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Abstract. Smoke forecasts have been challenged by high uncertainty in fire emission estimates. We develop an inverse 

modeling system, the HYSPLIT-based Emissions Inverse Modeling System for wildfires (or HEIMS-fire), that estimates 10 

wildfire emissions from the transport and dispersion of smoke plumes as measured by satellite observations. A cost function 

quantifies the differences between model predictions and satellite measurements, weighted by their uncertainties. The system 

then minimizes this cost function by adjusting smoke sources until wildfire smoke emission estimates agree well with 

satellite observations. Based on NOAA’s HYSPLIT and GOES Aerosol/Smoke Product (GASP), the system resolves smoke 

source strength as a function of time and vertical level. Using a wildfire event that took place in the Southeastern United 15 

States during November 2016, we tested the system’s performance and its sensitivity to varying configurations of modeling 

options, including vertical allocation of emissions and spatial and temporal coverage of constraining satellite observations. 

Compared with currently operational BlueSky emission predictions, emission estimates from this inverse modeling system 

outperform in both reanalysis (21 out of 21 days; -27% average RMSE change) and hindcast modes (29 out of 38 days; -6% 

average RMSE change). 20 

1 Introduction 

Burning biomass is one of the major factors affecting global air quality (Crutzen and Andreae, 1990). Fire smoke plumes 

directly emit both particles that can impact cardiopulmonary health and precursors (e.g., NOx, SO2, NH3, and volatile organic 

carbons, or VOCs) (Andreae, 2019) that react to form secondary particulate matter (PM) or other pollutants, such as ozone 

(Dreessen et al., 2016; Jaffe and Wigder, 2012; Mok et al., 2016; Singh et al., 2012; Valerino et al., 2017). In addition to 25 

their impact on air quality, fire emissions influence direct and indirect radiative transfer, aerosol formation, and the 

formation of cloud condensation nuclei, and they further interact with clouds and, eventually, with the biosphere and climate. 

Interaction between fire and the climate is an important factor affecting the future direction of the environment (Bowman et 

al., 2009). While high fire activities are affected by decadal-scale variation of the climate (Carvalho et al., 2011; Flannigan et 
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al., 2005; Spracklen et al., 2009), aerosols released from fires and changed surface albedo due to burnt areas are influential, 30 

as they disturb the radiative balance in the atmosphere (Liu et al., 2014). 

Meeting National Ambient Air Quality Standards requires U.S. state agencies to understand the primary emission sources for 

particulate matter. Notwithstanding many states’ continuous efforts to control in-state sources of pollutants, it is challenging 

to account accurately for fire emissions and the out-of-state transport of fire plumes. Due to the huge impact of fires on 

regional air quality, accurately forecasting their impact is an important public-service task, performed mostly by government 35 

agencies. The National Oceanic and Atmospheric Administration (NOAA) Smoke Forecasting System (SFS) was initiated 

after the large wildfire event in May 1998  (In et al., 2007; Rolph et al., 2009), to predict the movement of smoke from large 

wildfires (Rolph et al., 2009; Stein et al., 2009). The SFS uses the National Environmental Satellite, Data, and Information 

Service (NESDIS) Hazard Mapping System (HMS) (Ruminski and Kondragunta, 2006) and the U.S. Forest Service’s 

(USFS) BlueSky framework (Larkin et al., 2009) to detect fires and estimate emissions. The NOAA’s HYSPLIT (Stein et 40 

al., 2015) model is then used to calculate transport, dispersion, and deposition of the emitted particulate matter. The system 

provides daily smoke forecasts over the continental United States, Alaska, and Hawaii to provide air-quality guidance to the 

public. 

Eulerian systems are also used for smoke forecasting. Smoke emissions from wildfires have been incorporated into the 

NOAA’s National Air Quality Forecast Capability system as real-time, intermittent sources; this system has been forecasting 45 

regional air quality for surface ozone and particulate matter concentration since 2015 (Lee et al., 2017). The High-Resolution 

Rapid Refresh Smoke (HRRR-smoke; https://rapidrefresh.noaa.gov/hrrr/) (Ahmadov et al., 2017) system also provides 36-

hour forecasts for the continental United States using the WRF-Chem modeling system with emissions derived from 

satellite-measured fire radiative power (FRP). Also, Chen et al. (2019) demonstrated an air quality forecast system over 

Canada that incorporates near-real-time measurement of biomass burning emissions to forecast smoke plumes from fire 50 

events. There are numerous other global smoke forecast systems (Chen et al., 2011; Larkin et al., 2009; Lee et al., 2019; Li 

et al., 2019; Pavlovic et al., 2016; Sofiev et al., 2009). 

