
1.  Introduction
Wildfires are an important process of the earth-climate system (Liu et al., 2014). In general, fires are a natural 
process for managing biomass load and biogeochemical fluxes between the biosphere, atmosphere, and soil 
(Crutzen & Andreae, 1990). Fires also produce smoke that can impact the earth's radiative balance and cloud 
processes (Bauer et  al.,  2010; Carter et  al.,  2020; Ramnarine et  al.,  2019). Due to connections between hot 
and dry conditions and fire activity, wildfires are becoming more prevalent and more intense as the earth's 
climate continues to warm, especially in the Western US (Westerling et al., 2006). The smoke produced from 
this increasing number of fires can produce hazardous air quality conditions, leading to large detectable increases 
in population-level mortality and morbidity (Gan et al., 2017; Reid et al., 2016; Yao et al., 2020), even at long 
distances from wildfires (O’Dell et al., 2021). As climate changes, increases in wildfire smoke emissions may 
offset many of the air quality benefits yielded from regulation of anthropogenic sources of aerosols through the 
Clean Air Act (Ford et al., 2018; O’Dell et al., 2019).
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increasingly at risk due to wildfires. Furthermore, wildfire smoke presents a growing hazard for regional and 
national air quality. In response, many scientific tools have been developed to study and forecast wildfire 
behavior, or test interventions that may mitigate risk. In this study, we present a retrospective analysis of 
1 month of the 2020 Northern California wildfire season, when many wildfires with varying environments and 
behavior impacted regional air quality. We simulated this period using a coupled numerical weather prediction 
model with online atmospheric chemistry, and compare two approaches to representing smoke emissions: 
an online fire spread model driven by remotely sensed fire arrival times and a biomass burning emissions 
inventory. First, we quantify the differences in smoke emissions and timing of fire activity, and characterize 
the subsequent impact on estimates of smoke emissions. Next, we compare the simulated smoke to surface 
observations and remotely sensed smoke; we find that despite differences in the simulated smoke surface 
concentrations, the two models achieve similar levels of accuracy. We present a detailed comparison between 
the performance and relative strengths of both approaches, and discuss potential refinements that could further 
improve future simulations of wildfire smoke. Finally, we characterize the interactions between smoke and 
meteorology during this event, and discuss the implications that increases in regional smoke may have on future 
meteorological conditions.

Plain Language Summary  Smoke from wildfire is a growing public health concern. In order to 
help predict wildfire smoke exposure, we need tools that can accurately forecast where concentrated smoke will 
go. However, wildfires are difficult to simulate because they change quickly in response to the weather, and the 
behavior is sensitive to the underlying fuel which is often not well-characterized. We used satellite observations 
of wildfires to constrain simulations of wildfire spread, allowing us to accurately simulate many fires occurring 
at the same time. This enabled simulations of 1 month of the 2020 California wildfire season, one of the worst 
on record. We evaluated the accuracy of this simulation using measurements of surface air quality, and using a 
similar simulation with a more widely used methodology. The results from this study will help us develop more 
accurate tools to predict smoke concentrations and impacts on meteorology during future events.
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Wildfire smoke impacts are multifaceted. Therefore, as wildfire smoke events become more frequent, modeling 
tools must be developed for many smoke-related applications. These applications include air quality forecasting 
(Pavlovic et al., 2016; Yang et al., 2011), retrospective health impact assessments (Gan et al., 2017; Lassman 
et al., 2017; O’Dell et al., 2021), quantification of climate impacts (Hodshire et al., 2019; Ramnarine et al., 2019), 
among others. While each of these applications requires some understanding of fire emissions and the subsequent 
atmospheric transport and chemical processing, they also require different levels of fidelity. Studies focused on 
climate impacts require an average representation of many fires in many different ecosystems and conditions 
over a long time. Air quality forecasts prioritize lightweight modeling frameworks that can produce fast results 
to assist in real time response to ongoing fire events, thus sacrificing detailed physics for computing speed. 
However, higher fidelity may also be required for certain forecast applications. Finally, retrospective case stud-
ies of individual fire events can incorporate highly detailed information about the event alongside high-fidelity 
physical models; these studies often leverage expensive computations, along with an opportunity to optimize 
simulation input parameters.

The complex dynamics and poorly constrained behavior of many wildfires can complicate the latter approach, which 
is the focus of the present work. Wildfire behavior that controls smoke emission depends on difficult-to-predict 
ignition sources, heterogeneity of fuel types and fuel moisture, regional weather, and local microclimate impacted 
by fire-atmosphere interactions and terrain. Air quality impacts of wildfires depend on the smoke dispersion, 
which is driven by the atmospheric state and large-scale winds, and on the chemical processes occurring in the 
atmosphere. Wildfire smoke can absorb or reflect solar radiation, causing significant but challenging-to-recreate 
effects on local temperatures that in turn feedback on the boundary layer depth, vertical mixing, and local winds 
(Kochanski et  al., 2019). Thus, improving the fidelity of highly detailed wildfire smoke simulations requires 
attention to many components of the modeling system.

Understanding and modeling wildfire smoke physics and chemistry are active areas of research. Recent obser-
vational campaigns and lab studies have advanced the understanding of underlying chemical composition and 
evolution of wildfire smoke (Barry et al., 2021; Jen et al., 2019; Lindaas et al., 2021; O’Dell et al., 2020). Further-
more, advances in dynamic fire models have made it computationally feasible to link fire spread to chemical 
emissions inside a coupled atmospheric modeling framework (Kochanski et al., 2015, 2019; Mallia et al., 2018). 
Due to the complexity of modeling fire spread, and computational requirements these simulation studies have 
previously been limited in terms of domain size, duration, and number of fires number of fires. However, recent 
advances in machine learning have allowed the use of remote sensing data to nudge dynamic fire spread models 
toward observed fire progression history, which can lead to improved spatial and temporal accuracy of fire emis-
sions (Farguell et  al.,  2021). These advances have enabled wildfire simulations with realistic representations 
of the many physical and chemical processes impacting fire emission, plume dynamics, and smoke dispersion. 
Despite these advances, such simulations remain dependent upon other poorly constrained or unknown parame-
ters that add uncertainty to model results.

In contrast to direct simulation of an advancing fire front, there are other approaches to representing wildfires in 
Chemical Transport Models (CTMs) used for air quality simulations. A standard approach for CTM studies is to 
use emissions inventories to specify emissions locations and fluxes. Emissions inventories are constructed in a 
manner that is easy to scale to arbitrary sizes and numbers of source types. Such inventories exist for anthropo-
genic emissions (e.g., the Environmental Protection Agency National Emissions Inventory) and biogenic sources 
(e.g., MEGAN). Whereas numerous inventories for biomass burning are available, wildfires are challenging to 
represent in this manner because they have dynamic behavior and can create feedbacks with underlying atmos-
pheric transport. The Fire Inventory from NCAR (FINN) (Wiedinmyer et al., 2011) is a widely used emissions 
inventory (Jiang et al., 2012; Val Martin et al., 2013; Wiedinmyer et al., 2006), which can be considered as a 
“reference method” for the present study. FINN uses satellite-based fire detections and remotely sensed landcover 
datasets to produce estimates of wildfire emissions in near real time.

