of TROPOMI CO
874  in the selected samples, which is potentially affected by the background non-fire CO (e.g.,

875  biogenic sources) (Jiang et al., 2018b). By selecting background TROPOMI CO from the upwind
876  and all-direction backgrounds, we found that the TROPOMI CO estimates are very similar

877 (RMSE =0.199, Figure 14; note that the RMSE is 0.043 if the fire with the largest CO is

878  excluded.). This indicates the TROPOMI CO estimates are of high quality.
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880  Figure 14. Comparison of the TROPOMI CO estimates based on the upwind and all-direction

881  backgrounds over the selected 27 fires.

882 The TROPOMI CO based evaluation method has several advantages. First, CO is very

883  suitable for tracking fire smoke emissions. Unlike aerosols in which masses change fast due to
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evaporation, condensation, and the formation of secondary organic aerosols as smoke transports
and ages (Hodshire et al., 2019; Hodshire et al., 2021), CO is chemically inactive at the age of
smoke transportation (Hodshire et al., 2019; Yokelson et al., 2009). Moreover, the TROPOMI
CO data have very accurate CO column retrievals in clear skies and a spatial resolution to
capture a fire smoke plume in a single overpass (Borsdorff et al., 2018c¢). Second, TROPOMI
CO is directly calculated from fresh smoke plumes with negligible CO dilution, which has
advantages over the model-based approach that involves complex parameterizations. The
assumption of negligible CO dilution is reasonable because (1) the selected plumes are emitted
merely a few hours before the TROPOMI’s overpass and (2) the evolution of a smoke plume
shape can be inspected using high temporal-resolution ABI true-color images. Third, the
TROPOMI CO can be applied easily to evaluate fire emissions in other fire-prone regions at
low-middle latitudes where high temporal-resolution FRP observations are available. Because of
the relatively coarse spatial resolution in TROPOMI (5.5km), it is difficult to apply this method
to evaluate emissions from very small fires. As a result, only one sample among the 27 selected

fires is selected for agriculture fires (Figure 11c¢).

5.3 Uncertainties in the RAVE Emissions

The reliable emission accuracy of the RAVE product is attributed mainly to the capability
of the combined fire observations from advanced sensors - ABI and VIIRS. By observing the
CONUS fires at an unprecedented temporal resolution of every five minutes, GOES-R series
ABI has the best-ever capability of depicting diurnal fire dynamics/evolutions that associate with
abrupt changes in fire weather, fuel characteristics, and topography (Schmidt et al., 2017).

Further, the fine-resolution VIIRS has significantly improved capabilities of observing small and
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/or cool fires relative to legacy sensors (e.g., MODIS) and provides the highest spatial-resolution
FRP. Fusing FRP from both sensors guarantees accurate FRP diurnal cycles, and thereby reliable
FRE and emission estimates.

The RAVE emission estimates could contain some uncertainties that are associated with
parameters used to calculate biomass consumption and emissions. First, FRP diurnal cycle could
be unreliable in small fires, such as agricultural burnings, which usually have low intensity and
last a short period of minutes to a few hours. This makes it difficult to determine burning
duration and fill FRP gaps in the reconstruction of FRP diurnal cycles. Due to the lack of
ground-truth burning duration information, the assumption of one hour before and after a valid
FRP observation during FRP gap filling (c.f. Section 3.2.2) would underestimate FRE and
emissions if the actual burning duration is longer than two hours; otherwise, the assumption
would result in overestimation of FRE and emissions. Unfortunately, the accuracy of emissions
from small fires is hard to quantify using TROPOMI CO because of the relatively coarse spatial
resolution. Nevertheless, the RAVE PM, s emissions for the CONUS agriculture fires are greatly
improved because of the fine spatial resolution VIIRS and high temporal resolution ABI
observations. The annual RAVE PM: 5 estimates from agriculture fires are higher by a factor of
two than the mean annual total PM; s emissions from 2011-2015, which were estimated from
Ikm MODIS FRP and 4km FRP from legacy GOES satellites (i.e., GOES-13 and GOES-15) (Li
et al., 2019). This indicates that RAVE captures many more small agriculture fires, because
agricultural fire emissions are relatively constant interannually across the CONUS (Li et al.,
2019; McCarty et al., 2009; Zhang et al., 2008).

