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Abstract. Biomass burning is an important contributor
to global total emissions of NOx (NO+NO2 ). Generally
bottom-up fire emissions models calculate NOx emissions by
multiplying fuel consumption estimates with static biomespecific emission factors, defined in units of grams of NO
per kilogram of dry matter consumed. Emission factors are a
significant source of uncertainty in bottom-up fire emissions
modeling because relatively few observations are available
to characterize the large spatial and temporal variability of
burning conditions. In this paper we use NO2 tropospheric
column observations from the Ozone Monitoring Instrument
(OMI) from the year 2005 over South America to calculate
monthly NOx emission factors for four fire types: deforestation, savanna/grassland, woodland, and agricultural waste
burning. In general, the spatial patterns in NOx emission factors calculated in this work are consistent with emission factors derived from in situ measurements from the region but
are more variable than published biome-specific global average emission factors widely used in bottom-up fire emissions inventories such as the Global Fire Emissions Database
(GFED). Satellite-based NOx emission factors also indicate
substantial temporal variability in burning conditions. Overall, we found that deforestation fires have the lowest NOx
emission factors, on average 30 % lower than the emission
factors used in GFED v3. Agricultural fire NOx emission factors were the highest, on average a factor of 1.8 higher than
GFED v3 values. For savanna, woodland, and deforestation
fires, early dry season NOx emission factors were a factor
of ∼ 1.5–2 higher than late dry season emission factors. A
minimum in the NOx emission factor seasonal cycle for deforestation fires occurred in August, the time period of severe

drought in South America in 2005, supporting the hypothesis
that prolonged dry spells may lead to an increase in the contribution of smoldering combustion from large-diameter fuels, offsetting the higher combustion efficiency of dryer fine
fuels. We evaluated the OMI-derived NOx emission factors
with SCIAMACHY NO2 tropospheric column observations
and found improved model performance in regions dominated by fire emissions.

1

Introduction

Human-triggered fires, both intentional and accidental, drive
the spatiotemporal patterns of biomass burning in the tropics, as fire is a widely used tool to manage landscapes and
clear land for new uses. Emissions from fires can control the
variability and enhance the concentration of numerous trace
gases (Andreae et al., 1988; Hooghiemstra et al., 2012; Langmann et al., 2009), especially in the tropics. Likewise, CO
and NOx emissions from fires comprise approximately 30 %
(Arellano et al., 2006; Müller and Stavrakou, 2005) and 15 %
(Jaeglé et al., 2005) of global total direct emissions, respectively. Enhanced CO and NOx concentrations have many local and global implications such as tropospheric ozone formation and affecting the oxidizing capacity of the atmosphere by regulating the OH lifetime (Logan et al., 1981).
Accurate prediction of spatial and temporal variability of fire
emissions is crucial to our understanding of the Earth system
as well as the impact of land use change on air quality and
climate.
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The approach taken to derive the Global Fire Emissions Database (GFED), a commonly used bottom-up
biomass burning emissions inventory, follows Seiler and
Crutzen (1980) by combining observations of burned area
(Giglio et al., 2010) with a biogeochemical model (CASA:
Carnegie–Ames–Stanford approach) to estimate the amount
of biomass burned (van der Werf et al., 2010). These data
are then partitioned into trace gas emissions using a priori
emission factors, defined as the mass of a species emitted per
mass of dry matter burned.
The emission factors used in GFED v3 were compiled by
Andreae and Merlet (2001), who synthesized all available
emission factors derived from in situ observations. Generally, emission factor measurements are grouped according to
a biome class or fire use. In GFED v3, fuel consumption in
each grid cell is partitioned into the following six fire types
for which emission factors were selected (see Table 5 in van
der Werf et al., 2010): deforestation, extratropical forest, savanna and grassland, woodland, peat, and agricultural waste
burning. Thus total fire NOx emissions in a model grid cell
(EGFED ) are calculated by summing up the emission from all
fire types (B) (Eq. 1).
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In Eq. (1), NOx EFGFED B is the GFED v3 NOx emission factor for the fire type B, and DMGFED (B) is the mass of dry
matter consumed by the fire type B in the model grid cell.
The Andreae and Merlet (2001) emission factor database is
updated annually (GFED v3 emission factors include updates through 2009 (M. O. Andreae, personal communication, 2009) to include new measurements as they become
available and is widely used to estimate fire trace gas emissions.
Including temporal variability in emissions factors has not
been possible because of the paucity of emission factor observations. Laboratory and field experiments suggest that
emission factors, even for similar vegetation types, vary significantly (Korontzi et al., 2003; Yokelson et al., 2011). As
globally averaged emission factors are likely not representative of the burning conditions of individual fire events, the
conversion of fuel consumption to trace gas emissions is a
large source of uncertainty in bottom-up fire emission modeling (Korontzi et al., 2004; van Leeuwen and van der Werf,
2011).
Generally, NOx emissions from biomass burning result
from oxidation of fuel nitrogen, as open burns typically do
not reach temperatures at which thermal NOx can form (Urbanski et al., 2009). Other pathways for NOx emission from
biomass burning, such as the reaction of hydrocarbon radicals with atmospheric nitrogen, referred to as prompt NOx
Atmos. Chem. Phys., 14, 3929–3943, 2014

