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The objective of this study was to assess feasibility of integrating a coupled fire-atmosphere model within an air-quality forecast system to create a multiscale air-quality modeling framework designed to simulate wildfire smoke. For this study, a coupled fire-atmosphere model, WRF-SFIRE, was integrated, one-way, with the AIRPACT air-quality modeling system. WRF-SFIRE resolved local meteorology, fire growth, the fire plume rise, and smoke dispersion, and provided AIRPACT with fire inputs. The WRF-SFIRE-forecasted fire area and the explicitly resolved vertical smoke distribution replaced the parameterized BlueSky fire inputs used by AIRPACT. The WRF-SFIRE/AIRPACT integrated framework was successfully tested for two separate wildfire events (2015 Cougar Creek and 2016 Pioneer fires). The execution time for the WRF-SFIRE simulations was <3 h for a 48 h-long forecast, suggesting that integrating coupled fire-atmosphere simulations within the daily AIRPACT cycle is feasible. While the WRF-SFIRE forecasts realistically captured fire growth 2 days in advance, the largest improvements in the air quality simulations were associated with the wildfire plume rise. WRF-SFIRE-estimated plume tops were within 300-m of satellite-estimated plume top heights for both case studies analyzed in this study. Air quality simulations produced by AIRPACT with and without WRF-SFIRE inputs were evaluated with nearby PM2.5 measurement sites to assess the performance of our multiscale smoke modeling framework. The largest improvements when coupling WRF-SFIRE with AIRPACT were observed for the Cougar Creek Fire where model errors were reduced by ∼50%. For the second case (Pioneer fire), the most notable change with WRF-SFIRE coupling was that the probability of detection increased from 16 to 52%.
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INTRODUCTION

As the number and size of wildland fires increase (Westerling et al., 2006; Dennison et al., 2014), the potential for wildfire smoke to impact air quality (AQ) is a growing concern. Despite the reduction of industrial and vehicular emissions, AQ across the western US has been deteriorating, especially across the Pacific Northwest and the Intermountain West (McClure and Jaffe, 2018). Recent wildfire events are likely responsible for degrading AQ across the west, therefore exposing more Americans to unhealthy levels of particulate matter (PM2.5) and ozone (Jaffe et al., 2004; Jaffe and Wigder, 2012; Bytnerowicz et al., 2016; Mass and Ovens, 2019; Wilmot et al., 2021). With wildfire activity projected to increase in the coming decades due to climate change (Spracklen et al., 2009; Liu et al., 2016), forecasting AQ impacts from wildfires will be increasingly important. The ability for models to accurately forecast pollutants from wildfires is critical when issuing public warnings that enable AQ-sensitive individuals to limit their smoke exposure.

Over the past decades, researchers have sought to build and refine AQ modeling systems that can accurately forecast the impact of fires on AQ. For an overview of modeling approaches, readers are encouraged to read Jaffe et al. (2020), who outlined both the statistical and the dynamical approaches used for smoke modeling. Several AQ forecasting systems have been developed to assess the impacts of fire emissions on air pollution. Examples include the National Air Quality Forecast Capability (NAQFC), which runs on a 12-km grid, providing forecasts for the CONUS domain (Tang et al., 2015); the BlueSky system (Larkin et al., 2009) operated by the US Forest Service; and the AIRPACT system, operated by the Laboratory for Atmospheric Research at Washington State University (LAR at WSU) with support from the NW-AIRQUEST consortium of clean air agencies. These modeling systems estimate fire emissions using satellite hot spot detections and estimates of acres burned and fuel loading. Furthermore, the chemical transport model CMAQ (Byun and Schere, 2006) is driven by meteorological forecasts that are not coupled to the chemical transformations and smoke emissions. A different approach is used in the RAP/HRRR-smoke system (Ahmadov et al., 2017), which estimates PM2.5 emissions using the latest fire radiative power from satellite hot-spot detects. Smoke and meteorology within RAP/HRRR-smoke are simulated in-line within the dynamical core of the Weather Research and Forecast model (WRF; Skamarock et al., 2008) for a domain that covers the continental United States. To reduce computational costs, HRRR-SMOKE treats smoke as a passive tracer and ignores chemical transformations.