In this study, we explore the utility of a coupled wildfire-atmospheric-chemical model at scales neces-
sary for conducting regional air quality studies. We present atmospheric simulations with online fire spread, 
smoke-atmosphere interaction and feedbacks, and complete chemical emissions from non-wildfire sources, for 
a month-long segment of a historic fire season: the 2020 Wildfire Season in Northern California. We compare 
two approaches: (a) a reference method using the Weather Research and Forecasting (WRF) (Skamarock 
et al., 2008) model with Chemistry (WRF-Chem) (G. A. Grell et al., 2005), with preprocessed anthropogenic 
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and fire emissions (FINN; Wiedinmyer et al., 2006); and (b) WRF-SFIRE-Chem (Kochanski et al., 2015), with 
similarly processed anthropogenic emissions but fire emissions and plume rise resolved using SFIRE, a dynamic 
fire spread model, rendering location and intensity of fire emission and heat fluxes as a function of time. A third 
simulation, using WRF-Chem with no biomass burning emissions present, provides a “control” simulation. We 
describe differences in the representations of the fires through inputs to WRF-Chem using these two approaches 
and compare these representations to remotely sensed fire characteristics. Next, we compare modeled concentra-
tions of particulate matter less than 2.5 𝐴𝐴 𝐴𝐴 m in diameter (PM2.5) to surface measurements, and the model-derived 
Aerosol Optical Depth (AOD) to remotely sensed quantities. We discuss the practical differences between the two 
different approaches for representing wildfires in CTMs, and what options exist for model improvement. Finally, 
we investigate the impact of smoke on surface temperature, and winds.

2.  The 2020 California Wildfire Season
The 2020 California wildfire season reported the most area burned in recorded California history, with over 1.5 
million hectares of area burned (“Fire Season,” 2021). The fire season in Northern California began in earnest 
in the middle of August, after a series of nighttime thunderstorms that produced an abundance of dry lightning 
passed through the San Francisco (SF) Bay area. Numerous lightning strikes began a series of fires, which then 
grew after warm windy conditions returned, producing several wildfire complexes close to the SF Bay Area. The 
first half of the time period of interest (19–31 August), was dominated by smoke from the numerous wildfire 
complexes as they grew and merged into larger fires. In the densely populated SF Bay area, air quality in August 
was highly variable, due to the numerous fires interacting with complex meteorological, orographic and marine 
circulations in the region.

In the second half of the time period (August 31 to September 15), the smoke was dominated by emissions 
from larger megafires. The August Complex Fire merged into a single large fire, becoming the largest wildfire 
in recorded CA history (“August Complex Information - InciWeb the Incident Information System,” 2020). In 
addition to the August Complex Fire, the Creek Fire in the Sierra Nevada mountains was ignited after a light-
ning strike on 4 September. This notable fire rapidly grew into a large fire that produced a pyrocumulonimbus 
cloud that reached over 14 km above sea level (“Creek Fire Information - InciWeb the Incident Information 
System,”  2020). Finally, another group of wildfire complexes near Portland, OR, merged to produce a large 
wildfire that, due to synoptic-scale weather conditions, sent smoke to Northern CA during the second week of 
September. Northern CA air quality conditions in September were thus dominated by smoke from the above 
three megafires: initially the August Complex Fire, then the Creek Fire, and finally the Portland complex fires. 
During the end of the study period, highly complex interactions between regional smoke inundation and a marine 
layer near the coast produced sharp gradients in surface PM2.5. This range of fire sizes and conditions presents 
a compelling case study for evaluating the performance of the fully coupled WRF-SFIRE-Chem system, as 
compared to the reference WRF-Chem FINN simulation, across a variety of smoke scenarios.

3.  Methods and Data
3.1.  Simulation Setup

3.1.1.  Base WRF-Chem Setup

To simulate the evolution of smoke in the atmosphere, we use WRF-Chem (G. A. Grell et al., 2005). The WRF 
framework solves the equations of motion for a fluid on a rotating sphere with moist processes, coupled to radia-
tion, land surface, planetary boundary layer, and cloud microphysics models (Skamarock et al., 2008). Addition-
ally, the inclusion of WRF-Chem enables modules for atmospheric gas and aerosol phase chemistry. A unique 
ability of WRF-Chem is its online coupling of aerosols with the meteorological microphysics and radiation 
solvers, allowing aerosol effects on temperature and cloud processes to feedback on the atmospheric state. In 
the context of wildfires, this capability allows the model to capture smoke shading and the resulting impact on 
surface heat fluxes and atmospheric stability, as well as fire effects on convection (G. Grell et al., 2011).

In this study, we simulate the period from 14 August 2020 through 15 September 2020, allowing 5 days for simu-
lation spinup before the fire activity began impacting air quality. The WRF configuration used 3 nested domains 
with horizontal grid spacing of 9 km (D01), 3 km (D02), and 1 km (D03), respectively, as shown in Figure 1a. 
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Figure 1b shows a close-up of the innermost domain with the large fire areas from this time period overlaid in 
red. The model configuration used a vertical coordinate system with 51 vertical levels, based on those of the High 
Resolution Rapid Refresh (HRRR)-Smoke (Benjamin et al., 2016, 2020), an operational smoke forecasting tool. 
We used reanalysis from the Global Forecasting System (GFS) (“NCEP GFS 0.25 Degree Global Forecast Grids 
Historical Archive,” 2015) to provide the model with meteorological initial and boundary conditions. Throughout 
the simulation, the outermost domain is nudged toward the analysis product on an hourly timescale to ensure that 
the simulation reproduces the large-scale atmospheric state that was present throughout the simulated period. 
For the WRF model physics, we use the CONtiguous United States (CONUS) physics suite which includes the 
following: the Thompson microphysics scheme (Thompson et al., 2004), Mellor-Yamada-Jancic planetary bound-
ary layer scheme (Mellor & Yamada, 1982, 2001), NOAH land surface scheme (Campbell et al., 2019), and Rapid 
Radiative Transfer Model longwave and shortwave radiative transfer schemes (Iacono et al., 2008).

Figure 1.  Model domain: (a) map of Weather Research and Forecasting simulation domains, and (b) a close-up of the 
innermost domain. Burned areas corresponding to the major fires are shaded in red, while a comprehensive (but not 
exhaustive) data set of other fires are overlaid in orange.
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For the chemistry model, we use the Model for Ozone And Related Tracers (MOZART) gas-phase chemical 
mechanisms with Goddard Chemistry Aerosol Radiation and Transport (GOCART) aerosol scheme, the combi-
nation of which is referred to as MOZCART (Emmons et  al., 2010; Pfister et  al., 2011). Non-fire emissions 
were obtained and prepared from the National Center for Atmospheric Research (NCAR) WRF-Chem emis-
sions guide (https://www2.acom.ucar.edu/wrf-chem/wrf-chem-tools-community). Readers should refer to this 
reference for setting up their own WRF-Chem simulations; whereas we will briefly describe the configurations 
used here. Anthropogenic emissions were represented by the EPA National Emission Inventory 2014 data set 
(US EPA, 2016) and were interpolated to the WRF-Chem grid using the ANTHRO_EMIS emissions preproces-
sor available from NCAR. Biogenic emissions were represented using MEGAN (Guenther et al., 2012). Chem-
ical initial and boundary conditions were derived from the Whole Atmosphere Community Climate  Model 
(Gettelman et al., 2019).

For a complete summary of the WRF setup, refer to the namelist files included in Section S1 in Supporting 
Information S1.

3.1.2.  Model Experiment: Different Representations of Wildland Fire

We conduct three separate WRF-Chem simulations that use the base WRF-Chem setup but differ in their 
representation of the wildfire emissions. The first simulation had no biomass burning emissions present, referred 
to as NoFire simulation hereinafter. We treat this simulation as a “control” scenario to understand the counter-
factual atmospheric state (e.g., PM2.5 concentrations, temperature, windspeed) in the absence of fire. Next, we 
conduct a simulation that used FINNv1.0 (Wiedinmyer et al., 2011), referred to as FINN simulation hereinafter. 
The FINN simulation can be thought of as a “reference method” for this study. FINN uses Moderate Resolution 
Imaging Spectroradiometer (MODIS) fire detections to determine active fires in near real time. These fire detec-
tions are overlaid on MODIS Landcover Classification data to estimate the type of fuel that is being consumed. 
The total fire area, and the fuel consumption per unit area, are both assumed functions of landcover type. Because 
MODIS Fire Detections are available at daily resolution, FINN is a daily product; it provides no information 
about changes in fire location or intensity throughout a day. Instead, a diurnal cycle based on wildfire climatology 
(Mu et al., 2011) is applied to fire intensity during the WRF-Chem preprocessing stage which scales the fire heat 
and chemical emission fluxes. The vertical distribution of smoke is derived from an offline plume rise parame-
terization (Fretias et al., 2010, 2007), which is based on fire area and heat flux per unit area, as well as on local 
atmospheric conditions. The fire heat flux is also tied to the diurnal profile. Because FINN does not track fuel 
consumption, pixels will continue to emit constant emissions (modulated by the imposed diurnal cycle) each day 
that this pixel has a fire detection associated with it; only when MODIS no longer detects fire at this point will 
the fire emissions cease.