Second, the obscuration of clouds and forest canopies could influence the RAVE

emissions estimation, but likely only to a limited extent because partial cloud contamination is
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corrected and temporal gaps are filled. In the cloud-caused temporal gaps, the associated missing
FRP values were predicted using FRP diurnal climatologies and the fused ABI-VIIRS FRP (see
Section 3.2). Cloud correction was also applied to VIIRS FRP in grids that were partially
covered by clouds (see Section 3.1.1). Although it is difficult to evaluate the accuracy of cloud-
corrected FRP in the absence of ground-truth data, the proposed new cloud correction (Eq. (1)) is
able to account for potential FRP underestimation and avoid great FRP overestimation with a
large fraction of clouds in a grid. For example, as a cloud fraction grows from 50% to 90% in a
given grid, the corrected FRP increases by a factor of 0.7 — 2.3 using Eq. (1) but a factor of 1 — 9
based on the commonly used assumption that the burning conditions in clear areas and under
clouds are the same. The latter could result in the assumption of a large grid size fully burned.
This cloud-correction-caused overestimation issue has been pointed out in previous studies
(Darmenov et al., 2015; Giglio, 2007). Dense forest canopies attenuate fire-emitted radiative
energy (Roberts et al., 2018), which can reduce FRP retrievals by 15% in Africa (Roberts et al.,
2018). This amount of FRP underestimation could occur in the southeastern U.S. where surface
prescribed fires are common (Nowell et al., 2018). However, the canopy impact is likely much
smaller in forest fires in the western U.S. where forest fires are usually large and intense and
scorch tree canopies (Andela et al., 2019). In addition, we acknowledge that the omission of fires
could also cause underestimation of RAVE emissions because fires are very small or under
persistent heavy cloud cover.

Third, uncertainty in emission estimates could stem from biomass combustion coefficient
(F¢in Eq.6). We use a combustion coefficient (F;) of 0.368 kg MJ"! to convert FRE to dry matter
in the RAVE product. This value was reported initially in a small field fire experiment (Wooster

et al., 2005). Recent studies have further verified the usefulness of the coefficient: 0.298 kg MJ!
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in prescribed fires with oak as the primary fuel (Kremens et al., 2012); 0.4 kg MJ! based on lab
experiment with western white pine needle as fuel when fuel moisture content is 10% (Smith et
al., 2013); 0.32 kg MJ'! based on Landsat-based fuel consumption and FRP from MODIS and
legacy GOES at 445 wildfires across the CONUS (Li et al., 2018b); and 0.367 kg MJ! in two
wildfires with complex fuel types using the airborne Lidar-based fuel consumption and MODIS
FRP (McCarley et al., 2020). These studies indicate that the coefficient F varies within 18% of
the initial value 0.368 kg MJ-!, which could result in some uncertainty in the emissions estimates.
Fourth, uncertainty in emission estimates could also arise from emission factor (EFy in
Eq.7). Emission factors depend strongly on combustion phase that is typically a mixture of
smoldering and flaming phases (Christian et al., 2003; Liu et al., 2017; Prichard et al., 2020). As
combustion transits from smoldering to flaming phase, emission factor decreases for most of fire
emission species (e.g., CO2, CO, and PM2s) but increases for a few species (e.g., NOx and
sulfate), with a change by severalfold (Liu et al., 2017; Yokelson et al., 2007). Moreover,
emission factor also varies with fire types and fuel categories (Andreae, 2019; Liu et al., 2017;
Prichard et al., 2020). To account for various fires for a given species, emission factors for a
specific fuel (e.g., forest) are usually reported as the mean of available published values in many
regions (Akagi et al., 2011; Andreae, 2019; Prichard et al., 2020). As the RAVE emissions focus
on the CONUS, we used mean emission factors of reported values for fires in the temperate
North America, which were extracted from the recently compiled emission factor datasets
(Akagi et al., 2011; Andreae, 2019; Prichard et al., 2020). The influences of emission factors
could be potentially bypassed using emission coefficient that is a production of combustion
coefficient and emission factor (Ichoku and Ellison, 2014; Lu et al., 2019; Mota and Wooster,

2018). However, the emission coefficient is only available for a few species (e.g., total
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particulate matter or TPM and CO) (Ichoku and Ellison, 2014; Lu et al., 2019; Mota and

Wooster, 2018), and it is very challenging to accurately determine.

