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Abstract High spatiotemporal resolution air quality modeling is essential for air quality impact assessments
and decision-making for prescribed burns. Accurate representation of the heterogeneous distribution of fuels
and the structure of smoke plumes requires high-resolution modeling frameworks. In this study, we conducted
simulations of prescribed burns in Fort Benning, Georgia, with BlueSky-CMAQ and WRF-SFIRE modeling
frameworks and compared the differences between the results. BlueSky-CMAQ was run at a 1-km resolution,
while WREF-SFIRE operated at a 200-m resolution, both generating outputs every 20 min. We compared the
emission profiles, smoke plume structures, and ground-level concentrations of pollutants between these two
modeling frameworks. We used measurements of winds and pollutant concentrations collected at the military
base to evaluate model performance and identify critical factors affecting simulation accuracy, including the
plume rise scheme, uncertainties from satellite-detected fire start time and FRP, and biases in wind simulations.
All settings of the simulation frameworks showed a correlation higher than 0.21 with measurements of PM, s
during the prescribed burning periods. The WRF-SFIRE had the highest correlation (r = 0.29) with observation,
and the BlueSky-CMAQ with Freitas plume rise scheme showed the best performance for simulating the
intensity of detected smoke, with a regression slope of 0.93. The findings and lessons learned are presented to
inform future field measurement design and model implementations for studying the prescribed fire impacts on
local air quality.

Plain Language Summary Smoke modeling is critical for air quality assessments and prescribed
burn decisions. The study used two high-resolution models, a fire behavior model, and a chemical transport
model, to simulate smoke from prescribed burns at a southeastern US military base. Models were evaluated with
observations, and critical factors affecting simulation accuracy were identified. Results showed the fire behavior
model performed better, highlighting the importance of plume dynamics in accurate smoke simulations.

1. Introduction

The burned area from wildfires in the United States (US) has shown an increasing trend over recent decades,
resulting in higher federal suppression costs (Jaffe et al., 2020). Wildfire risks are expected to increase due to the
accumulation of fuels from past fire suppression (Marlon et al., 2012) and increasing fuel aridity (Burke
et al., 2021), which is anticipated to persist with ongoing global warming (Westerling et al., 2006). Prescribed
burning is an effective land management strategy to reduce wildfire risk by decreasing the accumulation of fuels.
Prescribed fires are typically low-intensity burns with a short duration conducted under favorable meteorological
conditions to control fire spread and minimize smoke impacts. Prescribed burning has other benefits, including
local ecosystem protection (Francos & fJbeda, 2021; Policelli et al., 2019) and biodiversity enhancement (Hunter
& Robles, 2020). However, like all types of biomass burning, prescribed burning is a source of smoke that de-
grades air quality. In the southeastern US, prescribed burns contribute 10%—15% to the annual average ambient
PM, 5 (particulate matter whose aerodynamic diameters are 2.5 pm or smaller) (Afrin & Garcia-Menendez, 2020;
Carter et al., 2023), raising concerns about the health impact of PM, 5 from prescribed burns on populations
(Huang et al., 2019; Maji et al., 2024a, 2024b).

LIET AL.

1 of 17


https://orcid.org/0000-0003-4907-146X
https://orcid.org/0000-0002-6429-068X
https://orcid.org/0000-0002-7930-8934
https://orcid.org/0000-0002-3073-3227
https://orcid.org/0000-0003-0765-8035
https://orcid.org/0000-0002-3947-7047
http://agupubs.onlinelibrary.wiley.com/doi/toc/10.1002/(ISSN)2169-8996.BIOMASSBURN
http://agupubs.onlinelibrary.wiley.com/doi/toc/10.1002/(ISSN)2169-8996.BIOMASSBURN
http://agupubs.onlinelibrary.wiley.com/doi/toc/10.1002/(ISSN)2169-8996.BIOMASSBURN
mailto:odman@gatech.edu
https://doi.org/10.1029/2025JD044677
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2025JD044677&domain=pdf&date_stamp=2025-11-19

NI

ADVANCING EARTH
AND SPACE SCIENCES

Journal of Geophysical Research: Atmospheres

10.1029/2025JD044677

Funding acquisition: L. Gregory Huey,
Rodney J. Weber, Armistead G. Russell,
M. Talat Odman

Investigation: Susan O’Neill, Yongtao Hu
Methodology: Zongrun Li,

M. Talat Odman

Project administration: M. Talat Odman
Resources: Susan O’Neill, Yunyao Li
Software: Zongrun Li, Susan O’Neill,
Yongtao Hu, Yunyao Li, M. Talat Odman
Supervision: Armistead G. Russell,

