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Abstract. Assessing the impact of biomass burning (BB) emissions on tropospheric ozone is critical for understanding air
pollution and climate interactions. BB emission inventories like Global Fire Emissions Database and Global Fire Assimilation
System, typically based on sun-synchronous satellite observations, report emissions on daily, weekly or longer timescales with
empirically derived factors generally used to overlay diurnal variations. To explore the sensitivity of tropospheric ozone to
diurnal variability, we incorporated day-specific hourly BB variations inferred from geostationary satellite data into the GEOS-
Chem atmospheric chemistry transport model. The simulations were compared with those using established inventories and
evaluated against in situ and satellite observations. Simulations with real hourly-resolved emissions produce comparable
surface ozone biases (—1.54 to +9.09 ppbv vs. —1.58 to +9.13 ppbv) and marginally higher correlations with TROPOMI
nitrogen dioxide (r = 0.80-0.89) and OMI ozone (r = 0.80-0.94). Although the statistical improvements are limited, the
geostationary-driven approach reveals pronounced regional ozone differences and mechanistic insights into the role of diurnal
fire variability. Data-driven diurnal BB variations across Africa cause significant surface ozone changes (—8.57 to +21.88
ppbv) and alter tropospheric ozone columns by -0.41 to 1.09 DU, particularly in regions with intense fire activity like Angola
and Zambia. These changes propagate globally, shifting regional OH concentrations by —4.4% to +51.7%. These findings
emphasize the critical role of accurately describing diurnal BB variations in atmospheric models to better quantify its impacts
on atmospheric composition, providing insights for Earth system model development and the use of geostationary-derived BB

emissions datasets.
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1 Introduction

Biomass burning (BB) — the large-scale combustion of live and dead organic plant matter — is a critical process in the Earth
system, influencing ecosystem functioning by recycling nutrients and enabling serotiny. However, its incomplete combustion
releases significant quantities of gaseous and particulate pollutants alongside CO», including greenhouse gases like methane
and nitrous oxide, and reactive species such as carbon monoxide (CO), nitrogen oxides ((NO, = NO + NO,)), and volatile
organic compounds (VOCs) (Koppmann et al., 2005; Reid et al., 2005; Andreae, 2019). These emissions drive regional and
global tropospheric chemistry, contributing to the production of tropospheric ozone, a key air pollutant and greenhouse gas
with implications for air quality, human health, and climate (Parrington et al., 2013; Bourgeois et al., 2021; Xu et al., 2023;
Marvin et al., 2024). Globally, wildfires are estimated to produce approximately 170 Tg of ozone annually, accounting for

3.5% of total tropospheric ozone production (Jaffe and Wigder, 2012).

Due to its unique biophysical and climatic conditions, the African continent has long been a global hotspot of BB activity
(Archibald et al., 2012), recognised in the scientific literature since the 19" Century (von Danckelman, 2009). African BB
emissions, primarily in tropical grasslands, savannas, and shrublands, account for ~70% of the global burned area and ~50%
of fuel consumption, driven by abundant vegetation, stable dry seasons, and frequent natural and anthropogenic ignition
sources (Bowman et al., 2020; Jiang et al., 2020). Southern Africa has been the focus of extensive field campaigns investigating
biomass burning emissions, with prominent dry-season initiatives including the Southern African Fire-Atmosphere Research
Initiative (SAFARI-92; Trollope et al. (1996)) and the South African Regional Science Initiative (SAFARI 2000; Swap et al.
(2003)). By integrating in situ measurements with atmospheric chemistry transport models, these studies have revealed key
aspects of biomass burning, including the magnitude and distribution of regional emissions, the atmospheric transport
processes governing their dispersion, and their combined effects on air quality and climate. Previous research has identified
Africa as the most significant contributor to tropospheric ozone associated with biomass burning, accounting for approximately
35% of the global annual pyrolytic ozone enhancement (Marufu et al., 2000). Data from the Ozone Monitoring Instrument
(OMI) and the Microwave Limb Sounder (MLS) aboard the NASA Aura satellite, coupled with outputs from an atmospheric
chemistry transport model, highlighted a persistent enhancement in tropospheric ozone of 5-8 ppbv, above typical values of
35-55 ppbv, over sub-Saharan Africa during fire seasons (Ziemke et al., 2009). Similarly, the column ozone amount increased
by approximately 10-20%. In addition, Jourdain et al. (2007) employed the GEOS-Chem atmospheric chemistry transport
model to link BB over West and Central Africa to ozone-enriched layers observed by the NASA Tropospheric Emission
Spectrometer aboard the Aura satellite, contributing to increases in the lower tropospheric ozone background by 20-50%.
These findings underscore Africa’s critical role in the global tropospheric ozone budget and the need for accurate BB emission

estimates to inform climate and air quality strategies.

Previous studies have characterized the influence of the magnitude and seasonal variation of African BB emissions on

tropospheric ozone. However, critical gaps remain in understanding regional-scale ozone production from African fires,
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especially about including data-driven changes in diurnal emission patterns in atmospheric transport models. Most atmospheric
modelling studies simplify biomass burning emissions by assuming temporally uniform release rates (Jourdain et al., 2007;
Ziemke et al., 2009), an approximation that may obscure important short-term chemical and transport dynamics. Fire
behaviour—encompassing speed, intensity, and spatial distribution—is governed by a complex synergy of meteorological
factors that vary diurnally (e.g., wind, temperature, and atmospheric stability), fuel characteristics (e.g., moisture content,
biomass density, and vegetation type), and ignition sources (Archibald et al., 2013; Bowman et al., 2020). Furthermore, the
spatiotemporal distribution of fires is intrinsically linked to broader environmental and anthropogenic drivers, including
climatic variability, human land-use decisions, and regional fire governance strategies (Lavorel et al., 2007; Kelley et al.,
2019). The interplay of these factors not only determines fire frequency and severity but also imposes a pronounced diurnal
signature on fire activity. For instance, daytime heating and lower humidity enhance fire intensity and emissions, while
nighttime cooling suppresses combustion, creating dynamic emission profiles rarely captured in conventional models or reliant
on fixed diurnal profiles (Heald et al., 2003; Zhu et al., 2018). More recently, Tang et al. (2022) emphasized that fire diurnal
cycles exert strong influences on regional air quality during major field campaigns in the United States, underscoring the need
for improved representation of sub-daily variability in chemical transport models (Mu et al., 2011; Li et al., 2019). This
highlights a critical research need: understanding how the observed diurnal variability in African biomass burning emissions

affects the tropospheric ozone budget both within Africa and in downwind regions.

BB emission inventories, typically built from satellite-derived burned area or active fire counts combined with fuel load
estimates and emission factors (Seiler and Crutzen, 1980; Andreae and Merlet, 2001), have improved significantly through
further advancements in the spatial and temporal resolution of satellite observations, numerical modelling and data
assimilation, as well as in field campaigns (Giglio et al., 2018; Ichoku, 2020; Xu and Wooster, 2023). However, uncertainties
persist in quantifying emissions (e.g., magnitude, patterns, vertical injection height), potentially introducing errors in regional
and global air pollutant distributions (Reddington et al., 2016; Petrenko et al., 2017). Most widely used global fire emission
inventories, such as Global Fire Emission Database (GFED), Global Fire Assimilation System (GFAS), Quick Fire Emissions
Dataset (QFED), and Fire Inventory from NCAR (FINN), provide emissions at monthly or daily resolution. GFED is based
on the MODIS burned area product available at monthly intervals, while GFAS, QFED, and FINN use active fire detections
or FRP to provide daily emissions that can be further disaggregated to sub-daily scales using empirical or observation-based
factors (WRAP, 2005; Akagi et al., 2011; Wooster et al., 2021). This approach introduces uncertainties in assessing short-term
emission variability and its impact on atmospheric composition. This limitation underscores the need for higher-resolution
data to better characterize short-term emission variability and its atmospheric effects. Previous efforts have sought to
characterize fire diurnal cycles directly from satellite observations, for example by combining geostationary and polar-orbiting
data for Africa (Freeborn et al., 2009) and by developing new MODIS-based diurnal parameterizations to improve FRP-derived
fire energy estimates (Andela et al., 2015). Addressing these uncertainties is particularly critical in regions with significant BB

activity, where changing fire patterns further complicate emission estimates. This highlights the critical importance of
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advancing African BB research is vital for developing climate-adaptive strategies that address both local environmental

management and global carbon budgeting challenges (Walker et al., 2019; IPCC, 2023).

In this study we aim to develop a better understanding of how real diurnal variations in African BB affect tropospheric ozone
production and atmospheric oxidation capacity. We compare the results to those obtained when a fixed diurnal cycle is
assumed. We use an inventory derived using the ‘Fire Radiative Energy eMissions (FREM)’ approach to prescribe the
emissions (Nguyen and Wooster, 2020), whereby Fire Radiative Power (FRP) timeseries derived from geostationary data
collected by the Meteosat Spinning Enhanced Visible Infra-Red Imager (SEVIRI; Wooster et al., 2015) is combined with
carbon monoxide column data from the TROPOspheric Monitoring Instrument (TROPOMI) aboard the ESA Sentinel-5
Precursor (Sentinel-5P) satellite to infer rates of biomass burning change across each day analysed (Wooster et al., 2015).
These FREM-derived ‘top-down’ BB emissions for Africa are described in (Nguyen et al., 2023), and here we have expanded
this inventory using additional emissions factors to include the full suite of BB emissions used by the GEOS-Chem model,
allowing us to evaluate the impact of observed diurnal emission variations on describing the observed distribution of
tropospheric ozone. Section 2 describes the data and methods in more detail; outlining the GEOS-Chem Atmospheric
Chemistry Transport Model, as well as the satellite observations used in this study. Section 3 outlines the results and analysis,

and in Section 4 we provide a summary and conclude the study.

2 Data and Methods

Here we describe the GEOS-Chem atmospheric chemistry transport model and the satellite data to explore the impact of diurnal
variations in BB emissions in Africa, inferred from geostationary satellite data, on the regional and global chemical
composition of the atmosphere. For this study, we focus on four months in 2019 that exemplify seasonal changes over Africa:

January, April, July, October.

2.1 The GEOS-Chem Atmospheric Chemistry Transport Model

We employ the global three-dimensional chemical transport model GEOS-Chem version 13.3.1 (available at
https://github.com/geoschem/GCClassic/tree/13.3.1, last accessed 8 February 2025) to interpret the impact of diurnal
variations in BB emissions in Africa on the chemical composition of the atmosphere. The model is driven by Goddard Earth
Observing System, version 5 (GEOS-5) Modern-Era Retrospective analysis for Research and Application version 2 (MERRA-
2) assimilated meteorological fields from the Global Modeling and Assimilation Office (GMAO) at NASA Goddard Space
Flight Center. We perform nested-grid simulations over whole Africa (18.75°W -52.0°E, 36.0°S-18.0°N), also driven by the
MERRA-2 assimilated meteorological fields at a spatial resolution of 0.5°(latitude) x 0.625°(longitude). We spin up the GEOS-

Chem model by one month for each of the four typical months of simulation. Time-dependent lateral boundary conditions are
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archived from the global simulation run at a coarser resolution of 2° latitude x 2.5° longitude. For both models, we use 47

hybrid-sigma levels extending from the surface to 0.01 hPa.

The GEOS-Chem model incorporates an extensive chemical mechanism for stratospheric and tropospheric ozone—NO,—
VOCs—aerosol-halogen interactions, as outlined by Eastham et al. (2014). The model utilizes chemical kinetics data from the
Jet Propulsion Laboratory (JPL) and the International Union of Pure and Applied Chemistry (IUPAC), as described by
(Burkholder et al., 2015) and IUPAC (2013), respectively. Photolysis rates are computed using the Fast-JX scheme (Bian and
Prather, 2002). Tracer advection is achieved through the utilization of the TPCORE advection algorithm (Lin and Rood, 1996),
while the boundary layer mixing process is characterized by the non-local scheme (Lin and McElroy, 2010). Dry deposition
of gases and aerosols is calculated using the resistance-in-series algorithm (Wesely, 1989; Zhang et al., 2001). Wet deposition
of water-soluble aerosols and gases is described by the methodologies presented by Liu et al. (2001) and Amos et al. (2012),

respectively.

Emissions in GEOS-Chem are included using the Harvard-NASA Emission Component (HEMCO) (Keller et al., 2014). We
use the latest version of the Community Emissions Data System (CEDSv2) anthropogenic emissions inventory (O'Rourke et
al., 2021). Online calculation of natural emissions of biogenic VOCs (Guenther et al., 2012), lightning NO, (Murray et al.,
2012), and soil NO, (Hudman et al., 2012) are used in both global and regional simulations. We refer the reader to Wang et al.
(2022) for more details on the model configurations. BB emissions are also incorporated in our simulations. Detailed
descriptions of the BB inventories, including the fire radiative energy emission inventory, can be found in Sections 2.2 and

24.

2.2 Fire Radiative Energy Emission Inventory

The Fire Radiative Energy eMission (FREM) inventory is a “direct” and “top-down” style of BB emission inventory, in that
it is solely based on satellite remote sensing observations, without the need for modelling or additional assumptions. This is in
direct contrast to non-direct, more “bottom-up” inventories, such as the GFED (Randerson et al., 2017), whose emissions are
estimated by combining burnt-area extent observations with combustion completeness assumptions and pre-fire fuel load

estimations (Reid et al., 2009).

The first iteration of the FREM approach (FREMv1) focused on deriving Total Particulate Matter (TPM) emissions from FRP
observations (Mota and Wooster, 2018; Nguyen and Wooster, 2020; Nguyen et al., 2023), using aerosol optical depth (AOD)
estimations to calculate plume-integrated Total Column PM; s amounts. This was done via a training dataset of fire-matchups
of manually identified and digitized plume extents from fires and their resulting smoke plumes, subject to cloud-free conditions
and sufficient near-surface winds to aid in the identification of smoke plumes in the AOD observations. FREMv1 was enhanced
by (Mota and Wooster, 2018; Nguyen and Wooster, 2020; Nguyen et al., 2023) to improve the performance, via improved
AOD datasets. The current version of FREM (FREMv2, (Mota and Wooster, 2018; Nguyen and Wooster, 2020; Nguyen et

5
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al., 2023) replaced the AOD dataset with Total Column Carbon Monoxide (TCCO) observations to directly estimate CO fluxes,
rather than TPM. However, both FREMv1 and FREMv2 use geostationary FRP data owing to its high temporal resolution.