5.4. Record-breaking Biomass-Burning Emissions in the 2020 Fire Season

Fire emissions in 2020 were record high across the CONUS. The fires scorched a total
area of 4 million ha (NIFC), which tops near 40-year fire records since 1980s. Accordingly, fires
consumed 221 Tg dry matter and emitted 2.25 Tg PMz5 (Table 1), which are approximately 2 - 3
folds higher than the annual mean biomass consumption (~41 - 57 Tg) and PM>s emissions
(~0.72 Tg) of the past two decades (Li et al., 2019; Urbanski et al., 2018; Zhang et al., 2014b).
Moreover, the fire-emitted PM».5 emissions are as much as 75% of the annual PM>.s emissions
from all other non-fire sources (3 Tg) reported by the National Emissions Inventory (NEI,
https://www.epa.gov/air-emissions-inventories, last access on 16 February 2022) from the United
States Environmental Protection Agency (EPA).

In California, the 2020 wildfires emitted a total of 0.98 Tg PM» 5 and 142 Tg CO», which
are larger by factors between 6.5 and 9 than the annual mean PM25 (0.13 Tg) and CO; (14.3 Tg)
emissions during the past two decades, respectively (CARB, 2021). Moreover, the total
California wildfire PM2 s and CO2 amounts are approximately 200-300% of the second-largest
emission year 2008, with 0.46 Tg PMz 5 and 42 Tg CO, (CARB, 2021). In comparison with
emissions from other sources, the total CO; amount is also nearly one-third of the State-wide
COz-equivalent greenhouse gases (GHG) emissions in 2019 (418 Tg, the California Greenhouse
Gas Emission Inventory at https://ww2.arb.ca.gov/our-work/programs/ghg-inventory-program,

last access on 16 February 2022).
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As a result, the enormous fire emissions strongly degrade air quality across west coast
areas and mountain regions and influence public health (Li et al., 2021b), and challenge short-
term GHG emissions goals (e.g., California’s 2020 emissions limit in Forestry Sector,
https://ww?2.arb.ca.gov/ghg-inventory-data, last access on 16 February 2022). The record-high
fire area and emissions are likely associated with several factors, including extreme fire weather,
warming temperature, decreasing precipitation, and strong winds (Goss et al., 2020; Swain, 2021;
Williams et al., 2019). Understanding the causes of the extreme nature of 2020 wildfires in

California is not the focus of this study.

5.5. Sources of Discrepancies between RAVE and Other Inventories

Temporal and spatial scales matter to pinpoint emission discrepancies among different
inventories. In the CONUS, the annual total PM> 5 emissions from RAVE differ from QFED2.5
and GBBEPx4 by a factor of ~4 and the other inventories by a factor of less than 1.5 (Figure
12a). In the monthly scale, the largest discrepancy among different inventories in monthly total
PM: 5 on average is 16 (Figure 12b). Moreover, in California’s 2020 top five largest fires, PMa s
emissions from eight inventories differ from each other by a factor of up to 18. The pattern of
growing emissions discrepancy at finer spatiotemporal resolutions is also seen in other studies
(Carter et al., 2020; Li et al., 2019; Liu et al., 2020; Pan et al., 2020). Thus, the large
discrepancies at local scales offset each other after emissions being aggregated to regional or
national scales.

The large discrepancies among fire emission inventories highlight the uncertainty in
emission estimates. The emission discrepancy between inventories is associated with differences

in biomass consumption estimates and emission factors. Recently, it has been found that
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emission factor likely explains less than 30% of discrepancies among emission inventories while
biomass consumption is the major driver of discrepancies in most global regions (Carter et al.
2020; Liu et al. 2020). Biomass consumption is estimated using FRP or burned area. Among five
FRP-based inventories (Table 1), QFED2.5 and GBBEPx4 are higher by integer factors than the
others, which is attributed mainly to the biome-specific scaling factors (1.8 - 4.5) for adjusting
emissions (Darmenov and Silva, 2015; Zhang et al., 2019). The differences among RAVEI.O,
GFAS1.2 and FEER1.0 are associated with differences in FRE calculation, combustion
coefficient, smoke coefficient, and emission factor. GFAS estimates FRE by averaging daily
MODIS FRP observations and integrating the mean FRP over 24 hours (Kaiser et al., 2012), and
GFAS FRE is also used in FEER1.0 (Ichoku and Ellison, 2014). Due to limited daily MODIS
observations, the MODIS FRP based FRE tends to be substantially overestimated in small fires
because they usually burn for a short period (e.g., agriculture fires from 11 AM to 5 PM, Figure
8) and underestimated in large and intense fires when fires peak in other hours instead of MODIS
daytime overpasses (Figures 5a & 9). Furthermore, relative to the constant combustion
coefficient of 0.368 kg MJ-! used in the RAVE, GFAS uses land cover specific coefficients that
are 33% and 112% larger in temperate forest and savanna, respectively, but 21% smaller in
cropland (Kaiser et al., 2012). FEER smoke coefficient can be affected by several factors (e.g.,
uncertainty in aerosol mass extinction efficiency, gaps in MODIS AOD observations, and the