Regardless of the technical differences surrounding the modeling frameworks described above, there are two large sources of uncertainty that smoke forecasting systems need to address: (1) how to compute hourly fire emissions in a forecast mode and (2) how to distribute those emissions vertically (Val Martin et al., 2012; Herron-Thorpe et al., 2014; Walter et al., 2016; Mallia et al., 2018). Within the modeling systems described above, fire emission estimates are based on the most recent fire detections and are held constant into the future with a repeating diurnal pattern. While this approach is widely accepted by the modeling community, it has limitations for cases where fires exhibit significant day-to-day variations in the burned area or when the fire emissions do not conform to a typical diel pattern. Recent work by Graff et al. (2020) highlighted the limitations of assuming unchanged diurnal patterns and showed that regression models accounting for weather-driven changes in fire activity often perform better. For plume rises, most AQ models parameterize the smoldering fraction and calculate plume-top height using methods developed for point-source modeling (e.g., industrial facilities). Due to the reasons described above, most AQ forecast systems cannot account for the weather-driven fire behavior effects on plume dynamics.

An alternative smoke modeling approach was developed by Mandel et al. (2014), which simultaneously resolves the time evolution of fire emissions and fire-atmosphere interactions driving the plume evolution. This approach utilizes the Weather Research and Forecast model (WRF; Skamarock et al., 2008) to simulate meteorology, while a fire spread parameterization combined with a fuel moisture model (SFIRE) is dynamically coupled with local meteorology (WRF-SFIRE; Mandel et al., 2011). WRF-SFIRE has been successfully applied for selected wildfire events (Kochanski et al., 2016, 2019; Mallia et al., 2020b) where simulated plume heights compared favorably with plume heights derived from the multi-angle imaging spectroradiometer (MISR). In another study, WRF-SFIRE was used to forecast smoke from a large wildfire near Salt Lake City, UT during the fall of 2018 (Mallia et al., 2020a). Smoke simulations in this study were evaluated with a high-density AQ network with over 300 sensors. Mallia et al. (2020a) found that WRF-SFIRE was able to resolve inter-basin air exchanges and larger-scale canyon flows, while also capturing the smoke plume orientation and horizontal extent, along with the duration and timing of the smoke episode.

Despite the encouraging results described above, these studies also highlighted some of the limitations surrounding coupled fire-atmosphere models. One fundamental problem with coupled fire-atmosphere models is the computational resources needed to run full chemistry resolved at sub-kilometer grid spacing, absent of exceptional computing resources. The large computational costs associated with coupled fire-atmosphere models with full chemistry can make it difficult to complete an operational forecast within a reasonable amount of time. Another potential problem associated with existing coupled fire-atmosphere models is related to the simplified representation of heat fluxes and smoke emissions. For example, WRF-SFIRE heat fluxes and smoke emissions are computed based on the fuel consumed using approximations from Clark et al. (2004) of the standard fire behavior models and multiplicative emission factors (Anderson, 1982; Wiedinmyer et al., 2011).

To overcome some of the limitations described above, we developed a proof-of-concept multiscale smoke modeling framework that resolves fire-scale processes, plume rise dynamics, and regional-scale atmospheric chemistry. This framework also had to be fast enough to be deployed for forecasting applications. This smoke modeling framework utilized an optimized high-resolution coupled fire-atmosphere model (WRF-SFIRE) as a sub-grid-scale model linked to CMAQ via the Sparse Matrix Operator Kernel for Emissions (SMOKE)1 chemical preprocessor and the model platform used for AIRPACT.

The paper is organized as follows. We start from the description of the modeling components of the coupled fire-atmosphere model (WRF-SFIRE) and the AIRPACT AQ system (section “Materials and Methods”). Next, we discuss the coupling strategy and the model integration. For section “Results,” model results are evaluated with observations for two separate wildfire smoke episodes. These evaluations are used to highlight the differences and potential benefits of integrating a fully coupled fire-atmosphere model into a regional AQ model. Lastly, section “Discussion” concludes with a discussion of the results and recommendations for future work.



MATERIALS AND METHODS

WRF-SFIRE was one-way coupled with the AIRPACT modeling system to assess the feasibility of a multiscale AQ forecasting system. This system was used to simulate smoke for two separate wildfire events. Two sets of simulations were performed during this study. The first set of simulations were from the operational version of AIRPACT with USFS BlueSky fire inputs, while the second set of simulations used the WRF-SFIRE model for fire inputs. WRF-SFIRE was used to produce vertically distributed smoke emissions, while dispersion within AIRPACT was driven by external 4-km WRF simulations from University of Washington available at https://a.atmos.washington.edu/wrfrt/. The primary objective of this study was to:

(1) Investigate the feasibility of using WRF-SFIRE output as a pre-processor for the AIRPACT modeling system.

(2) Determine how well the hybrid system resolved the plume rise and fire growth.

(3) Compare the hybrid system performance with the standard AIRPACT forecast.