M. Talat Odman

Visualization: Zongrun Li

Writing — original draft: Zongrun Li,
M. Talat Odman

Writing — review & editing: Zongrun Li,
Rime El Asmar, Susan O’Neill,

Yongtao Hu, Haofei Yu, Yunyao Li, David
J. Tanner, L. Gregory Huey, Rodney

J. Weber, Armistead G. Russell,

M. Talat Odman

Accurate air quality modeling frameworks are essential for guiding fire managers in reducing air quality impacts
from prescribed burns, improving understanding of health effects of prescribed burn-related air pollution and
providing forecasts to protect sensitive populations from smoke exposure. Multiple smoke modeling tools are
available to evaluate air quality impacts from smoke and provide information for prescribed fire decisions,
including trajectory models, dispersion models, empirical models, chemical transport models, and fire behavior
models. Trajectory and dispersion models have low computational requirements due to the simplification of
physics and do not account for the chemical reactions in smoke. These models can be used to provide real-time
decisions. Simple Smoke Screening Tool (SSST) (Mobley, 1976), Hybrid Single-Particle Lagrangian Integrated
Trajectory (HYSPLIT) model (Stein et al., 2015), and VSmoke (Lavdas, 1996) are three commonly used web-
based management tools that can provide real-time smoke impacts from prescribed burns. SSST is a model
that estimates smoke-sensitive areas based on the Lavdas dispersion index (Lavdas, 1986); HYSPLIT is a
Lagrangian trajectory model, and VSmoke is a steady-state Gaussian plume dispersion model. Johnson and
Garcia-Menendez (2023) applied these tools to simulate the prescribed burning air quality impacts. The smoke
predictions from these tools had low spatial correlations with each other, which led to a concern about using these
tools for air quality simulation or exposure evaluation. Empirical models typically use statistical or machine
learning methods to develop the relationships between fire-related pollutants and other environmental factors
such as geographical patterns, meteorological conditions, and satellite retrievals. Lee and Jafte (2024) identified
smoke days using PM, 5 observations and Hazard Mapping System (HMS) data. Then, generalized additive
models were built with NO, satellite retrieval, meteorological conditions, day of the year, and smoke trajectories
as predictors and observed ozone as training targets. Similarly, Childs et al. (2022) also identified smoke days and
used a machine learning (ML) model to predict fire-related PM, 5. The model was developed using fire indicators
from HMS, simulated smoke trajectories, aerosol optical depth retrievals, and meteorological and geographical
data to predict PM, 5. Raffuse et al. (2024) used the random forest machine learning model to improve upon
forecasted PM, 5 data from dispersion models, creating a data set for health impact analysis. Chemical transport
models (CTMs) account for plume height, temporal profile of fire emissions, smoke transport, and chemical
reactions, which can also be applied to understanding fire impacts on air quality. The Community Multiscale Air
Quality Modeling System (CMAQ) (Byun & Schere, 2006) is a CTM widely used to evaluate countrywide or
regional fire-specific air quality impacts (Baker et al., 2016; Maji et al., 2024a, 2024b; Wilkins et al., 2018). Qiu
et al. (2024) compared the ML-derived and CTM-simulated smoke PM, 5. The study found that the ML-based
approach outperformed the CTM in predicting high smoke levels. However, the CTM-based approach demon-
strated better prediction performance when the smoke level was moderate. Another category of models for smoke
simulation is fire behavior models, which have the highest level of physics complexity for fire simulations among
the discussed models. Instead of using parametrized plume rise schemes and empirical time profiles to distribute
fire emissions, which are used in CTMs, the fire behavior models simulate the fire propagation process by
considering the interactions between fire and the atmosphere. Then, the emission time profile is estimated based
on consumed fuel, and the smoke is elevated by buoyancy generated from the fire heat flux during the fire
spreading. WRF-SFIRE is a fire behavior model incorporated in an atmospheric dynamics model, the Weather
Research and Forecasting (WRF) model, which was applied to simulate wildfires and prescribed burns
(Kochanski et al., 2013; Mallia et al., 2020; Mandel et al., 2014). Atmospheric chemistry can also be considered
by coupling the fire behavior model with WRF-Chem (Kochanski et al., 2012), which is a CTM coupled with
atmospheric dynamics.

Although some previous studies showed reasonable performance when applying smoke models to simulate daily
regional impacts from multiple fire sources, the performance of the smoke models for single-prescribed burn
simulations under a high spatiotemporal resolution is not well understood. Except for the fire behavior model
WREF-SFIRE, which requires high spatial resolution (subgrid scales less than a few hundred meters), other cat-
egories of models are typically simulated in a coarser resolution. As a result, they may not be suitable for
capturing smoke transport or assessing the local air quality impacts from individual prescribed fires. Additionally,
the lack of near-source observations makes evaluating these models' performance in prescribed burn simulations
more challenging. Moreover, few studies have explored and compared CTMs and fire behavior models, which are
potential tools for generating high spatiotemporal resolution smoke simulations to enhance air quality forecasting
and support prescribed fire planning for fire managers. In this study, we assembled a high spatiotemporal
chemical transport modeling framework, BlueSky-CMAQ, for prescribed burn simulations. The framework is a
coupling of the BlueSky fire modeling framework (Larkin et al., 2009) with CMAQ to simulate the air quality
impacts from prescribed fires at 1-km spatial resolution and 20-min temporal resolution. Then, we simulated
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Figure 1. WRF simulation domains (left). BlueSky-CMAQ used the same domain as D03 (cyan frame), which had a 1-km resolution. WRF-SFIRE used the 200-m
resolution D04 domain (pink frame), which is shown enlarged (right). The right panel also shows the boundary of Fort Benning (black line), the boundaries of studied
burned units (red lines), and the locations of deployed EBAMs and trailers in the fort (dots with different colors).

prescribed burns in Fort Benning, Georgia, using BlueSky-CMAQ and WRF-SFIRE modeling frameworks. We
compared the emission magnitudes, emission temporal profiles, smoke plume structures, and ground-level
concentrations of pollutants between these two frameworks. Wind and PM, 5 measurements collected in Fort
Benning (El Asmar et al., 2024) were used to evaluate model performance and to understand critical factors
affecting simulation performance. We expect the findings to guide future improvements and implementations of
prescribed burn smoke modeling frameworks for assessing the impacts of burns on local air quality and inform
fieldwork design for model evaluation.

2. Material and Methods
2.1. Study Area and Measurements

We measured PM, 5 using a fixed site network of monitors at Fort Benning Army Base, sampling throughout the
prescribed burning period during 2021 and 2022 (monitor locations are shown in Figure 1). Fort Benning, located in
west central Georgia, US, typically schedules prescribed burns yearly as a land management tool to protect the
ecosystem and reduce wildfire risks. In 2021, we deployed a research trailer equipped with a tapered element
oscillating microbalance (TEOM) and two portable environmental beta attenuation mass monitors (EBAMs) in the
fort. In the following year, we deployed more monitors, including five trailers with TEOMs and two EBAMs, to
increase the probability of capturing smoke from prescribed burns in the fort and to better understand the PM, s
spatial distribution. The internal sampling frequency of the TEOM PM, 5 measurements is 1 min, and data were
averaged to 1 hr. The EBAMs measure hourly PM, 5 concentrations (MOI, 2022). Besides PM, 5, we measured
surface wind speed and direction using the anemometers in EBAMs and acquired hourly wind observations from
the Remote Automated Weather Station (RAWS) in Fort Benning. In 2022, anemometers were also deployed on
the trailers but provided wind direction in a 16-point compass format. Since we processed PM, 5 as hourly averages
and the acquired RAWS wind observations had a 1-hr resolution, we focused on evaluating 1-hr-averaged
simulated concentrations.