Any improved smoke forecast system must confront several uncertainties, particularly fire (especially wildfire) emission 

amounts and their allocation spatially and vertically. In general, fire emissions may be estimated in one of two ways: bottom 

up and top down. Regarding the more traditional bottom-up approaches, fuel consumption is estimated as the product of 55 

burnt size, pre-burn fuel loading of the fire-affected area, completeness of combustion, and emission factors (Seiler and 

Crutzen, 1980). Since emission factors are specific to the type of tree ablaze, a completely constructed database is very 

important in this approach. For example, Wiedinmyer et al. (2006), in estimating emissions from fires in North America, 

estimated fuel loading based on a combination of satellite and ground-collected data, such as Moderate Resolution Imaging 

Spectroradiometer (MODIS) thermal anomalies, the Global Land Cover Characteristics dataset, the MODIS Vegetation 60 

Continuous Fields Product, and emission factors.  

Recently, the global coverage of space-borne instruments has encouraged top-down approaches. A fire’s heat signature (that 

is, FRP) is detectable by satellite, and FRP can be used to estimate the rate of combustion (Giglio et al., 2003; Kaufman et 
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al., 1998). Measurements of FRP from polar-orbiting sensors can both detect active fires and characterize their properties 

(Freeborn et al., 2009; Jordan et al., 2008; Schroeder et al., 2014). FRP data have been used to quantify biomass 65 

consumption, detect the locations of fire emission sources, trace gas and aerosol production (Ellicott et al., 2009; Kaiser et 

al., 2012a; Vermote et al., 2009), and estimate the vertical extension of smoke plumes and other fire emissions (Val Martin 

et al., 2010). Several global fire emission databases (e.g., Global Fire Emissions Database (GFED), Fire Inventory form 

NCAR (FINN), Quick Fire Emissions Database (QFED), Global Fire Assimilation System (GFAS), Fire Energetics and 

Emissions Research (FEER), and Global Biomass Burning Emissions Product (GBBEP)) have been developed using one or 70 

both the bottom-up and top-down approaches (Ichoku and Ellison, 2014; Kaiser et al., 2012b; van der Werf et al., 2010; 

Wiedinmyer et al., 2011; Zhang et al., 2012). 

This study extends the current capabilities of the NOAA SFS fire smoke forecast systems, most of which estimate fire 

emissions using the surface and thermal characteristics of detected fire locations. Transport pathways of smoke plumes are 

rarely considered (e.g. Nikonovas et al., 2017) in determining emissions strength, vertical extension, and temporal variation. 75 

This study aims to develop an inverse modeling system for fire emissions based on a Lagrangian model that can resolve 

these transport pathways using HYSPLIT simulations and satellite observations. 

The remainder of the paper is structured as follows. Section 2 describes the model and satellite data used to detect fire 

locations and the transport of fire smoke. Section 3 concerns the methodology and structural design of the inverse modeling 

system. Results from a case study, sensitivity tests, and comparison with the currently operational system are presented in 80 

Section 4. Finally, Section 5 summarizes and discusses directions for future work. 

2 Data 

2.1 HMS and BlueSky  

Consistent with the NOAA SFS system, the HMS data is utilized to detect wildfire information. HMS, developed as a tool to 

identify fires and their smoke emissions over North America in an operational environment, incorporates images from 85 

multiple geostationary and polar-orbiting environmental satellites, including Geostationary Operational Environmental 

Satellite (GOES)-East/West, Suomi-National Polar-orbiting Partnership (NPP), MODIS, and Advanced Very High 

Resolution Radiometer (AVHRR) METOP-B, to provide the location and time of detected fires. Automated fire detection 

algorithms are first employed for each sensor, and then human analysts apply further quality control by examining visible 

channel imagery for false alarms and missed hotspots (Ruminski et al., 2008; Ruminski and Kondragunta, 2006; Schroeder 90 

et al., 2008). 