WRF-SFIRE Description

WRF-SFIRE is a coupled fire-atmosphere model (Mandel et al., 2011, 2014, 2019), which simultaneously resolves atmospheric dynamics, fire progression, fuel moisture conditions, and fire-atmosphere interactions. This system integrates the WRF model with a fire spread model (SFIRE), where the fire-rate-of-spread is estimated based on the Rothermel model (Rothermel, 1972). Fire growth and fuel consumption computed in the fire model are used to estimate heat fluxes and smoke emissions, which are then fed back into the atmospheric model (Clark et al., 2004). As a result, WRF-SFIRE can explicitly resolve the wildfire plume dynamics when using a high-resolution (<1-km) atmospheric grid (Kochanski et al., 2019). WRF-SFIRE is coupled with a predictive fuel moisture model (Vejmelka et al., 2016) to account for diurnal variability in the fire behavior driven by fuel moisture fluctuations (Mandel et al., 2014). WRF-SFIRE operates on two separate meshes. The highest resolution grid is used to trace fire progression, compute emissions, and account for the impact of local topography on fire progression. The coarser atmospheric mesh is used to simulate local meteorology, the evolution of the 1, 10, and 100 h dead fuel moisture, plume rise, and smoke dispersion. For this study, we used WRF-SFIRE based on WRF version 3.4.1, available at https://github.com/openwfm/WRF-SFIRE/tree/wrf-fire-track/master.


WRF-SFIRE Numerical Setup for the Cougar Creek Fire

The WRF-SFIRE simulations for the 2015 Cougar Creek Fire in southern Washington consisted of four nested domains at 12-, 4-, 1. 33-, and 0.444-km grid spacing (Figure 1A), which progressively downscaled meteorological fields provided by the North American Regional Reanalysis (NARR; Mesinger et al., 2006). A 22-m fire mesh was embedded within the innermost WRF domain (d04) to simulate fire progression. Fuel and elevation data from LANDFIRE at 30-m grid spacing was interpolated to WRF-SFIRE’s fire mesh grid. More details behind the WRF-SFIRE simulations such as domain size and parameterizations used can be seen in Table 1, while the spatial extent of the domains is shown in Figure 1A. The first Cougar Creek Fire simulation was initialized on August 11th, 2015 at 0000 UTC and simulated through the next 5 days until August 16th 0000 UTC. This initial run served to represent a case where a 120 h-long forecast was generated, without fire reinitialization. The first simulation was started from a point ignition at –121.374°W and 46.134°N, with a radius of 400 m. This fire was ignited on the 11th of August.
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FIGURE 1. Domain configuration for the (A) Cougar Creek Fire, (B) Pioneer Fire. Orange box indicated the innermost domain used for fire spread computations.



TABLE 1. Detailed Weather Research and Forecast model (WRF) configurations for the WRF-SFIRE simulations of the Cougar Creek Fire.
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WRF-SFIRE Numerical Setup for the Pioneer Fire

The 2016 Pioneer Fire in central Idaho was simulated using a 5-domain setup with the domain grid spacing gradually decreasing from 27 to 0.333 km. Analyses from the Climate Forecast System Reanalysis (CFSR) was used to initialize meteorology within WRF-SFIRE, while fuel and topographic information was provided by LANDIFIRE. WRF-SFIRE simulations covered the period of August 14–31st 2016, with reinitializations occurring every 48 h. More details behind the WRF-SFIRE simulations such as domain size and parameterizations used can be seen in Table 2, while the spatial extent of the domains is shown in Figure 1B.


TABLE 2. Detailed Weather Research and Forecast model (WRF) configurations for the WRF-SFIRE simulations of the Pioneer Fire.

[image: Table 2]
Since the Pioneer Fire ignition time was almost a month before the intended simulation start date, the model was initialized using infrared fire perimeters provided by GeoMac.2 Each re-initialization carried over the simulated fuel moisture from the previous simulation. For each WRF-SFIRE simulation, WRF-SFIRE was re-initialized with GeoMac infrared fire perimeters to (1) locate active fire perimeters and to (2) mask out previously burned fuels. Infrared fire perimeters were then used to generate a fire arrival matrix by linearly interpolating between two consecutive perimeters bracketing the ignition time, like the method described in Kochanski et al. (2019). Fuel within the first perimeter was removed with an extra margin of 60 m to prevent fire ignition along inactive sections of the fire perimeter. The fire arrival time was then used to prescribe the fire growth within WRF-SFIRE for the first 2 h of each forecast. This spin-up time was used to ensure that the fire-induced circulation was established before the start of each run, which was necessary to limit model instability. Once the simulation reached t = 2 h, fire growth within WRF-SFIRE was estimated by the predictive fire model driven by modeled winds, terrain slope, fuel moisture, and fuel types.