association of the mean TPM rate with MODIS FRP (Ichoku and Ellison, 2014).

Discrepancies between the burned area based emission inventories are also considerable
(Figure 11 & Table 1), which are associated with the uncertainties in the conventional method.
Among the burned area based inventories, WFEIS2.0 and GFED4s (for years before 2017) use

MODIS burned area data. The large omission errors in MODIS burned area over small-sized
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fires have been well known (Boschetti et al., 2019; Roteta et al., 2019), which is why GFED4s
also includes separate burned areas for small fires (Randerson et al., 2012). FINN2.4 calculates
burned area using MODIS and VIIRS I-band fire detections by assigning a fixed area to each
detection (Wiedinmyer et al., 2011). Very simplified assumptions cause large uncertainty in
burned area estimates because a fire detection algorithm can flag a fire pixel where 1000 K
flaming fires burning an area of 0.0001 km? (Giglio et al., 2003). This likely explains why
FINN2.4 burned area is higher than NIFC burned area and Landsat burned area by a factor of
~2.2 in the August Complex Fire. Further, uncertainties in fuel loadings and combustion
completeness also influence the accuracy of emission estimates. For example, in the Creek Fire,
FINN2.4 PM; 5 is smaller than CARB PM> 5 by a factor of two although FINN2.4 burned area is
higher than the NIFC burned area by a factor of two. Obviously, the FINN2.4 PM> 5
underestimation in the Creek Fire is attributed mainly to the differences in fuel loadings and
combustion completeness. CARB uses the FCCS fuel loadings adjusted with fuel moisture while
FINN uses literature-based statistic fuel loadings, which do not consider changes in fuel loadings
due to a variety of factors, such as seasonal variation of fuel moisture, disturbances, vegetation

regrowth, etc.

6. Conclusions

High spatiotemporal-resolution fire emission data are critical to air quality forecast
models, yet they are very scarce among available emission inventories. We developed a new
operational algorithm to generate regional hourly 3km fire emission product (namely RAVE) by
fusing high temporal-resolution ABI FRP and fine spatial-resolution VIIRS FRP. Because of

these new-generation sensors’ advanced capabilities of fire observation, FRP diurnal cycles were
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reconstructed to depict diurnal fire activities. We estimated one-year RAVE emissions for eight
chemical species from April 2020 to March 2021 across the CONUS. The total PM> 5 emissions
in this study period are record-breaking high due to a large number of wildfires in the west
coastal states, which are responsible for extremely unhealthy air quality and the burden of public
health (Ford et al., 2018; Li et al., 2021b). The evaluation indicates that RAVE CO aligns well
with TROPOMI CO, with a difference of 11% over 27 fire events. The good agreement verifies
the good performance of the ABI-VIIRS FRP-based emissions estimation and reveals the reliable
accuracy of the RAVE emissions. Compared with available global and regional fire emission
inventories, RAVE shows similar values of the annual and national sum with some inventories,
but differs very largely on the monthly scale and in individual fire events. This highlights the
uncertainties in emission inventories and underscores the great need to improve emissions
estimation using advanced algorithms and satellite observations. The hourly ABI-VIIRS FRP,
demonstrated in this study, is promising in producing high-quality biomass burning emissions
product (RAVE). As a result, the RAVE product is planned to be operational at NOAA and

provides hourly emissions every six hours in near real-time for air quality forecast models.
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List of Figure Captions

Figure 1. Land cover and ecoregion maps across the CONUS.

Figure 2. Flowchart of generating hourly 3 km emissions using ABI and VIIRS FRP. Note that
the ABI and VIIRS fire detections are preprocessed data after removing false alarms based on a

temporal filter and persistent anomaly flags (c.f. Sections 2.1 and 2.2).