Both iterations of the FREM approach follow the same methodology; by grouping the fire-matchups total Fire Radiative
Energy (FRE) and plume-integrated totals of emissions of TPM and/or CO by their respective biomes, a series of biome-
specific emission coefficients (Ce) were generated, directly relating FRE to the emitted TPM and/or CO. These derived biome-
specific emission coefficients can then be used with the entire SEVERI-derived FRP timeseries to calculate the emissions of
TPM and/or CO at the native temporal resolution of 15 minutes across the entire timeseries. Additionally, biome-specific
emission coefficients of other species can be estimated using emission factor (EF) ratios, via Equation (1), allowing for the

generation of other emission timeseries:
. EFbiome )
b — b
Ceylome - [( Y )/(EFxbiome)] Cexlomei (1)

where Cel*™eand EEP"*™?are the biome-specific emission coefficient (g MJ!) and emission factor (g kg') of the target
species y, while Ce2°™eand EEP™€are the biome-specific emission coefficient (g MJ') and emission factor (g kg™') of the
reference species x (typically TPM or CO). Comparisons to fire emissions data from the GFEDv4 between 2004 and 2020
across Africa showed regional CO emissions are remarkably close, despite the two inventories being independent and utilizing

different satellite datasets and methodologies (Nguyen et al., 2023).

For this study, we used the FREM biome-specific emission coefficient for CO (Nguyen et al., 2023), alongside the
geostationary Meteosat SEVERI FRP-GRID data product (Wooster et al., 2015) at its native spatio-temporal resolution (15
minute, 0.1° x 0.1°) across the African continent (40°N - 37°S, 20°W - 52.9°E) between 1% January and 315 December 2019,
generating an African wide timeseries of gridded CO emissions. To assess the impact of diurnal variations in fire emissions,
the FREM CO emissions were then aggregated into three different temporal resolutions: hourly (FREM _hourly), tri-hourly
(FREM_3hourly), and daily (FREM_daily), each giving gridded summations of CO at these three resolutions.

2.3 In situ Observations

We use surface, sonde, and aircraft in situ measurements of ozone over Africa to help evaluate our GEOS-Chem model

simulation. Surface ozone observations are obtained from the South African Air Quality Information System

(SAAQIS, https://saaqgis.environment.gov.za/) for 2019. Following the data quality control procedures established by Wang et
al. (2023) and Wang et al. (2024), we apply rigorous filtering to exclude unreliable measurements. There is a total of 84 sites
used for evaluation during the study period. For upper-tropospheric and lower-stratospheric ozone validation, we utilize
ozonesonde data from the Southern Hemisphere ADditional OZonesondes network

(SHADOZ, https://doi.org/10.57721/SHADOZ-V06). SHADOZ, operational since 1998, comprises 14 tropical and

6
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subtropical stations providing high-vertical-resolution ozone profiles widely used for satellite validation and model evaluation,
particularly in the launch up to 35 km altitude range (Thompson et al., 2017; Witte et al., 2017; Sterling et al., 2018; Witte et
al., 2018). The profiles are collected from electrochemical concentration cell-type sensors launched with a standard radiosonde
and are the reprocessed/homogenized V06 data described by Witte et al. (2017). In this study, we focus on two African stations:
Ascension Island and Nairobi. Recent research confirmed the long-term stability of SHADOZ measurements, demonstrating
consistent agreement with satellite total column ozone observations and independent stratospheric ozone records over the past
18 years (Stauffer et al., 2022). This established reliability supports the use of SHADOZ data as a robust benchmark for model
evaluation (Thompson et al., 2021; Wang et al., 2022).

We also use aircraft measurements from In-service Aircraft for a Global Observing System (IAGOS, https://www.iagos.org/).

IAGOS is a European Research Infrastructure initiated in August 1994 for global observations of atmospheric composition
from instruments on board commercial aircraft of internationally operating airline (Thouret et al., 1998; Nédélec et al., 2015).
Ozone is measured by ultraviolet absorption monitor at 253.7 nm with a time resolution of 4s, a precision of +2%, and an
accuracy of about £2 ppbv. Previous studies have established the reliability of IAGOS ozone data through extensive validation,
showing close agreement with ozonesonde measurements (Staufer et al., 2013, 2014) and demonstrating its capability to
accurately represent lower tropospheric ozone variability (Petetin et al., 2018; Cooper et al., 2020). These findings underscore
the suitability of IAGOS observations for assessing regional-scale tropospheric ozone trends, particularly in the free
troposphere where such high-resolution aircraft measurements provide critical constraints. Here we focus on the Africa region
in 2019 to assess the performance capability of the model. Figure 2 shows a total of 131 available ozone profiles are obtained
across Africa during the four study months (January, April, July, and October) of 2019. We use a consistent methodology to
sample the GEOS-Chem simulations, driven by the different inventories, at the time and location of each observation, including

along flight tracks and ozonesonde trajectories.

2.4 Satellite Observations

We also use satellite column observations to help evaluate our GEOS-Chem model because they provide self-consistent,
continental-scale information that complements the in situ data. We use total CO columns and tropospheric NO, columns
during 2019 retrieved from TROPOMI, which is a nadir-viewing 108-degree field-of-view, push-broom grating hyperspectral
spectrometer (Veefkind et al., 2012) onboard the Sentinel-5P satellite with an ascending local equator crossing time of 13:30.
TROPOMI collects spectrally resolved data at ultraviolet-visible (UV-VIS, 270nm to 495nm), near-infrared (NIR, 675nm to
775nm), and shortwave infrared (SWIR, 2305nm to 2385nm) wavelengths. It achieves near-daily global coverage by having
an across-track swath width of 2600 km and has a ground footprint spatial resolution of 5.5 x 7.0 km? for CO and NO; at nadir.
We refer the reader to dedicated studies that describe the retrieval of CO (Vidot et al., 2012; Landgraf et al., 2016) and NO,
(van Geffen et al., 2020). We use TROPOMI tropospheric ozone data retrieved by the convective-cloud-differential (CCD)
algorithm (Valks et al., 2003; Valks et al., 2014). This data product is gridded daily at a resolution of 0.5° latitude by 1°
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longitude resolution between 20°S and 20°N, and represents a 3-day moving mean tropospheric ozone column between the
surface and 270 hPa in cloud-free conditions (Hubert et al., 2021). In our study, we only used TROPOMI satellite retrievals
associated with quality assurance flags > 0.5 for CO, >0.75 for NO», and >0.5 for ozone, which corresponds to good-quality
retrievals over nearly cloud-free scenes, as recommended by the relevant technical notes (available at

https://sentinels.copernicus.eu/web/sentinel/technical-guides/sentinel-Sp/products-algorithms; last accessed 20 July 2023).

We also include monthly OMI/MLS tropospheric ozone columns with resolutions of 1° x 1.25° for 2019 and latitude range
60°S—60°N. OMI/MLS tropospheric ozone is determined daily by subtracting the co-located MLS stratospheric ozone column
from the OMI total ozone column (Ziemke et al., 2006). Monthly mean fields are then determined by averaging all available
daily data within each month. More details for the OMI/MLS tropospheric ozone columns data are described in Ziemke et al.

(2019).

To compare the model against TROPOMI, GEOS-Chem CTM is sampled at the time and location of each TROPOMI
measurement to generate vertical profiles x to which we then apply a scene-dependent instrument averaging kernel (A4) that

describe the instrument vertical sensitivity:

X=Ax+ (1-A)x,, (2)

where x, denotes a priori vertical profile from TROPOMI; lower- and upper-case variables in bold denote vector and matrix

quantities, respectively. We convert the simulated profile to partial column, following Zhang et al. (2010).

2.5 Numerical Experiments

To assess the impact of geostationary satellite data-driven, day-specific diurnal varying BB emissions on tropospheric ozone
within GEOS-Chem model (Table 1), we use the FREM African BB emissions inventory for CO of Nguyen et al. (2023),
extend it to multiple emitted species using biome-specific emissions factors presented therein, and aggregate it to three different
temporal resolutions (hourly, three-hourly, and daily). We compare this inventory to the two most commonly used BB
inventories — the Global Fire Emissions Database Version 4.1 (GFED4.1s) and the GFAS (Kaiser et al., 2012). In GFEDA4.1s,
emissions of trace gases and aerosols are derived using a bottom-up approach that combines MODIS burned area, fuel load,
combustion completeness, and biome-specific emission factors defined per unit of dry matter burned (Randerson et al., 2017,
van der Werf et al., 2017). GFAS follows a similar principle, converting MODIS FRP into dry matter combustion using land-
cover-specific FRP-to-dry-matter-consumed factors, and then deriving emissions using biome-dependent emission factors
(Kaiser et al., 2012). By contrast, the FREM inventory provides only CO emissions derived from geostationary FRP and
Sentinel-5P CO observations (Nguyen et al., 2023); other species (e.g., NOx, VOCs, aerosols) are obtained by scaling CO
using biome-specific CO-to-species emission factor ratios (Andreae and Merlet, 2001; Akagi et al., 2011; Andreae, 2019).



250

255

260

265

270

275

The GFEDA4.1s dataset provides monthly data on burned area, fire carbon, and dry matter (DM) emissions, along with the
contributions from different fire types, enabling the calculation of trace gas and aerosol emissions via emission factors.
GFEDA4.1s inventory includes fractional contributions from various fire types, with daily or 3-hourly emissions which are
scalar fields to increase the temporal resolution of monthly emissions based on active fire distributions and diurnal cycles
informed by climatological data. Importantly, GFED4.1s integrates small fire inputs to improve the precision and
comprehensiveness of emission estimates (Randerson et al., 2017; van der Werf et al., 2017). The GFAS inventory estimates
dry matter burning through FRP observations from the MODIS instruments onboard the Terra and Aqua satellites, offering
daily spatially gridded BB emissions for a wide range of chemical species, greenhouse gases, and aerosols at a spatial resolution

of 0.1° x 0.1° (Kaiser et al., 2012).

We prepare two baseline simulations and a total of six sensitivity simulations to investigate the impact of diurnal BB emissions
variations in Africa on the regional and global chemical composition of the atmosphere, described in Table 1. In all simulations
we use the same anthropogenic and non-BB natural emissions. To reiterate, all GEOS-Chem simulations are driven by hourly
BB emissions, but this hourly emissions information in the case of GFED and GFAS is derived from coarser temporal
resolution emissions data interpolated using their climatological diurnal scaling factors. Our FREM-derived emissions on the
other hand, is based on observed emissions variability derived from real changes in FRP recorded every 15-minutes in the

Meteosat SEVIRI-derived data.

Our self-consistent global (GBASE) and nested (NBASE) baseline simulations use the GFED4 BB inventory. For both baseline
simulations, we use daily fire emission fractions and diurnal cycles that allocate daily emission estimates over eight three-hour
windows during a day (GFED4 3hourly). This implies that the emission remains constant over those three-hour intervals,
resulting in only eight daily updates. Our GBASE simulation provides the three hourly lateral boundary conditions necessary
to run our NBASE simulation over the African domain (defined above). We also include another nested simulation based on
daily BB emissions estimates from the GFAS inventory (GFAS_daily), which uses the same diurnal scaling factors, derived
from the Western Regional Air Partnership based on data collected over the United States (WRAP, 2005), for every day and
every grid point affected by BB. Using this approach, peak emissions occur during daytime hours, between 10:00 and 19:00
local time, with significantly lower values during the remainder of the day and night. This uniform temporal profile of wildfire
emissions has been adopted by other major BB emission inventories, including the Quick-Fire Emissions Dataset (QFED) and

the historical biomass burning emissions for CMIP6 (BB4CMIP).

To assess the impacts of time-resolution of BB emission inventories on atmospheric composition, we used the hourly
(FREM _hourly), three-hourly (FREM_3hourly), and daily (FREM_daily) versions of the FREM inventory. Fire plumes can
inject emissions above the planetary boundary layer (PBL), and for FREM we use smoke plume injection height assumptions
consistent with those in GFAS. GFAS employs two models, the Plume Rise Model (PRM) and the Integrated Monitoring and
Modelling System for Wildland Fires (IS4FIRES), to estimate injection heights. These calculations integrate satellite-derived

9
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Fire Radiative Power (FRP) data with ECMWF forecasts of critical atmospheric variables (Rémy et al., 2017). For GFED4,
we follow the approach of Fischer et al. (2014) and Travis et al. (2016), allocating 65% of biomass burning emissions to the
PBL and the remaining 35% to the free troposphere. For FREM daily, we use the fixed diurnal variation factor used by
GFAS daily, as described above. The comparison between NBASE and FREM 3hourly and between GFAS daily and
FREM daily helps us to assess the impact of different BB emissions inventories, with different emissions totals but the same
temporal resolution, on model output. The comparison of FREM_hourly with FREM_daily helps us assess the impact of a
day-specific diurnal cycle in BB emissions on atmospheric composition. In a final set of calculations, we include a coarser
version of FREM_hourly and FREM_daily in a simulation with a global spatial resolution of 2° x 2.5° — these are denoted as
GFREM hourly and GFREM _daily, where the leading G in the acronym denotes global. The difference between these two
calculations allows us to further investigate the impact of the diurnal cycle of BB emissions in Africa on the global chemical

composition of the atmosphere.

2.6 Ozone budget diagnosis

To investigate the impact of the diurnal varying BB emissions on ozone, we employ budget diagnostics to assess the roles of
four key processes influencing ozone concentrations: chemistry, transport (including horizontal and vertical advection),
mixing, and convection. We do not include a description of the effects of dry deposition here due to the non-local Planetary
Boundary Layer (PBL) mixing scheme used in the model, which incorporates the dry deposition process within the mixing
mechanism. GEOS-Chem v12.1.0 and later versions offer budget diagnostics, defined as the mass tendencies (kg s™') for each
grid cell of each species in the column (total, tropopause, and PBL). These diagnostics reflect the changes in vertically
integrated column ozone mass before and after accounting for chemistry, transport, mixing, and convection components,
providing a more detailed perspective on how these processes interact for ozone changes in the diurnal variation of BB

emissions.

3 Results
3.1 Importance of the Diurnal Cycle of Biomass Burning Emissions on Atmospheric Composition

CO emissions often are used as indicators to evaluate and compare differences among various BB inventories (Hua et al.,
2024). However, here we are most interested in investigating the impact of BB on tropospheric ozone, so we focus on NO,
emissions as it is a key precursor for ozone formation. Previous studies have primarily compared the spatial distribution and
total emissions of BB (Reddington et al., 2016; Carter et al., 2020; Nguyen et al., 2023; Jin et al., 2024), but here we extend
this to include analysis of the diurnal cycle differences among the three BB emission inventories studied (FREM, GFED and
GFANS). Figure 1 illustrates for 2019 the diurnal variations for four representative months for each inventory (top row), the

total monthly NO, emissions for each month (middle row), and finally the spatial distribution of NO, emissions (bottom rows).
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In all datasets, African BB NO, emissions peak in January and July, corresponding to fire seasons in Northern Hemisphere
Africa and Southern Hemisphere Africa respectively and focused on in Figure 1. For comparison, we also present emissions
for April and October, which represent months of relatively low fire activity within the fire season. All three BB inventories
(FREM, GFEDA4.1, GFAS) show consistent seasonal variations in NO, emissions, but there are large differences in their total
emissions — mainly in January and July for northern and southern hemisphere Africa, respectively. The highest total NO,
emission is reported by GFED4.1 (peak of 1318.3 Gg in July), ~275% higher than GFAS and ~159% higher than FREM. This
is consistent with the recent study of Wang et al. (2025)who also suggested that GFED4 may overestimate NO, emissions
from African BB.