2.2. Prescribed Burns

The boundaries of Fort Benning burn units burned during the study period are shown with red boundaries in
Figure 1 (the identifier of each burn unit is shown in Figure S1 of Supporting Information S1). Since these monitors
were passively deployed, they were not always downwind from the burn units and did not capture high PM, 5
during some burns. Since the study focused on smoke modeling, we first analyzed the source of smoke using the
backward trajectory HYSPLIT when the measured PM, 5 showed high peaks (Figures S2—S9 in Supporting In-
formation S1). The detailed model setup and analyses can be found in the E1 Asmar et al. (2024). We only focused
on the prescribed burns when HY SPLIT trajectories indicated that the source of measured high PM, 5 was from the
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fort. Also, the Fire Information for Resource Management System (FIRMS), which includes fire radiative power
(FRP) from Terra Moderate Resolution Imaging Spectroradiometer (MODIS), Aqua MODIS, Suomi National
Polar-orbiting Partnership (Suomi-NPP) Visible Infrared Imaging Radiometer Suite (VIIRS), and NOAA-20
(N20), had detected FRP from these burns. Then, eight prescribed burns were selected to be simulated in the
study, including four in 2021 and four in 2022 (burn dates can be found in Table S1 of Supporting Information S1).
Since the exact start times for these burns were not recorded, we used a Geostationary Operational Environmental
Satellite-16 (GOES-16) product providing the FRP every 5 min, to estimate the fire start time. We defined the fire
start time as the first time the FRP was reported from GOES-16 in the burn units. For April 24th and April 25th in
2022, GOES-16 did not detect any FRP in the burn units. We used an alternative method based on the HYSPLIT
backward trajectory to estimate the fire start time. For these burns, we used the 1-km WRF simulations as
meteorological input to HY SPLIT and started backward trajectory simulations from the downwind monitor at the
time it first detected high PM, 5. The fire start time is the time when the backward trajectories first intersected the
burn units (Figures S8 and S9 in Supporting Information S1).

2.3. WRF-BlueSky-CMAQ

WREF version 4.2 (Skamarock et al., 2019) was applied to provide meteorological conditions for BlueSky version
4.5 (Larkin et al., 2009) and CMAQ version 5.3 (Byun & Schere, 2006). The 12-km resolution North American
Mesoscale (NAM) (NCAR, 2015) data provided the initial and boundary conditions for WRF simulations. We
utilized grid nudging and observational nudging with the NCEP ADP global surface (NCAR, 2004a) and upper
air (NCAR, 2004b) observational weather data, as well as the measurements from our EBAM monitors and the
RAWS in Fort Benning, to improve the modeling performance. Three nested domains, with 12, 4, and 1-km
resolution (Figure 1), were used to enhance spatial resolution over Fort Benning and improve the simulation
of smoke transport and its spatial impacts. Results from the meteorological simulations in the 1-km resolution
domain drawn at 20-min time resolution were used for BlueSky and CMAQ simulations.

The BlueSky smoke modeling framework (Larkin et al., 2009) encapsulates different modules to estimate the fuel
type, fuel load, fuel moisture, fuel consumption, emissions, time profile, and plume heights. The model runs as a
pipeline, meaning the previous modules' outputs are inputs to the following module. In this study, we employed
BlueSky to provide fire emissions inputs to CMAQ. We first converted the WRF simulations to Air Resources
Laboratory (ARL) data format, which we then provided to BlueSky as meteorological conditions. BlueSky
estimated the fuel type and fuel load by the 1-km resolution Fuel Characteristic Classification System (FCCS)
(Prichard et al., 2019). Then, the fuel information and the meteorological conditions were used to estimate the fuel
moisture by the National Fire Danger Rating System (NFDRS) (Deeming, 1972). Next, the CONSUME model
(Ottmar et al., 1993) used the outputs from previous modules to calculate the heat and consumption from the
burns, which were used for the emission and plume height estimations. We employed emission factors by Pri-
chard et al. (2020) in BlueSky and used the Fire Emission Production Simulator (FEPS) (Anderson et al., 2004)
and Briggs (1984) plume rise schemes. The BlueSky framework used an empirical time profile to distribute the
total burned area and total emissions, including flaming, smoldering, and residual phases, to each hour and
assumed the emission had a uniform vertical distribution between the plume bottom and the plume top.

Besides the FEPS and Briggs plume rise models incorporated in BlueSky, we also used Sofiev (Sofiev
et al., 2012) and Freitas (Freitas et al., 2007) plume rise models, which are widely used in current chemical
transport models. The total burned area reported by fire managers was used as input for Briggs, FEPS, and Freitas
plume rise models. FRP is required to estimate plume height in Sofiev and Freitas plume rise models. We
designed a “three-pass” method (Text S1 in Supporting Information S1) and applied it to FRP detections from
FIRMS to calculate the FRP for each burn unit (Table S2 in Supporting Information S1). Since the satellite
products we employed are all from polar-orbiting satellites, the detected FRP represents the overpass time.
Assuming the FRP time profile would be the same as the burned area time profile provided by BlueSky, we used
the daytime-detected FRP to generate time-varying FRP (details in Text S2 of Supporting Information S1).

CMAQ was employed to simulate the smoke transport and chemistry. We mapped the BlueSky emissions to
Carbon Bound 6 (CB6) mechanisms (Pye et al., 2015) and incorporated the BlueSky time profile and plume
heights to generate time-varying 3D fire emissions input for CMAQ (emission mapping method is detailed in
Table S3 of Supporting Information S1). The national emission inventory (NEI) was applied for anthropogenic
emissions, and the biogenic emissions were calculated online by the Biogenic Emission Inventory System,
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version 4 (BEIS4), included in CMAQ. We set up nested domains for CMAQ simulations using the same domains
employed in WREF, including the 12, 4, and 1-km resolution domains (boundaries of these domains are shown in
Figure 1). The initial and boundary conditions for the 12-km resolution domain were obtained from daily average
hemispheric CMAQ results. Prescribed burns were simulated in the 1-km resolution domain with a 20-min time
resolution. Near-fire source simulations are sensitive to the timing of emission. However, CMAQ conducts a
linear interpolation of emissions before using them in the numerical solution of the governing equations. For
example, if fire emissions start at 4:00 UTC in the input file, they will be interpolated from zero to the first
emission values between 3:40 and 4:00 UTC for a 20-min time resolution. To preserve the emission timing
information from BlueSky, we utilized BlueSky emissions in CMAQ without emission temporal interpolation by
revising the CMAQ code. With this revision, the start and end times of fire emissions and the emission fluxes used
in CMAQ are the same as those from BlueSky.