Finally, we conduct a WRF-Chem simulation where the smoke emissions are coupled to the SFIRE fire spread 
model, which is referred to as SFIRE simulation hereinafter. SFIRE is an online fire spread model that includes 
two-way coupling between the fire rate of spread the atmospheric forcing at the same timestep (Andrews, 2013). 
Instead of an offline plume rise model, the pyroconvection is resolved directly on the model grid since the heat 
fluxes computed by the fire component are injected into the atmosphere along with the emission fluxes. The fire 
spread is simulated on a subgrid within domain D03 of our WRF setup, with a subgrid grid cell size ratio of 10; 
therefore, the wildfire spread model, and fuel consumption, are simulated with 100 m grid spacing. For this study, 
we use the 30 m Anderson Fuel classification data from LANDFIRE, which is interpolated to the SFIRE fire 
subgrid using standard WRF preprocessing routines.

In order to constrain the fire progression and limit the impact of the fire rate of spread model on fire emissions, we 
force the fire spread model with prescribed fire arrival times that are generated from a Support Vector Machine 
(SVM) algorithm following the methods outlined in Farguell et al. (2021). SVMs are supervised machine-learning 
algorithms that determines a vector in an n-dimensional phase space that separates points into two categories. In 
this application, the SVM ingest the MODIS L2 Active Fire data fire product. This data product is available twice 
daily, and includes classification of surface pixels as “active fire,” “no fire,” and “no data,” along with a parameter 
quantifying the uncertainty, as input data. Aside from the satellite detection, the algorithm was also trained using 
National Interagency Fire Center archived perimeters. The final model output is the “fire arrival time,” that is, the 
date and time when a certain pixel in the model domain becomes “on fire,” This algorithm allows a WRF-SFIRE 
simulation to bypass the surface fire spread model built on the Rothermel method, and replay historic fires with 
a high degree of accuracy, depending on the effectiveness of the SVM for each specific case. Because the SVM 
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approach requires remotely sensed active fire detections, this approach cannot be used to forecast fire spread 
during an ongoing incident. This approach allows us to derive fire location estimates for the chemical emissions 
using an automated algorithm, which leverages satellite-derived fire detections from polar-orbiting MODIS and 
VIIRS satellite platforms along with airborne fire perimeters. Thus, we are able to conduct SFIRE simulations 
on a regional-scale model domain with many different fire events, which would have otherwise been intractable. 
For fires occurring outside of domain D03, we use the FINN emissions inventory to represent emissions, as in 
the baseline FINN simulation.

3.2.  Data Used for Simulation Evaluation

3.2.1.  Surface Observations

To evaluate the PM2.5 concentrations estimated by the simulations, we use the EPA Air Quality System (AQS) 
Hourly data product (88101); (US EPA, 2014). This data product is aggregated from measurements made by state 
and local agencies. This particular network of monitoring sites are regulatory monitors that use Federal Reference 
Methods or Federal Equivalent Methods to measure surface PM2.5 concentrations at hourly temporal resolution. 
Approximately 50 surface monitor sites were located inside our simulation domain, clustered around urban and 
suburban areas. Model-derived PM2.5 concentrations are interpolated to surface measurement sites using inverse 
distance weighting.

Surface meteorological observations of temperature and wind speed are obtained from 60 weather stations in the 
Northern California area. Hourly weather station data is downloaded from MesoWest (Horel et al., 2002). Qual-
ity control procedures are applied including removing duplicate time entries and inconsistent temperature and 
wind measurements. For model validation, the measurements closest to the hour are chosen and the hourly WRF 
simulation output is bilinearly interpolated to the weather station locations. Model-measurement comparisons 
were conducted at two Automated Surface Observing Systems sites, but additional Remote Automatic Weather 
Stations are included in map plots for additional comparisons.

3.2.2.  Satellite Observations

To evaluate fire area and intensity inputs to WRF-Chem, we use the GOES Fire Detection and Characterization 
(FDC) Level 2 product (Schmidt et  al.,  2013). GOES-17 is a geostationary platform which allows continual 
observation of our simulation domain; the FDC data product includes fire area and fire radiative power (FRP). 
These data are available at 15 min increments and at a spatial resolution of approximately 2 km over our study 
domain. We use this data product to quantify fire growth and activity as a function of time, aggregated across the 
entire simulation domain.

To analyze the smoke dispersion, we use retrievals of AOD Level 2 10 km data product from the MODIS satellite 
platforms, in conjunction with the merged Deep Blue/Dark Target data product (Levy et al., 2013). This data 
product is used to qualitatively compare the spatial extent of smoke plumes obtained from the FINN and SFIRE 
simulations to remotely sensed observations of smoke.

4.  Results and Discussion
4.1.  SFIRE Versus FINN Fire Area and Smoke Emissions

We characterize the differences in model inputs to WRF-Chem in terms of emissions area, fluxes, and their spatial 
and temporal evolution in order to investigate the differences between SFIRE and FINN applied to regional air 
quality simulations. Figure 2 shows a 24-hr snapshot of the fire area and progression in SFIRE (a, d), the fire area 
in FINN (b, e), and the corresponding fire detections from GOES-17 satellite observations (c, f), at two snap-
shots in time. The top row (a–c) depicts 18 August at 0800 UTC, when the fires were mostly scattered wildfire 
complexes; the bottom row (d–f) shows 7 Septemeber at 1000 UTC, when the fires of interest were the August 
Complex megafire and Creek Fire. In Figures 2a and 2d (corresponding to the SFIRE simulations), the shaded 
red shows active fire pixels, where the fuel load variable decreased over the 24-hr period, indicating that this pixel 
was “on fire” in SFIRE and emitting smoke species. For SFIRE, the initial fuel load is a predetermined quantity 
that is a function of fuel category (Albini, 1976). In SFIRE, once a pixel has ignited, it continues to burn until 
100% of the initial fuel load is consumed, and the timescale of fuel consumption is determined by a simplified 
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Burnup algorithm (Lutes, 2013; Reinhardt, 2003). The blue shaded regions in Figures 2a and 2d represent pixels 
where the fuel was fully consumed; these pixels were no longer capable of burning or producing smoke. In 
Figure 2d, the relatively large blue area indicates that these fires have burned over a large landscape and that the 
active fire area is comparatively small.

In contrast, the smoke simulations with FINN use a different set of simplifying assumptions. FINN fire locations 
are derived from MODIS fire detections. These fire detections are merged with MODIS landuse classification 
products to determine the type of fuel that is burning. From the MODIS landuse data product, each pixel is 
assigned a fractional coverage for each of 5 broad fuel classifications: boreal forest, tropical forest, temperate 
forest, woody savannah/shrubland, and savanna/grassland. For each FINN pixel with an active fire detection 
assigned to it, it is assumed that 100% of forest, 75% of grassland, and 0% of bare cover land classifications within 
that pixel are on fire. FINN does not account for previous fires leading to fuel consumption on a given pixel; as 
long as an active fire detection on a given pixel is present, then this propagates through FINN as an active fire, 
and the corresponding location in WRF-Chem can continue to emit smoke indefinitely. Practically, if the fire 
detection product is accurate, this can provide realistic inputs of smoke to the model at daily temporal resolution. 
However, given the uniform diurnal profile, the daily variability in emissions may not be accurately represented.