Figure 1 diurnal cycles of BB NO, confirm that emissions typically are far higher during the day than at night. This behaviour
is described by the geostationary-derived FREM inventory as expected due to its hourly temporal resolution based on
observations but seems also reasonably captured by the diurnal scaling factors applied in both the GFED4 and GFAS
inventories. However, our analysis reveals significant discrepancies between the ‘true’ FREM hourly inventory, and the daily
totals from the FREM inventory adjusted to be hourly using the idealized GFAS diurnal cycle empirical factors. The FREM
daily resolved emission inventory exhibits higher daytime peaks than the hourly inventory in January, while the opposite is
observed in July, with peak NO, emission differences reaching up to 0.43 Gg hour’'. During July, the peak emission timing
differs between the FREM daily and hourly inventories, occurring at 13:00 and 12:00 local time respectively. During seasons
of lower wildfire activity, such as April and October, the differences between the daily and hourly FREM inventories are much
smaller. In terms of all three inventories, during the fire season, GFAS consistently shows the lowest emissions, and GFED4
the highest. GFED4.1 exhibits higher daytime hourly emissions rates compared to FREM or GFAS, with NO, emission
differences reaching up to 3.58 Gg hour'..

A similar comparison for CO emissions is presented in Figure S1. CO is the principal species used for intercomparison
across multiple biomass burning emission inventories (Pan et al., 2020; Jin et al., 2024) and serves as a key tracer of
combustion and long-range transport (Duncan et al., 2003; Edwards et al., 2006). All three inventories capture the
pronounced north—south seasonal contrast of African fires, with peak activity in January and July and relatively weak
emissions in April and October. The total emitted CO differs noticeably among inventories, with GFED4 generally
reporting higher regional totals than the others, while the relative differences vary somewhat between months and
regions. The diurnal variation of CO emissions is broadly consistent with that of NO,, showing a clear daytime maximum
around local noon and minima at night, but the amplitude and peak timing vary among inventories, reflecting differences

in the representation of fire activity and emission factors.

Figure 1 also shows the monthly distribution of BB emissions of NO; during January, April, July, and October 2019. The

different inventories report substantial differences in the magnitude and spatial distributions of these emissions, which may
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have profound impacts on the subsequent atmospheric chemistry. The differences in the diurnal distribution of these emissions
discussed above may also exacerbate this situation. To investigate these impacts, we analysed the outputs of our GEOS-Chem

atmospheric chemistry transport model runs.

3.2 Impact of BB Emissions on GEOS-Chem Simulations and Model Evaluation

In Figure 2 we evaluate our model simulations using multiple observational datasets. Figure 3 and Table 2 shows the mean
bias between the model simulations and all in situ observations for our four study months. Taylor statistics, which incorporate
three key metrics, centred root-mean-square error, correlation coefficients, and normalized standard deviation, are used to
compare model outputs with satellite retrievals (Figures 4 and S2). Table S1 synthesizes the validation results by presenting
correlation coefficients and mean biases between model simulations and all satellite products. Spatial distributions of these

atmospheric components are further illustrated in Figures S3—S6.

Model Evaluation using In situ Observations

Using NBASE as our reference model simulation, we find that the GEOS-Chem model captures the essential features of
tropospheric ozone vertical distributions across tropical regions, demonstrating good consistency with IAGOS aircraft and
ozonesonde measurements in absolute ozone concentrations (Figure 2). Model-observation comparisons reveal a persistent -
2.38 to 5.21 ppbv bias in the free troposphere relative to ozonesonde data, consistent with IAGOS data (-1.25 to 7.74 ppbv),
as shown in Figure 3. Specifically, the model generally overestimates ozone concentrations (1.77-7.74 ppbv) compared to
TAGOS aircraft observations, except for northern Africa in July where it underestimates (-1.25 £ 6.07 ppbv). At the Nairobi
ozonesonde station, negative model biases occur in April and October, while ozone is overestimated throughout the 1000-200
hPa layer during other months — a pattern that contrasts with the Ascension site where positive biases persist consistently
across all four observed months. Surface ozone comparisons at 84 South African monitoring sites during our four study months
in 2019 show the model reproduces observed temporal variations with mean biases ranging from -0.93 to 8.77 ppbv and
correlation coefficients between 0.50 and 0.65. The model exhibited the highest positive bias in January (8.77 + 12.94 ppbv),
followed by October (7.96 + 11.81 ppbv) and April (5.82 £+ 11.63 ppbv), while July showed near-neutral performance with a
slight negative bias (-0.93 + 10.66 ppbv). The tendency of the model to overestimate peak concentrations likely stems from
two factors — recent updates to chemical mechanisms incorporating heterogeneous NO,, chemistry in aerosols and clouds
(Holmes et al., 2019) and revised oceanic ozone deposition schemes (Pound et al., 2020), combined with potential

overestimations of anthropogenic emissions in developing tropical regions (Wang et al., 2022).

Figure 3 and Table 2 show the mean statistical comparison, including biases with their standard deviations of our five nested
model runs (Table 1). Our reference model, NBASE, has the largest positive tropospheric mean biases (1.77-7.74 ppbv for
TAGOS and 2.16-5.21 ppbv for ozonesonde) and the largest surface biases (5.82—8.77 ppbv) of all the model runs for all our
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study months, particularly evident during January and April over northern Africa, throughout all months over southern Africa,
and in January/July at the Nairobi ozonesonde station, which is consistent with results reported by Wang et al. (2025) for this
region. GFAS also performs well in reproducing the observational data, particularly the aircraft data in the southern hemisphere
below 400 hPa and the Nairobi ozonesonde data over the range 750-400 hPa. FREM shows comparable performance with
GFAS in the tropospheric ozone simulation, with no statistically significant differences. The model ozone bias ranges show
close agreement between inventories: -2.40 to 7.88 ppbv for GFAS compared with -2.47 to 7.73 ppbv for FREMs. This
consistency extends to surface ozone comparisons, where both inventories again demonstrate remarkably similar bias ranges
(-1.70 to 8.89 ppbv for GFAS versus -1.58 to 9.13 ppbv for FREM). Our analysis of different temporal resolutions in FREM
reveals that the hourly (FREM_hourly) and 3-hourly (FREM_3hourly) version generally produces smaller surface biases (-
1.54 t0 9.09 ppbv) compared to daily (-1.58 to 9.13 ppbv) versions. The exceptions are the comparison with the ozonesondes
- that get progressively worse with higher temporally resolved inventories, especially in January at the Ascension site and in
April at the Nairobi site. However, these differences are not statistically significant as shown in Table 2. This limited
improvement from finer temporal resolutions is likely due to the minimal contribution of local fire sources at several in situ
sites, where long-range atmospheric transport acts as a low-pass smoothing filter due to diffusive mixing (Mu et al., 2011),

thus constraining the benefits of replacing daily, weekly or longer timescales emissions with hourly fire emissions data.

Model Evaluation using Independent Satellite Observations

The model accurately reproduces the spatial distribution of total column CO observed by TROPOMI in all four months (Figure
S3). It consistently captures geographical regions with elevated CO levels, with high correlation coefficients (0.58-0.95)
between the model and observations and mean biases ranging from -3.92 to 5.97 DU (Table S2). The GEOS-Chem model also
successfully reproduces the observed magnitude and spatial distribution of tropospheric NO» across Africa (Figure S4),
particularly over equatorial Africa in January and regions like the Congo and Angola in July, with relatively small mean biases

(approximately 0.07x10'® molecules cm™).

We find that the ability of the model to reproduce TROPOMI retrievals of tropospheric ozone is noticeably worse than for CO
or NO; (Figures S2 and S5). While the model reproduces the observed ozone distribution reasonably well in January and
October (with correlation coefficients 0.54 and 0.80), its performance deteriorates significantly in April and July (with
correlation coefficients -0.28 and -0.03). We find that limitations in the spatial coverage of TROPOMI tropospheric ozone
observations, combined with the use of three-day averaging in data processing, contribute to increased uncertainty in model
evaluation. We find much better agreement between our NBASE model simulation and OMI tropospheric ozone observations.
Monthly correlation coefficients ranging from 0.72 to 0.92 and mean positive biases of between 2.26 and 9.17 DU. This
positive model bias is likely due to the absence of averaging kernels in the monthly OMI tropospheric ozone data product.
Without applying the averaging kernel, any high-resolution profile structure in the model where the satellite has low sensitivity

will result in a model positive bias. The OMI/MLS tropospheric column is constructed as a residual between OMI total ozone
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and MLS stratospheric ozone (Ziemke et al., 2006; Ziemke et al., 2019), and therefore does not include averaging kernel
information. While OMI/Aura Level-2 datasets with averaging kernels are available, they are generally specific to the total
ozone column that is less relevant to the focus of our study. In addition, satellite retrievals of tropospheric ozone are subject to
relatively large uncertainties compared to CO and NO, products, partly due to retrieval sensitivity to clouds and the vertical
distribution of ozone (Gaudel et al., 2018). Therefore, part of the model-satellite discrepancies in ozone may also reflect

retrieval uncertainties.

Figure 4 shows Taylor diagrams for the comparison between the model runs and observations. The normalized standard
deviation is represented by arcs centred at the origin, where a radius of 1 corresponds to the observed standard deviation. The
arcs originating from the REF point along the horizontal axis represent the CRMSE relative to the observations. The correlation
coefficient is determined by the cosine of the angle formed by a point’s position vector. Points located near the REF point
demonstrate the highest correlation, comparable variance to observations, and the smallest RMSE, signifying optimal
performance. Analysis of the mean bias between the models and TROPOMI CO reveals that the GFAS daily emissions
inventory performs best in January (0.13 DU), April (-3.41 DU), and July (1.56 DU). During October, the FREM emissions
inventory has a slightly lower correlation coefficient, but its mean bias is smaller. For NO», the FREM emission inventory
performed the best with average correlation coefficients (r=0.84 for FREM hourly and FREM daily, and r=0.85 for
FREM 3hourly), significantly higher than using the GFED4 (r=0.59) and GFAS inventories (1=0.62), and small mean biases
relative to observed values of ~0.2x10'* molecules cm™ over the four months. When compared to TROPOMI tropospheric
ozone, the mean ozone biases across of FREM hourly exhibit a lower difference during high-correlation months such as
January and October. Similarly, evaluation against OMI tropospheric ozone highlights the superior performance of the FREM
inventory, much closer to the REF point (Figure 4), evidenced by a higher mean correlation coefficient in FREM_hourly (r =
0.86) relative to GFED4 (r = 0.82) and a lower mean bias in FRME _hourly compared to GFED4 during the four months (3.96
DU vs. 4.67 DU; Table S1). Additionally, we also find that the increasing the temporal resolution of the FREM inventory
systematically amplifies simulation biases for CO, NO-, and tropospheric ozone columns. Nevertheless, statistical analysis
confirms these differences remain insignificant (Table S1), consistent with the ozonesonde comparisons. This insensitivity
partly reflects the fact that most available evaluation datasets are located outside the core fire regions of Africa, where long-
range transport tends to smooth local diurnal variations. As a result, bulk evaluation metrics underestimate the impact of sub-
daily emission differences. Nevertheless, our sensitivity experiments demonstrate that diurnal variability exerts important

mechanistic influences on ozone chemistry and transport that are not captured by fixed empirical diurnal cycles.

Overall, we find that the FREM emissions inventory demonstrates an advantage in simulating the temporal and spatial
distribution of CO, NO,, and ozone. This finding, to some extent, confirms the significant value of BB emissions inventories
constructed using a top-down approach with geostationary satellite observation data in atmospheric chemistry models. Because

the FREM_hourly and FREM_daily emissions inventories performed similarly against independent satellite data, we cannot
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conclude that introducing data-driven, day-specific diurnal variations improves model performance compared to the same
inventory values distributed over the 24-period using an assumed diurnal cycle. Nevertheless, this result does provide an

opportunity to examine how diurnal variations of BB emissions influence atmospheric composition.

3.3 Sensitivity of Tropospheric Ozone Chemistry over Africa to Changes in the Diurnal Variations in African BB

Emissions

Here, we assess the influence of data-driven, day-specific diurnal variation of BB emissions on tropospheric ozone. This uses
the same magnitude of emissions but distributed differently over the diurnal cycle. One with the real emissions variation
derived from the observed FRP values (Nguyen et al., 2023) and the other with the same daily totals but distributed according

to a fixed diurnal cycle.

Figure 5 shows the FREM_hourly minus FREM _daily differences in BB emission of NOy for January, April, July, and October
2019. We find that the largest differences are observed in January and July, corresponding to the peak northern and southern
hemisphere Africa fire seasons respectively. Differences are characterized by heterogeneity in space, which highlights the
large uncertainty when using empirical scaling factors for prescribing BB diurnal cycles. As such, we further select two
geographical regions with pronounced diurnal variability during the peak landscape fire months, as shown in Figure 5. In
January, the region with significant diurnal differences is in central equatorial Africa, encompassing areas like the Central
African Republic, characterized by higher daytime emissions, and South Sudan, with relatively lower daytime emissions. The
regional average diurnal difference is 0.01 Gg hour™, with a negative difference in daytime emissions and a positive difference
in nighttime emissions. In July, the area with substantial diurnal variability is primarily concentrated in central southern Africa,
including Angola, Zambia, and southern Congo. This geographical region exhibits the opposite trend, with positive differences
in emission during the daytime and negative difference in emissions at night. The average diurnal difference is 0.03 Gg hour,

with peak values exceeding 0.4 Gg hour™.

FREM_hourly minus FREM_daily differences in the diurnal distribution of these trace gas emissions can significantly affect
atmospheric composition. Figure 6 compares FREM hourly and FREM daily to assess the specific impact of diurnal
variations in BB on 24-hour mean, daytime (08:00-20:00 local time), and nighttime (20:00—08:00 local time) mean values for
surface and tropospheric ozone. We find that incorporating data-driven hourly resolved emissions (FREM_hourly) leads to
large differences, particularly in regions with strong diurnal BB variations (Figure 5). Differences in surface ozone levels
across Africa, particularly during peak fire seasons, range from -8.57 to 21.88 ppbv. In January, central equatorial Africa
exhibits notable differences in surface ozone, with a 24-hour mean difference of 0.59 ppbv and a maximum value of 6.87 ppbv.
The mean differences for daytime and nighttime remain consistent at 0.69 ppbv and 0.49 ppbv, respectively. Tropospheric
ozone column differences ranged from -0.37 to 0.80 DU (daytime) and -0.32 to 0.75 DU (nighttime), indicating that both

daytime and nighttime emissions contribute comparably to ozone levels during this month. In July, we find more pronounced
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differences in surface and tropospheric ozone over the Southern Hemisphere, particularly in Angola, where the 24-hour mean
ozone differential in this region reached 0.75 DU for column and exceeded 10 ppbv for surface. The maximum diurnal
difference in the tropospheric ozone column occurs at night, reaching -0.41 to 1.09 DU, compared to -0.59 to 0.66 DU during
the daytime. For surface ozone, the regional average difference is higher at night (1.44 ppbv) than during the daytime (0.64
ppbv). These differences in tropospheric ozone, exclusively caused by different assumptions about the diurnal variation of BB
emissions rather than the daily totals, underscore the critical importance of accurately representing the temporal structure of

emissions in chemical transport models, especially for capturing local ozone dynamics during peak burning periods.