2.4. WRF-SFIRE

We used WRF-SFIRE, which considers the interactions between fire and the atmosphere by coupling the WRF
model with fuel moisture and fire spread models, to simulate the prescribed burns. Since fire spread is estimated
using the Rothermel formula (Rothermel, 1972), requiring high spatial resolution data to account for fire spread
across varied topography and fuel distribution, we appended a 200-m resolution domain (Figure 1) with a 20-m
subgrid resolution for fire spread to simulate the burns following the three domains used in meteorological sim-
ulations with WRF. The boundary and initial conditions were provided by the 1-km resolution WRF simulations.
Since some large eddies become resolvable at those scales, a 3D scale-adaptive turbulent kinetic energy scheme
(Zhang et al., 2018) was conducted for the 200-m resolution domain to deal with the “gray zone” issue (Honnert
et al., 2020). In WRF-SFIRE, the fuel type information was derived from a 30-m resolution LANDFIRE product
(Ryan & Opperman, 2013), which classified the fuels into 13 categories based on the 13 Anderson fire behavior
fuel model (Anderson, 1981). We processed the fuel data and only kept the fuel inside the burn units to avoid the
fire spreading out of the unit. Since the burning records did not have the exact ignition patterns, we assumed all
burns were started by strip head ignitions. Accordingly, the ignition lines were parallel to each other and
perpendicular to the wind direction and drawn starting from the downwind end of the burn unit, moving upwind,
creating a combination of head fires (designed ignition patterns were available at the project website (Li, 2025c).
We also tuned the number of ignition lines to make the total burned area from WREF-SFIRE approximately equal to
the reported burned area, as only part of the burn unit was burned. The original WRF-SFIRE limited the number of
ignition lines to less than five. We expanded the constraint of ignition lines within WRF-SFIRE from 5 to 10 by
revising the registry file to speed up the fire spreading process in some burns and to match the reported burned area.
In WRF-SFIRE, the emission intensity and the time profile are estimated based on fuel consumption from the fire
spread results. We used the inert tracer in WRF-SFIRE to simulate PM, 5 in the smoke from prescribed burns since
the measurements used in the study were mostly near-source where primary PM, s is typically the main concern.
To better characterize the emissions from southeastern fuels, we set the emission factors based on the southeastern
US prescribed fire studies collected by the Smoke Emissions Reference Application (SERA) (Prichard et al., 2020)
(Table S4 in Supporting Information S1). Unlike the BlueSky-CMAQ modeling framework using the offline
plume rise schemes in WREF-SFIRE, the vertical structure of the smoke is derived from the buoyancy generated by
the heat released from the fire.

3. Results

For the simulated eight prescribed burns, we compared BlueSky-CMAQ under different plume rise scheme
settings with WRF-SFIRE on fuel consumptions, emission intensity and time profile, plume height, and ground-
level concentrations. These models' performance was evaluated by comparing the simulated concentrations at
monitor locations with measured concentrations. Here, we report statistical comparisons of all these burns
simulated by different models or model settings. Detailed comparisons of simulations for each prescribed burn
can be found on the project website (Li, 2025c). Additionally, we analyze how the estimated fire start time, FRP
from different satellite products, and biased wind simulation affect the concentration simulations.
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Figure 2. Comparisons between BlueSky and WRF-SFIRE estimated total burned areas (unit: acres), fuel consumptions (unit: metric tons), and PM, 5 emissions (unit:
metric tons). The zero-intercept linear regression relations between BlueSky and WRF-SFIRE, the 95% confidence intervals of slopes, and the correlations are indicated
in the legend. The black dashed line is the unity (1:1) slope line, and the red line is the regression line.

3.1. Model Comparisons
3.1.1. Burned Area, Fuel Consumption, and Emissions

We directly input the reported burned area to the BlueSky framework, while in WRF-SFIRE, we bounded the
burned area by removing the fuels from outside the burned units. Since the burned units were not completely
burned during prescribed burn treatment and the reported burned areas are smaller than the areas of the burned
units, the WRF-SFIRE burned area tended to be higher than BlueSky. Therefore, we tuned the ignition patterns in
WRF-SFIRE simulations, including the number of ignition lines and the width of each ignition line, to reduce the
differences between the WRF-SFIRE- and BlueSky-burned areas. We tuned the number of ignition lines by
increasing or decreasing their count. We initially set the width of each ignition line as 20 m, matching the subgrid
resolution of WRF-SFIRE, and increased it with an increment of 20 m. During the tuning process, we found that
adjusting the number of ignition lines was more effective than changing the width of ignition lines. With tuned
ignition patterns, the burned area simulated by WRF-SFIRE was 20% higher than the reported burned area used as
input to BlueSky, but the correlation between them (» = 0.95) (Figure 2). The fuel categories are different be-
tween these two frameworks. For the simulated prescribed burns, Darlington oak forest was the most reported fuel
category in BlueSky, with a burned area of 2821 acres, while in WRF-SFIRE, the most burned fuel category was
brush, covering 1949 acres (Figure S10 in Supporting Information S1). For fuel consumption, we calculated the
total consumption from different fuel categories for each burn. Closed short needle timber litter was the fuel with
the most consumption in WRF-SFIRE, with 6,713 tons (Figure S11 in Supporting Information S1). In BlueSky,
"litter-lichen-moss" was the predominant consumed fuel category, with 15,715 tons (Figure S11 in Supporting
Information S1). Although the WRF-SFIRE-burned area was 20% higher than BlueSky, the fuel consumption was
27% lower than BlueSky's (Figure 2). The differences can be explained from two aspects. First, BlueSky and
WREF-SFIRE used different fuel categories, resulting in variations in fuel load and, consequently, fuel con-
sumption. The FCCS fuelbeds in BlueSky tend to have higher fuel loadings than the Anderson fuel models in
WREF-SFIRE. The Anderson fuel models were designed for fire behavior needs and do not necessarily include all
fuelbed components, while the FCCS provides a comprehensive description of all the fuel components for a
fuelbed. Second, the models applied different consumption modules, which may lead to discrepancies in con-
sumption intensity. WRF-SFIRE solved the Rothermel formula based on fuel and meteorological conditions,
while BlueSky applied the CONSUME model, which relied on empirical formulas for different fuel types. The
PM, 5 emissions comparison between WRF-SFIRE and BlueSky showed a similar pattern to the fuel consumption
comparison, with the WRF-SFIRE emissions being 34% lower than BlueSky (Figure 2). This similarity is due to
both systems applying the same emission factors from SERA (Prichard et al., 2020). However, WRF-SFIRE only
considered the emissions from the flaming phase because the Rothermel formula used in WRF-SFIRE is not
applicable to smoldering fires (Andrews, 2018), while BlueSky estimated the emissions from both flaming and
smoldering phases. For this reason, the difference of emissions between these two models is larger.
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3.1.2. Plume Height