AIRPACT Description

Operational AIRPACT provides daily 48-h forecasts for the Pacific Northwest, using a suite of models (WRF/SMOKE/CMAQ). AIRPACT’s 48-hr forecast uses initial conditions for chemical and aerosol species from the previous AIRPACT run, along with vertical boundary conditions derived from MOPITT CO-Assimilated MOZART-4 forecast extractions (Emmons et al., 2010). AIRPACT uses Global Forecast System-initialized WRF runs from the University of Washington.3 SMOKE is the Sparse Matrix Operator Kernel for Emissions, an emissions preprocessor for CMAQ. CMAQ is the Community Multi-scale Model for Air Quality (Byun and Schere, 2006).

Smoke from wildland fire is predicted using BlueSky (Larkin et al., 2009), which has detailed fuel loading estimates from Fuel Characteristic Classification System (FCCS) but does not consider dynamic fire behavior. BlueSky forecasts use recent satellite-derived fire locations to compute daily smoke emissions and heat fluxes. For forecasting purposes, once fires are detected by the model, they are assumed to persist unchanged from day to day, while fire emissions are assumed to follow an average diel profile where emissions increase during the day and decrease overnight. SMOKE uses heat fluxes estimated by BlueSky to calculate vertical smoke plume distributions. AIRPACT forecasts used daily fire emissions derived from BlueSky 3.5.1 to model wildfire smoke over the past decade. BlueSky emissions were parameterized using a fuel-specific sensitivity analysis, which greatly reduced computational time for fire location emissions, especially for simulations with many fire locations. AIRPACT originally relied on SMARTFIREv2 (Raffuse et al., 2009) to provide the fire size and location. However, in 2020, AIRPACT was updated with the Fire Information System with BlueSky Pipeline. The evolution of the operational AIRPACT forecast methodology is documented in the following papers (Vaughan et al., 2004; Chen et al., 2008; Herron-Thorpe et al., 2014; Ravi et al., 2018, 2019) and at http://www.lar.wsu.edu/airpact.

The Pouliot-Godowitch plume rise algorithm (Pouliot et al., 2005) in SMOKE converts the fire heat flux to a buoyancy flux using a plume rise calculation based on the Briggs equation (Briggs, 1982). Plume rise calculations in AIRPACT were modified in 2018 to use a method developed by the Idaho Department of Environmental Quality, which improved fire plume characterization relative to the default method used within SMOKE. SMOKE determines plume top height and plume bottom height from the heat flux input while also separating the smoldering fraction from the area burned input. Despite these improvements, the Pouliot algorithm can sometimes produce unrealistic results. Therefore, the Idaho DEQ method using virtual area and virtual heat values instead provides inputs for SMOKE. The virtual area is based on the flaming consumption from BlueSky while virtual heat is based on a method from Air Sciences’ Deterministic & Empirical Assessment of Smoke’s Contribution to Ozone project (Mavko and Morris, 2013), which accounts for multiple flame fronts as are typically associated with large fires.

CMAQ results are written out on an hourly basis while post-processing produces derived results such as PM2.5, which accounts for contribution from CMAQ-resolved aerosols, and time averaged variations of PM2.5.



Offline Coupling

The WRF-SFIRE with AIRPACT simulations were generated in 24-h segments, rather than the typical 48-h simulations used for AIRPACT operational forecasting. The methodology used for offline coupling between WRF-SFIRE to AIRPACT went through three iterations as described below, with varying reliance on WRF-SFIRE and the SMOKE preprocessor for calculating the wildfire plume rise. In each test case the fire size and location from WRF-SFIRE were fed to the SMOKE processor (see the gray line in Figure 2). The emissions were then parameterized within the AIRPACT emission processor. The key difference between the methodologies presented below was how the fire heat flux and resolved plume rise were ingested by AIRPACT.
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FIGURE 2. Data flow and coupling between the fire model WRF-SFIRE and AIRPACT air quality (AQ) system.


(1) Total fire size from WRF-SFIRE used to compute emissions based on BlueSky method.

This method used the total hourly fire size from the entire WRF-SFIRE domain as input to BlueSky as a single location. The total emissions resulting from each input were inserted into SMOKE using an hour-specific source classification code (SCC), which bypassed the diurnal profile typically used in wildfire temporal processing. This method was tested using heat fluxes from both WRF-SFIRE and BlueSky as input to SMOKE using the Pouliot-Godowitch plume rise algorithm. This method showed no improvement over the default AIRPACT forecast (results not shown).

(2) Discrete fire locations from WRF-SFIRE used to compute emissions based on BlueSky method.