The difference in the diurnal release of emissions affects the production and loss of tropospheric ozone, which are in turn
linked to the diurnal variations in the horizontal and vertical motion and mixing of the atmosphere. In particular, we find these
differences in tropospheric chemistry are driven by enhanced daytime chemical production of ozone. We show in Figure 7 that
January and July exhibit consistent enhancement of chemical effects in the highlighted areas, where intensified photochemistry
under strong solar radiation amplifies VOC oxidation and NO, cycling efficiency. Intense landscape fires release large amounts
of nitrous acid which is subsequently photolysed to produce OH radicals. In the presence of NOy, these radicals oxidize VOCs,
leading to ozone formation (Xu et al., 2021). Nighttime ozone accumulation occurs under conditions where NO, emissions are
lower than the empirical diurnal cycle derived from the model, owing to weakened chemical production and titration effects.
The ozone titration effect, driven by NO + O3 — NO; + O», diminishes when NOx availability declines, further exacerbating
ozone accumulation (Jacob, 2000). Conversely, in regions where nighttime emissions increase and daytime emissions decrease,
ozone dynamics follow an opposite pattern (Figure 6). Additionally, we find that in the focus areas for both January and July,
ozone transport contributed to a net decrease in local ozone concentrations (Figure S7). This is primarily attributed to mean
wind circulation—northeasterly winds in January and southeasterly winds in July—which facilitate ozone advection to
downwind regions. Consequently, the diurnal variations in BB emissions not only affect local ozone levels but also influence
ozone transport to downwind oceanic regions, as illustrated in Figure 6. These findings highlight the interplay between
chemical processes and meteorology in shaping ozone variability under the impacts of the diurnal cycle of BB emissions over
Africa. These findings are also consistent with extensive observational and modelling evidence, demonstrating that African
biomass burning emissions influence downwind atmospheric chemistry through large-scale circulation patterns, following

previous work (Winkler et al., 2008; Holanda et al., 2023).

3.4 The Impact of Improved Diurnal Variations of African BB Emissions on Global Atmospheric Chemistry

The atmosphere is a global common, so any change in our ability to describe emissions from one continent will have
implications for understanding the atmospheric composition downwind of that continent. We investigate the global impact of
our data-driven, day-specific diurnal variations of African BB emissions on seasonal atmospheric composition. Our focus is
on surface ozone, tropospheric ozone columns, and related precursor species, including CO, formaldehyde (HCHO), NO», and

peroxyacetyl nitrate (PAN). By comparing our global model simulations that are driven by FREM, GFREM hourly and
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GFREM _daily, we quantify the influence of diurnal difference on these species. Figures 8—10 illustrate the impact of adopting
different diurnal variations of African BB emissions by reporting seasonal, 24-hour mean differences in surface ozone,

tropospheric ozone columns, tropospheric OH, and tropospheric CO, HCHO, NO,, and PAN in 2019.

Global impacts of the diurnal cycle of BB emissions over Africa on tropospheric atmospheric chemistry

BB emissions in Africa are smaller during MAM than other seasons, with the smallest diurnal difference, so discrepancies in
the diurnal allocation of BB have a weaker effect on surface ozone formation, as expected. We also find that African BB
emissions are more localised in the MAM and DJF than in other two seasons so that the impact on ozone is also more localised.
These patterns are primarily attributed to the convergence of wind fields near the equatorial region during the MAM and DJF,
which limits the spatial extent of diurnal variation effects to equatorial Africa while enabling westward transport. The surface
ozone changes range from -0.75 to 0.44 ppbv during the MAM, the smallest among all seasons (Figure 8). The impact on the
tropospheric ozone column during this season is also relatively minor, ranging from -0.15 to 0.07 DU (Figure 10). During
DIJF, the intense landscape fire activity over equatorial central Africa amplifies the impact of diurnal emission variations
(Figure S8), leading to surface ozone changes ranging from -1.45 to 4.96 ppbv across the region. This enhanced variability

contributes to a widespread increase in tropospheric ozone, with column enhancements reaching up to 0.53 DU.

During JJA and SON, surface ozone is more sensitive to changes in the daily patterns of African BB emissions compared to
other times of the year. BB emissions during JJA show the most pronounced effect on surface ozone concentrations (Figure
8), leading to differences that range from -0.94 to 7.86 ppbv. Consistent with our high-resolution simulations, the intensified
landscape fire activity during the JJA and SON in countries like Angola and Zambia plays a key role in atmospheric
photochemistry (Figure S8). Elevated daytime emissions during these seasons substantially enhance ozone production, while
the comparatively low nighttime emissions suppress local ozone depletion processes, including reactions with NO. This diurnal
emission disparity drives a notable 24-hour surface ozone increase, reaching up to 7.9 ppbv in Angola and Zambia. The
influence of diurnal differences in BB emissions extends to higher altitudes, causing a change in the tropospheric ozone column
that ranges from -0.28 to 0.44 DU (Figure 10). By including data-driven diurnal variations in BB emissions results in further-
reaching impacts on ozone concentrations, with detectable effects spanning regions as distant as South America, the Persian
Gulf, and Australia (Figure 8). These findings emphasize the critical importance of incorporating diurnal emission variability

to capture the global-scale influence of BB on atmospheric composition accurately.

Including data-driven diurnal variability of BB emissions leads to surface ozone changes of -2.90% to 13.63% relative to the
empirical diurnal variability of the model in four different seasons (Figure S9). We find these differences propagate throughout
the troposphere (Figure 10a). Unlike surface impacts, the impact on the free troposphere is more uniform, with their influence
spreading to the Southern Hemisphere through atmospheric circulation. Importantly, Real et al. (2010) combined observational

data and modelling to identify cross-hemispheric transport of biomass burning pollutants from central Africa, demonstrating
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that a substantial fraction of enhanced ozone in mid-troposphere over the Atlantic primarily originate from BB sources during

the summer monsoon period.

Atmospheric oxidation plays a pivotal role in determining the chemical composition of the troposphere and regulating the
lifetime of key greenhouse gases and pollutants, such as methane, CO, and VOCs. Hydroxyl radicals are central to the oxidative
capacity of the global troposphere. Understanding how processes such as BB influence atmospheric oxidation is crucial for
predicting regional air quality, global climate dynamics, and the fate of trace gases. Figures 9 and S11 reveal how the diurnal
cycle of BB emissions in Africa induces significant changes in global atmospheric oxidation. Under the influence of these
diurnal differences, we find that tropospheric OH concentrations fluctuate by -12.18 x 10% to 7.94 x 10* molec ¢cm™ (Figure
9), representing relative changes of -4.41% to 51.74% (Figure S11). These impacts are most pronounced in equatorial low-
latitude regions, driven by interactions between OH and the oxidation of CO, ozone, and VOCs. In South America, a region
characterized by high VOC and low NO, levels, the substantial reduction in VOC concentrations, including HCHO, during
BB seasons affects the OH regeneration mechanism via peroxyl radical reactions (e.g., RO, + HO, — 20H; Lu et al. (2019a)).
This leads to a pronounced decrease in tropospheric OH, with reductions of up to -4.41%, particularly during JJA and SON.
Such findings underscore the far-reaching influence of African BB on distant regions like the Amazon rainforest, where air
quality and ecosystem dynamics are closely tied to atmospheric oxidation processes. Conversely, in the high latitudes of
northern and southern Africa, significant decreases in CO levels result in enhanced tropospheric OH concentrations (~ 3 x 10*

molec cm), particularly during daytime.

BB emissions substantially influence surface and near-surface ozone formation during daytime, highlighting the critical need
to account for their temporal variability. While diurnal variations in BB have relatively minor global impacts on ozone
concentrations, their regional effects can be profound, particularly in areas with intense fire activity where they significantly
alter ozone diurnal cycles and challenge modelling accuracy. These variations also influence downwind regions along major
transport pathways, altering ozone precursors and oxidative capacity far beyond Africa, potentially impacting trend
interpretations (Wang et al., 2024). An additional source of uncertainty arises from the treatment of plume injection height. In
this study, we used daily plume heights from GFAS, since the FREM inventory does not provide this information. The lack of
sub-daily variability and uncertainties in the vertical distribution of emissions may influence the efficiency of lofting into the
free troposphere, thereby modulating both the magnitude of local ozone impacts and the extent of long-range transport.
Importantly, even small changes at the global scale can be relevant for the tropospheric ozone budget and radiative forcing.
Thus, the main scientific value of including geostationary-derived diurnal variability lies in capturing these regional and

process-level impacts rather than producing large global mean differences.
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Mechanisms for the global impact of diurnal cycle differences in BB emissions

To investigate the mechanisms behind this impact, we further calculate the ozone budget diagnostics in the GEOS-Chem
model. These diagnostics include the effects of chemistry, transport, mixing, and convection within the planetary boundary
layer. Diagnostic magnitude changes suggest that chemical processes are the main drivers of ozone changes in other regions
(Figure S10). This result indicates that due to the allocation of the diurnal cycle in BB emissions in Africa, coupled with the
influence of wind patterns, changes in the ozone precursors from African BB are transported to regions such as the United
States, the Persian Gulf, and Australia where they can affect local photochemistry. We use CO as a tracer gas to diagnose the
transport processes of African BB emissions. As depicted in Figure 10b, CO concentrations move westward under the influence
of easterlies near the equator, suggesting that variations in African BB significantly affect ozone precursors in North America,
South America, and Australia. Our results are consistent with a previous finding that highlighted the far-reaching impacts of
African BB emissions, through atmospheric transport to adjacent oceans and beyond (Sinha et al., 2004). During the dry season,
approximately 60 Tg of CO is transported eastward across 0°-60°S to the Indian Ocean, while about 40 Tg CO moves westward
across 0°-20°S to the Atlantic, with a substantial portion subsequently recirculating eastward through higher-latitude pathways
(21°-60°S) (Sinha et al., 2004). Previous studies have also demonstrated that variations in NO, emissions are the primary driver
of intercontinental transport effects on surface ozone concentrations in the northern mid-latitudes (Fiore et al., 2009). NO, can
be converted into PAN through photochemical reactions involving VOCs and radicals, forming a thermally stable reservoir

species that facilitates long-range transport of reactive nitrogen (Lu et al., 2019b).

For northern South America, the diurnal variation in African BB emissions results in an increase in surface ozone
concentrations. We find that the increase in surface ozone is due mainly to daytime NO, emissions over Africa being
transported westward to South America by the easterlies. And because tropical South America is mainly a NO,-limited regime
with high BVOC emissions (Sun et al., 2025), this leads to a decrease in HCHO and PAN concentrations (Figure 10c, ¢), and
a rise in surface ozone of ~0.1 ppbv and entire tropospheric ozone of ~0.05 DU. During the daytime, elevated NO, levels are
transported to the southern United States under the influence of anticyclonic airflow over the Atlantic. In the NOx-limited
southeastern United States, where VOCs (predominantly isoprene) are already saturated in most areas (Porter and Heald,
2019), this additional NO, enhances local ozone production through accelerated photochemical reactions. In contrast, the high-
NO;, region of southwestern United States experiences a suppression of ozone formation due to the excess NO, (Jin et al.,

2020), which shifts the local chemical regime and reduces ozone generation efficiency (Figure S10).

For the Persian Gulf and South Asia, the westerly winds from Northern Africa, coupled with reduced BB emissions, lead to a
significant diminished eastward transport of BB emissions. This phenomenon, combined with the topographic barrier of the
Tibetan Plateau, exacerbates local ozone reductions. Surface ozone reductions are relatively small, around 0.2 ppbv, and we
find that tropospheric ozone columns are reduced by ~ 0.1 DU in some areas. This indicates that reduced ozone columns are

strongly influenced by changes in the free and upper troposphere. During SON, the widespread reduction in African BB
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emissions leads to decreased transport of ozone precursors as far as Australia. Compounded by the influence of weak lower-
tropospheric cyclonic systems (Figure 8), this effect induces additional upward transport of ozone precursors, leading to

localized ozone reductions of approximately -0.2 ppbv in specific regions.

4 Summary and Conclusions

Africa is the largest global source of BB emissions, which significantly impact atmospheric chemistry, including tropospheric
ozone. BB emissions of NO, and VOCs are key precursors for tropospheric ozone formation, with their concentrations and
distribution strongly influenced by fires seasonal and diurnal dynamics. However, most conventional BB emission inventories
provide emissions at daily resolution. Although some regional inventories can reach hourly resolution, high-temporal-
resolution estimates remain largely unavailable over Africa. As a result, sub-daily variability is generally represented only
through empirical diurnal scaling factors (Jourdain et al., 2007; Ziemke et al., 2009). We have conducted a detailed analysis
to assess whether this method produced inaccuracies in modelling tropospheric ozone production and transport, using in situ
tropospheric ozone measurements and the global atmospheric chemistry model GEOS-Chem fed with BB emissions from
these widely used inventories, along with a newly developed ‘FREM” high temporal resolution emissions inventory based on
geostationary satellite observations of Fire Radiative Power, that provides emission data with resolutions up to 15 minutes
(Nguyen and Wooster, 2020; Nguyen et al., 2023) and available from the EUMETSAT LSA SAF (https:/lsa-

saf.eumetsat.int/en/).

Our analysis reveals significant differences in the magnitude of African BB NO, emissions across inventories, with GFED4.1
reporting the highest totals (~275% and ~159% greater than GFAS and FREM, respectively), consistent with evidence
suggesting GFED4 may overestimate emissions (Wang et al.,, 2025). Our model setup effectively captured the vertical
distribution of tropospheric ozone in tropical regions, with biases ranging from -1.25 to 7.74 ppbv compared to IAGOS data
and -2.38 to 5.21 ppbv relative to ozonesonde data. Compared to GFED4.1 and GFAS, FREM achieved better agreement with
observations for tropospheric ozone and NO,, exhibiting lower mean biases (e.g., 3.96 DU for tropospheric ozone vs. 4.96 DU
in GFED4.1) and higher correlation coefficients (e.g., r = 0.84—0.86 for tropospheric NO, and ozone columns). However,
incorporating real diurnal cycle data in the FREM hourly inventory did not significantly enhance model performance
compared to the FREM_daily inventory, which uses an assumed diurnal cycle. Both inventories showed similar biases (-1.58
to 9.13 ppbv for FREM_daily vs. -1.54 to 9.09 ppbv for FREM _hourly in surface ozone) and correlations with observations,
with no statistically significant differences. This limited improvement likely stems from the smoothing effect of long-range
atmospheric transport, which diminishes the impact of high-resolution diurnal variations, and the fact that most available
evaluation datasets are located outside the core African fire regions, where local diurnal signatures are strongest. By integrating
top-down approaches and geostationary satellite data, FREM demonstrates the potential of high-resolution, data-driven

inventories to improve the representation of biomass burning emissions and their impact on ozone dynamics.
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Diurnal variations in African BB emissions exert a significant influence on tropospheric ozone chemistry, with pronounced
regional and seasonal disparities. During peak fire seasons, the adoption of data-driven hourly emissions (FREM_hourly)
reveals substantial deviations from empirically assumed fire diurnal cycles, particularly in January (northern Africa) and July
(southern Africa), leading to 24-hour surface ozone differences of —8.57 to 21.88 ppbv. Enhanced daytime chemical production
elevates ozone in regions like Angola, whereas reduced nighttime titration amplifies ozone accumulation where NO, emissions
are suppressed. The global impacts of these diurnal variations extend beyond Africa, altering atmospheric oxidation capacity
and ozone precursor distributions across continents. Seasonal variability governs the spatial extent of these effects: localized
influences dominate in MAM and DJF due to equatorial wind convergence, while JJA and SON exhibit far-reaching impacts,
with surface ozone changes of —0.94 to 7.86 ppbv in fire-prone regions and tropospheric column shifts of —0.28 to 0.44 DU.
Enhanced daytime NO, emissions elevate ozone in NO,-limited regions (e.g., southeastern US, northern South America) but
suppress it in VOC-limited areas (e.g., southwest US). These variations influence ozone precursors like CO, NO,, HCHO, and

PAN, altering ozone formation and transport across far-field regions, including South America, the Persian Gulf, and Australia.