The plume schemes incorporated in the BlueSky framework assumed the emissions during the flaming phase
were uniformly distributed between the plume top and the plume bottom. During the smoldering phase, emissions
were injected into the surface level. WRF-SFIRE simulates the fire propagation process and estimates the heat
flux emitted from the burns. The plume is elevated by the buoyancy generated from the emitted heat flux. Unlike
the uniform distribution assumption used in BlueSky plume schemes, the WRF-SFIRE plume allows a variable
vertical distribution driven by buoyancy. For plume height estimation in each WRF-SFIRE grid cell, we defined
the height as the altitudes at which 90% of the total mass within the vertical column is contained. Then, we defined
the maximum WRF-SFIRE plume height along the plume centerline for each time step (details in Text S3 in
Supporting Information S1) as the plume top in WRF-SFIRE. For the simulated prescribed burns in Fort Benning,
the Briggs scheme had the highest average plume top height (1,483 m), exceeding Freitas (1,324 m), WRF-SFIRE
(1,319 m), FEPS (1,307 m), and Sofiev (535 m). The maximum plume top heights from WRF-SFIRE, Freitas,
FEPS, and Briggs all exceeded 2700 m, significantly differing from the Sofiev plume rise scheme's maximum
plume height of 897 m. We also compared the plume top heights from Briggs, FEPS, Freitas, and Sofiev to WRF-
SFIRE's (Figure 3). The correlations between these offline plume schemes and WRF-SFIRE were lower. Briggs
had the highest correlation with WRF-SFIRE while still lower than 0.11. However, the relative intensities of
plume heights estimated by Briggs, FEPS, and Freitas were close to WRF-SFIRE's as the regression slope was
close to 1. Sofiev had the lowest plume top height compared to other schemes, which was 44% of the WRF-SFIRE
plume heights, as indicated by the slope. The Sofiev plume was also lower than FEPS or Briggs since the scheme
considers the plume widening due to the entrainment of the surrounding air. Instead of using all the energy to
uplift the smoke, the energy is partly dissipated during the smoke expansion. Additionally, the discrepancies
among these plume schemes arise from variations in the definitions of plume centerlines or plume heights used
during formula derivation, as well as differences in the plume height observations used to parameterize the
schemes. We also analyzed discrepancies between different plume height estimations in predicting whether a
plume was above or below the PBL by showing the estimates with different colors (Figure 3). The Freitas plume
rise scheme showed the smallest discrepancy, with 43% of plume heights classified differently from WRF-SFIRE,
while the Sofiev scheme had the largest discrepancy with 73%.

3.1.3. Ground-Level Concentration and Model Performance

We visualized the spatial distribution of simulated ground-level PM, 5 during the prescribed burns for BlueSky-
CMAQ under different plume rise schemes and WRF-SFIRE (animations showing the time evolution are
available on the project website (Li, 2025¢). The BlueSky-CMAQ showed a similar ground-level concentration
pattern under different plume rise schemes, which indicated insensitivity to plume rise scheme. The plume shape
simulated by BlueSky-CMAQ had a narrow boundary near the source and expanded during plume transport due
to diffusion and entrainment, except for the simulation on 25 April 2022. The insensitivity to different plume rise
schemes can be explained by the representation of fire emissions as a line source with a uniform vertical structure
in the BlueSky framework. Since the BlueSky-CMAQ framework does not consider buoyancy during plume
transport, when the wind direction is relatively steady, the smoke remains in a narrow band. The plume shape can
be more complex when the wind direction has large spatial variability (e.g., in the simulation case on 25 April
2022). WRF-SFIRE showed a significantly different spatial concentration pattern compared to BlueSky-CMAQ.
First, the plume boundary in WRF-SFIRE was narrower than BlueSky-CMAQ, in part due to the higher resolution
setting in WRF-SFIRE. Also, the WRF-SFIRE plume retained energy during transport and continued to accel-
erate in the vertical direction due to the buoyancy, which could not be simulated in BlueSky-CMAQ. Addi-
tionally, the wind fields of WRF-SFIRE and BlueSky-CMAQ differed. CMAQ used 1-km WRF wind fields for
transport while WRF-SFIRE used the same fields as initial and boundary conditions. WRF-SFIRE used a large
eddy simulation for turbulence and considered the fire-atmosphere interaction when generating the wind field.
Moreover, WRF-SFIRE treated the fire emissions as a 3D variable changing over time, compared to BlueSky-
CMAQ that injected them in a single vertical column. Though both BlueSky-CMAQ and WRF-SFIRE used the
same fire start time, WRF-SFIRE had lower emission rates at the beginning as the fire started to propagate. In
contrast, BlueSky's emissions started with higher emission rates and assumed the flaming phase emissions were
uniformly distributed during ignitions.

We evaluated the models by comparing simulated ground-level PM, 5 concentrations with observations at
downwind monitor sites. The hourly averaged simulated concentrations after the fire start time were calculated
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Figure 3. Comparisons between plume heights from different offline plume schemes (Briggs, FEPS, Sofiev, and Freitas) and WRF-SFIRE. Each point shows the 20-min
average plume height above ground level (unit: m). The red dots indicate plume heights from both offline plume rise schemes and WRF-SFIRE exceeding the planetary
boundary layer (PBL) height, while blue dots indicate both plume heights below the PBL height. The orange dots indicate cases where one plume height exceeds the
PBL height while the other remains below it. The black dashed line is the unity (1:1) slope line. The red, blue, and orange lines show the linear regression for the
corresponding colored dots. The black line shows the linear regressions for all the dots. The correlation r and the formula of linear regressions are indicated in the legend.

and compared with corresponding hourly averaged observations (Figure 4). Overall, WRF-SFIRE had the highest
correlation with observation (r = 0.29), while BlueSky-CMAQ with the Freitas plume rise scheme showed the
best performance for simulating the intensity of smoke (slope = 0.93). WRF-SFIRE underestimated PM, 5 on
March 20th and March 22nd in 2021 and March 27th in 2022. Although the total PM, 5 emissions were higher in
WRF-SFIRE than in BlueSky on these days (Figure 2), the narrower plume simulated by WRF-SFIRE caused the
monitors to be impacted by the plume's edge, where the concentration was lower. Also, WRF-SFIRE did not
simulate the background PM, 5 and the secondary organic aerosol, which was formed in the measured smoke
indicated by El Asmar et al. (2025). For understanding the secondary organic aerosol (SOA) formation during the
smoke transport, we analyzed the smoke concentrations from CMAQ simulations, which are calculated by the
differences between BlueSky-CMAQ simulations with and without the emissions of studied burns. At the
monitoring locations, SOA can be a major portion of total PM, s, especially for sites far away from the burns
(e.g., T-1292 on 25 April 2022; Figures S18—S21 in Supporting Information S1). However, the difference in total
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regression relations between the compared concentrations, the 95% confidence intervals of slopes, and the correlations are indicated in the legend. The black dashed line
is the unity (1:1) slope line, and the red line is the linear regression line.