This method used hourly fire size from each WRF-SFIRE grid-cell (444 m spacing) as input to BlueSky. The total emissions resulting from each input were inserted into SMOKE using an hour-specific SCC, which bypassed the diurnal profile typically used in wildfire temporal processing. This method was tested using heat fluxes from both WRF-SFIRE and BlueSky as inputs to SMOKE using the Pouliot-Godowitch plume rise algorithm. This method resulted in many distinct point locations with low heat fluxes, and subsequently poor performance for smoke transport. Therefore, this method was modified further. In the second iteration, the total hourly heat flux from WRF-SFIRE across all fire locations was integrated and included as input for SMOKE and the Pouliot-Godowitch plume rise algorithm. This method greatly increased the fire heat flux and resulted in a single aggregated smoke plume. Performance for this method was improved but large differences in smoke transport still existed between the WRF-SFIRE and original AIRPACT results. Both variants of this methods are labeled as “Poor Hybrids” in Figure 2.

(3) Discrete fire locations from WRF-SFIRE used to compute emissions based on BlueSky method, with plume height information taken directly from WRF-SFIRE.

This method used hourly fire area from each WRF-SFIRE grid-cell (444 m spacing) as input to BlueSky. The hourly emissions for each location were inserted into SMOKE using a legacy input format that specifies hourly plume top, plume bottom, and smoldering fraction from WRF-SFIRE. This method does not use the Pouliot-Godowitch plume rise algorithm. The plume heights downwind from the active fire front were averaged, which ignored those plumes directly above fire pixels where the smoke was emitted to. This method provided the best results amongst all the attempted methods. This coupling method is indicated as “Good Hybrid” in Figure 2. All hybrid simulations presented in this paper were performed using this coupling method.




RESULTS

The wildfire events chosen for our analysis were based on the following criteria. First, we sought relatively recent wildfire events that occurred within the AIRPACT domain. Secondly, well-defined smoke plumes that remained distinct from other plumes were preferred. The selected case studies also needed to have a reasonable coverage of AQ monitoring stations. Lastly, fires that were responsible for generating smoke plumes needed to be well-documented with infrared fire perimeters to initialize the WRF-SFIRE simulations and to evaluate the modeled fire progression. The two wildfires that met our criteria were the 2015 Cougar Creek and 2016 Pioneer fires, which burned in southern Washington, and central Idaho, respectively.


Coupled Fire-Atmosphere Simulations


Cougar Creek Fire, 2015

WRF-SFIRE meteorological simulations were evaluated at several surface stations located throughout southern Washington State. Despite the complex topography across the domain of interest, WRF-SFIRE model results for temperature (T), wind speed (WS), and relative humidity (RH) were in relatively good agreement with nearby weather stations (Table 3). Biases for all three variables were relatively small (T = +0.8°C, WS = +0.5 m s–1, RH = –4.6%) while there were slightly larger Root Mean Square Error (RMSE) for T and RH (T = +3.2°C, RH = +17.1%). The overall burned area during the simulation period was in line with estimates from the infrared perimeters. The final fire area simulated by the model was within 5% of the observations. The fire size at the end of the first day was also well-forecasted (Figure 3). However, between August 12th and 15th, the simulated fire area was underestimated. The fire after the first day tended to diverge from the observations due to underestimated growth rates relative to observations. After August 14th, the observed fire growth deaccelerated, and the simulated burned area started to converge with the observed fire area. It should be noted that this simulation was started from an ignition point, and the fire propagation advanced during the whole simulation period without any fire model reinitialization. There are many possible explanations for the observed discrepancies in fire area. First, the model slightly overestimated near-surface winds (mean bias = 0.5 m s–1) and underestimated the RH (4.6%; see Table 3), which together could have resulted in an overpredicted rate of fire spread. In addition, it is suspected that overestimated initial values of the dead fuel moisture could have also resulted in underpredicted fire growth near the start of simulation, when the fuel moisture model was equilibrating with the atmospheric model.


TABLE 3. WRF-SFIRE meteorological error statistics for weather stations across southern Washington during the 2015 Cougar Creek Fire.
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FIGURE 3. Observed vs. WRF-SFIRE predicted fire area for the Cougar Creek Fire in August 2015.