P. Castellanos et al.: Satellite observed NOx emission factors
(Turns, 2011), are likely marginal as laboratory studies indicate the sum of emitted reactive nitrogen and N2 account
for the fuel nitrogen volatilized by burning (Kuhlbusch et al.,
1991). The fraction of volatilized fuel nitrogen emitted as reactive nitrogen can vary by between 25 and 50 %. NOx is the
dominant reactive nitrogen emission during flaming combustion, while NH3 dominates during smoldering combustion.
Thus, the burning conditions and the nitrogen content of the
fuel likely drive biomass burning NOx emission factor variability (Goode et al., 2000; Yokelson et al., 2008).
McMeeking et al. (2009) reported on laboratory measurements of NOx emission factors from burning 33 different
plant species that varied from 0.04 to 9.6 g NO kg−1 dry matter. When the variability in the NOx emission factors driven
by the variability in fuel nitrogen was taken into account,
NOx emission factors typically increased linearly with the
modified combustion efficiency (MCE), a measure of the relative contribution of flaming and smoldering combustion to
the total emissions of a fire. MCE is defined as the ratio of
emitted CO2 to CO + CO2 . At an MCE greater than 0.85–
0.90, NOx emissions typically dominate over NH3 .
In this paper we focus on biomass burning in South America, which occurs primarily over 3–4 months during the
Southern Hemisphere dry season (July through October)
(Giglio et al., 2006) and emits on average 15 % of total global
fire emissions (van der Werf et al., 2010). Active fire observations show that the month of peak burning is September,
and most of the fires occur in Brazil, although significant
parts of Bolivia, Paraguay, and northern Argentina also burn.
At the peak of the fire season, biomass burning NOx emissions account for roughly 60 % of total NOx emissions in
South America (Jaeglé et al., 2005). The bulk of the emissions comes from deforestation fires along the borders of
the Amazon, referred to as the arc of deforestation, which
have high fuel loadings and high combustion completeness
from repeated burning (Morton et al., 2008), followed by
burning in the cerrado, a vast tropical ecoregion in the center of Brazil comprised of grasslands, savanna, and semideciduous forest. Fire activity and emissions have high interannual variability partly controlled by climate (Aragão et al.,
2007; Chen et al., 2013; van der Werf et al., 2004) and also
by political incentives associated with deforestation (Duncan
et al., 2003; Morton et al., 2008).
Beginning in the 1980s a number of studies have documented characteristics of biomass burning in South America (Andreae et al., 1988; Crutzen et al., 1985; Ferek et al.,
1998; Ward et al., 1992; Yokelson et al., 2007) (see Table 1).
In the cerrado, fires generally burn small dry fuels and have
high MCE (average: 0.94) (Ferek et al., 1998). However, the
cerrado can range from treeless grassland to closed-canopy
forest, and in many cases wood debris is a significant part
of the fuel mixture. Fuel size (coarse fuels typically smolder), arrangement, and moisture content affect the MCE; thus
fire intensity in woodlands is lower than in pure grasslands
(burning only fine fuels) (Ward et al., 1992). Published NOx
www.atmos-chem-phys.net/14/3929/2014/
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emission factors for savanna burning in the cerrado were on
average 2.3 g NO kg−1 dry matter (Ferek et al., 1998).
Synthesis of observations from Yucatan and African savannas indicate that early dry season savanna fires may burn
higher moisture and nitrogen content fuels than late season
fires (Yokelson et al., 2011). As such, early dry season savanna fires have lower MCE but higher NOx and NH3 emission factors than late season fires. Thus, seasonal phenology
could play a large role in biomass burning NOx emission factor variability as withered plants contain less nitrogen.
Deforestation fires primarily burn slash comprised of
wood debris (including large diameter logs), foliage, the forest litter layer, and live dicot seedlings and sprouts. Occasionally, standing forest will also burn. Compared to cerrado
fires, deforestation fires burn at lower MCE (average: 0.90)
(Yokelson et al., 2008) and the smoke is from mixed-phase
combustion (Ferek et al., 1998). Large wood debris is not
consumed completely during a deforestation burn and can
smolder for several days after the flame front passes (Kaufman et al., 1998).
Residual smoldering combustion (RSC) – generally defined as biomass consumption producing emissions not
lofted by fire-induced convection – of large-diameter logs
can contribute 5 % from deforestation and 40 % from pasture maintenance total emissions (Christian et al., 2007). Initial pasture maintenance fires burn partially combusted logs
that remain after the deforestation burn. The larger smoldering fraction for these initial pasture maintenance fires results
in a lower observed MCE and NOx emission factor because
large-diameter logs tend to burn at low MCE (∼ 0.79; Christian et al., 2007). Akagi et al. (2011), who assembled a comprehensive database of globally averaged biomass burning
emission factors from fresh plume measurements, list NOx
emission factors of 2.55 ± 1.44 g NO kg−1 dry matter and
0.75 ± 0.59 g NO kg−1 dry matter for tropical forest and pasture maintenance fires, respectively.
The contribution from RSC to total emissions has been
measured by ground based sampling during several prescribed burns in Brazil. In Yokelson et al. (2007), the authors
were able to sample many planned and unplanned biomass
burning plumes over Brazil from an aircraft. They observed
that as the dry season progressed, the MCE of lofted plumes
increased, but they hypothesized that unlofted smoldering
combustion emissions from coarse fuels could also increase,
as prolonged dry spells will desiccate large-diameter logs.
Agricultural waste burning, particularly of sugarcane
fields, is the main source of fire emissions in agricultural
areas in the south of Brazil (Lara et al., 2005). Openheimer et al. (2004) observed emission factors for NO2
of 1.3 g NO2 kg−1 dry matter for sugarcane burning in
São Paolo. Taking a ratio of NO : NO2 of 85 : 15 as suggested in their paper would imply a NOx emission factor
of 5.7 g NO kg−1 dry matter. Measurements in the Yucatan
(Yokelson et al., 2011) of agricultural waste burning indicated that the fires were predominantly flaming with NOx
www.atmos-chem-phys.net/14/3929/2014/
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emissions factors in the range of 2.1 to 5.7 g NO kg−1 dry
matter.
Satellite measurements provide additional constraints on
fire emission factors. Recent work has combined satellite
NO2 tropospheric column observations with satellite-based
fire radiative power observations to calculate NOx emission
coefficients (units of g NO MJ−1 ) for Californian and African
savanna fires (Mebust and Cohen, 2013; Mebust et al., 2011).
For African woody savanna burning they found a seasonal
cycle in the observed NOx emission coefficients with a minimum at the end of the dry season but no seasonal cycle
for non-woody savannas. Their work indicates the potential for space-borne trace gas observations to better characterize biomass burning trace gas emissions, particularly for
short-lived species such as NO2 , because tropospheric column concentrations are well correlated with surface emissions (Castellanos and Boersma, 2012).
In this paper we use daily NO2 tropospheric column observations from the Ozone Monitoring Instrument (OMI) in
conjunction with the Tracer Model version 5 (TM5) global
chemical transport model (Huijnen et al., 2010b) to constrain
total NOx emissions from biomass burning in South America
for the 2005 fire season, when widespread drought (Marengo
et al., 2008) led to increased fire activity (Aragão et al., 2007)
relative to the previous 5 years. We then calculated monthly
NOx emission factors for four of the fire types defined in
GFED v3: deforestation, savanna/grassland, woodland, and
agricultural waste burning. Key to this analysis was initial
validation of the GFED v3 fuel consumption estimates with
CO total column observations from the MOPITT (Measurement of Pollution in The Troposphere) instrument.
The NOx emission factors from this work deviate substantially from the biome average emission factors currently used
in GFED v3. Thus, we evaluated our spatially and temporally variable NOx emission factor scenario with an independent data set, NO2 tropospheric columns from the SCIAMACHY (SCanning Imaging Absorption spectroMeter for
Atmospheric CHartographY) instrument.
2