From Figure 2, a qualitative agreement is observed among the three different fire area estimates, with actively 
emitting fire pixels being grouped in similar parts of the map. In parts of the August Complex Fire, some of 
the pixels described as active fire locations according to FINN are colored blue in the respective SFIRE panel, 
indicating that these locations have exhausted their fuel supply. This difference can lead to an underestimation of 
emissions in SFIRE in the center of the fire. Because the purpose of this study is to compare out-of-the-box work-
flows for both the SFIRE and FINN approaches, we do not attempt to correct these issues here, but document 
them for future reference. We include the daily emissions locations with comparisons to GOES-17 fire detections 
for all days in our simulation period in Section S3.2 in Supporting Information S1.

To compare the fire area and associated emissions throughout the entire simulation, we plot the domain-integrated 
fire area and CO emissions fluxes in Figures  3a and  3b, respectively. For SFIRE simulations, area burn is 
computed by counting pixels where fuel is actively decreasing and multiplying this by the grid cell area. For 

Figure 2.  Snapshots of fire area from (a, d) SFIRE, (b, e) Fire Inventory from NCAR (FINN), and (c, f) GOES-17 fire 
detection products. The first row (a–c) shows fire area from 18 August at 0800UTC, the second row (d–f) from 7 September 
at 1000 UTC. The SFIRE panels (a, d) show the active fire area in red and the area with all fuel consumed in blue.
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FINN, the burn area is an input to WRF-Chem and can be read directly from the fire input files, and is computed 
based on the methodology outlined in Wiedinmyer et al. (2011). In Figure 3a, we overlay the GOES-17 FDC 
Fire Area. Because the GOES-17 FDC product does not include any information about emissions fluxes, we have 
instead overlaid the domain-integrated FRP in Figure 3b. The FRP is proportional to the emissions flux by the 
ratio of the heat of combustion to the chemical emissions factor; thus, whereas the units are different, we expect 
the FRP to be highly correlated with emissions fluxes (Schreier et al., 2014; Wiggins et al., 2020).

In Figure 3a, we observe that the fire area is correlated between FINN and SFIRE, but also that there are three 
key differences. First, SFIRE predicts an active fire area that is larger by a factor of approximately two than that 
predicted by FINN. This discrepancy is even larger around 20 and 21 August, when the wildfire complexes near 
SF were rapidly growing and merging. This result is not surprising because the SVM method, driven by relatively 
coarse satellite data, tends to overestimate the initial fire growth when the fire area is relatively small compared 
to the size of the satellite footprint (Farguell et al., 2021). Second, SFIRE allows for continuous changes in fire 
area to reflect the real-time fire spread, whereas FINN has a daily temporal resolution because it is derived from 
polar-orbiting remote sensing observations. The coarse temporal resolution results in very pronounced changes in 
the fire area at midnight as the next day's fire-detections are imposed. Finally, differences in timing of fire growth 
are observed during the Creek Fire period between 5 and 8 September: SFIRE shows rapid growth on 6 and 8 
September, whereas FINN shows the increase occurring later.

The GOES-17 fire areas do not unambiguously show better agreement with either the FINN or SFIRE fire areas. 
Early in the time period, GOES-17 data agrees with the large increase in fire area that SFIRE predicts. During 
the middle of the period, GOES-17 data shows lower fire areas that more closely agree with FINN, although 
these data presents considerable diurnal variability in fire area and occasionally estimates larger burn areas than 
SFIRE. During the end of the period, the timing of the GOES-17 Creek Fire increase in burn area seems to better 
agree with FINN, and the area burned is roughly in between the two methods.

Figure 3.  Comparison of SFIRE (blue), Fire Inventory from NCAR (FINN) (orange), and GOES-17 (green): (a) time history of domain-integrated fire area, and (b) 
CO emissions flux (from SFIRE and FINN, left y-axis_) and fire radiative power (from GOES-17, right y-axis).
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The GOES-17 fire area also includes a very large spike in fire area on September 9th which is not present in either 
of the two model runs. GOES-17 is a geostationary satellite, so it reports observations for changes in fire area 
during a given day, whereas FINN, from MODIS, has only a single fire area per day. However, GOES-17 is at a 
coarser spatial resolution than either FINN or SFIRE, which are at 1 km and 100 m respectively in this simulation. 
Furthermore, the extreme diurnal variability in GOES-17 fire areas may not be the result of actual physical vari-
ability; since GOES-17 uses near infrared (IR) wavelengths to detect fires, interference from solar radiation may 
lead to false positives that can artificially augment diurnal variations in fire activity (Hall et al., 2019). Addition-
ally, dense smoke from the fires may have interfered with retrieved fire properties from both GOES and MODIS 
observations, though the impact may be different for each of the satellite products. Smoke interference in MODIS 
would propagate through to both FINN and the SVM-derived fire locations, though how this would impact these 
data fields is difficult to ascertain, and likely differs between fires. GOES-17 is still a relatively new satellite 
platform, and as its use becomes more widespread in the community, postprocessing routines which can account 
for these diurnal variations will become more mature. However, the large diurnal variability makes it difficult to 
conclude if FINN or SFIRE are in better agreement with GOES-17 in terms of total area burned.

The CO emissions fluxes plotted in Figure 3b show that the average emissions fluxes are greater for FINN than 
for SFIRE, despite SFIRE having a larger burn area. Both SFIRE and FINN emissions exhibit diurnal behavior. 
With FINN, the diurnal cycle is imposed on the fire activity by the WRF fire emis preprocessing routine; the 
hourly emissions flux is a rescaling of the total fire activity with close to zero emissions overnight, and a maxi-
mum emissions flux at 1 p.m. local time (Mu et al., 2011). This diurnal profile is the same each day, and is used 
to modulate the bulk emissions which are inferred from the MODIS fire detection and the underlying landuse 
classification. In contrast, SFIRE computes the emissions based on the advancing fire front, and the simpli-
fied Burnup algorithm for fuel consumption behind the fire front. The typical SFIRE diurnal cycle depends on 
model-calculated variables such as windspeed and relative humidity; therefore it varies from day-to-day depend-
ing on weather conditions. It is important to note that, in the SFIRE simulation analyzed here, the fire progression 
is constrained using the SVM-derived fire history, which impacts the temporal evolution of fire emissions.

Both SFIRE and FINN use the same set of emission factors, which relate the mass emissions of each smoke 
species (e.g., organic aerosol, NO2, and CO) to the mass of fuel consumed. Therefore, the differences in SFIRE 
versus FINN emissions are a function of the differences in when and how much biomass undergoes combustion. 
During periods when SFIRE predicts rapid fire growth, emissions fluxes are considerably higher than FINN. 
However, during periods of little to no predicted fire growth, emissions are similarly zero. In this respect, SFIRE 
does not represent longer-term smoldering fire behavior. In contrast, FINN uses active fire detections to force 
fire emissions, and so emission are less correlated with rate of spread. The rate of biomass combustion is also 
correlated with the heat release and temperature of the fire, and therefore can be estimated from remotely sensed 
FRP. The overlaid GOES-17 FRP (Figure 3b, right y-axis) shows a pronounced diurnal cycle that more closely 
resembles the sharp FINN diurnal profile, especially in the middle of the time period. However, during periods of 
rapid growth, the GOES-17 FRP does not go to zero as the FINN emissions do. It is important to note that GOES-
17 FRP, like fire area product, uses radiance in near IR wavelengths to distinguish fire pixels from surrounding 
vegetation, and may be subject to similar contamination by solar radiation as described above. The GOES-17 FPR 
daily maximum appears to be correlated with both FINN and SFIRE daily maximum emissions fluxes, although 
the FINN daily maximum diverges from the GOES-17 and SFIRE near the end of the simulated time period. As 
a result, it is difficult to conclude if the FINN or SFIRE emissions fluxes are more accurate.