To assess WRF-SFIRE’s ability to resolve the vertical plume extent, the simulated smoke plume tops were compared to MISR plume top retrievals during the early afternoon (18–1900 UTC) of August 18th, 2015. Overall, the plume rise simulation was largely in agreement with satellite observations (Figures 4A,B). MISR detections indicated that the plume tops averaged for the Cougar Creek Fire had an average height of 1990 mASL. Within the WRF-SFIRE forecast model simulations, plume tops had slightly higher average plume height of 2,214 mASL. However, some regions corresponding to the highest plume tops located near Mount Adams were missing in the MISR plume detections. These locations near Mount Adams corresponded to the bright glaciated areas near the peak of the mountain, which resulted in the donut-like hole around this mountain’s summit (Figure 4). This could have skewed the MISR statistics toward lower plume top heights by omitting some of the tallest sections of the plume. AIRPACT-CMAQ estimated plume top heights were around 2,700-m, which was ∼700-m greater than MISR-estimated plume top heights and 500-m higher than WRF-SFIRE plume top heights (not shown).
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FIGURE 4. Multi-angle imaging spectroradiometer (MISR)-derived (A,C) vs. modeled (B,D) plume top heights for the Cougar Creek Fire on August 18th, 2015 at 19:14 UTC. Panels (A,B) show histograms of plume top heights near the center of the fire plume while panels (C,D) show spatial distribution of the same plume top heights. The gray shaded contours represent terrain heights where black corresponds to higher terrain heights while the lighter gray shading represents lower terrain heights.




Pioneer Fire, 2016

The simulated weather conditions during the Pioneer Fire were evaluated with observations from weather stations located within the innermost WRF domain. The summary of the meteorological statistics for the WRF-SFIRE simulation is presented in Table 4. Since the Pioneer Fire burned in a relatively remote location in Idaho, weather station coverage was limited. Overall, WS errors throughout the simulation were minimal, with an average bias and RMSE that were <1.3 m s–1. RH, which can impact fuel moisture, and subsequently, fire growth, had an RMSE and bias of +14.9 and 12.7%, respectively. Larger differences existed between the modeled and observed 2-m temperature, particularly at the LLFI1 site, where temperature was consistently underpredicted by 8°C. Given that this station was located on the wall of a very narrow mountain valley, we hypothesize that mismatches in the modeled vs. actual station height could have resulted in the difference seen in Table 4. The temperature discrepancy observed at the LLFI1 site appeared to be an outlier relative to RMSE and biases reported at the two other stations, so it is not unreasonable to assume that there was some sort of instrument malfunction at this site.


TABLE 4. WRF-SFIRE meteorological error statistics for weather stations across Idaho during the 2016 Pioneer Fire.
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As discussed in section “Offline Coupling,” the Pioneer Fire in Idaho was simulated using WRF-SFIRE between August 14th and 30th, 2016. This coincided with periods of significant fire growth (Figure 5), including the August 28–31st event which saw the fire growth from 110,000 to over 160,000 acres in the span of 2 days. Overall, the WRF-SFIRE simulated fire areas were in agreement with observed fire perimeters from daily infrared measurements. On average, daily growth rates were within 30% of the observed rates. As shown in Figure 5 the simulated fire growth tended to slowly diverge from the observations. Beyond 36 h, WRF-SFIRE began to overestimate the total burned area, however, the simulations were still in agreement with infrared fire perimeters on August 28–30th, when the Pioneer Fire was undergoing significant growth. To reduce the accumulation of the error in the simulated fire progression, the Pioneer Fire simulations were reinitialized every 2 days using observed infrared perimeters. The strategy employed here provided the model with better and more frequent initializations, which reduced simulated fire growth rate errors.
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FIGURE 5. Observed vs. WRF-SFIRE predicted fire area for the Pioneer Fire in August 2016.


Plume top heights from WRF-SFIRE on August 24th, 2016 were in agreement with MISR-estimated plume top heights with the model underestimating plume tops by ∼320 m (Figure 6). Overall, these results were expected given that the modeled fire progression matched observed fire growth rates. It should be noted that the MISR-detected plume extent was smaller than the plume extent seen in the WRF-SFIRE runs (Figure 6). We suspect that MISR was unable to capture parts of the smoke plume that were especially diffuse relative to the plume centerline. From these results, it appears that WRF-SFIRE can skillfully capture the wildfire plume rise when fire growth rates are accurately forecasted.
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FIGURE 6. MISR-derived (A,C) vs. modeled (B,D) plume top heights for the Pioneer fire on August 24, 2016 at 18:50 UTC. (A,B) Histograms of plume top heights near the center of the fire plume. (C,D) Spatial maps of the plume top heights. The gray shaded contours represent terrain heights where black corresponds to higher terrain heights, while the lighter gray shading represents lower terrain heights.





Air Quality Simulations Using AIRPACT


Cougar Creek Fire, 2015

CMAQ simulation results for PM2.5 for the 2015 Cougar Creek Fire, both original AIRPACT simulations and WRF-SFIRE-informed simulations, are presented in Tables 5, 6. These simulations were evaluated with AQ sites from the AirNow network (Figure 7A).


TABLE 5. Performance statistics for AIRPACT5 CMAQ simulation 24-h PM2.5 at AQ-monitoring sites for the 2015 Cougar Creek Fire.
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TABLE 6. Same as Table 5, but for the WRF-SFIRE-informed simulations.
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FIGURE 7. Map of air quality station (yellow pins) and infrared fire perimeters (red polygons) for the (A) Cougar Creek and (B) the Pioneer fires.