PM, 5 may not be as large when SOA formation is neglected, because primary organic PM, s, especially sem-
ivolatile components, tends to decrease with plume aging (Figure S22 in Supporting Information S1). This
reduction in primary mass can partially offset the additional mass contributed by SOA formation, a phenomenon
also reported in a previous wildfire study (Palm et al., 2020). In BlueSky-CMAQ), the Sofiev plume rise scheme
resulted in the highest smoke concentrations. Since Sofiev scheme had the lowest plume height, the emissions
were concentrated at lower altitudes, which increased the ground-level concentrations. BlueSky-CMAQ per-
formed poorly on 22 March 2021, and 7 April 2022. For the March 22nd burn, this can be explained by the
unrealistic emission time profile. The simulated concentration increased sharply at the beginning of the fire since
the flaming phase emission rate was assumed to be uniform during the ignition period, potentially overestimating
emissions at the start of the fire. For April 7th, the BlueSky-CMAQ tended to diffuse the plume relatively quickly
due to its coarse resolution, so the simulated smoke impacts had a wide range. Although no smoke was measured
at the main trailer, BlueSky-CMAQ simulated more than 200 pg/m? at that location. All modeling frameworks
had limitations on the simulation of the burns on April 23rd and April 25th in 2022. On April 23rd, the observed
PM, 5 peak timing was over 2 hr earlier than the simulations. The disparities could be explained by the significant
uncertainty on fire start time since the fire start time reported by fire managers was more than 5 hours earlier than
the GOES-16 detection time. On April 25th, the wind exhibited significant spatial variance, causing the main
trailer, which was farther from the burn unit than T-1293, to detect the smoke earlier. However, the simulated
concentrations did not reflect this pattern, possibly due to limitations in wind simulations. When we excluded
these two days from the model evaluation, the performance of all the models improved, especially WRF-SFIRE,
which showed a correlation of 0.66 with observations (Figure S12 in Supporting Information S1).

3.2. Uncertainty Analyses

We performed a sensitivity analysis of fire start times, FRP detections from different satellite products, and
simulated wind bias to assess their impacts on smoke simulations. To investigate the impacts of fire start times, we
simulated the prescribed burns on 23 April 2022, using fire start times obtained from fire managers, GOES-16,
and estimates derived from HYSPLIT back trajectories (Figure S7 in Supporting Information S1). We compared
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the simulated concentrations with observations at T-1293, which was 8.3 km downwind from the centroid of the
burn unit. For all the simulation frameworks, using reported fire start times resulted in simulated smoke reaching
the monitor earlier than observed, while using fire start times reported by GOES-16 caused the simulated smoke
to reach the monitor later than observed. The timing of the smoke peak simulated by HY SPLIT back trajectories
showed the best alignment with the observations (Figure 5). The smoke reached the monitor later in WRF-SFIRE
than BlueSky-CMAQ since WRF-SFIRE had a lower emission rate at the beginning of the fire. Fire start times
also influenced concentration intensity. For BlueSky-CMAQ, simulations using the earlier reported fire start
times produced the highest concentrations due to the lower PBL heights in the morning. However, simulations
using GOES-16, fire start times resulted in the highest concentrations in WRF-SFIRE. In WRF-SFIRE, higher
wind speeds and lower fuel moisture in the afternoon accelerated fire propagation and increased emission rates;
hence, the ground-level concentrations were higher. These meteorological conditions had less impacts on
BlueSky consumption model, making PBL height the dominant factor in determining smoke concentration in
BlueSky-CMAQ simulations.

Sofiev and Freitas plume rise schemes use FRP to estimate the plume heights. The satellite product that had the
greatest number of FRP detections was used by applying the three-pass method. However, the FRP from different
satellite products can have significant disparities (Table S2 in Supporting Information S1). The differences can be
partly attributed to the varying detection times of different satellites. For instance, Terra MODIS typically reports
FRP around 10:30 local time, while other satellite products detect the FRP around 13:30 local time. The FRP
differences can also be found even when the satellite products had similar detection time and spatial resolution.
For example, Suomi-NPP VIIRS and NOAA-20 VIIRS reported FRP for burn unit N30-C as 126.9 and 65.6
megawatts, respectively. To understand the impacts of uncertain FRPs on Sofiev and Freitas schemes, we
simulated the plume height with different satellite products (Figure S13 in Supporting Information S1). For the
daily average plume top, 72.2% of burn units reported less than a 20% relative difference (calculated as the
difference between the maximum and minimum plume heights relative to the minimum plume height) when using
different FRP inputs for the Freitas scheme, compared to only 33.3% for the Sofiev scheme. This indicates that the
Freitas scheme was less sensitive to FRP variations in the simulation cases. For burn unit N30-C, the Freitas
scheme showed little variation in average plume height, whereas the Sofiev scheme displayed a relative difference
of 211%, with minimum and maximum plume heights of 290 and 903 m, respectively.