In summary, the simulations using SFIRE to compute fire area generally predict larger burn areas when compared 
to FINN; however, due to differences in assumptions of fuel load and emissions, FINN simulations produce more 
emissions per area. The net effect of these differences is that SFIRE produces more emissions during time periods 
when fires grow rapidly, whereas FINN produces more emissions in the middle of the time period when fires 
are not undergoing rapid growth. Based on comparison to remote sensing data, it is difficult to conclude if the 
FINN or SFIRE representation of emissions fluxes more accurately reflect what occurred. However, it is useful 
to understand the differences of the model inputs, as this helps to explain differences in the simulation results.

4.2.  Surface PM2.5

In this section, we first analyze the surface smoke concentrations obtained from the different simulations. Follow-
ing the standard practice in modeling studies of wildfire smoke, we use PM2.5 at high atmospheric loadings as a 
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proxy for smoke. Furthermore, PM2.5 is a National Ambient Air Quality Standard (NAAQS) criteria pollutant. 
California offers a comparatively dense network of surface monitors that allows effective validation of smoke 
simulations, while in general, the density of surface monitoring sites is insufficient for this application.

In Figure  4, we show surface PM2.5 concentrations from SFIRE (Figures  4a and  4c) and FINN (Figures  4b 
and 4d) simulations at an early (20 August at 2000 UTC, Figures 4a and 4b) and late (7 September at 2000 UTC, 
Figures 4c and 4d) phase in the simulation periods, with the EPA AQS hourly surface measurements overlaid. It 
is observed that surface PM2.5 concentrations are higher for the SFIRE simulation than for the FINN simulation 
at both times. During the first time period, surface monitor sites, especially in the central valley, indicate elevated 
smoke, suggesting that SFIRE is more accurate across the entire region at this time. However, SFIRE places the 
main central valley smoke plume east of the monitors that indicate elevated PM2.5. This result may be due to 
small errors in model-simulated winds at the flame front, fire behavior and smoke emissions, plume rise, or other 
sources. With respect to the FINN simulation, the model appears to underpredict surface PM2.5 concentrations 
at this time. Because this snapshot is from 2000 UTC (11 a.m. LDT), it represents an earlier time in the day than 
when most of the FINN emissions are specified to occur.

The second snapshot in Figures 4c and 4d shows that the SFIRE simulations predict more widespread PM2.5 
emissions across Northern California. However, the surface measurements at this time appear to be in better 

Figure 4.  Plan view of surface PM2.5 concentrations for SFIRE (a, c) and Fire Inventory from NCAR (FINN) (b, d) corresponding to two snapshots: 20 August at 2000 
UTC (a, b) and 7 September at 1600 UTC (c, d). All panels have the corresponding EPA surface measurements overlaid as points with the same color scale. Black 
points are locations where the color map has fully saturated. Star shaped markers indicate the timeseries locations in Figure 5.
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agreement with the FINN surface PM2.5 estimates, whereas SFIRE concentrations are significantly higher, espe-
cially in the SF Bay Area and central valley regions of the domain. Surface monitors close to the August Complex 
Fires in the northern part of the domain, and close to the Creek Fire in the southeastern part of the domain both 
indicate elevated PM2.5, which agree better with SFIRE, or even exceed SFIRE predictions for these specific fires. 
Finally, in panel 4c, we observe some red outlines of the CZU and LNU fire perimeters directly south of the SF 
Bay area. These red outlines correspond to emissions from the fires' flaming fronts that continue to advance in 
SFIRE, which is an artifact of the SVM method used to constrain the fire progression. In these instances, the 
fires were known to be inactive, based on MODIS imagery or NIFC incident reprts. However, this version of the 
SVM method contains no mechanism to properly extinguish fires at the correct time, leading to these unrealistic 
ring structures of active fire around burn scars. Due to their size, these structures do not contribute a significant 
amount of PM2.5 to the simulation domain. These fire perimeters are not present in the remote sensing data at this 
time, and therefore are not present in the FINN simulation, which agrees better with surface PM2.5 concentrations.

In order to discuss the differences between these two simulations (SFIRE and FINN) during the entire simulated 
period, we overlay timeseries of surface PM2.5 with measurements from a few key locations inside the simula-
tion domain in Figure 5. Figures 5a–5d shows locations in the densely populated SF Bay Area and surrounding 
suburbs (i.e., Livermore, SF, Oakland, and San Jose); Figure 5e shows Sacramento, whereas Figure 5f shows 

Figure 5.  Timeseries plots of surface PM2.5 from Weather Research and Forecasting model with Chemistry simulations with SFIRE (blue), and Fire Inventory from 
NCAR (FINN) (orange), alongside surface observations from EPA-AQS (points). Timeseries locations are (a) Livermore, (b) San Francisco, (c) Oakland, (d) San Jose, 
(e) Sacramento, and (f) Modesto. The times corresponding to the map plots in Figure 4 are indicated with vertical dashed lines.
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Modesto, a medium-size city in the central valley. Figure 5 also reports the EPA 24-hr PM2.5 exposure limit of 
35 μg m −3 as a black dashed line, and the EPA AirNow “hazardous air quality” limit of 100 μg m −3. It is impor-
tant to note that EPA limits only apply to anthropogenic contributions to criteria pollutant concentrations, and 
the 35 μg m −3 limit is for 24-hr average concentrations and we have plotted hourly concentrations. Nevertheless, 
we find this helpful for providing context for the simulated and observed PM2.5 concentrations. These sites are 
selected to give a range of examples of the types of communities that were impacted by smoke; however, similar 
figures for all of the available measurement sites inside our simulation domain are provided in Section S2.2 in 
Supporting Information S1.

In Figures 5a–5c, and 5e, the SFIRE simulation suggests a very significant increase in surface PM2.5 concentra-
tions, with values as high as 600 μg m −3 at the beginning of the time period. Both FINN and the surface observa-
tions show increases in concentrations at this same time; however, these increases are much smaller in magnitude. 
This spike in surface PM2.5 is temporally linked with the large increase in fire area, shown in Figure 2a. The fires 
during this period were dominated by wildfire complexes that grew and merged together. These conditions are 
difficult to reproduce with the SVM algorithm used in the SFIRE simulation, because this algorithm is based on 
relatively coarse satellite data. It is possible that the fire arrival times derived from the SVM algorithm prescribed 
initial growth that was more rapid than what was observed. Additionally, it is likely that the Burnup algorithm 
produced artificially fast rates of fuel consumption. The combination of these two factors most likely produced 
the observed large spike in PM2.5 emissions.

Based on the provided timeseries plots, it is noteworthy that neither simulation captures the observed elevated 
PM2.5 that occurred during the final few days of the simulation. The smoke during this period was transported 
from fires that occurred near Portland, OR, which was outside of our innermost WRF domain (D03), but included 
in the next coarsest domain (D02). It should be noted that there is no difference in the representation of these 
remote fires in the FINN and SFIRE simulations, as both simulations use the FINN fire and emissions treatment 
outside of D03. Thus, whereas the Portland fires are simulated with FINN on D02 at 3 km resolution, the model 
fails to represent the long-range transport of smoke from Oregon to our area of study, as further discussed in 
Section S2.2 in Supporting Information S1.

In order to quantify the relative model skill for SFIRE and FINN simulations, Figure 6 contains 1:1 plots compar-
ing the simulated daily mean PM2.5 for SFIRE and FINN (Figures 6a and 6c) as well as the daily maximum 
PM2.5 concentrations (Figures 6b and 6d) from all measurement sites. Overlaid on top of the data is a y = x line, 
corresponding to perfect agreement between the simulated and observed values of PM2.5 concentrations. Two 
cutoff criteria are selected as a basis for binary classifier analysis: 35 μg m −3 for daily average (based on the EPA 
NAAQS 24-hr limit for PM2.5), and 100 μg m −3 (corresponding to an Air Quality Index of “unhealthy”) for daily 
maximum. In Figure 6, blue denotes True Positive results, orange denotes False Positive results, purple denotes 
True Negative results, and red denotes False Negative results. Table 1 contains a summary of the associated 
binary classification metrics.