Figure 3. Comparison of GOES-16 and GOES-17 ABI FRP in four fires in 2020. Among these
fires, GOES-17 VZA changed slightly between 46° and 50° while GOES-16 VZA varied largely
from 53° to 64°, as shown in the VZA legend (for GOES-16). G17 and G16 in legend are
abbreviations for GOES-17 and GOES-16, respectively. Each sample represents total FRP in a

fire observed by both satellites at the same time.

Figure 4. Comparison of contemporaneous ABI and VIIRS FRP in fire clusters. (a) Daytime and
(b) nighttime. Each sample represent FRP observed by GOES-16 ABI and Suomi-NPP or

NOAA-20 VIIRS contemporaneously (within £2.5 min).

Figure 5. The land cover-ecoregion-specific FRP diurnal climatologies derived from GOES-16
and GOES-17 ABI FRP observations. The left column (a-e) shows the normalized diurnal FRP
in five land cover types: forest, shrubland, savanna, grassland, and cropland. Each normalized

diurnal curve was obtained by calculating the ratio of the diurnal mean FRP values to the peak-
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time mean FRP value. The right column (f-j) shows the associated peak-time mean FRP in the

five land cover types.

Figure 6. An example of fire sample selection. (a-d) show the process of choosing one fire event
based on TROPOMI CO observations and Suomi NPP VIIRS and GOES-16 ABI true-color
images and active fire detections. The fire occurred near Austin in South Texas (the United
States) on 10 December 2020. (a) Suomi NPP VIIRS true-color image with VIIRS and ABI fire
detections observed at 19:36 UTC and 19:41 UTC, respectively. (b) TROPOMI CO column dry
air mixing ratio (unit: parts per billion by volume or ppbv in short) observed at around 19:41
UTC, with smoke plume in warm colors. (c) Delineated smoke CO and background CO overlain
on the Suomi NPP VIIRS true-color image. The upwind and all-directions backgrounds are
delineated using white and pink polygons. (d) Time series of GOES-16 ABI true-color images

shows the evolution of the smoke plume during 17:21 — 19:46 UTC.

Figure 7. Annual total dry matter (a) and PM2 s emissions (b) in 3 km grids from April 2020 —

March 2021.

Figure 8. Land cover-specific diurnal patterns of PM> s emissions. PMa 5 diurnal patterns in (a)

five land cover types across the whole CONUS, and (b) Forest across the west and east CONUS.

Figure 9. Hourly total PM> s emission from three California largest wildfires in 2020. (a) The
August Complex Fire during the week from 4 — 10 September 2020, (b) the Creek Fire during
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the week from 5-11 September 2020, and (c) the North Complex Fire during the week from 11-

17 September.

Figure 10. Monthly total mass of PM> s emissions in five land cover types during one year from

April 2020 to March 2021. Note that forest PM> s uses the second y-axis on the right.

Figure 11. Comparison of CO emissions in the selected fires. (a) Distribution of the selected 27
fires overlain on the land cover map (as in Figure 1a). The inset shows a fire example. Red, black,
and purple polygons delineate TROPOMI CO observations in smoke plume and background. (b)
The TROPOMI CO column mixing ratio of smoke plume and upwind background in the selected
fires (colored by longitude), with their mean values denoted by circles and squares, respectively.
Error bars show the 20th and 80th percentile CO column mixing ratios. (¢) Comparison of

RAVE and TROPOMI CO mass in the selected fires.

Figure 12. PM> s emissions in eight inventories. (a) Annual total PM> 5 and (b) monthly total
PM: 5. Y-axis in (b) uses a logarithmic scale. Note that FINN2.4 PM> 5 emissions only account
for 9 months from April — December 2020 because it was not available for 2021 when the

analysis was performed.

Figure 13. PM2.5 maps of California’s largest August Complex Fire in 2020 from six emissions
datasets. (a) 3 km RAVEI1.0, (b) 0.1 degree GFAS1.2, (c) 0.1° FEER1.0, (d) 0.1° GBBEPx4.0, (e)
0.25° GFED4s, and (f) 0.25° x 0.3125° QFED2.5. The black line is the buffered Landsat (30m)-

based fire perimeter outward by 3km.
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Figure 14. Comparison of the TROPOMI CO estimates based on the upwind and all-direction

backgrounds over the selected 27 fires.
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