The prescribed burn on 25 April 2022 was the most interesting burn simulated since the smoke impacted five
out of six monitors. Also, the smoke first affected the main trailer, T-1292, and USFS 1078, which were
relatively far from the burn unit. Then, the smoke heavily affected T-1293 and slightly affected USFS 1079.
However, no modeling frameworks captured the pattern indicated by observations due to the difficulty of
simulating the complex wind field on that date. For BlueSky-CMAQ, the simulated smoke significantly
affected all monitors due to the coarser resolution and poor performance on wind simulations, with PM, s
concentrations exceeding 100 pg/m’. For WRF-SFIRE, the smoke concentration was highly underestimated at
T-1293, USFS 1078, and T-1292. To understand the impacts of biased wind simulations on the concentration
simulations, we first applied the equal time backward/forward trajectory smoke model evaluation method for
the WRF-SFIRE (Li et al., 2026). The backward trajectory step aimed to find the smoke source using observed
wind, and the forward trajectory step then used the simulated winds to determine where that smoke would be
transported. The simulated smoke concentrations at such destination account for the impacts of wind simulation
biases on the smoke concentration simulations. However, the smoke source we found was not close to the burn
unit. This could partly be due to the spatial variance of the wind, which the sparse monitors did not capture.
Meanwhile, the anemometers deployed on trailers reported wind direction only in a 16-point compass format,
which could be off by as much as 22°. We used the equal time backward/forward trajectory method by adding a
correction term for the wind observations based on prior knowledge (details of the method are in Text S4 and
Figure S14 in Supporting Information S1) that the smoke source was the burn units S42-A and S42-B (Figure
S1 in Supporting Information S1). The simulation results (shown in Figure 6) suggested that the main trailer
and T-1293 were more likely to be affected by the smoke, while T-1290 had a lower likelihood of impact,
accounting for biases in the wind simulation. However, we still found the concentration peaks had timing offset
compared to observations, especially at USFS 1078, USFS 1079, and T-1293, which could be attributed to the
bias on fire start time or the unrealistic ignition patterns used in WRF-SFIRE.
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Figure 5. Observed (brown dots) and simulated (solid lines) PM, 5 concentration (unit: pg/m?) at T-1293 on 23 April 2022.
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orange dashed line marks the 35 pg/m® PM, s level, which is the daily standard in the U.S. (Agency, 2012).

4. Summary and Discussion

In this study, we applied BlueSky-CMAQ with different plume rise schemes and WRF-SFIRE to simulate the
air quality impacts from prescribed burns in Fort Benning under high spatiotemporal resolutions. Both
frameworks have advantages and disadvantages for smoke simulations. WRF-SFIRE uses a high spatial reso-
Iution LANDFIRE product to represent the heterogeneity of fuels during fire spread. On the other hand,
BlueSky FCCS uses a coarser spatial resolution product but more detailed in fuel categories for a better esti-
mation of emissions. WRF-SFIRE estimates fuel consumption based on simulated fire spread and fuel load
characteristics, whereas BlueSky uses the empirical CONSUME model with a more detailed representation of
different phases of fuel consumption, including flaming, smoldering, and residual. Due to the differences in fuel
and consumption estimation methods, WRF-SFIRE had lower total fuel consumption and emissions than
BlueSky, though it had higher burned areas. Additionally, the time profile and vertical profile of fire emissions
showed disparities between different models. BlueSky assumes the flaming emissions are uniformly distributed
during the fire ignition process and uses an empirical time profile to distribute smoldering and residual emis-
sions. However, such a time profile assumption could lead to an overestimation of emissions at the beginning of
the fire. Also, the vertical profile of emissions was assumed to be uniform for all these schemes. For WRF-
SFIRE, the emission time profile is derived based on the fire propagation process. Due to the differences in
the emission time profile, we found the smoke concentration increased quicker with a steeper gradient in CMAQ
than WRF-SFIRE in the simulated cases. The choice of plume rise scheme in BlueSky-CMAQ affects the
ground-level concentration intensity and spatial distribution. Sofiev and Freitas schemes use FRP to estimate
plume height. However, uncertainties in satellite detection and inconsistencies between satellite products can
reduce the benefits of using FRP, particularly for the Sofiev scheme, which was more sensitive to FRP inputs
than the Freitas scheme. The Sofiev scheme produced higher ground-level concentrations than other plume rise
schemes due to its lower plume heights. Unlike its intensity, spatial distribution of ground-level concentration
was not sensitive to the choice of plume rise schemes. The concentration correlations between BlueSky-CMAQ
with different plume rise schemes were high (r > 0.86) (Figure S15 in Supporting Information S1). For plumes
rising above the PBL, ground-level concentrations were dominated by smoldering emissions injected at the
surface level, with minimal influence from plume height. For plumes remaining in the PBL, fast vertical mixing
in CMAQ resulted in similar smoke structures across different schemes, varying mainly in intensity. Hence, the
BlueSky-CMAQ simulations with different plume rise schemes are highly correlated. WRF-SFIRE showed a
low correlation (r = 0.21) with BlueSky-CMAQ with Briggs plume rise scheme. WRF-SFIRE uses simulated
heat flux to elevate the plume. The 3D smoke structure indicates that the smoke plume continues to rise during
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transport due to buoyancy as shown in the animations provided on the project website (Li, 2025c). This may
decrease the ground-level concentration, a phenomenon not captured in BlueSky-CMAQ due to the simplifi-
cation of plume vertical motions. Overall, WRF-SFIRE, which requires higher resolution and accounts for
atmosphere-fire interactions, has greater computational complexity but offers more detailed fire behavior
modeling than BlueSky-CMAQ for more realistic plume simulations.

Both frameworks reported a correlation higher than 0.2 with hourly PM, 5 observations. WRF-SFIRE had the
highest correlation with observation (r = 0.29), and BlueSky-CMAQ with the Freitas plume rise scheme showed
the best performance for simulating the intensity of smoke measured on the ground. The comparison between
observations and simulations revealed a bifurcation pattern (Figure 4): When the model-predicted smoke impacts,
the monitor showed no impact or vice versa. However, this typical performance evaluation method of comparing
simulated and observed concentration at the same location and hour may not be suitable for the smoke model
evaluation and could underestimate the model's skill for capturing smoke. Comparisons between time series from
observations and simulations (Figure S16 in Supporting Information S1) showed that both frameworks suc-
cessfully simulated smoke traveling downwind to the monitor, except when the CMAQ showed no smoke impacts
at T-1291 and WRF-SFIRE highly underestimated the smoke impacts at T-1292 on 27 March 2022. However,
discrepancies in the timing of smoke peaks between observations and simulations reduced the model's perfor-
mance. Uncertainties in fire start time and simulated wind conditions can explain the differences in smoke peak
timing between simulations and observations. The fire start time would directly influence the time when the
smoke reaches the downwind monitor, with an earlier fire start time resulting in an earlier peak. Similarly, an
overestimated wind speed in meteorological simulations would reduce the transport time from the source to the
monitor, leading to an earlier simulated smoke peak.