The high PM2.5 bias in the SFIRE simulations results in a greater probability of PM2.5 concentrations exceeding 
the daily average and daily maximum thresholds. Consequently, the SFIRE simulation has a higher True Positive 
Rate (TPR) and False Positive Rate (FPR), but lower True Negative Rate (TNR) and False Negative Rate (FNR) 
as compared to the FINN simulation. However, when aggregated, these differences cancel each other out. In fact, 
both simulations have nearly identical Positive Predictive Value (PPV, defined as the number of true positives 
divided by the number of total total positives) and Negative Predictive Value (NPV, defined as the number of 
true negatives divided by the number of total negative results), with the only exception being PPV for daily maxi-
mum PM2.5, for which the SFIRE simulation presents slightly higher values. Both simulations have a stronger 
NPV than PPV, with this discrepancy being more pronounced for predicting hazardous daily maximum PM2.5 
concentrations. Essentially, both of these modeling tools currently are more accurate in predicting no-smoke 
conditions  than high-smoke conditions. The F1 scores, defined as 𝐴𝐴 𝟐𝟐 ⋅ 𝐏𝐏𝐏𝐏𝐏𝐏 ⋅ 𝐍𝐍𝐍𝐍𝐍𝐍∕(𝐏𝐏𝐏𝐏𝐏𝐏 + 𝐍𝐍𝐍𝐍𝐍𝐍) , are identical 
for the binary classification analysis for daily average PM2.5. However, for the daily maximum binary classifi-
cation analysis, the SFIRE simulation slightly outperforms the FINN simulation. In all cases, the F1 scores are 
relatively low. Binary Classification analysis is widely used approach for incorporating wildfire smoke estimates 
from chemical transport models into response (Ainslie et al., 2022), which is why we used it here. Furthermore, 
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due to the sharp gradients present in wildfire smoke simulations, more traditional analysis of correlation, mean 
bias, and root mean square error typically produce poor results (Lassman et al., 2017). This can increasingly 
penalize models at higher resolution even if the simulated plume is more realistic, as coarse resolution artificially 
smooths steep concentration gradients (Lassman, 2015).

Figure 6.  Comparison of simulated (y-axis) and observed (x-axis) PM2.5 concentrations: (a) SFIRE daily averages, (b) SFIRE daily maxima, (c) Fire Inventory from 
NCAR (FINN) daily averages, and (d) FINN daily maxima. Either daily National Ambient Air Quality Standard exceedance (a, c) or concentrations equivalent to 
an hazardous air quality index (b, d) are overlaid as gray lines. All panels include the y = x line corresponding to perfect agreement between simulation and field 
observations. Points are colored according to True Positive = blue (i.e., model correctly predicts high PM2.5 concentration), False Positive = orange (i.e., model 
incorrectly predicts high PM2.5 concentration), True Negative = purple (i.e., model correctly predicts low PM2.5 concentration), or False Negative = red (i.e., model 
incorrectly predicts low PM2.5 concentration), according to the binary classification criteria for average and maximum concentrations.
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4.3.  Satellite-Derived AOD

To assess the accuracy of the smoke simulations, we compare the simulation results to satellite observations of 
smoke plumes. In Figure 7, we plot the SFIRE AOD (left column), the FINN AOD (center column), and the 
MODIS AOD (right column). We show snapshots corresponding to the Terra satellite overpass (approximately 
11 a.m. LST) on four different days: 21, 31 August and 5, 9 September 2020.

Throughout the simulated period, the MODIS AOD retrieval on any given day has many pixels with missing 
data. AOD retrievals are calibrated for typical ambient aerosol concentrations, whereas smoke is often an extreme 
event; in this context, bright smoke is often mistaken for clouds and erroneously flagged by the retrieval. This 
issue is further complicated on the west coast of the US, which often has dense stratus clouds and onshore fog, 

Table 1 
Binary Classification Statistics for SFIRE and Fire Inventory From NCAR Simulations Containing True Positive Rate 
(TPR), False Positive Rate (FPR), True Negative Rate (TNR), False Negative Rate (FNR), Positive Predictive Value (PPV), 
Negative Predictive Value (NPV), and F1 Score for Daily Mean and Daily Maximum PM2.5 Concentrations

Simulation TPR FPR TNR FNR PPV NPV F1 score

Daily mean SFIRE 0.32 0.34 0.66 0.68 0.43 0.55 0.24

FINN 0.15 0.17 0.83 0.84 0.43 0.55 0.24

Daily max SFIRE 0.21 0.19 0.81 0.79 0.36 0.67 0.23

FINN 0.07 0.09 0.91 0.92 0.27 0.66 0.20

Figure 7.  Aerosol Optical Depth (AOD) from SFIRE simulations (left column), Fire Inventory from NCAR (FINN) 
simulations (center column), and Moderate Resolution Imaging Spectroradiometer observations (right column) taken from 21 
August (first row), 31 August (second row), 5 September (third row), and 9 September (fourth row).
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or exposed ocean, all of which can be problematic for AOD retrievals. The dates shown in Figure 7 are chosen 
to provide a sufficient coverage to visibly identify thick smoke plumes. Gaps in the center of smoke plumes can 
reasonably be assumed to contain additional smoke.

In general, it is difficult for WRF-Chem simulations to reproduce MODIS AOD. Balzarini et al. (2015) found 
that WRF-Chem/MODIS AOD relationships can be a strong function of the chemical mechanism for both gas 
and aerosol phases, and Karumuri et al. (2022) found that the relative bias between WRF-Chem and MODIS 
AOD can vary regionally within the simulation domain. However, some studies have had success reproducing 
MODIS AOD with WRF-Chem simulations (e.g., Chen et al., 2014; Siméon et al., 2021). Both of these studies 
used MOZCART gas and aerosol phase mechanisms in WRF-Chem to simulate wildfire smoke and showed 
good agreement with remotely sensed AOD. However, Siméon et al. (2021) used multiple simulations to refine 
the speciation of aerosol emissions and organic carbon/black carbon ratios, as well as aerosol optical properties, 
while Chen et al.  (2014) used an AOD data assimilation process to constrain their simulations. Furthermore, 
both of these studies were conducted at coarse spatial resolution (20  ×  20 and 30  ×  30  km 2, respectively). 
Lassman  (2015) found that using MODIS to evaluate high-resolution simulations leads to large errors, with 
model simulations typically biased high; however, for high resolution, the agreement becomes more binary and 
qualitative. Due to the challenges associated with these kinds of model-measurement comparisons, we interpret 
MODIS AOD as an additional qualitative indicator of the spatial extent of the smoke plume, rather than a the 
basis for a quantitative assessment of simulation accuracy. In our simulations, we find that MODIS AOD is 
elevated over a larger area than both simulations suggest. Both WRF-Chem simulations show larger AOD values 
near fires, with smaller impacts on AOD regionally. From the data presented in Figure 7, it is difficult to deter-
mine if this is due to a systematic bias in WRF-derived AOD relative to MODIS AOD, or if this is a difference 
in the smoke dispersion. The spatial resolution of the MODIS AOD retrieval product is 10 km, which is much 
coarser than either model simulation, and thus unable to represent some of the sharper gradients that are present 
in the simulated quantities. It is possible that WRF-Chem is simply biased low relative to MODIS in computing 
the extinction coefficients and subsequent AOD calculation. One useful insight from the MODIS retrievals is that 
SFIRE seems to predict the smoke from the Creek Fire too early. AOD values are elevated in SFIRE on Septem-
ber 5th in the southeastern corner of the domain where the Creek Fire occurred. This observation is not reflected 
in the FINN simulation or in the MODIS AOD data. However, the FINN simulation also seems to show more 
Creek Fire activity on 9 September than on 5 September, which is in better agreement with the MODIS retrieval.