Comparisons between the performance statistics for the 2015 Cougar Creek Fire are presented in Table 5 for AIRPACT5, and in Table 6 for WRF-SFIRE with CMAQ. Performance statistics for R2 decreased slightly from 0.43 to 0.31, while the normalized mean bias (NMB) and normalized mean error (NME) also saw small reductions of –85 to –72 and 85 to 72, respectively. The normalized RMSE decreased from ∼23 to ∼11μgm− 3 while the percentage of correct Air Quality Index (AQI) category attributions increased from 23 to 30%. To assess the skill of the model in capturing smoke episodes, several other performance metrics were investigated. Here, we analyzed the number of successfully captured smoke days when the average daily PM2.5 concentration exceeded 15 μgm−3 (—i.e., probability of detection or POD). The number of false alarms were defined as the number of days when station data did not confirm elevated daily PM2.5 concentrations predicted by the model (—i.e., the false alarm rate or FAR). For the Cougar Creek Fire, the WRF-SFIRE-driven run also exhibited a noticeable improvement for event detections (3 for the WRF-SFIRE driven run vs. 0 for the original AIRPACT). It should be noted that the values in the bottommost row of Tables 5–8 for the POD represent cumulative values, summed across all the stations. For the FAR, the summary values (Tables 5, 6) correspond to the number of false alarms across the stations with respect to the number of simulated days (e.g., 10 for the Cougar Creek Fire).


TABLE 7. Performance statistics for AIRPACT5 CMAQ simulation 24-h PM2.5 at AQ-monitoring sites for the 2016 Pioneer Fire.
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TABLE 8. Same as Table 5, but for the WRF-SFIRE-informed simulations.
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Pioneer Fire, 2016

Model evaluations for the original AIRPACT and WRF-SFIRE-informed simulations for the Pioneer Fire can be seen in Tables 7, 8, respectively. The location of the AirNow sites relative to the Pioneer Fire can be seen in Figure 7B.

Comparison of the performance statistics for the 2016 Pioneer Fire are presented in Tables 7, 8 for AIRPACT5 and WRF-SFIRE with CMAQ, respectively. Overall, R2 remained about the same at ∼0.3, The NMB improved from ∼42 to ∼35, while the NME worsened from ∼58 to ∼108, the Normalized RMSE improved slightly, and the Correct Category AQI% worsened by ∼8%. The FAR nearly doubled, however the POD also increased for the WRF-SFIRE informed CMAQ simulations. The original run captured 5 out of 31 events while the WRF-SFIRE driven AIRPACT run captured 16 of 31 events. In summary, the simulations utilizing the coupled fire-atmosphere model had more false alarms, showing mixed performance against AIRPACT in terms of NMB, NME and RMSE, but showed a large improvement in the POD.




Computational Considerations

Both WRF-SFIRE simulations were executed on six 36-core nodes (216 CPUs total) and had a very similar computation cost. Each 48-h segment of the Pioneer Fire simulation took about 2.7 h wall clock time, while the full 6 day run required ∼ 8.2 h to run. Similarly, the Pioneer Fire 48-h simulations needed ∼2.7 h wall time. The coupled fire-atmosphere simulation as expected carried a relatively high computational burden. However, it should be emphasized that this cost was still much lower than what would be required to run a fully integrated plume-resolving simulation that includes chemistry. For example, the same Pioneer Fire forecasts run with WRF-SFIRE-CHEM would require ∼5 times the original runtime even using a relatively simple aerosol scheme with no chemistry (GOCART scheme). Coupling with the large-scale AQ system allows modeling frameworks to avoid the high computation cost of the fine-resolution chemical simulations, thus significantly reducing the lead time of fully coupled fire-atmosphere-chemistry forecasts. Since the typical AIRPACT daily runs only provide 48-h forecasts, there is no benefit of extending WRF-SFIRE fire simulations beyond this forecast period.




DISCUSSION

Smoke transport and dispersion is dependent on many processes over a range of spatial and temporal scales, which can be difficult to resolve using a single modeling tool. For this study, we described a proof-of-concept modeling framework that embeds an offline coupled fire-atmosphere model (WRF-SFIRE) within a regional AQ model (AIRPACT). WRF-SFIRE is primarily used to forecast fire growth, local-scale smoke transport, and fire-atmosphere interactions. Since WRF-SFIRE operates on a high-resolution atmospheric grid (grid spacing = 400–500-m), this model can explicitly resolve wildfire-related phenomena such as the wildfire plume rise (Kochanski et al., 2016, 2019). However, running fine-scale AQ simulations comes at the expense of computational resources, which limits WRF-SFIRE from being deployed at the scales needed to simulate regional AQ with full chemistry for forecasting applications.