Satellite NO2 observations

OMI, the Dutch–Finnish nadir-viewing imaging spectrometer aboard the EOS Aura satellite, provides measurements of
backscattered radiation in the ultraviolet–visible range from
270 to 500 nm (Levelt et al., 2006). The wide field of view
of the instrument allows for daily global coverage with a
nominal pixel size of 13 km × 24 km at nadir, increasing to
24 km × 135 km for the largest viewing angles. The Equatorcrossing time of EOS Aura is around 13:40 local time.
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Table 1. Published NOx emission factors derived from in situ measurements compared to emission factors from this work. Units are
g NO kg−1 dry matter. The emission factors used in GFED v3 originate from Andreae and Merlet (2001) and include updates from available
measurements through 2009.
Deforestation

Savanna and
grassland
NOx EF

Source

Region

MCE

NOx EF

MCE

Ferek et al.
(1998)
Yokelson et al.
(2008)
Openheimer et al.
(2008)
Yokelson et al.

Brazil

0.89

1.46 ± 0.64a,b,g

0.94

2.3 ± 0.6a,g

Brazil

0.90c

1.7 ± 1.36a,g

0.92i

4.63 ± 1.93i,g

0.93i

6.09 ± 0.88i,g

(2011)
Andreae and Merlet
(2001)
Andreae and Merlet
+ 2009 Updates
(2001)
Akagi et al.
(2011)
This workh

Woodland
MCE

NOx EF

MCE

Agriculture
waste burning
NOx EF

5.7j

São Paolo
Mexico
Global
Global
(GFED v3)
Global
S. America

Jul
2.3 ± 1.2

1.6 ± 0.7k

3.9 ± 2.4k

2.26d

2.12d

2.55 ± 1.4g

3.9 ± 0.80g

Aug
1.4 ± 0.7

Sep
1.6 ± 0.8

Jul
2.9 ± 1.5

0.93f

3.6± 1.1f,g
2.5 ± 1.0k

2.19d,e

Aug
2.1 ± 1.1

2.29d

3.1 ± 1.57g
Sep
1.8 ± 0.9

Jul
4.6 ± 2.3

Aug
2.0 ± 1.0

Sep
2.5 ± 1.2

Jul
3.4 ± 1.7

Aug
4.3 ± 2.1

Sep
4.5 ± 2.2

a Tables S1–S14_4.27.2011 in Akagi et al. (2011). b Derived by taking the average of tropical dry deforestation and tropical evergreen deforestation from Table S3 in Akagi et al. (2011). c Table 4 in Yokelson et al. (2008). d Table 5 in van der Werf et al. (2010). e Derived by

taking the average of deforestation and savanna/grassland emission factor. f Table 2 in Yokelson et al. (2011). Emission factor at average MCE. g Uncertainty represents the 1σ standard deviation of all measurements considered from the study. h Estimated uncertainty for the
NOx emission factors from this work is 50 %. i Tables 3 and 5 in Yokelson et al. (2011). Emission factor at average MCE. Fires occurred during the early dry season. j Calculated assuming a NO : NO2 ratio in emissions of 85 : 15. k Table 1 in Andreae and Merlet (2001).

SCIAMACHY is an eight-channel spectrometer measuring upwelling sunlight from the ultraviolet to the near infrared (240–2380 nm) in several viewing geometries (Burrows et al., 1995). SCIAMACHY is onboard the ENVISAT
satellite, which has a local Equator-crossing time of 10:00.
In nadir geometry the instrument performs a 32◦ across-track
scan, equivalent to a swath width of approximately 960 km,
but each observation footprint is typically 30 km × 60 km.
Global coverage is achieved in 6 days. The SCIAMACHY
data record ended in April 2012, when contact with the ENVISAT satellite was lost and could not be re-established.
In this work, we use OMI and SCIAMACHY NO2 tropospheric vertical column densities from TEMIS (Tropospheric Emission Monitoring Internet Service, http://www.
temis.nl), specifically the Dutch OMI tropospheric NO2
(DOMINO) v2.0 (Boersma et al., 2011) and the SCIAMACHY TM4NO2 A v2.3 (Boersma et al., 2004) data products, which are produced with a common algorithm. In the retrieval, differential optical absorption spectroscopy (DOAS)
is used to derive NO2 total slant columns in the 405–465 nm
and 426–451 nm wavelength range for OMI and SCIAMACHY, respectively. The stratospheric contribution to the
total slant column is estimated by assimilating the measured
NO2 total slant columns in the TM4 global chemistry transport model (Dirksen et al., 2011). The stratospheric slant
column is subtracted from the total column to give a tropospheric slant column. Next, tropospheric air mass factors
(AMFs) are calculated with a radiative transport model given
the a priori NO2 vertical profile shape predicted by TM4,
as well as the individual satellite viewing geometries, surface albedo data sets, retrieved cloud parameters, and terrain
heights. Finally, tropospheric slant columns are converted to
vertical columns with the AMF.
Irie et al. (2012) found the systematic bias in OMI
DOMINO v2 and SCIAMACHY TM4NO2 A NO2 tropoAtmos. Chem. Phys., 14, 3929–3943, 2014

spheric columns to be less than −10 and −5 %, respectively,
and statistically insignificant when comparing to MAXDOAS observations. In Ma et al. (2013) there was a high
correlation coefficient (R = 0.91–0.93) between DOMINO
v2 columns and MAX-DOAS measurements, but a larger
bias (−26 to −38 %), although 10–15 % of the bias could
be explained by taking into account the spatial smoothing
of the satellite pixel. The OMI and SCIAMACHY NO2 tropospheric column data have been used extensively to study
surface NOx emissions (Ghude et al., 2013; Kaynak et al.,
2009; McLinden et al., 2012).
NO2 observations with cloud radiance fraction of greater
than 50 % (cloud fraction roughly 20 %) as well as pixels
affected by the row anomaly in the DOMINO data set were
excluded (Braak, 2010). The selected data were re-gridded
to 1◦ × 1◦ on a daily basis, where grid cell averages were
taken only when the satellite had enough valid observations
to cover 30 % of the grid cell.