We also find that diurnal emission variability affects global atmospheric oxidation by altering OH concentrations, with relative
changes ranging from -4.41% to 51.74%, driven by interactions with VOCs, CO, and ozone. In the Amazon, reduced VOC
levels weaken OH regeneration, while in high-latitude Africa, decreased CO enhances OH levels. These findings highlight the
critical need to integrate realistic diurnal patterns into atmospheric models, as simplified assumptions fail to capture BB-driven
ozone and oxidation dynamics. Incorporating accurate diurnal emissions will improve model precision and better predict
atmospheric chemistry and climate impacts. Our work provides an improved understanding of the impact of diurnal variations
in BB emissions in Africa on atmospheric composition. It helps us to better understand the mechanisms by which BB affects
ozone concentrations and also offers crucial insights for formulating effective air pollution control and climate change
adaptation strategies. Moreover, our findings suggest that simulations of BB emissions should consider their diurnal variations
to assess their impact more accurately on atmospheric chemistry. While the improvements in bulk model performance for
general wildfire simulations are modest, the main significance of our method lies in capturing hourly variability and advancing

process-level understanding of atmospheric chemistry during large wildfire events.

Data availability

TROPOMI columns are available from the Goddard Earth Sciences Data and Information Services Center (GES DISC). And
the TROPOMI satellite observations of CO, NO,, and O; are archived at https://doi.org/10.5270/S5P-bj3nry0,
https://doi.org/10.5270/S5P-9bnp8q8, and https://doi.org/10.5270/S5P-8aqgbum, respectively. The OMI/MLS tropospheric
ozone data are available from https://acd-ext.gsfc.nasa.gov/Data_services/cloud_slice/new_data.html. SEVERI FRP-PIXEL
and FREM-derived BB emissions are distributed freely by the EUMETSAT LAS SAF (https://Isa-saf.eumetsat.int/en/)

21


https://doi.org/10.5270/S5P-bj3nry0
https://doi.org/10.5270/S5P-9bnp8q8
https://doi.org/10.5270/S5P-8aqg6um
https://acd-ext.gsfc.nasa.gov/Data_services/cloud_slice/new_data.html
https://lsa-saf.eumetsat.int/en/

650

655

660

665

670

675

Author contribution

HLW, PIP, XL, SJF designed the study. HLW conducted the modelling and data analyses with contributions from WM and
MIJW. WM and MJW contributed to the FREM biomass burning emission dataset and its interpretation. HFW, FY, LF, and
KW advised methodology and interpretation of results. HLW and PIP wrote the paper with input from all authors. All authors

contributed to the discussion and improvement of the paper.

Competing interests

The contact author has declared that none of the authors has any competing interests.

Acknowledgements

We appreciate the Atmospheric Chemistry Modeling Group at Harvard University for developing and maintaining the GEOS-
Chem model. We also acknowledge the teams behind the GFEDv4.1 and GFAS biomass burning emission inventories, whose
contributions have been instrumental to the success of our study, as well as the EUMETSAT LSA SAF team behind the
Meteosat FRP-PIXEL product. The authors also acknowledge the European Commission, Airbus, and participating airlines
(including Lufthansa, Air France, Austrian, Air Namibia, Cathay Pacific, Iberia, and China Airlines) for their ongoing support
in operating and maintaining the MOZAIC (Measurements of Ozone on Airbus In-Service Aircraft) and IAGOS
instrumentation since 1994. Financial support for IAGOS has been provided through the European Union's IAGOS-DS and
ITAGOS-ERI initiatives, along with contributions from INSU-CNRS (France), Météo-France, Universit¢ Paul Sabatier

(Toulouse), and Forschungszentrum Jiilich (Germany).

Financial support

This study is supported by the National Key Research and Development Program of China (2024YFC3714200), the National
Natural Science Foundation of China (42375092), and the Guangdong Basic and Applied Basic Research Foundation
(2025B1515020034). WM, PIP, MJW, FY, and LF acknowledge funding from the UK National Centre for Earth Observation
(NCEO) funded by the Natural Environment Research Council (NE/R016518/1, NE/Y006216/1).

References

Akagi, S. K., Yokelson, R. J., Wiedinmyer, C., Alvarado, M. J., Reid, J. S., Karl, T., Crounse, J. D., and Wennberg, P. O.:
Emission factors for open and domestic biomass burning for use in atmospheric models, Atmos. Chem. Phys., 11, 4039-

4072, 10.5194/acp-11-4039-2011, 2011.

22



680

685

690

695

700

705

Amos, H. M., Jacob, D. J., Holmes, C. D., Fisher, J. A., Wang, Q., Yantosca, R. M., Corbitt, E. S., Galarneau, E., Rutter, A.
P., Gustin, M. S., Steffen, A., Schauer, J. J., Graydon, J. A., Louis, V. L. S., Talbot, R. W., Edgerton, E. S., Zhang, Y.,
and Sunderland, E. M.: Gas-particle partitioning of atmospheric Hg(Il) and its effect on global mercury deposition,
Atmos. Chem. Phys., 12, 591-603, 10.5194/acp-12-591-2012, 2012.

Andela, N., Kaiser, J. W., van der Werf, G. R., and Wooster, M. J.: New fire diurnal cycle characterizations to improve fire
radiative energy assessments made from MODIS observations, Atmos. Chem. Phys., 15, 8831-8846, 10.5194/acp-15-
8831-2015, 2015.

Andreae, M. O., and Merlet, P.: Emission of trace gases and aerosols from biomass burning, Global Biogeochemical Cycles,

15, 955-966, https://doi.org/10.1029/2000GB001382, 2001.

Andreae, M. O.: Emission of trace gases and aerosols from biomass burning — an updated assessment, Atmos. Chem. Phys.,
19, 8523-8546, 10.5194/acp-19-8523-2019, 2019.

Archibald, S., Staver, A. C., and Levin, S. A.: Evolution of human-driven fire regimes in Africa, Proceedings of the National
Academy of Sciences, 109, 847-852, doi:10.1073/pnas.1118648109, 2012.

Archibald, S., Lehmann, C. E. R., Gomez-Dans, J. L., and Bradstock, R. A.: Defining pyromes and global syndromes of fire
regimes, Proceedings of the National Academy of Sciences, 110, 6442-6447, doi:10.1073/pnas.1211466110, 2013.
Bian, H., and Prather, M. J.: Fast-J2: Accurate Simulation of Stratospheric Photolysis in Global Chemical Models, Journal of

Atmospheric Chemistry, 41, 281-296, 10.1023/A:1014980619462, 2002.

Bourgeois, 1., Peischl, J., Neuman, J. A., Brown, S. S., Thompson, C. R., Aikin, K. C., Allen, H. M., Angot, H., Apel, E. C.,
Baublitz, C. B., Brewer, J. F., Campuzano-Jost, P., Commane, R., Crounse, J. D., Daube, B. C., DiGangi, J. P., Diskin,
G. S., Emmons, L. K., Fiore, A. M., Gkatzelis, G. ., Hills, A., Hornbrook, R. S., Huey, L. G., Jimenez, J. L., Kim, M.,
Lacey, F., McKain, K., Murray, L. T., Nault, B. A., Parrish, D. D., Ray, E., Sweeney, C., Tanner, D., Wofsy, S. C., and
Ryerson, T. B.: Large contribution of biomass burning emissions to ozone throughout the global remote troposphere,
Proceedings of the National Academy of Sciences, 118, ¢2109628118, doi:10.1073/pnas.2109628118, 2021.

Bowman, D. M. J. S., Kolden, C. A., Abatzoglou, J. T., Johnston, F. H., van der Werf, G. R., and Flannigan, M.: Vegetation
fires in the Anthropocene, Nature Reviews Earth & Environment, 1, 500-515, 10.1038/s43017-020-0085-3, 2020.

Burkholder, J. B., Sander, S. P., Abbatt, J., Barker, J. R., Huie, R. E., Kolb, C. E., Kurylo, M. J., Orkin, V. L., Wilmouth, D.
M., and Wine, P. H.: Chemical kinetics and photochemical data for use in atmospheric studies, Evaluation No. 18, Tech.
Rep. JPL Publication 15-10, Jet Propulsion Laboratory, Pasadena, CA, 2015.

Carter, T. S., Heald, C. L., Jimenez, J. L., Campuzano-Jost, P., Kondo, Y., Moteki, N., Schwarz, J. P., Wiedinmyer, C.,
Darmenov, A. S., da Silva, A. M., and Kaiser, J. W.: How emissions uncertainty influences the distribution and radiative
impacts of smoke from fires in North America, Atmos. Chem. Phys., 20, 2073-2097, 10.5194/acp-20-2073-2020, 2020.

Cooper, O. R., Schultz, M. G., Schréder, S., Chang, K.-L., Gaudel, A., Benitez, G. C., Cuevas, E., Frohlich, M., Galbally, I.
E., Molloy, S., Kubistin, D., Lu, X., McClure-Begley, A., Nédélec, P., O’Brien, J., Oltmans, S. J., Petropavlovskikh, I.,
Ries, L., Senik, ., Sjoberg, K., Solberg, S., Spain, G. T., Spangl, W., Steinbacher, M., Tarasick, D., Thouret, V., and Xu,

23


https://doi.org/10.1029/2000GB001382

710

715

720

725

730

735

740

X.: Multi-decadal surface ozone trends at globally distributed remote locations, Elementa: Science of the Anthropocene,
8, 10.1525/elementa.420, 2020.

Duncan, B. N., Martin, R. V., Staudt, A. C., Yevich, R., and Logan, J. A.: Interannual and seasonal variability of biomass
burning emissions constrained by satellite observations, Journal of Geophysical Research: Atmospheres, 108, ACH 1-1-

ACH 1-22, https://doi.org/10.1029/2002JD002378, 2003.

Eastham, S. D., Weisenstein, D. K., and Barrett, S. R. H.: Development and evaluation of the unified tropospheric—
stratospheric chemistry extension (UCX) for the global chemistry-transport model GEOS-Chem, Atmospheric
Environment, 89, 52-63, 10.1016/j.atmosenv.2014.02.001, 2014.

Edwards, D. P., Emmons, L. K., Gille, J. C., Chu, A., Attié, J.-L., Giglio, L., Wood, S. W., Haywood, J., Deeter, M. N., Massie,
S. T., Ziskin, D. C., and Drummond, J. R.: Satellite-observed pollution from Southern Hemisphere biomass burning,
Journal of Geophysical Research: Atmospheres, 111, https://doi.org/10.1029/2005JD006655, 2006.

Fiore, A. M., Dentener, F. J., Wild, O., Cuvelier, C., Schultz, M. G., Hess, P., Textor, C., Schulz, M., Doherty, R. M., Horowitz,
L. W., MacKenzie, 1. A., Sanderson, M. G., Shindell, D. T., Stevenson, D. S., Szopa, S., Van Dingenen, R., Zeng, G.,
Atherton, C., Bergmann, D., Bey, 1., Carmichael, G., Collins, W. J., Duncan, B. N., Faluvegi, G., Folberth, G., Gauss,
M., Gong, S., Hauglustaine, D., Holloway, T., Isaksen, I. S. A., Jacob, D. J., Jonson, J. E., Kaminski, J. W., Keating, T.
J., Lupu, A., Marmer, E., Montanaro, V., Park, R. J., Pitari, G., Pringle, K. J., Pyle, J. A., Schroeder, S., Vivanco, M. G.,

Wind, P., Wojcik, G., Wu, S., and Zuber, A.: Multimodel estimates of intercontinental source-receptor relationships for
ozone pollution, Journal of Geophysical Research: Atmospheres, 114, https://doi.org/10.1029/2008JD010816, 2009.
Fischer, E. V., Jacob, D. J., Yantosca, R. M., Sulprizio, M. P., Millet, D. B., Mao, J., Paulot, F., Singh, H. B., Roiger, A., Ries,

L., Talbot, R. W., Dzepina, K., and Pandey Deolal, S.: Atmospheric peroxyacetyl nitrate (PAN): a global budget and
source attribution, Atmos. Chem. Phys., 14, 2679-2698, 10.5194/acp-14-2679-2014, 2014.

Freeborn, P. H., Wooster, M. J., Roberts, G., Malamud, B. D., and Xu, W.: Development of a virtual active fire product for
Africa through a synthesis of geostationary and polar orbiting satellite data, Remote Sensing of Environment, 113, 1700-
1711, https://doi.org/10.1016/j.rse.2009.03.013, 2009.

Gaudel, A., Cooper, O. R., Ancellet, G., Barret, B., Boynard, A., Burrows, J. P., Clerbaux, C., Coheur, P.-F., Cuesta, J., Cuevas,
E., Doniki, S., Dufour, G., Ebojie, F., Foret, G., Garcia, O., Granados-Muiioz, M. J., Hannigan, J. W., Hase, F., Hassler,

B., Huang, G., Hurtmans, D., Jaffe, D., Jones, N., Kalabokas, P., Kerridge, B., Kulawik, S., Latter, B., Leblanc, T., Le
Flochmoén, E., Lin, W., Liu, J., Liu, X., Mahieu, E., McClure-Begley, A., Neu, J. L., Osman, M., Palm, M., Petetin, H.,
Petropavlovskikh, 1., Querel, R., Rahpoe, N., Rozanov, A., Schultz, M. G., Schwab, J., Siddans, R., Smale, D.,
Steinbacher, M., Tanimoto, H., Tarasick, D. W., Thouret, V., Thompson, A. M., Trickl, T., Weatherhead, E., Wespes, C.,
Worden, H. M., Vigouroux, C., Xu, X., Zeng, G., and Ziemke, J.: Tropospheric Ozone Assessment Report: Present-day
distribution and trends of tropospheric ozone relevant to climate and global atmospheric chemistry model evaluation,

Elementa: Science of the Anthropocene, 6, 10.1525/elementa.291, 2018.