4.4.  Fire-Weather Interactions

Dense smoke has been shown to impact surface temperatures by attenuating solar radiation and decreasing 
surface insolation (Robock, 1991; Stone et al., 2011). Additionally, smoke can impact cloud microphysics by 
changing the number of available cloud condensation nuclei (Kaufman & Nakajima, 1993). These processes are 
well-understood at global climate scales, known as the aerosol indirect effect and the aerosol semi-direct effect, 
impacting cloud brightness and cloud lifetime, respectively. Changes to the aerosol load can also have large 
impacts on convection (Heikenfeld et al., 2019). During normal ambient aerosol conditions, these effects are 
minimal; however, during intense smoke events, they can become large. For example, during the event considered 
in this study, dense smoke from fires obscured the sun, lowering surface air temperatures considerably. Because 
smoke-radiation and smoke-cloud effects are computationally expensive to simulate, these processes are not 
included in operational forecasting models. Consequently, although the effect was well documented in forecast 
discussions (Herzmann, 2020), NWS Forecasts routinely overpredicted surface temperatures by as much as 8°C.

The WRF-Chem smoke simulations presented in this work attempt to capture the complex effects of dense smoke 
on surface temperature by leveraging the unique capabilities of WRF-Chem to simulate the interactions between 
smoke aerosols and meteorology. Figures 8a and 8b show the temperature estimate bias for the SFIRE simulation 
at all available measurement sites for the early period (16–25 August 2020) and late period (5–12 September 
2020) of the simulation. Over both time periods, the simulation significantly overestimated the surface tempera-
ture in the Central Valley. This is similar location to where the model failed to correctly predict the elevated AOD, 
suggesting that the simulations did not correctly place the smoke in the domain to achieve the correct magni-
tude of cooling. We also show the timeseries of observed temperatures from Oakland early in the time period 
(Figure 8c), and from Reno late in the time period (Figure 8d), compared with the simulated temperature obtained 
using the SFIRE, FINN, and NoFire simulations, with the last one representing the weather in the absence of 
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smoke effects. It is observed that including smoke improves the temperature estimates only when the  smoke is 
in the correct part of the domain. In Reno, the SFIRE simulation improves the temperature performance from 
7 to 9 September, but otherwise the models all return the same high-bias solution. During the beginning of the 
time period, the models have a low bias near the ocean, which is surprising given that the expected result is an 
overprediction of surface temperature due to failure to account for smoke shading of incoming sunlight. In the 

Figure 8.  Temperature measurements and simulation estimates. (a and b) show the surface temperature bias for the SFIRE simulation from the beginning of the time 
period (16–25 August) and the end of the time period (5–12 September) respectively. (c and d) show the timeseries of surface temperatures measurements compared to 
the estimates obtained using the different model simulations. In particular, (c) shows the temperature data from Oakland, CA, during the beginning of the time period, 
and (d) shows the temperature data from Reno, NV, during the second half of the time period.
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temperature timeseries from Oakland, the primary model error is a nighttime underprediction, rather than the 
expected overprediction seen during the day. While it is well-known that smoke shading can lead to daytime 
overprediction of temperatures, it is less common for simulations to underpredict surface temperature as a result 
of smoke being present in the domain, implying that these interactions may be more complex. We speculate that 
this may in fact be due to smoke impacting the typical meteorological circulations in this region that are driven 
by orographic and marine circulations. To investigate this further, we compare the WRF-SFIRE-Chem simulation 
to the No-Fire simulation.

In Figure 9, we show the difference in temperature (Figure 9a) and windspeed (Figure 9b) between the SFIRE and 
NoFire simulations, averaged throughout the entire time period of the simulation. During the month-long simula-
tion, the onshore temperatures are generally lower in the SFIRE simulation, with larger decreases occurring in the 
Central Valley, specifically in the southern section of the domain. Over the Sierra Nevada mountains to the east 
of the Central Valley, as well as along the coast, temperature effects from smoke appear to be weaker. Because 
the sea surface temperature is prescribed in these simulations, little change to the surface temperature is observed 
over the ocean. It is important to note that the ocean heat capacity is much larger than that of the land surface; 
thus, sea surface temperatures are expected to respond slowly to changes in solar flux due to smoke shading. 
Furthermore, the ocean in this region is typically covered in thick stratus clouds during this time of year, so any 
changes to sea-surface temperature due to attenuation of solar radiation would be minimal.

Concurrent with the average temperature decrease in the SFIRE simulations, a reduction in the average windspeed 
is also observed, especially in the Sierra Nevada mountains and between the Central Valley and the coast. In this 
region, high summer temperatures in the Central Valley during summer typically produce unstable air, producing 
convection and convergence. This phenomenon leads to a regional scale sea-breeze circulation whereby cold 
moist air from the Pacific Ocean advects onshore. Due to the presence of smoke in the valley, this circulation 
is weakened, reducing the magnitude of the onshore flow, leading to a decrease in windspeed. The windspeed 
decrease shown above is primarily due to changes in the zonal wind (i.e., the U component of the winds). These 
dynamics may help to explain the lack of temperature difference near the coast for the SFIRE simulation. In typi-
cal conditions, the presence of foggy air along the coast keeps surface temperatures cool. However, the presence 
of smoke also obscures the sun along the coast, resulting in a small temperature difference between the SFIRE 
and NoFire simulations. While these results lend some support to our hypothesis that the presence of smoke in 
the simulation interfered with the marine-driven circulations, more evidence, and a more targeted study, possibly 
with a coupled sea surface temperature model, are required to fully understand the mechanisms that may be at 
play and their implications.

4.5.  Synthesis, Limitations, and Recommendations for Future Studies

In this study, we compare WRF-Chem simulations that use SFIRE and FINN to describe biomass burning emis-
sions (SFIRE and FINN simulations, respectively) with each other, and with available observations. As expected, 

Figure 9.  Comparison of SFIRE and NoFire simulations: (a) surface temperature difference, and (b) surface wind speed difference. Values are averaged over the entire 
simulation period.
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the FINN and SFIRE simulations produce different results; however, it is not clear if one simulation outperforms 
the other. WRF-SFIRE with the SVM leveraging MODIS fire detections offers a new pathway for deriving 
highly accurate fire locations and timing. However, because WRF-SFIRE was developed originally as a fire 
spread model, it uses a comparatively simple fire emissions representation that relies on generic input data and 
parameters. Despite this, it is noteworthy that the SFIRE model provides results that are comparable to the 
more-established FINN emission inventory. By improving the representation of chemical and heat fluxes in 
SFIRE, especially behind the advancing flaming front, we may be able to develop a more-accurate strategy for 
simulating smoke from wildfires. We also investigate the effect of smoke on surface temperature and windspeed 
by comparing the SFIRE and FINN simulations to a WRF-Chem simulation with no smoke (i.e., NoFire simula-
tion). These results are used to better understand the context behind the SFIRE and FINN simulation results, what 
these tools are designed to do, and what can be done to improve future coupled wildfire-air quality simulations.

FINN is a global emissions inventory. It uses real-time MODIS fire detections and pre-existing MODIS land-
cover classification data to estimate fire location, area, and fuel type. FINN is used with a climatological diurnal 
profile for emissions because it is meant to provide information for a large number of fires. The workflow for a 
WRF-Chem simulation using FINN is identical independent of the size of the domain or the number of simulated 
fires. However, any individual fire event may not conform to these climatological assumptions; thus FINN can 
produce inaccurate estimates of emissions location, timing, and/or intensity. Previous studies (Lassman, 2015; 
Lassman et al., 2017) found that running WRF-Chem for a smaller number of wildfires in Colorado, or a larger 
number of fires in Washington state (2015 and 2017 respectively) did not produce smoke estimates with a high 
degree of skill. However, other studies have used FINN to achieve higher degrees of accuracy, and FINN itself has 
been updated since these simulations were performed. Given the nature of the FINN model inputs and workflow, 
there is little opportunity for parameter tuning or other adjustments that could easily lead to improved predictions 
for a given wildfire.