3

Bottom-up fire emissions and the TM5 chemical
transport model

We used the TM5 global chemical transport model described
in detail in Huijnen et al. (2010b) to calculate the relationship between changes in NO2 tropospheric columns and
changes in fire NOx emissions, as well as to evaluate the new
NOx emission factor scenario constrained by OMI observations. TM5 is an offline Eulerian grid model using the operator splitting technique to calculate the horizontal advection,
vertical mixing, chemical transformation, and deposition of
40 chemical tracers. The ECMWF ERA-interim reanalysis
fields, preprocessed to a 1◦ × 1◦ grid (Krol et al., 2005),
drive meteorology in the model. The updated (Houweling
et al., 1998) lumped chemical mechanism, Carbon Bond
www.atmos-chem-phys.net/14/3929/2014/
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Mechanism 4 (CBM4) (Gery et al., 1989), used in the model
contains 64 gas-phase and 15 photolysis reactions. In this
implementation the nitrogen oxides (NO, NO2 , NO3 , N2 O5 ,
HNO4 ) are transported individually. Gas–aerosol partitioning of HNO3 , NH3 , NH+
4 to aerosol nitrate is calculated with
the Equilibrium Simplified Aerosol Model (EQSAM) (Metzger et al., 2002).
We implemented the TM5 two-way nested 1◦ × 1◦
zoom function (Krol et al., 2005) within a 3◦ × 2◦ global
simulation over South America (−36◦ S to 14◦ N and −84
to −30◦ W), where anthropogenic emissions for this region
are based on the RETRO data set (Schultz et al., 2007) and
biomass burning emissions are from GFED v3 at 3-hourly
resolution (Mu et al., 2011). Simulations with TM5 zoomed
over Europe have been compared to an ensemble of regional
air quality models as well as satellite and surface in situ NO2
observations (Huijnen et al., 2010a). The TM5 zoom falls
well within the spread of the ensemble and has high spatial
correlation (r = 0.8) with OMI observations.
Hooghiemstra et al. (2012) constrained total CO emissions at a monthly timescale with a 4D-Var inversion of MOPITT v4 thermal infrared (TIR) CO mean column concentrations for the years 2006–2010 with TM5 zoomed over South
America. They found good agreement between the TM5 forward model run and satellite-observed CO column mean concentrations from April to August, and a posteriori CO total
emissions were generally within 10 % of a priori emissions
for these months.
To evaluate the accuracy of the GFED v3 dry matter consumption estimates over South America, we compared simulated CO concentrations to observations from MOPITT v5
(see Supplement for a description of the observations and results of the comparison in Fig. S1). CO can be considered
a proxy for total dry matter consumed because CO emission factors for tropical burning are relatively constant with
variability on the order of 20 % (Akagi et al., 2011; van
Leeuwen et al., 2013). We find good agreement (within the
0.5 × 1018 molecules cm−2 accuracy of the instrument) between MOPITT v5 TIR CO total columns and our TM5 simulation in July, August, and September. This indicates that
total CO emissions in South America, of which typically
more than 90 % come from biomass burning (see Hooghiemstra et al., 2012), are accurate for these months. In October,
however, modeled CO total columns are systematically lower
than observations. It is likely that increased cloud cover at
the end of the dry season introduces a low bias into the
burned area observations, and consequently GFED-predicted
dry matter consumption. Thus for this analysis we consider
only the dry season months before October.
We take the following approach in all NO2 model–
measurements comparisons. Modeled hourly NO2 vertical
profiles are linearly interpolated to the overpass time of the
observing satellite. For each model grid cell, all valid observation pixels whose pixel centers fall within the grid cell
are selected. Observation-transformed modeled NO2 tropowww.atmos-chem-phys.net/14/3929/2014/
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Fig. 1. Monthly average OMI-observed (left column) and modeled
(middle column) NO2 tropospheric columns. Satellite observations
were re-gridded to 1◦ × 1◦ on a daily basis, where grid cell averages
were taken only when the satellite had enough valid observations to
fill 30 % of the grid cell. Satellite observations with cloud radiance
fraction or greater than 50 % (cloud fraction roughly 20 %) were
excluded. In the middle column are monthly average TM5-modeled
NO2 tropospheric columns using GFED v3 emissions, which have
been transformed with the OMI averaging kernels. In the right column are MODIS Terra + Aqua cloud-corrected monthly active fires
(MOD14CMH + MYD14CMH).

spheric columns are calculated with the averaging kernels
(Eskes and Boersma, 2003) of each of the valid satellite pixels and the simulated trace gas vertical profile at the OMI
overpass time from the grid cell. Finally, the observationtransformed columns for each grid cell are averaged together.
July through September monthly average OMI-observed
and TM5-modeled NO2 tropospheric columns as well as
MODIS Terra + Aqua cloud-corrected monthly fire counts
(MOD14CMH + MYD14CMH) are shown in Fig. 1. Observed and modeled NO2 concentration enhancements correlate well spatially and temporally with observed active
fires. However, in July, TM5 tends to underpredict OMI NO2
columns, while in August and September TM5 NO2 columns
are higher than observations by more than a factor of 2 in
central Brazil and Bolivia, areas where deforestation is the
primary source of fire emissions. Meanwhile, in agricultural
regions in the south, between São Paolo and Argentina, modeled NO2 columns are generally lower than observations.
In a comparison of three different retrievals of GOME
NO2 tropospheric columns to 17 global chemical transport
models (including TM5) using GFED v1 emissions, van
Noije et al. (2006) found that the models reproduced well the
Atmos. Chem. Phys., 14, 3929–3943, 2014
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seasonal cycle of NO2 concentrations over South America.
On average, TM5-simulated NO2 concentrations fell within
the ensemble of models. Additional measurements of NOx
for South America are rare; therefore quantitative validation of model performance for this region remains elusive.
However, recent model improvement and sensitivity studies give some insight into possible biases in the TM5 simulation of tropospheric NO2 . Summarizing the results of
Williams et al. (2012), Mollner et al. (2010), and Stavrakou
et al. (2013), which are discussed in detail in the supporting
documentation, we make a conservative estimate that daytime NO2 tropospheric columns are biased low in TM5 v3
by 0.2 × 1015 molecules cm−2 + 0–20 %. The differences between TM5 and OMI NO2 columns, apparent in Fig. 1, exceed this estimate, indicating biases in the fire NOx emissions.
4