24


https://doi.org/10.1029/2002JD002378
https://doi.org/10.1029/2005JD006655
https://doi.org/10.1029/2008JD010816
https://doi.org/10.1016/j.rse.2009.03.013

745

750

755

760

765

770

775

Giglio, L., Boschetti, L., Roy, D. P., Humber, M. L., and Justice, C. O.: The Collection 6 MODIS burned area mapping
algorithm and product, Remote Sensing of Environment, 217, 72-85, https://doi.org/10.1016/j.rse.2018.08.005, 2018.

Guenther, A. B., Jiang, X., Heald, C. L., Sakulyanontvittaya, T., Duhl, T., Emmons, L. K., and Wang, X.: The Model of
Emissions of Gases and Aerosols from Nature version 2.1 (MEGAN2.1): an extended and updated framework for
modeling biogenic emissions, Geosci. Model Dev., 5, 1471-1492, 10.5194/gmd-5-1471-2012, 2012.

Heald, C. L., Jacob, D. J., Palmer, P. I., Evans, M. J., Sachse, G. W., Singh, H. B., and Blake, D. R.: Biomass burning emission
inventory with daily resolution: Application to aircraft observations of Asian outflow, Journal of Geophysical Research:
Atmospheres, 108, https://doi.org/10.1029/2002JD003082, 2003.

Holanda, B. A., Franco, M. A., Walter, D., Artaxo, P., Carbone, S., Cheng, Y., Chowdhury, S., Ditas, F., Gysel-Beer, M.,

Klimach, T., Kremper, L. A., Kriiger, O. O., Lavric, J. V., Lelieveld, J., Ma, C., Machado, L. A. T., Modini, R. L., Morais,
F. G., Pozzer, A., Saturno, J., Su, H., Wendisch, M., Wolff, S., Pohlker, M. L., Andreae, M. O., Péschl, U., and Pohlker,
C.: African biomass burning affects aerosol cycling over the Amazon, Communications Earth & Environment, 4, 154,
10.1038/s43247-023-00795-5, 2023.

Holmes, C. D., Bertram, T. H., Confer, K. L., Graham, K. A., Ronan, A. C., Wirks, C. K., and Shah, V.: The Role of Clouds
in the Tropospheric NO Cycle: A New Modeling Approach for Cloud Chemistry and Its Global Implications, Geophysical
Research Letters, 46, 4980-4990, https://doi.org/10.1029/2019GL081990, 2019.

Hua, W, Lou, S., Huang, X., Xue, L., Ding, K., Wang, Z., and Ding, A.: Diagnosing uncertainties in global biomass burning
emission inventories and their impact on modeled air pollutants, Atmos. Chem. Phys., 24, 6787-6807, 10.5194/acp-24-
6787-2024, 2024.

Hubert, D., Heue, K. P., Lambert, J. C., Verhoelst, T., Allaart, M., Compernolle, S., Cullis, P. D., Dehn, A., Félix, C., Johnson,
B. J., Keppens, A., Kollonige, D. E., Lerot, C., Loyola, D., Maata, M., Mitro, S., Mohamad, M., Piters, A., Romahn, F.,
Selkirk, H. B., da Silva, F. R., Stauffer, R. M., Thompson, A. M., Veefkind, J. P., Vomel, H., Witte, J. C., and Zehner,
C.: TROPOMI tropospheric ozone column data: geophysical assessment and comparison to ozonesondes, GOME-2B and
OMI, Atmos. Meas. Tech., 14, 7405-7433, 10.5194/amt-14-7405-2021, 2021.

Hudman, R. C., Moore, N. E., Mebust, A. K., Martin, R. V., Russell, A. R., Valin, L. C., and Cohen, R. C.: Steps towards a
mechanistic model of global soil nitric oxide emissions: implementation and space based-constraints, Atmos. Chem.
Phys., 12, 7779-7795, 10.5194/acp-12-7779-2012, 2012.

Ichoku, C.: African Biomass Burning and Its Atmospheric Impacts, Oxford University Press, 2020.

IPCC: Changing State of the Climate System, in: Climate Change 2021 — The Physical Science Basis: Working Group I
Contribution to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change, edited by:
Intergovernmental Panel on Climate, C., Cambridge University Press, Cambridge, 287-422, 2023.

IUPAC, Task group on atmospheric chemical kinetic data evaluation by International Union of Pure and Applied Chemistry

(IUPAC): http://iupac.pole-ether.fr/, access: 30 May 2022, 2013.

25


https://doi.org/10.1016/j.rse.2018.08.005
https://doi.org/10.1029/2002JD003082
https://doi.org/10.1029/2019GL081990
http://iupac.pole-ether.fr/

780

785

790

795

800

805

Jacob, D. J.: Heterogeneous chemistry and tropospheric ozone, Atmospheric Environment, 34, 2131-2159, 10.1016/S1352-
2310(99)00462-8, 2000.
Jaffe, D. A., and Wigder, N. L.: Ozone production from wildfires: A critical review, Atmospheric Environment, 51, 1-10,

https://doi.org/10.1016/j.atmosenv.2011.11.063, 2012.

Jiang, Y., Zhou, L., and Raghavendra, A.: Observed changes in fire patterns and possible drivers over Central Africa,
Environmental Research Letters, 15, 0940b0948, 10.1088/1748-9326/ab9db2, 2020.

Jin, X., Fiore, A., Boersma, K. F., Smedt, I. D., and Valin, L.: Inferring Changes in Summertime Surface Ozone—NOx—VOC
Chemistry over U.S. Urban Areas from Two Decades of Satellite and Ground-Based Observations, Environmental
Science & Technology, 54, 6518-6529, 10.1021/acs.est.9b07785, 2020.

Jin, Y., Liu, Y., Lu, X., Chen, X., Shen, A., Wang, H., Cui, Y., Xu, Y., Li, S., Liu, J., Zhang, M., Ma, Y., and Fan, Q.:
Measurement report: Assessing the impacts of emission uncertainty on aerosol optical properties and radiative forcing
from biomass burning in peninsular Southeast Asia, Atmos. Chem. Phys., 24, 367-395, 10.5194/acp-24-367-2024, 2024.

Jourdain, L., Worden, H. M., Worden, J. R., Bowman, K., Li, Q., Eldering, A., Kulawik, S. S., Osterman, G., Boersma, K. F.,
Fisher, B., Rinsland, C. P., Beer, R., and Gunson, M.: Tropospheric vertical distribution of tropical Atlantic ozone
observed by TES during the northern African biomass burning season, Geophysical Research Letters, 34,
https://doi.org/10.1029/2006GL028284, 2007.

Kaiser, J. W., Heil, A., Andreae, M. O., Benedetti, A., Chubarova, N., Jones, L., Morcrette, J. J., Razinger, M., Schultz, M.

G., Suttie, M., and van der Werf, G. R.: Biomass burning emissions estimated with a global fire assimilation system based
on observed fire radiative power, Biogeosciences, 9, 527-554, 10.5194/bg-9-527-2012, 2012.

Keller, C. A., Long, M. S., Yantosca, R. M., Da Silva, A. M., Pawson, S., and Jacob, D. J.: HEMCO v1.0: a versatile, ESMF-
compliant component for calculating emissions in atmospheric models, Geosci. Model Dev., 7, 1409-1417, 10.5194/gmd-
7-1409-2014, 2014.

Kelley, D. L., Bistinas, 1., Whitley, R., Burton, C., Marthews, T. R., and Dong, N.: How contemporary bioclimatic and human
controls change global fire regimes, Nature Climate Change, 9, 690-696, 10.1038/s41558-019-0540-7, 2019.

Koppmann, R., von Czapiewski, K., and Reid, J. S.: A review of biomass burning emissions, part I: gaseous emissions of
carbon monoxide, methane, volatile organic compounds, and nitrogen containing compounds, Atmos. Chem. Phys.
Discuss., 2005, 10455-10516, 10.5194/acpd-5-10455-2005, 2005.

Landgraf, J., aan de Brugh, J., Scheepmaker, R., Borsdorff, T., Hu, H., Houweling, S., Butz, A., Aben, L., and Hasekamp, O.:
Carbon monoxide total column retrievals from TROPOMI shortwave infrared measurements, Atmos. Meas. Tech., 9,
4955-4975, 10.5194/amt-9-4955-2016, 2016.

Lavorel, S., Flannigan, M. D., Lambin, E. F., and Scholes, M. C.: Vulnerability of land systems to fire: Interactions among
humans, climate, the atmosphere, and ecosystems, Mitigation and Adaptation Strategies for Global Change, 12, 33-53,

10.1007/s11027-006-9046-5, 2007.

26


https://doi.org/10.1016/j.atmosenv.2011.11.063
https://doi.org/10.1029/2006GL028284

810

815

820

825

830

835

840

Li, F., Zhang, X., Roy, D. P., and Kondragunta, S.: Estimation of biomass-burning emissions by fusing the fire radiative power
retrievals from polar-orbiting and geostationary satellites across the conterminous United States, Atmospheric

Environment, 211, 274-287, https://doi.org/10.1016/j.atmosenv.2019.05.017, 2019.

Lin, J.-T., and McElroy, M. B.: Impacts of boundary layer mixing on pollutant vertical profiles in the lower troposphere:
Implications to satellite remote sensing, Atmospheric Environment, 44, 1726-1739, 10.1016/j.atmosenv.2010.02.009,
2010.

Lin, S.-J., and Rood, R. B.: Multidimensional Flux-Form Semi-Lagrangian Transport Schemes, Monthly Weather Review,
124, 2046-2070, 10.1175/1520-0493(1996)124<2046:MFFSLT>2.0.CO;2, 1996.

Liu, H., Jacob, D. J., Bey, 1., and Yantosca, R. M.: Constraints from 210Pb and 7Be on wet deposition and transport in a global
three-dimensional chemical tracer model driven by assimilated meteorological fields, Journal of Geophysical Research:
Atmospheres, 106, 12109-12128, 10.1029/2000JD900839, 2001.

Lu, K., Guo, S., Tan, Z., Wang, H., Shang, D., Liu, Y., Li, X., Wu, Z., Hu, M., and Zhang, Y.: Exploring atmospheric free-
radical chemistry in China: the self-cleansing capacity and the formation of secondary air pollution, National Science
Review, 6, 579-594, 10.1093/nst/nwy073, 2019a.

Lu, X., Zhang, L., and Shen, L.: Meteorology and Climate Influences on Tropospheric Ozone: a Review of Natural Sources,
Chemistry, and Transport Patterns, Current Pollution Reports, 5, 238-260, 10.1007/s40726-019-00118-3, 2019b.

Marufu, L., Dentener, F., Lelieveld, J., Andreae, M. O., and Helas, G.: Photochemistry of the African troposphere: Influence
of biomass-burning emissions, Journal of Geophysical Research: Atmospheres, 105, 14513-14530,

https://doi.org/10.1029/1999JD901055, 2000.

Marvin, M. R., Palmer, P. I, Yao, F., Latif, M. T., and Khan, M. F.: Uncertainties from biomass burning aerosols in air quality
models obscure public health impacts in Southeast Asia, Atmos. Chem. Phys., 24, 3699-3715, 10.5194/acp-24-3699-
2024, 2024.

Mota, B., and Wooster, M. J.: A new top-down approach for directly estimating biomass burning emissions and fuel
consumption rates and totals from geostationary satellite fire radiative power (FRP), Remote Sensing of Environment,
206, 45-62, https://doi.org/10.1016/j.rse.2017.12.016, 2018.

Mu, M., Randerson, J. T., van der Werf, G. R., Giglio, L., Kasibhatla, P., Morton, D., Collatz, G. J., DeFries, R. S., Hyer, E.
J., Prins, E. M., Griffith, D. W. T., Wunch, D., Toon, G. C., Sherlock, V., and Wennberg, P. O.: Daily and 3-hourly

variability in global fire emissions and consequences for atmospheric model predictions of carbon monoxide, Journal of

Geophysical Research: Atmospheres, 116, https://doi.org/10.1029/2011JD016245, 2011.

Murray, L. T., Jacob, D. J., Logan, J. A., Hudman, R. C., and Koshak, W. J.: Optimized regional and interannual variability of
lightning in a global chemical transport model constrained by LIS/OTD satellite data, Journal of Geophysical Research:
Atmospheres, 117, 10.1029/2012JD017934, 2012.

Nédélec, P., Blot, R., Boulanger, D., Athier, G., Cousin, J.-M., Gautron, B., Petzold, A., Volz-Thomas, A., and Thouret, V.:

Instrumentation on commercial aircraft for monitoring the atmospheric composition on a global scale: the IAGOS system,

27


https://doi.org/10.1016/j.atmosenv.2019.05.017
https://doi.org/10.1029/1999JD901055
https://doi.org/10.1016/j.rse.2017.12.016
https://doi.org/10.1029/2011JD016245

845

850

855

860

865

870

875

technical overview of ozone and carbon monoxide measurements, Tellus B: Chemical and Physical Meteorology, 67,
27791, 10.3402/tellusb.v67.27791, 2015.

Nguyen, H. M., and Wooster, M. J.: Advances in the estimation of high Spatio-temporal resolution pan-African top-down
biomass burning emissions made using geostationary fire radiative power (FRP) and MAIAC aerosol optical depth (AOD)
data, Remote Sensing of Environment, 248, 111971, https://doi.org/10.1016/j.rse.2020.111971, 2020.

Nguyen, H. M., He, J., and Wooster, M. J.: Biomass burning CO, PM and fuel consumption per unit burned area estimates
derived across Africa using geostationary SEVIRI fire radiative power and Sentinel-5P CO data, Atmos. Chem. Phys.,
23,2089-2118, 10.5194/acp-23-2089-2023, 2023.

O'Rourke, P. R., Smith, S. J., Mott, A., Ahsan, H., McDuffie, E. E., Crippa, M., Klimont, S., McDonald, B., Z., W., Nicholson,
M. B., Feng, L., and Hoesly, R. M.: CEDS v-2021-04-21 Emission Data 1975-2019 (Version Apr-21-2021),
https://data.pnnl.gov/dataset/ CEDS-4-21-21, 2021.

Pan, X., Ichoku, C., Chin, M., Bian, H., Darmenov, A., Colarco, P., Ellison, L., Kucsera, T., da Silva, A., Wang, J., Oda, T.,

and Cui, G.: Six global biomass burning emission datasets: intercomparison and application in one global acrosol model,
Atmos. Chem. Phys., 20, 969-994, 10.5194/acp-20-969-2020, 2020.

Parrington, M., Palmer, P. 1., Lewis, A. C., Lee, J. D., Rickard, A. R., Di Carlo, P., Taylor, J. W., Hopkins, J. R., Punjabi, S.,
Oram, D. E., Forster, G., Aruffo, E., Moller, S. J., Bauguitte, S. J. B., Allan, J. D., Coe, H., and Leigh, R. J.: Ozone
photochemistry in boreal biomass burning plumes, Atmos. Chem. Phys., 13, 7321-7341, 10.5194/acp-13-7321-2013,
2013.