Out of three different coupling methods investigated as a part of this study, only one method provided satisfactory results. The method that used the plume bottom and height data derived from the fire resolving model WRF-SFIRE, combined with the fuel moisture and fire area, provided the most promising results. In contrast, using the default SMOKE method to compute plume heights from heat flux and fire area did not provide realistic results, despite several configuration attempts. Using heat and area from discrete locations in WRF-SFIRE to recalculate plume height resulted in inconsistent plume dynamics, often characterized by a low vertical plume extent, extreme surface concentrations and limited long-range smoke transport. Aggregating WRF-SFIRE heat fluxes to drive the Brigg’s plume rise parameterization marginally improved smoke simulations, but did not provide the consistent improvements seen when plume height was taken directly from WRF-SFIRE.

The fire progression resolved by WRF-SFIRE generally matched the observed fire area as measured by infrared fire perimeters. Daily burned area differences were <30%, on average. However, the WRF-SFIRE burned area data were not enough to improve the benchmark AIRPACT simulations that use the default BlueSky method. The real benefit of coupling AIRPACT with a high-resolution coupled fire-atmosphere model came from resolving the vertical plume extent. WRF-SFIRE provided realistic plume top heights that compared well with MISR observations. Both WRF-SFIRE simulations had plume rises that were within 300-m of each other. The AIRPACT-CMAQ estimated plume top heights for the Cougar Creek Fire were higher than the MISR observed plume tops by ∼700-m. The WRF-SFIRE plume rise results were encouraging given that previous work has shown plume rise parameterizations often have a difficult time predicting plume top heights (Val Martin et al., 2012). The WRF-SFIRE plume rise evaluations presented here are consistent with results from Kochanski et al. (2016) and Kochanski et al. (2019), and Mallia et al. (2020b).

Noticeable improvements in WRF-SFIRE-informed AIRPACT simulations were observed at AQ stations near the Cougar Creek Fire. Here, the normalized RMSE was reduced by 50% while the model was able to identify the correct AQ category and elevated PM2.5 episodes more frequently when using the WRF-SFIRE forecasted burned area and vertical smoke distribution. Model improvements for the Pioneer Fire were less clear, with little to no value added in terms of the model bias. However, there was some improvement in the correlation coefficient (0.3 vs. 0.22). The WRF-SFIRE driven AIRPACT run was also able to detect more PM2.5 events, but also exhibited more false alarms relative to the standard AIRPACT configuration. Despite each fire being located near several AQ stations, we suspect that the relative scarcity of AQ observations limited our ability to definitively evaluate the model performance for the Pioneer Fire. This issue is discussed more in-depth in Mallia et al. (2020a). Another issue with this analysis is that due to many concurrent wildfire events, it is difficult to ascertain whether smoke from other regional wildfires were contributing to model errors observed here. Based on satellite imagery for each of the fires, the smoke plumes were relatively isolated from other smoke plumes. Nonetheless, both the Cougar Creek and Pioneer fires occurred during active wildfire seasons where some background smoke was likely present across the Pacific Northwest.

The promising results of this study suggest that using a coupled fire-atmosphere model as a “super-parameterization” within a regional AQ model is feasible. Explicitly resolving the wildfire plume with a coupled fire-atmosphere model represents the largest improvement for the host AQ model. While limited computational resources may prevent a coupled fire-atmosphere model from simulating all concurrent wildland fires (—i.e., the entire Western United States), WRF-SFIRE could be used to forecast fire progression and plume rises for select events in the vicinity of densely populated areas.

It is worth noting that this study only focused on the two aspects smoke modeling, namely the burnt area and the vertical plume structure. The overall meteorology driving smoke dispersion in AIRPACT was identical in both experiments. Therefore, the errors in simulated smoke dispersion associated with the biases in the input meteorology could not be addressed through the coupling strategy deployed here. While it is plausible to embed WRF-SFIRE directly within CMAQ/AIRPACT, this method was not tested. Given that wildfires and smoke transport are multiscale phenomena (Goodrick et al., 2012), multiscale solutions, such as the modeling framework presented here, are likely be needed to improve smoke forecasting. Advancing computing capabilities and cloud computing will hopefully make integrations between fire-atmosphere models and regional AQ systems easier in the future.
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NMB, normalized mean bias; NME, normalized mean error; Norm RMSE, normalized mean error; POD, probability of detection; FAR, false alarm rate. An event hit is
defined as when both model and observed daily average is over 15 jug/m?3.