NOx emission factor calculation

Surface NOx emissions and NO2 tropospheric columns are
closely correlated because of the short NOx lifetime (3–10 h)
in the boundary layer. Lamsal et al. (2011) proposed that
fractional changes in NO2 columns (Xtr ) can be related to
fractional changes in surface NOx emissions (E) by a sensitivity factor β (Eq. 2).
1Xtr
1E
=β
E
Xtr

(2)

β is typically estimated with an atmospheric chemical transport model, and represents the local feedback of NOx emissions on the NOx lifetime and on the partitioning of NOx into
NO and NO2 . Thus with an estimate of β, one can calculate
the NOx emissions in a model grid cell (EOMI ) that resolve
the corresponding observed NO2 tropospheric columns with
the following:
,EOMI = EGFED + (EGFED + EBackground ) × β ×

XtrOMI − XtrTM5
XtrTM5

(3)

where EGFED represents the total GFED v3 fire NOx emitted
in the grid cell during the model time step prior to the OMI
overpass time, EBackground represents the total NOx emitted from all other biogenic and anthropogenic sources, and
XtrOMI and XtrTM5 are the colocated OMI-observed and TM5simulated NO2 tropospheric columns.
We focused our analysis on model grid cells and days
where fire emissions made up more than 50 % of total emissions (the sum of anthropogenic, biogenic, and fire emissions) in the bottom-up inventory at the OMI overpass time to
minimize the interference from NOx originating from fossil
fuel combustion, lightning, and microbial activity in the soil
(i.e., EBackground ), and the error associated with the assumption that only fire NOx emissions account for the modelobservation bias. Thus, as the majority of biomass burning
in South America takes place in sparsely populated areas,
Atmos. Chem. Phys., 14, 3929–3943, 2014

Fig. 2. In the top row are the dominant fire types according to GFED
v3. Forest-fire-dominated grid cells were labeled either deforestation or woodland as described in Sect. 4. In the bottom row are
the dominant fire types according to GFED v3, but with additional
grid cells labeled as agriculture burning using fertilizer and manure
availability greater than 60 kg ha−1 (see Fig. S3) as a threshold to
identify agriculture dominated grid cells.

EBackground in Eq. (3) is marginal. Taking the alternative assumption that the ratio of fire emissions to total NOx emissions remains constant generally has less than −5 % effect on
our results, except for agricultural burning, where the range
is −7 to −9 %.
We modulated the bottom-up fire NOx emissions by 15 %
and calculated the change in modeled NO2 tropospheric
columns in fire-dominated grid cells. From these NO2 tropospheric column changes, we calculated daily β values that
typically fell within the range of 0.8–1.2 (Fig. S2). The
lowest values of β (< 0.8) occurred in central and western
Brazil as well as eastern Bolivia in August and September,
where MOPITT (Fig. S1), OMI (Fig. 1), and SCIAMACHY
(Fig. 5) observations indicate the highest pollution concentrations and GFED v3 estimates the highest fire emissions
dominated by deforestation burning (Figs. 2 and 4). In areas where NO2 and CO concentrations are low (e.g., the start
of the fire season and eastern/southern Brazil), β is greater
than 1.5, reflecting the increase in OH concentration (and
decrease in NO2 lifetime) through chemical feedbacks when
NOx emissions increase.
For each day and grid cell where there is a valid OMI observation and a corresponding monthly β, we calculate the
top-down fire NOx emissions estimate (EOMI ) with Eq. (3).
The new NOx emissions and the total dry matter consumption in the bottom-up inventory at the satellite overpass time
were aggregated for a month according to the dominating
GFED v3 fire type (deforestation, savanna/grassland, woodland, or agricultural waste burning). Each grid cell was
assigned a fire type by selecting the category that contributed the most to the monthly dry matter consumption
(Fig. 2). The totaled NOx emission for a fire type was
www.atmos-chem-phys.net/14/3929/2014/
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Fig. 3. Monthly NOx emissions factors derived from daily OMI NO2 tropospheric column observations and GFED dry matter emissions as
described in Sect. 4. The numbers above each bar are the total number of daily Terra + Aqua fire counts in the grid cells that fell into the
biome category in the month.

Fig. 4. Monthly fire NOx emissions. The top row shows the GFED
v3 NOx emissions and the bottom row is the percentage change in
emissions calculated by implementing the OMI-derived NOx emission factors. Positive values reflect an increase in NOx emissions
relative to GFED v3, and negative values reflect a decrease in NOx
emissions relative to GFED v3.

divided by the corresponding dry matter consumption to give
a fire-type-specific OMI-constrained NOx emission factor
(NOx EFOMI B ) (Eq. 4).

Deforestation

P B


E
Woodland
OMI
NO x EFOMI B = P
B=
(4)
B
Savanna

DMGFED


Agriculture
P B
In Eq. (4), EOMI
represents the sum of OMI-constrained
instantaneous fire NOx emissions for grid cells dominated by
www.atmos-chem-phys.net/14/3929/2014/

P
the fire type B. Likewise, DMB
GFED represents the sum of
GFED v3 estimated instantaneous dry matter emissions for
grid cells dominated by the fire type B.
The GFED v3 partitioning of dry matter consumption into
fire types assigns the deforestation label to fires in areas containing evergreen broadleaf forest also outside of the humid
tropical forest domain. This classifies the grid cells in the
northwest of the state of São Paulo as dominated by deforestation. However, surface observations in São Paulo (where
60 % of Brazilian sugarcane is produced) indicate agricultural waste burning, mainly pre-harvest burning of sugarcane
fields, is the dominant source of pollution in São Paulo during the dry season (Oliveira et al., 2011; Openheimer et al.,
2004). Thus we use the threshold of 60 kg N ha−1 fertilizer
and manure nitrogen availability taken from (Potter et al.,
2010) as an additional mask for intensive agricultural operations to recategorize these grid cells as dominated by agricultural burning (Fig. 2). The number of agricultural burning
dominated grid cells increased from 51 to 144.
Several grid cells in South America were labeled as forest fire dominated because burning occurred in forest classes
outside of the humid tropical forest domain. These grid cells
were few (3 % of total fire emitting grid cells in each month)
and sporadic throughout the region and thus do not represent a continuous fire biome. Many forest-fire-dominated
grid cells occurred within the arc of deforestation. If fuel consumption in the grid cell was almost evenly split between forest and deforestation fires (i.e., dry matter consumption for
deforestation fires was at most 10 % less than forest fires),
then the grid cell was labeled as deforestation dominated.
Otherwise, the grid cell was assigned to the woodland category.
By summing the new NOx emissions and dry matter
consumption over a month for a fire type, we considered
an ensemble of fires. This reduces the uncertainty from
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2 × 1015 molecules cm−2 . Averaging the observations over a
1◦ × 1◦ grid cell typically incorporates 10–30 OMI pixels, reducing the uncertainty to approximately 30 % (taking a 15 %
error correlation between the observations; Miyazaki et al.,
2012). In van der Werf et al. (2010), Monte Carlo simulations indicated 20 % uncertainty over continental scales for
the dry matter data set. Adding errors in quadrature gives an
estimated uncertainty of roughly 50 % for the NOx emissions
factors from this work, comparable to the 20–80 % variability
in globally averaged NOx emission factors derived from in
situ observations (Akagi et al., 2011).