Challenges remain in both field measurements and smoke modeling for prescribed burns, requiring further
research and development. For field measurement or data collection, the burn date, burned area, and burned
location were the basic information to create the fire emission. Using the fire behavior model to simulate a typical
prescribed burn additionally requires the ignition pattern, which was guesstimated based on the burn unit
boundaries and wind direction in this study. However, the prescribed burn needs to be more accurately described
to improve the modeling performance. Fire start time, which affects the timing of emissions, could be key in-
formation for improving the performance of both CTM and the fire behavior model and can be easily recorded. In
this study, we used GOES-16 as one of the tools to estimate the fire start time, but since GOES-16 needs heat
energy to reach its detection limits, the actual start time may be earlier. Additionally, cloud cover or heavy smoke
can also affect satellite detections. Burned area boundaries (or firebreaks) and ignition patterns are crucial for
correctly capturing the fire spread in the fire behavior model and improving the emission estimation accuracy for
both frameworks. The burned areas were smaller than the areas of the burn units, but since we did not have
information on which parts were burned, in WRF-SFIRE, we constrained the fire by the boundaries of the burned
units. BlueSky used the centroid of the burn unit and the burned area to estimate the emissions. WRF-SFIRE
requires ignition patterns to start the fire spread, and the patterns affect the burned area, emission intensity,
and emission profile. Recording this information could enhance understanding of how ignition patterns affect air
quality, helping to guide future prescribed burning strategies to minimize air quality impacts. Moreover, the study
only measured the surface wind and ground-level concentrations during the prescribed burns. The vertical
structure of smoke is an important factor affecting ground-level concentrations. For example, smoke plume height
affects ground-level concentration intensity, and wind speeds and wind directions at different altitudes affect the
transport of smoke. Understanding the performance of plume rise scheme or physics-based plume heights needs
plume height measurements. An alternative source for plume height observations is satellite data, such as the
Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO). However, CALIPSO has a
narrow scanning swath (100 m footprint width) (Thomason et al., 2007) and captures data along its path only at
specific times, making it prone to missing smoke from many fire sources. During the study period, CALIPSO
passed over Georgia and surrounding regions only three times, and its tracks were far from Fort Benning, where
the burns occurred (Figure S17 in Supporting Information S1). Another challenge is that even when CALIPSO
detects plume heights, the smoke source is not explicitly identified. Identifying the source requires methods such
as backward trajectory simulations (e.g., HYSPLIT), which become difficult when multiple plumes contribute to
the observed plume heights. For these reasons, CALIPSO is not well suited for case studies such as those in here.
For wind measurements, the sparse coverage of surface wind monitoring sites and the lack of upper-air wind
observations make it challenging to understand smoke transport trajectories or accurately estimate smoke age. For
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example, when we used the observed wind to drive the backward trajectory in the backward-forward trajectory
smoke evaluation method to find the smoke source, the backward trajectory destination was far away from the
burn unit. Compared to surface winds, transport winds at higher altitudes play a more critical role in smoke
transport. However, measurements of these winds were unavailable. We found WRF-SFIRE, as a fire behavior
model, performed better in providing realistic emission time or vertical profiles than BlueSky-CMAQ as a CTM.
Also, WRF-SFIRE can simulate prescribed burns under different ignition pattern designs, which cannot be
considered in CTMs. BlueSky-CMAQ provided detailed emission estimates by incorporating detailed fuel type
classifications and accounting for emission factor variations across different fire phases. Additionally, its
advanced chemical mechanisms and computational efficiency make it well suited for air quality assessments.
Future work on prescribed fire modeling could focus on coupling fire behavior models with CTMs to assess both
fire behavior and air quality impacts, providing valuable guidance for fire managers in making prescribed fire
decisions.

This study focused on prescribed burns in Fort Benning, where 2 years of continuous in situ measurements were
available. Although both BlueSky-CMAQ and WRF-SFIRE can be applied to prescribed burns in other regions,
their performance may vary with different topography, meteorology, and ignition practices. Topography can
influence the fire spread rate. In mountainous terrain and on steep slopes, fires spread more rapidly upslope due to
preheating of fuels (Butler et al., 2007), making them more difficult to control. Such effects warrant special
consideration when conducting prescribed burns in the western U.S., where rugged terrain and complex heavy
fuels make fire control more challenging. WRF-SFIRE accounts for terrain-driven variations in fire spread, which
are reflected in changes to the emission time profile. In contrast, BlueSky currently neglects topographic effects
on the emission time profile, which may introduce potential biases. The meteorological conditions strongly affect
smoke modeling performance. At coastal or near-shore locations, meteorological models tend to exhibit large
biases due to limitations in representing complex land-ocean interactions (Carvalho et al., 2014). The biased
wind, which affects the fire spread rate in WRF-SFIRE and smoke transport in both smoke modeling frameworks,
complicates performance evaluation. For example, a previous study focused on Fort Stewart (near the Atlantic
Ocean) burns showed that the WRF-SFIRE model can have poor performance due to the biased wind simulations
(Li et al., 2026). The ignition pattern is another important but underevaluated factor for both model performance
and air quality management. BlueSky does not currently represent ignition pattern effects on emission time profile
or plume heights, whereas WRF-SFIRE does. Here, we mainly focused on using designed line ignition patterns to
initialize WRF-SFIRE. WRF-SFIRE can also simulate other ignition patterns, such as point ignitions. A thorough
evaluation of ignition pattern effects could inform improvements to BlueSky time profiles and help fire managers
design burns that minimize air quality impacts.

Also, the study focused on prescribed burns that are very common in the southeastern U.S. Although the smoke
modeling frameworks we used are generalizable to wildfires, the fire behavior and duration can be very different
between prescribed fire and wildfire. Unlike prescribed burns, which typically last less than a day, wildfires can
last from a few days to weeks, making it challenging to reproduce observed growth rates and spread directions. In
BlueSky, daily burned area is an input parameter and a standard hourly emission profile is applied to all wildfires
(Lietal., 2025; Maji et al., 2024c). For WRF-SFIRE, wildfire propagation simulation can be improved by using a
satellite-informed data assimilation product (Farguell et al., 2021). A recent application of WRF-SFIRE-Chem
with such assimilation shows promising smoke simulation performance (Mallia et al., 2025). Another chal-
lenge in applying these modeling frameworks to wildfire simulations is the poor performance of current mete-
orological models during nighttime, especially in representing PBL and wind fields (Holtslag et al., 2013; Hu
et al., 2010; Miller et al., 2019; Njuki et al., 2022). These meteorological conditions strongly influenced the
simulated smoke concentrations, as discussed in this study. One potential solution is to apply bias-corrected
meteorological initial and boundary conditions to high-resolution smoke simulations, which has been shown
to improve wind simulations (Li et al., 2026). Future studies could extend this approach to address biases in
planetary boundary layer height, thereby improving smoke model performance.
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