Petetin, H., Jeoffrion, M., Sauvage, B., Athier, G., Blot, R., Boulanger, D., Clark, H., Cousin, J.-M., Gheusi, F., Nedelec, P.,
Steinbacher, M., and Thouret, V.: Representativeness of the IAGOS airborne measurements in the lower troposphere,
Elementa: Science of the Anthropocene, 6, 10.1525/elementa.280, 2018.

Petrenko, M., Kahn, R., Chin, M., and Limbacher, J.: Refined Use of Satellite Aerosol Optical Depth Snapshots to Constrain
Biomass Burning Emissions in the GOCART Model, Journal of Geophysical Research: Atmospheres, 122, 10,983-
911,004, https://doi.org/10.1002/2017JD026693, 2017.

Porter, W. C., and Heald, C. L.: The mechanisms and meteorological drivers of the summertime ozone—temperature
relationship, Atmos. Chem. Phys., 19, 13367-13381, 10.5194/acp-19-13367-2019, 2019.

Pound, R. J., Sherwen, T., Helmig, D., Carpenter, L. J., and Evans, M. J.: Influences of oceanic ozone deposition on
tropospheric photochemistry, Atmos. Chem. Phys., 20, 4227-4239, 10.5194/acp-20-4227-2020, 2020.

Randerson, J. T., Van Der Werf, G. R., Giglio, L., Collatz, G. J., and Kasibhatla, P. S.: Global Fire Emissions Database,
Version 4.1 (GFEDv4), in, ORNL Distributed Active Archive Center, 2017.

Real, E., Orlandi, E., Law, K. S., Fierli, F., Josset, D., Cairo, F., Schlager, H., Borrmann, S., Kunkel, D., Volk, C. M., McQuaid,
J. B., Stewart, D. J,, Lee, J., Lewis, A. C., Hopkins, J. R., Ravegnani, F., Ulanovski, A., and Liousse, C.: Cross-
hemispheric transport of central African biomass burning pollutants: implications for downwind ozone production,

Atmos. Chem. Phys., 10, 3027-3046, 10.5194/acp-10-3027-2010, 2010.

28


https://doi.org/10.1016/j.rse.2020.111971
https://data.pnnl.gov/dataset/CEDS-4-21-21
https://doi.org/10.1002/2017JD026693

880

885

890

895

900

905

910

Reddington, C. L., Spracklen, D. V., Artaxo, P., Ridley, D. A., Rizzo, L. V., and Arana, A.: Analysis of particulate emissions
from tropical biomass burning using a global acrosol model and long-term surface observations, Atmos. Chem. Phys.,
16, 11083-11106, 10.5194/acp-16-11083-2016, 2016.

Reid, J. S., Koppmann, R., Eck, T. F., and Eleuterio, D. P.: A review of biomass burning emissions part II: intensive physical
properties of biomass burning particles, Atmos. Chem. Phys., 5, 799-825, 10.5194/acp-5-799-2005, 2005.

Reid, J. S., Hyer, E. J., Prins, E. M., Westphal, D. L., Zhang, J., Wang, J., Christopher, S. A., Curtis, C. A., Schmidt, C. C.,
Eleuterio, D. P., Richardson, K. A., and Hoffman, J. P.: Global Monitoring and Forecasting of Biomass-Burning Smoke:
Description of and Lessons From the Fire Locating and Modeling of Burning Emissions (FLAMBE) Program, IEEE
Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 2, 144-162,
10.1109/JSTARS.2009.2027443, 2009.

Rémy, S., Veira, A., Paugam, R., Sofiev, M., Kaiser, J. W., Marenco, F., Burton, S. P., Benedetti, A., Engelen, R. J., Ferrare,
R., and Hair, J. W.: Two global data sets of daily fire emission injection heights since 2003, Atmos. Chem. Phys., 17,
2921-2942, 10.5194/acp-17-2921-2017, 2017.

Seiler, W., and Crutzen, P. J.: Estimates of gross and net fluxes of carbon between the biosphere and the atmosphere from
biomass burning, Climatic Change, 2, 207-247, 10.1007/BF00137988, 1980.

Sinha, P., Jaeglé, L., Hobbs, P. V., and Liang, Q.: Transport of biomass burning emissions from southern Africa, Journal of

Geophysical Research: Atmospheres, 109, https://doi.org/10.1029/2004JD005044, 2004.

Staufer, J., Staehelin, J., Stiibi, R., Peter, T., Tummon, F., and Thouret, V.: Trajectory matching of ozonesondes and MOZAIC
measurements in the UTLS &ndash; Part 1: Method description and application at Payerne, Switzerland, Atmos. Meas.
Tech., 6, 3393-3406, 10.5194/amt-6-3393-2013, 2013.

Staufer, J., Staehelin, J., Stiibi, R., Peter, T., Tummon, F., and Thouret, V.: Trajectory matching of ozonesondes and MOZAIC
measurements in the UTLS — Part 2: Application to the global ozonesonde network, Atmos. Meas. Tech., 7, 241-266,
10.5194/amt-7-241-2014, 2014.

Stauffer, R. M., Thompson, A. M., Kollonige, D. E., Tarasick, D. W., Van Malderen, R., Smit, H. G. J., Vomel, H., Morris,
G. A., Johnson, B. J., Cullis, P. D., Stiibi, R., Davies, J., and Yan, M. M.: An Examination of the Recent Stability of
Ozonesonde Global Network Data, Earth and Space Science, 9, ¢2022EA 002459,
https://doi.org/10.1029/2022EA 002459, 2022.

Sterling, C. W., Johnson, B. J., Oltmans, S. J., Smit, H. G. J., Jordan, A. F., Cullis, P. D., Hall, E. G., Thompson, A. M., and

Witte, J. C.: Homogenizing and estimating the uncertainty in NOAA's long-term vertical ozone profile records measured
with the electrochemical concentration cell ozonesonde, Atmos. Meas. Tech., 11, 3661-3687, 10.5194/amt-11-3661-
2018, 2018.

Sun, S., Palmer, P. 1., Siddans, R., Kerridge, B. J., Ventress, L., Edtbauer, A., Ringsdorf, A., Pfannerstill, E. Y., and Williams,
J.: Seasonal isoprene emission estimates over tropical South America inferred from satellite observations of isoprene,

EGUsphere, 2025, 1-28, 10.5194/egusphere-2025-778, 2025.

29


https://doi.org/10.1029/2004JD005044
https://doi.org/10.1029/2022EA002459

915

920

925

930

935

940

Swap, R. J., Annegarn, H. J., Suttles, J. T., King, M. D., Platnick, S., Privette, J. L., and Scholes, R. J.: Africa burning: A
thematic analysis of the Southern African Regional Science Initiative (SAFARI 2000), Journal of Geophysical Research:
Atmospheres, 108, https://doi.org/10.1029/2003JD003747, 2003.

Tang, W., Emmons, L. K., Buchholz, R. R., Wiedinmyer, C., Schwantes, R. H., He, C., Kumar, R., Pfister, G. G., Worden, H.
M., Hornbrook, R. S., Apel, E. C., Tilmes, S., Gaubert, B., Martinez-Alonso, S.-E., Lacey, F., Holmes, C. D., Diskin, G.
S., Bourgeois, 1., Peischl, J., Ryerson, T. B., Hair, J. W., Weinheimer, A. J., Montzka, D. D., Tyndall, G. S., and Campos,
T. L.: Effects of Fire Diurnal Variation and Plume Rise on U.S. Air Quality During FIREX-AQ and WE-CAN Based on

the Multi-Scale Infrastructure for Chemistry and Aerosols (MUSICAvV0), Journal of Geophysical Research: Atmospheres,
127, €2022JD036650, https://doi.org/10.1029/2022JD036650, 2022.

Thompson, A. M., Witte, J. C., Sterling, C., Jordan, A., Johnson, B. J., Oltmans, S. J., Fujiwara, M., Vomel, H., Allaart, M.,
Piters, A., Coetzee, G. J. R., Posny, F., Corrales, E., Diaz, J. A., Félix, C., Komala, N., Lai, N., Ahn Nguyen, H. T., Maata,
M., Mani, F., Zainal, Z., Ogino, S.-y., Paredes, F., Penha, T. L. B., da Silva, F. R., Sallons-Mitro, S., Selkirk, H. B.,

Schmidlin, F. J., Stiibi, R., and Thiongo, K.: First Reprocessing of Southern Hemisphere Additional Ozonesondes
(SHADOZ) Ozone Profiles (1998-2016): 2. Comparisons With Satellites and Ground-Based Instruments, Journal of
Geophysical Research: Atmospheres, 122, 13,000-013,025, https://doi.org/10.1002/2017JD027406, 2017.

Thompson, A. M., Stauffer, R. M., Wargan, K., Witte, J. C., Kollonige, D. E., and Ziemke, J. R.: Regional and Seasonal Trends

in Tropical Ozone From SHADOZ Profiles: Reference for Models and Satellite Products, Journal of Geophysical
Research: Atmospheres, 126, €2021JD034691, https://doi.org/10.1029/2021JD034691, 2021.

Thouret, V., Marenco, A., Logan, J. A., Nédélec, P., and Grouhel, C.: Comparisons of ozone measurements from the MOZAIC
airborne program and the ozone sounding network at eight locations, Journal of Geophysical Research: Atmospheres,
103, 25695-25720, 10.1029/98JD02243, 1998.

Travis, K. R., Jacob, D. J., Fisher, J. A., Kim, P. S., Marais, E. A., Zhu, L., Yu, K., Miller, C. C., Yantosca, R. M., Sulprizio,
M. P., Thompson, A. M., Wennberg, P. O., Crounse, J. D., St. Clair, J. M., Cohen, R. C., Laughner, J. L., Dibb, J. E.,
Hall, S. R., Ullmann, K., Wolfe, G. M., Pollack, 1. B., Peischl, J., Neuman, J. A., and Zhou, X.: Why do models
overestimate surface ozone in the Southeast United States?, Atmos. Chem. Phys., 16, 13561-13577, 10.5194/acp-16-
13561-2016, 2016.

Trollope, W. S. W., Trollope, L. A., Potgieter, A. L. F., and Zambatis, N.: SAFARI-92 characterization of biomass and fire
behavior in the small experimental burns in the Kruger National Park, Journal of Geophysical Research: Atmospheres,

101, 23531-23539, https://doi.org/10.1029/96JD00691, 1996.

Valks, P., Hao, N., Gimeno Garcia, S., Loyola, D., Dameris, M., Jockel, P., and Delcloo, A.: Tropical tropospheric ozone
column retrieval for GOME-2, Atmos. Meas. Tech., 7, 2513-2530, 10.5194/amt-7-2513-2014, 2014.

Valks, P. J. M., Koelemeijer, R. B. A., van Weele, M., van Velthoven, P., Fortuin, J. P. F., and Kelder, H.: Variability in
tropical tropospheric ozone: Analysis with Global Ozone Monitoring Experiment observations and a global model,

Journal of Geophysical Research: Atmospheres, 108, https://doi.org/10.1029/2002JD002894, 2003.

30


https://doi.org/10.1029/2003JD003747
https://doi.org/10.1029/2022JD036650
https://doi.org/10.1002/2017JD027406
https://doi.org/10.1029/2021JD034691
https://doi.org/10.1029/96JD00691
https://doi.org/10.1029/2002JD002894

945

950

955

960

965

970

975

van der Werf, G. R., Randerson, J. T., Giglio, L., van Leeuwen, T. T., Chen, Y., Rogers, B. M., Mu, M., van Marle, M. J. E.,
Morton, D. C., Collatz, G. J., Yokelson, R. J., and Kasibhatla, P. S.: Global fire emissions estimates during 1997-2016,
Earth Syst. Sci. Data, 9, 697-720, 10.5194/essd-9-697-2017, 2017.

van Geffen, J., Boersma, K. F., Eskes, H., Sneep, M., ter Linden, M., Zara, M., and Veefkind, J. P.: SSP TROPOMI NO2 slant
column retrieval: method, stability, uncertainties and comparisons with OMI, Atmos. Meas. Tech., 13, 1315-1335,
10.5194/amt-13-1315-2020, 2020.

Veefkind, J. P., Aben, 1., McMullan, K., Forster, H., de Vries, J., Otter, G., Claas, J., Eskes, H. J., de Haan, J. F., Kleipool, Q.,
van Weele, M., Hasekamp, O., Hoogeveen, R., Landgraf, J., Snel, R., Tol, P., Ingmann, P., Voors, R., Kruizinga, B.,
Vink, R., Visser, H., and Levelt, P. F.: TROPOMI on the ESA Sentinel-5 Precursor: A GMES mission for global
observations of the atmospheric composition for climate, air quality and ozone layer applications, Remote Sensing of
Environment, 120, 70-83, https://doi.org/10.1016/j.rse.2011.09.027, 2012.

Vidot, J., Landgraf, J., Hasekamp, O. P., Butz, A., Galli, A., Tol, P., and Aben, I.: Carbon monoxide from shortwave infrared

reflectance measurements: A new retrieval approach for clear sky and partially cloudy atmospheres, Remote Sensing of
Environment, 120, 255-266, https://doi.org/10.1016/j.rse.2011.09.032, 2012.

von Danckelman, A.: Cloud conditions in South-West Africa, Meteorologische Zeitschrift, 18, 341-348, 10.1127/0941-
2948/2009/355, 2009.

Walker, X. J., Baltzer, J. L., Cumming, S. G., Day, N. J., Ebert, C., Goetz, S., Johnstone, J. F., Potter, S., Rogers, B. M.,

Schuur, E. A. G., Turetsky, M. R., and Mack, M. C.: Increasing wildfires threaten historic carbon sink of boreal forest
soils, Nature, 572, 520-523, 10.1038/s41586-019-1474-y, 2019.

Wang, H., Lu, X., Jacob, D. J., Cooper, O. R., Chang, K. L., Li, K., Gao, M., Liu, Y., Sheng, B., Wu, K., Wu, T., Zhang, J.,
Sauvage, B., Nédélec, P., Blot, R., and Fan, S.: Global tropospheric ozone trends, attributions, and radiative impacts in
1995-2017: an integrated analysis using aircraft (IAGOS) observations, ozonesonde, and multi-decadal chemical model
simulations, Atmos. Chem. Phys., 22, 13753-13782, 10.5194/acp-22-13753-2022, 2022.

Wang, H., Wang, H., Lu, X., Lu, K., Zhang, L., Tham, Y. J., Shi, Z., Aikin, K., Fan, S., Brown, S. S., and Zhang, Y.: Increased
night-time oxidation over China despite widespread decrease across the globe, Nature Geoscience, 16, 217-223,
10.1038/s41561-022-01122-x, 2023.