5
5.1

Fig. 5. Monthly average SCIAMACHY observed (left column) and
the ratio of modeled to observed NO2 tropospheric columns (center
and right columns). Only grid cells that have fire emissions as indicated by GFED v3 are considered in the monthly average. Satellite observations were re-gridded to 1◦ × 1◦ on a daily basis, where
grid cell averages were taken only when the satellite had enough
valid observations to fill 30 % of the grid cell. Satellite observations with cloud radiance fraction greater than 50 % (cloud fraction
roughly 20 %) were excluded. In the center column are monthly average TM5 NO2 tropospheric columns using GFED v3 emissions
divided by the SCIAMACHY monthly NO2 columns, and in the
right column are the TM5 NO2 columns using the fire NOx emissions calculated with OMI-derived monthly NOx emission factors
divided by the SCIAMACHY monthly NO2 columns. The modeled
columns have been transformed with the SCIAMACHY averaging
kernels.

partitioning the monthly fuel consumption estimates to emissions in the model time step prior to the satellite overpass
time. Moreover, as we expect fires in neighboring grid cells
of the same fire type to have similar fuel loads, and thus homogeneous NOx emissions, this also reduces the errors introduced by horizontal transport, which can smear the local
sensitivity of NO2 tropospheric columns to NOx emissions.
Thus, the primary sources of uncertainty in deriving OMIconstrained NOx emission factors stem from the accuracy
of the (1) partitioning between NO2 and NOy in TM5, (2)
OMI NO2 tropospheric columns, and (3) GFED v3 dry
matter consumption estimates. Huijnen et al. (2010b) indicate NOy wet deposition and NO2 concentrations over
polluted North America and Europe, where bottom-up inventories are better constrained, are generally within 30 %
of observations. Boersma et al. (2011) estimated that each
individual DOMINO retrieval has an uncertainty of 75 %
for typical NO2 tropospheric column concentrations of
Atmos. Chem. Phys., 14, 3929–3943, 2014

Results and discussion
Observation-constrained NOX emission factors

Monthly average fire NOx emission factors calculated from
the daily adjustment of NOx emissions to match OMI NO2
tropospheric column observations are shown in Fig. 3 (also
see Table 1). On average, we found that deforestation fires
have the lowest NOx emission factors and agricultural fires
the highest, which is also the trend apparent in NOx emission factors derived from in situ observations for the region
(Table 1).
NOx emission factors for woodland and savanna burning are comparable on average and fall in in the middle
of the calculated range. Our results indicate that woodland and savanna NOx emission factors decreased from July
to August by roughly 60 and 30 %, respectively. A similarly large (80 %) decrease in NOx emission coefficient for
African woody savanna burning was calculated in Mebust
and Cohen (2013), although the decrease occurred over several months (the dry season is also significantly longer in
Africa than in South America). Likewise, NOx emission
factors derived from in situ observations of early dry season savanna fires in the Yucatan were 80 % higher than
emission factors observed for late season African savanna
fires (Yokelson et al., 2011), likely due to differences in
fuel nitrogen content. In the Yucatan, the average early dry
season NOx emission factor was 6.09 g NO kg−1 dry matter, close to the 4.6 g NO kg−1 dry matter calculated in this
work for July woodland fires. The August and September
OMI-derived NOx emission factors for savanna burning (2.1
and 1.8 g NO kg−1 dry matter, respectively) are comparable to the calculated woodland emission factors (2.0 and
2.5 g NO kg−1 dry matter) as well as the GFED v3 global
average NOx emission factors. In GFED v3, the partitioning
between savanna and woodland burning is made by determining whether herbaceous or woody fuels dominate. The
distinction is likely ambiguous at 1◦ × 1◦ resolution; thus the
emission factors derived for these values may reflect a mixture of savanna and woodland burning.
The range of the deforestation emission factors (1.4–
2.3 g NO kg−1 dry matter) from this work falls within the
www.atmos-chem-phys.net/14/3929/2014/
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lower half of the estimates for tropical forest burning
(2.55 ± 1.40 g NO kg−1 dry matter) in Akagi et al. (2011).
The average of the OMI-derived deforestation emission
factors is 30 % lower than the value used in GFED v3
(2.26 g NO kg−1 dry matter). Similar to savanna and woodland fires, there was a substantial (40 %) decrease in deforestation NOx emission factor from July to August. The
August and September NOx emission factor values are
closer to the best-estimate deforestation emission factor
(1.7 g NO kg−1 dry matter) from Yokelson et al. (2008) calculated with the contribution of emissions from low MCE
residual smoldering combustion taken into account. This
suggests that, on average, deforestation fires in August and
September either had overall lower MCE, were burning
higher C : N ratio fuels, or both. Thus, our findings support
the hypothesis given in Yokelson et al. (2007) that under prolonged dry conditions, large-diameter fuels – which burn in
the smoldering phase and have, on average, C : N ratios that
are higher than leaf litter by a factor of 5 (Wang et al., 2010)
– may contribute more to total fire emissions, offsetting the
expected increase in MCE due to the drying out of the other
fuels.
August is typically the driest month of the year in South
America, and in 2005 the drought severity index (DSI) (Mu
et al., 2013) indicated strong drought conditions (Fig. S4)
over the region. The DSI incorporates MODIS observed normalized difference vegetation index (NDVI) and the ratio
of evapotranspiration (ET) to potential evapotranspiration
(PET) to determine the deviation of terrestrial water availability and plant productivity from normal levels. Thus the
low deforestation NOx emission factor and MCE in August
(1.4 g NO kg−1 dry matter) may not be typical, but may be
partly driven by the extreme drought either by desiccating the
large fuel or by prompting more farmers to burn recently deforested pastures, which have a higher fraction of smoldering
combustion from large-diameter logs (Christian et al., 2007).
Analysis of multiple years of data is needed to confirm this.
For agricultural burning we calculated emissions factors
that are on average a factor of 1.8 higher than the global
average value used in GFED v3 (2.29 g NO kg−1 dry matter). The emission factor estimates for agriculture fires are
based on only a few 1◦ × 1◦ grid cells (4–8) that we are able
to invert because we impose the limitation of considering
fire dominated grid cells only. Nevertheless, our results (3.4–
4.5 g NO kg−1 dry matter) are within the range of emission
factors observed for crop residue burning in Mexico (2.3–
5.7 g NO kg−1 dry matter) (Yokelson et al., 2011). The observations from Mexico also showed that fires in areas impacted by nitrogen deposition of urban pollution had higher
NOx emission factors than rural fires by a factor of 2. Thus,
nitrogen enrichment of the biomass and litter either from fertilizer application or pollution from the São Paolo agglomeration, and high combustion completeness likely led to higher
NOx emission factors. However, because our calculations are
based on few observations, and elevated background NO2
www.atmos-chem-phys.net/14/3929/2014/
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concentrations driven by anthropogenic and biogenic emissions could bias our results, there is significant uncertainty
around these values.
Recent burned area estimates suggest that total yearly
emissions from small fires, mostly from agricultural burning, may be underestimated by 55 % in South America in
GFED v3 (Randerson et al., 2012). An underestimate in
July–September agricultural fuel consumption could introduce a high bias into our calculation of emission factors for
this fire type. Nevertheless, if our estimate that agricultural
burning NOx emission factors should increase by 80 % is
correct and yearly dry matter consumption should also be
boosted by 55 %, then together these results suggest that
a significant source of fire NOx emission is missing from
GFED v3.
Agricultural fires are the only fire type where we calculated an increase in the NOx emission factor from the beginning of the dry season. Because agriculture fires burn only
herbaceous fuels, when drought conditions occurred in August, the fires likely burned with higher MCE.
5.2