In contrast, SFIRE is designed for modeling the progression of a fire with time. Because it does not rely on 
assumed diurnal behavior, this method has the potential to be more accurate; however, this model is characterized 
by errors inherent to the fire progression model and the simplified Burnup model, as well as uncertainty in many 
of the model inputs. SFIRE also resolves plume rise instead of using an external parameterization, adding another 
degree of freedom linked to the fire behavior. Consequently, SFIRE can require more hands-on optimization or 
constraining of fire progression in order to produce an accurate prediction. Results from earlier simulations of 
multiple 2015 California fires (Kochanski et al., 2019), as well as a later study leveraging WRF-SFIRE to provide 
emissions and smoke plume parameters to the CMAQ model (Kochanski et al., 2021), reported good agreement 
between the simulated and observed plume top heights. It is possible that the explicit representation of plume 
dynamics in SFIRE may compensate for the limitations of the simple emission model, leading to results that are 
comparable to those obtained using FINN emissions.

Work by Farguell et al. (2021) represents a major breakthrough with the ability to perform simulations with fire 
progression simulations constrained using satellite observations. By using the SVM model to interpolate remotely 
sensed fire detections and derive fire arrival times, the simulated SFIRE fire progression is forced toward a solu-
tion that is consistent with the observed fire behavior. Furthermore, this workflow allows objective optimization 
of the simulation, assuring that the fire progression driving fire emissions is realistically represented. The SVM 
model has some limitations; for example, the initial fire area may be overestimated, especially when the fires 
are relatively small or have complex shapes that are difficult to map using relatively coarse satellite detections. 
However, such errors could be reduced as the approach is improved. In this study, the SVM algorithm ingested 
only polar-orbiting satellite-based fire detections, which are available at daily temporal resolution. However, in 
future studies, satellite products available at higher temporal frequency, such as FDC products from GOES-17, 
could be extremely useful for enhancing this strategy. Furthermore, GOES-18 may offer some enhanced capabil-
ities that may be more useful for generating high-time-frequency insights about fire behavior.

Another important difference between SFIRE and FINN is the treatment of biomass consumption. FINN uses a 
top-down approach in which biomass conservation is ignored; in fact, the rate of emissions is directly correlated 
with the assumed diurnal profile, and is only a function of the MODIS landcover classification. In principle, if a 
real wildfire fully depletes the combustible fuel on a MODIS pixel, then no subsequent fire detections are possi-
ble on this grid cell, and the grid cell is completely “burnt up.” This negates the need to track fuel consumption 
with time, which is a challenging quantity to remotely sense. Additionally, FINN is able to represent a grid cell 
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that smolders for long periods of time; however, due to the assumed emissions profile, FINN almost always leads 
to an overprediction of emissions in this situation.

In SFIRE, each grid cell has a preexisting biomass as a function of fuel type. Pre-fire fuel load is an uncertain 
value, and having accurate and up-to-date estimates is often impossible for significant fires. This mass is a 
generic assumed value that is identical for all fuels of the same fuel type, and is thus lacking in precision, and 
could be a source of error and bias in the estimates of smoke emissions. Furthermore, the mass consumption 
is calculated according to the simplified Burnup algorithm (Lutes, 2013). The rate of spread computations are 
mostly controlled by fine fuels, and WRF-SFIRE is designed to estimate fire propagation. However, the smoke 
emissions are typically dominated by the slower combustion of coarse fuels, woody debris, and duff. The model 
resolves flaming emissions, but neglects residual smoke production after the fire front passage. Consequently, 
SFIRE emissions behind the advancing fire front may be underestimated, because the model does not represent 
slower fuel consumption in smoldering conditions. This limitation leads to an underprediction of total emissions 
for longer-living fire events, and to unrealistic ring-shaped emission with no smoke production coming from 
inside the fire perimeters.

Because the current SFIRE approach uses relatively generic data, it presents an opportunity to improve the 
fidelity with which SFIRE can compute smoke emissions. By using more precise inputs in terms of fuel load 
in various fuel layers and post-fire fuel mass to determine mass consumption, the mass of total emissions could 
be better constrained. Alternatively, by relating integrated FRP from a given fire, one could constrain mass 
consumption, which also could be used to constrain emissions. Likewise, FRP could also be used to inform the 
rate of mass consumption, which could be used to improve on the assumed exponential decay of fuel mass that 
is imposed by the Burnup algorithm. Alternatively, by using more detailed biomass combustion kinetics, a more 
detailed parameterization for fuel consumption could be derived, although this last approach would require a 
significant scientific effort.

5.  Conclusions
The California 2020 wildfire season is the worst fire season on record, with over 1.5 million hectares of land 
consumed by fires. During this season, a record number of structures were threatened by fire, and a large percent-
age of the population, in California and downwind, were exposed to smoke. To study these effects, we conducted 
WRF-Chem simulations over a region that included most of Northern and Central California for a 1-month period 
during the 2020 California wildfire season. These simulations included chemical inputs from wildfires, anthropo-
genic and biogenic sources, with initial and boundary conditions from a global CTM. We compared model results 
obtained by combining WRF-Chem with a biomass burning emissions inventory (FINN) and with a coupled fire 
spread model (SFIRE).

FINN is an emissions inventory designed for investigating global wildfires on larger timescales, whereas SFIRE 
is a fire spread model designed for analyzing individual fires. These two approaches use different frameworks 
for determining fire location and fire activity, as well as for computing mass consumption rate of fuel; however 
they use the same emissions factors (Akagi et al., 2011), thus producing the same relative emissions of different 
wildfire smoke chemical species. This case study was chosen to compare both of these modeling approaches at a 
spatial scale on the boundary of where each of these tools are expected to perform well, and where few suitable 
alternative exists. We found that these two approaches do not present significant differences in absolute model 
skill; however, we were able to characterize the differences in terms of Negative and PPV of the simulations and 
link these results to differences in assumed biomass load and burn rate. Because SFIRE is specifically designed 
for individual fires, uses specified fuel load, and can compute the burnup rate as a function of simulated envi-
ronmental conditions, the SFIRE modeling framework provides promising improvement opportunities through 
incorporation of more detailed input data and improved physical models behind the advancing flame front.

We also compared the WRF-Chem simulations with smoke to WRF-Chem simulations in which biomass burn-
ing emissions were turned off (NoFire), allowing us to quantify the impact the wildfire smoke had on surface 
temperature and windspeed. The coupled setup reproduced surface cooling due to smoke shading, and allowed 
us to investigate some of the implications of widespread cooling, such as regional reductions in windspeed due to 
a diminution of the regional sea breeze. In addition to impacts smoke can have on solar energy production, this 
result suggests smoke could have wide-reaching implications for regional stagnation, air quality, and potentially 
wind energy production, although further study is required to explore these connections.

 21698996, 2023, 6, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2022JD

037062 by U
niversity O

f C
alifornia Irvine Science L

ibrary Serials, W
iley O

nline L
ibrary on [29/09/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Journal of Geophysical Research: Atmospheres

LASSMAN ET AL.

10.1029/2022JD037062

20 of 22

Data Availability Statement
Datasets for this research are open source and can be found at these in-text data citation references: US EPA, 2016, 
Schmidt et al., 2013, Levy et al., 2013, Horel et al., 2002. Software used in this research including WRF, WRF 
Preprocessing System, WRF-Chem, WRF-SFIRE-Chem, and WRF-Chem preprocessing tools are open source 
and available at in-text citations: Skamarock et al., 2008, Grell et al., 2005, Kochanski et al., 2015, Emmons 
et al., 2010, Pfister et al., 2011, US EPA, 2016, Guenther et al., 2012, Gettelman et al., 2019, and Wiedenmyer 
et al., 2011.
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