Wang, H., Lu, X., Palmer, P. L., Zhang, L., Lu, K., Li, K., Nagashima, T., Koo, J.-H., Tanimoto, H., Wang, H., Gao, M., He,
C., Wu, K., Fan, S., and Zhang, Y.: Deciphering decadal urban ozone trends from historical records since 1980, National
Science Review, 11, 10.1093/nsr/nwae369, 2024.

Wang, Y., Li, K., Chen, X., Yang, Z., Tang, M., Campos, P. M. D., Yang, Y., Yue, X., and Liao, H.: Revisiting the high
tropospheric ozone over southern Africa: role of biomass burning and anthropogenic emissions, Atmos. Chem. Phys., 25,
4455-4475, 10.5194/acp-25-4455-2025, 2025.

Wesely, M. L.: Parameterization of surface resistances to gaseous dry deposition in regional-scale numerical models,

Atmospheric Environment (1967), 23, 1293-1304, 10.1016/0004-6981(89)90153-4, 1989.

31


https://doi.org/10.1016/j.rse.2011.09.027
https://doi.org/10.1016/j.rse.2011.09.032

980

985

990

995

1000

1005

1010

Winkler, H., Formenti, P., Esterhuyse, D. J., Swap, R. J., Helas, G., Annegarn, H. J., and Andreae, M. O.: Evidence for large-
scale transport of biomass burning acrosols from sunphotometry at a remote South African site, Atmospheric
Environment, 42, 5569-5578, https://doi.org/10.1016/j.atmosenv.2008.03.031, 2008.

Witte, J. C., Thompson, A. M., Smit, H. G. J., Fujiwara, M., Posny, F., Coetzee, G. J. R., Northam, E. T., Johnson, B. J.,

Sterling, C. W., Mohamad, M., Ogino, S.-Y., Jordan, A., and da Silva, F. R.: First reprocessing of Southern Hemisphere
ADditional OZonesondes (SHADOZ) profile records (1998-2015): 1. Methodology and evaluation, Journal of
Geophysical Research: Atmospheres, 122, 6611-6636, https://doi.org/10.1002/2016JD026403, 2017.

Witte, J. C., Thompson, A. M., Smit, H. G. J., Vomel, H., Posny, F., and Stiibi, R.: First Reprocessing of Southern Hemisphere
ADditional OZonesondes Profile Records: 3. Uncertainty in Ozone Profile and Total Column, Journal of Geophysical
Research: Atmospheres, 123, 3243-3268, https://doi.org/10.1002/2017JD027791, 2018.

Wooster, M. J., Roberts, G., Freeborn, P. H., Xu, W., Govaerts, Y., Beeby, R., He, J., Lattanzio, A., Fisher, D., and Mullen,

R.: LSA SAF Meteosat FRP products — Part 1: Algorithms, product contents, and analysis, Atmos. Chem. Phys., 15,
13217-13239, 10.5194/acp-15-13217-2015, 2015.

Wooster, M. J., Roberts, G. J., Giglio, L., Roy, D. P., Freeborn, P. H., Boschetti, L., Justice, C., Ichoku, C., Schroeder, W .,
Davies, D., Smith, A. M. S., Setzer, A., Csiszar, L., Strydom, T., Frost, P., Zhang, T., Xu, W., de Jong, M. C., Johnston,
J. M., Ellison, L., Vadrevu, K., Sparks, A. M., Nguyen, H., McCarty, J., Tanpipat, V., Schmidt, C., and San-Miguel-
Ayanz, J.: Satellite remote sensing of active fires: History and current status, applications and future requirements, Remote
Sensing of Environment, 267, 112694, https://doi.org/10.1016/j.rse.2021.112694, 2021.

WRAP: Western Regional Air Partnership, Development of 2000-04 Baseline Period and 2018 Projection Year Emission

Inventories, Prepared by Air Sciences, Inc. Project No. 178-8, 2005., in, 2005.

Xu, L., Crounse, J. D., Vasquez, K. T., Allen, H., Wennberg, P. O., Bourgeois, 1., Brown, S. S., Campuzano-Jost, P., Coggon,
M. M., Crawford, J. H., DiGangi, J. P., Diskin, G. S., Fried, A., Gargulinski, E. M., Gilman, J. B., Gkatzelis, G. ., Guo,
H., Hair, J. W., Hall, S. R., Halliday, H. A., Hanisco, T. F., Hannun, R. A., Holmes, C. D., Huey, L. G., Jimenez, J. L.,
Lamplugh, A., Lee, Y. R., Liao, J., Lindaas, J., Neuman, J. A., Nowak, J. B., Peischl, J., Peterson, D. A., Piel, F., Richter,
D., Rickly, P. S., Robinson, M. A., Rollins, A. W., Ryerson, T. B., Sekimoto, K., Selimovic, V., Shingler, T., Soja, A. J.,
Clair, J. M. S., Tanner, D. J., Ullmann, K., Veres, P. R., Walega, J., Warncke, C., Washenfelder, R. A., Weibring, P.,
Wisthaler, A., Wolfe, G. M., Womack, C. C., and Yokelson, R. J.: Ozone chemistry in western U.S. wildfire plumes,
Science Advances, 7, eabl3648, doi:10.1126/sciadv.abl3648, 2021.

Xu,R., Ye, T., Yue, X, Yang, Z., Yu, W., Zhang, Y., Bell, M. L., Morawska, L., Yu, P., Zhang, Y., Wu, Y., Liu, Y., Johnston,
F., Lei, Y., Abramson, M. J., Guo, Y., and Li, S.: Global population exposure to landscape fire air pollution from 2000 to
2019, Nature, 621, 521-529, 10.1038/s41586-023-06398-6, 2023.

Xu, W., and Wooster, M. J.: Sentinel-3 SLSTR active fire (AF) detection and FRP daytime product - Algorithm description
and global intercomparison to MODIS, VIIRS and landsat AF data, Science of Remote Sensing, 7, 100087,
https://doi.org/10.1016/j.s1s.2023.100087, 2023.

32


https://doi.org/10.1016/j.atmosenv.2008.03.031
https://doi.org/10.1002/2016JD026403
https://doi.org/10.1002/2017JD027791
https://doi.org/10.1016/j.rse.2021.112694
https://doi.org/10.1016/j.srs.2023.100087

1015

1020

1025

1030

Zhang, L., Gong, S., Padro, J., and Barrie, L.: A size-segregated particle dry deposition scheme for an atmospheric aerosol
module, Atmospheric Environment, 35, 549-560, 10.1016/S1352-2310(00)00326-5, 2001.

Zhang, L., Jacob, D. J., Liu, X., Logan, J. A., Chance, K., Eldering, A., and Bojkov, B. R.: Intercomparison methods for
satellite measurements of atmospheric composition: application to tropospheric ozone from TES and OMI, Atmos. Chem.
Phys., 10, 4725-4739, 10.5194/acp-10-4725-2010, 2010.

Zhu, L., Val Martin, M., Gatti, L. V., Kahn, R., Hecobian, A., and Fischer, E. V.: Development and implementation of a new
biomass burning emissions injection height scheme (BBEIH v1.0) for the GEOS-Chem model (v9-01-01), Geosci. Model
Dev., 11,4103-4116, 10.5194/gmd-11-4103-2018, 2018.

Ziemke, J. R., Chandra, S., Duncan, B. N., Froidevaux, L., Bhatrtia, P. K., Levelt, P. F., and Waters, J. W.: Tropospheric ozone
determined from Aura OMI and MLS: Evaluation of measurements and comparison with the Global Modeling Initiative's
Chemical Transport Model, Journal of Geophysical Research: Atmospheres, 111, https://doi.org/10.1029/2006JD007089,
2006.

Ziemke, J. R., Chandra, S., Duncan, B. N., Schoeberl, M. R., Torres, O., Damon, M. R., and Bhartia, P. K.: Recent biomass

burning in the tropics and related changes in tropospheric ozone, Geophysical Research Letters, 36, L15819,
https://doi.org/10.1029/2009GL039303, 2009.

Ziemke, J. R., Oman, L. D., Strode, S. A., Douglass, A. R., Olsen, M. A., McPeters, R. D., Bhartia, P. K., Froidevaux, L.,
Labow, G. J., Witte, J. C., Thompson, A. M., Haftner, D. P., Kramarova, N. A., Frith, S. M., Huang, L. K., Jaross, G. R.,

Seftor, C. J., Deland, M. T., and Taylor, S. L.: Trends in global tropospheric ozone inferred from a composite record of
TOMS/OMI/MLS/OMPS satellite measurements and the MERRA-2 GMI simulation, Atmos. Chem. Phys., 19, 3257-
3269, 10.5194/acp-19-3257-2019, 2019.

33


https://doi.org/10.1029/2006JD007089
https://doi.org/10.1029/2009GL039303

Table 1: GEOS-Chem model simulations conducted in this study.

Biomass burning emissions

Simulation Range Time period
Africa Outside Africa
GBASE Global All month GFED4 3hourly GFED4 3hourly
NBASE Nested Jan, Apr, Jul, Oct GFED4 3hourly /
GFAS_daily Nested Jan, Apr, Jul, Oct GFAS_daily with diurnal cycle /
FREM hourly Nested Jan, Apr, Jul, Oct FREM hourly /
FREM 3hourly Nested Jan, Apr, Jul, Oct FREM 3hourly /
FREM daily Nested Jan, Apr, Jul, Oct FREM daily with diurnal cycle /
GFREM hourly  Global All month FREM_hourly GFED4 3hourly
GFREM_daily Global All month FREM_daily with diurnal cycle GFED4 3hourly
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Table 2: Mean bias between observations and simulations (unit:ppbv) for in situ measurements (mean tropospheric ozone biases for

profiles).
Regions Measurements Month GFED4 3hourly GFAS daily FREM daily FREM 3hourly FREM hourly
Jan 1.81£1099 096+11.21 1.02+11.19 099%11.16 098%11.16
Northern AGOS Apr 1.88+7.78 1.55+7.70 1.38+7.72 1.37+£7.72 1.37+£7.72
I

Hemisphere Africa Jul -1.25+£6.07 -2.15+£584  -192+£588 -1.92+£587 -1.93+5.87
Oct 7.74 £4.53 7.88+4.48 7.73 £4.54 7.72 £ 4.54 7.72 £4.54
Jan 3.42+6.78 342+6.74 345+6.76 341+6.74 341+£6.74

Southern Apr / / / / /
IAGOS

Hemisphere Africa Jul 2.57+4.41 -0.67+£5.01 -0.12+4.88 -029+4.89 -037+491
Oct 1.77 £ 7.66 0.39+6.42 -0.31+£7.09 -028+7.03 -0.30+7.03
Jan 2.73£7.45 0.50 £7.42 0.95£7.39 0.97 £7.40 0.98 £7.40
Apr / / / / /

Ascension Ozonesonde
Jul 5.21+8.57 -0.65+8.17 -0.06£7.88 -0.03+7.84 -0.03£7.84
Oct  421+£11.55 303+ 1136 2.85+11.35 2.83+11.35 2.83+11.36
Jan 2.16 £ 6.18 1.48 +£5.84 1.57 £5.85 1.57 £5.85 1.57 £ 5.85
Apr  -2.38+9.81 -240+£9.87 -246+9.83 -247+£9.83 -2.47%9.83
Nairobi Ozonesonde
Jul 2.21+5.84 -044+£554  -0.04£539 0.02%5.46 0.02+£5.46
Oct -0.07 £7.36 -0.09+7.34 -0.08+£7.33 -0.08+£7.32 -0.08%7.32
Jan 8.77+12.94 8.89+1294 9.13+£12.99 9.09+13.02 9.09 +13.02
Apr  5.82+11.63 583+11.64 582+11.64 582+11.64 582+11.64
South Africa Ground

Juu  -093+£10.66 -1.70£10.58 -1.58+10.66 -1.54%10.67 -1.54=£10.66
Oct  7.96+11.81 692+1147 681+£11.46 6.74+11.55 6.73+£11.54
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1040 Figure 1: Comparison of the diurnal variations and monthly total NO. emissions from BB as represented by GFED4.1, GFAS, and
FREM inventories in 2019. The top panel shows the diurnal cycles of NOx emissions (Gg hour) for January, April, July, and
October, highlighting differences in diurnal patterns among the datasets. The second row displays the corresponding monthly total
NOx emissions (Gg month™), and third-to-fifth row is their spatial distribution in 2019 along with the total emission for that year.
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Figure 2: Evaluation of simulated ozone against multi-platform observations over Africa in 2019. (a) Spatial distribution of
measurement platforms including IAGOS aircraft flight tracks (color-coded by ozone concentrations), ozonesonde launch sites
(triangles), and surface monitoring stations (square). Vertical profile comparisons between IAGOS aircraft observations and model
simulations for (b) Northern Hemisphere and (c) Southern Hemisphere Africa. (d, ¢) Ozonesonde profile comparisons at (d)
Ascension and (e) Nairobi sites, with horizontal bars indicating standard deviations in the observations (+1c). (f-i) Temporal
evolution of surface ozone concentrations across 84 monitoring stations in South Africa for January (f), April (g), July (h), and
October (i), showing observed (black lines for IAGOS observation and dots for surface observation) and simulated (colored lines)
values using different BB emission inventories.
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Figure 3: Mean biases in GEOS-Chem simulated ozone concentrations compared with observations from (a) ground-based
measurements in South Africa, (b) aircraft observations over Northern Hemisphere Africa (NHAF), (¢) aircraft observations over
Southern Hemisphere Africa (SHAF), and ozonesonde measurements at (d) Ascension and (e) Nairobi. The error bars represent
+1/2 standard deviation of the mean biases. The data are categorized by month (Jan, Apr, Jul, Oct) and differentiated by BB emission

inventory (GFAS_daily, GFED4_3hourly, FREM_daily, FREM _3hourly, FREM _hourly).
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emission differences (Gg hour™) during daytime and nighttime. The bottom histograms show the frequency distributions of these
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Figure 6: Impact of diurnal variations in BB emissions on GEOS-Chem model estimates of surface and tropospheric ozone
concentrations over Africa. The panels illustrate the differences between the FREM hourly and FREM_daily schemes
(FREM_hourly - FREM_daily) for January and July, with results presented for 24-hour mean, daytime mean, and nighttime mean.
Surface ozone differences are highlighted in the inset maps, while vectors represent the 850 hPa wind fields.
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Figure 7: Impact of diurnal variations in BB emissions on ozone budget diagnostics (kg h™") in Africa for January and July 2019, as
estimated by the GEOS-Chem model. The diagnostics include contributions from chemistry, transport, convection, and mixing, with
results shown separately for daytime and nighttime in each month. The first column presents the highlighted regional mean values
of daytime and nighttime (gray shading) ozone budget terms for January and July, while the subsequent columns display their
spatial distributions.
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Figure 8: Impact of diurnal variations in BB emissions in Africa on global surface ozone concentrations and seasonal mean wind
fields at 850 hPa, as estimated by the GEOS-Chem model for different seasons in 2019. The difference between the sensitivity
experiments GFREM_hourly and GFREM_daily represents the impact of diurnal variation (GFREM_hourly - GFREM_ daily).
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