Discussion of uncertainties and bias

In Sect. 4, we estimated that the combined uncertainty for the
OMI-derived NOx emission factors was 50 %. However, biases in the simulated or observed NO2 tropospheric columns
could also affect our results. As stated in Sect. 3, we conservatively estimate that at the early afternoon overpass time of
OMI, TM5 v3 NO2 tropospheric columns are biased low by
0.2 × 1015 molecules cm−2 + 0–20 %. We also estimate that
a high bias in the simulated loss rate of NO2 to OH, as well
as an underestimation in the loss rate of HO2 to aerosols,
could lead to a 25 % high bias in β (see Supplement). From
the August and September monthly means shown in Fig. 1,
it is apparent that TM5 v3 with GFED v3 emissions overestimates NO2 tropospheric columns along the arc of deforestation, while background concentrations are underestimated.
This is consistent with our findings that GFED NOx emission
factors for deforestation burning are on average too high, as
well as the indications that the model NO2 lifetime may be
too short.
Model resolution and sampling errors that arise when
the resolution of the NOx emissions source is significantly
smaller than the resolution of the chemistry transport model
could also bias the model-predicted NO2 concentration and
NOx lifetime. This error is most relevant for fires in July,
when burning is more spatially heterogeneous and takes
place when background NO2 concentrations are low. In this
case, an increase in the NOx concentration will decrease the
NO2 lifetime. At coarse 1◦ × 1◦ model resolution, emissions
are artificially diluted, and we estimate that this could result
in a 25–50 % low bias in β, and a high bias in the NO2 tropospheric column, which would offset the low bias discussed
above.
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In the observations, misrepresentation of the NO2 a priori profile shape and interference from high aerosol loadings could lead to bias in the NO2 tropospheric columns
(see Supplement). If we assume that a homogeneous elevated aerosol layer develops over the region shielding the
surface emissions, OMI-DOMINO v2 NO2 tropospheric
columns could be underestimated by 50 % (Lin et al., 2014).
This number represents an upper limit, and is probably not
representative of the typical aerosol-induced retrieval error
as some aerosol correction occurs via increased cloud fractions in the DOMINO retrieval (Boersma et al., 2011).
If we incorporate these conservative bias estimates in the
NOx emission factor calculation (Eqs. 3 and 4), the “biascorrected” OMI-derived NOx emission factors are within
15 % of our original calculations. Given that our bias estimates are conservative, we estimate that failing to consider
underlying biases in the chemical transport model and observations will contribute at most an additional 15 % uncertainty.
5.3

Evaluation of OMI-derived NOX emission factors

We ran TM5 again with new NOx fire emissions calculated with the OMI-constrained NOx emission factors (NOx EFOMI B ) and compared the model results to
SCIAMACHY NO2 tropospheric columns (Figs. 4, 5, and
6). A gridded monthly field of OMI-derived NOx emission factors was created by assigning to each grid cell the
NOx EFOMI B that corresponded with the dominant fire type.
New monthly fire NOx emissions were calculated by multiplying monthly GFED v3 dry matter consumption data
with the monthly gridded OMI-derived NOx emission factors. The emissions were rescaled to 3-hourly resolution with
the GFED v3 temporal scalars (Mu et al., 2011).
Figure 4 shows a comparison of monthly NOx emissions
calculated with the OMI-constrained NOx emission factors
and GFED v3. For the region, total biomass burning NOx
emissions increased by 12 % in July, and decreased by 33 %
and 26 % in August and September, respectively (Table 2).
Changes in spatial variability reflect the trends in NOx emission factors, with > 30 % increases in July for woodland and
savanna fires in southern and eastern Brazil as well as in
Paraguay and Argentina, but modest (±20 %) changes in August and September. NOx emissions increased for all months
in São Paolo, where agricultural burning dominates. Large
decreases (20–40 %) in NOx emissions occurred in August
and September in central Brazil and in Bolivia, where there
is the most fire activity and total fire emissions are largest.
In Fig. 5 we show observed monthly average NO2 tropospheric columns for all grid cells that contained fire emissions, and the ratio between monthly average TM5 and the
observations. The simulations based on OMI-derived NOx
emission factors are in better agreement with the SCIAMACHY NO2 columns; the root-mean-square error (RMSE)
decreased by 16 and 25 % in August and September, respecAtmos. Chem. Phys., 14, 3929–3943, 2014

Table 2. Monthly total biomass burning NOx emissions for South
America. In the left-hand column are emissions from GFED v3,
while the right-hand column shows emissions calculated by multiplying GFED v3 monthly dry matter consumption with spatially
and temporally variable OMI-derived NOx emission factors.

July
August
September
Total

GFED v3 [Gg NO]

OMI EF [Gg NO]

160
838
798

179
561
590

1796

1330

tively, with little change in July. Figure 6 shows the probability distribution of the model bias for observed daily NO2
concentrations over grid cells where fire emissions dominate
over NOx emissions from other sectors. In general, for all
fire types the RMSE as well as the mean and standard deviation of the bias decreased, but the largest changes occurred
in deforestation-dominated grid cells. Moreover, the skew towards positive bias is also reduced. That the bias is more
symmetric indicates that underlying systematic errors in the
simulation decreased.
Unfortunately, SCIAMACHY had only a few valid observations of agriculture burning in August. Total emissions
from agriculture burning are relatively small, and SCIAMACHY overpass is earlier in the morning, while the maximum of the diurnal profile of fire emissions is early in the
afternoon (close to the OMI overpass time) (Boersma et al.,
2008; Mu et al., 2011). Thus, in agricultural areas of São
Paolo, NOx emissions from other sources are more likely to
dominate when SCIAMACHY makes an observation. More
validation is needed to constrain agricultural fires; the RMSE
for these grid cells decreased by 2 %.
Deforestation emissions dominate in the grid cells with
continued high bias in September despite the lower OMIderived NOx emission factors (Fig. 5). The high bias may
result from an overestimation in the GFED v3 fire persistence
approximation that is used to boost the burned area (and thus
total emissions) of deforestation fires.
Although the spread in the bias decreases for all biomes,
the standard deviation of the bias is still larger than the detection limit of the observations. Continued significant errors in
the simulation can be expected, as other model errors will not
be corrected. Moreover, our approach of binning together all
fires within each biome may overrepresent fires with higher
fuel consumption and therefore higher NO2 concentrations.
It is possible that smaller fires burning more herbaceous vegetation have higher NOx emission factors, and that larger
fires burning more coarse fuels have lower NOx emission factors. A focus on resolving intra-biome variability will be the
subject of future work.
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Fig. 6. The probability distribution of the bias between TM5 and
SCIAMACHY daily NO2 tropospheric columns. Only grid cells
where fires contribute over 50 % to total NOx emissions are considered.

6

Conclusions

Satellite NO2 tropospheric column observations indicate
substantial spatiotemporal variability in fire NOx emission
factors. Overall, the OMI-derived NOx emission factors were
inline with emission factors derived from in situ measurements for the region. The spatial patterns – on average highest NOx emission factors for agricultural burning and lowest
for deforestation burning – also agreed with emission factors
derived from in situ measurements from the region.
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For savanna and woodland burning we found the highest
NOx emission factor was in July, the start of the fire season.
However, the decrease in emission factor between July and
August for woodland fires was twice that of savanna fires.
The trend of higher emission factors at the beginning of the
dry season agrees with in situ savanna fire observations in
Mexico and Africa and satellite-based NOx emission coefficients observed over African savannas.
We found a minimum in the NOx emission factor for deforestation burning in August that corresponded with the
month of widespread severe drought in South America. Prolonged dry spells may lead to a larger contribution of smoldering combustion from large-diameter fuels to total fire
emissions, which would lower the MCE and NOx emission
factor, and offset the higher MCE of the dryer, finer fuels.
Thus the seasonal cycle in deforestation NOx emission factors may have been amplified by the extreme drought conditions. Considering the combustion efficiency of the different
elements of the fuel mixture could improve bottom-up modeling of fire NOx emissions.
We also found NOx emission factors for agricultural burning that were a factor of 1.8 higher than the global average value used in GFED v3 but were within the range of
emission factors reported for crop residue burning in Mexico. However, our calculations were limited by few observations as well as uncertainties in background NOx concentrations and agricultural fuel consumption, which increases
the uncertainty for these values. Nevertheless, if our emission factor estimates are correct, then given estimates that
small fires could add 55 % more yearly burned area to the
current assessments in GFED v3 (Randerson et al., 2012),
agricultural fire NOx emissions may be significantly underestimated. This could have implications for simulations of local
air quality, as most intensive agriculture is in close proximity to the São Paulo agglomeration, Brazil’s most populous
region.
We evaluated the OMI-derived NOx emission factors with
SCIAMACHY NO2 tropospheric column observations. The
model performance improved particularly for fire-dominated
grid cells. The better comparison to SCIAMACHY observations and general agreement with field measurements of
fire NOx emission factors provides some confidence to our
emission factor estimation approach. While the current satellite observation, chemical transport modeling, and bottom-up
emissions estimates may have substantial uncertainty, which
makes calculating a definitive emission factor impossible,
globally averaged fire emission factors derived from in situ
observations likewise have large uncertainties. The results
from this work cannot close the spread in observed emission factor values; however they show that an analysis of a
large number of fires aggregated over time and space yields
NOx emissions factors that are generally consistent with independent satellite observations and point observations of a
few fires.
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A comparison to MOPITT CO total column observations
with the TM5 simulation showed that the observations were
systematically underestimated at the end of the dry season,
indicating there may be a low bias in burned area estimates
(and therefore dry matter consumption). Increasing cloud
cover leading into the wet season likely obscures burned area
observations at this time.
Field campaigns that characterize the relationship between wildfire combustion efficiency and NOx emissions,
particularly targeted towards comparison to satellite NO2 observations would be beneficial, as satellite-based NOx emission factors may characterize burning conditions over large
spatial and temporal scales. Insight into variability in combustion efficiency through NOx could improve the estimate
of other trace gases as well as particulate matter.

Supplementary material related to this article is
available online at http://www.atmos-chem-phys.net/14/
3929/2014/acp-14-3929-2014-supplement.pdf.
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