The BlueSky system, developed by the U.S. Forest Service, provides the first guess for fire emission estimation. A modeling 

framework, BlueSky links several models of fire information, fuel loading, fire consumption, fire emissions, and smoke 

dispersion (Larkin et al., 2009; Strand et al., 2012). For the original NOAA SFS system, BlueSky emissions are used as 
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inputs for the dispersion model. In this study, we use the BlueSky emission rate as an initial guess before applying the 95 

inverse modeling system.  

2.2 GASP 

The GOES Aerosol/Smoke Product (GASP) is a retrieval of the aerosol optical depth (AOD) using GOES visible imagery 

(Kondragunta et al., 2008; Prados et al., 2007). This product is available at 30-minute intervals and 4 km × 4 km spatial 

resolution during the sunlit portion of the day. The Automated Smoke and Tracking Algorithm (ASDTA; 100 

https://www.ssd.noaa.gov/PS/FIRE/ASDTA/asdta_west.html) detects smoke associated with detected fire source locations. 

A pattern-recognition technique is used for plumes transported far from fire sources. The GASP product is particularly useful 

for tracking fast-moving plumes, which polar-orbiting sensors often cannot detect since they provide only one daily image. 

Since the ASDTA product is a part of the GASP product, in this study, GASP and ASDTA indicate total AOD and smoke 

AOD, respectively.  105 

2.3 HYSPLIT 

HYSPLIT computes air parcel trajectories and the dispersion or deposition of atmospheric pollutants (Stein et al., 2015). It 

has been widely used to simulate pollutant events, including volcanic ash, smoke from wildfires, radioactive nuclei 

dispersion, and emissions of anthropogenic pollutants. For the inverse modeling system, we used the Transfer Coefficient 

Matrix (TCM) approach. The unit source calculations give the dispersion factors from the release point for every emission 110 

period to each downwind grid location, defining what fraction of emissions are transferred to each location varying as a 

function of time. This is defined as the TCM (Draxler and Rolph, 2012). The TCM is computed for inert and depositing 

species and, when quantitative air concentration results are required, the final air concentration is computed in a simple post-

processing step that multiplies the TCM by the appropriate emission rate and radioactive decay constant. Results for multiple 

emission scenarios are easily created and may be used to optimize model results as more measurement data become 115 

available. 

For the inverse system, 120-hour HYSPLIT simulations were conducted daily, starting from 6Z using North American 

Model 12-km meteorology, at each fire source location provided by the HMS fire detection information. Fifty thousand 

particles were released for each simulation, and dispersed concentrations were vertically integrated up to 5000m onto 0.1 

degree spatial grids. In this paper the integrated mass loading of particles from HYSPLIT simulation and satellite products 120 

will be compared with each other. For satellite products (e.g., GASP, ASDTA, and MODIS), smoke is converted from AOD 

using a simple conversion factor (i.e. 1 AOD = 0.25 g/m2) which is compatible to 4 m2/g mass extinction efficiency 

(Nikonovas et al., 2017). 

For HYSPLIT runs, smoke indicates the sum of dispersion simulations (i.e. TCM runs in concentration unit) multiplied by 

emissions for each source. Since we have integrated dispersion model outputs up to 5000m height, the results shown in the 125 
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study are obtained by multiplying the column height (i.e. 5000m) and demonstrated as total mass loading for a column 

(kg/m2). 

3 Methodology 

3.1 Overview 

A HYSPLIT inverse system was built and successfully applied to estimate the cesium-137 releases from the Fukushima 130 

Daiichi Nuclear Power plant accident in 2011 (Chai et al., 2015). It was then modified to estimate the volcanic ash source 

strengths, vertical distribution, and temporal variations by assimilating MODIS satellite retrievals of volcanic ash clouds 

while using ash cloud top height information as well (Chai et al. (2017). It was found that simultaneously assimilating 

observations at different times produces better hindcasts than only assimilating the most recent observations. In this 

application, the HYSPLIT-based Emissions Inverse Modeling System for wildfires (HEIMS-fire) is designed to assimilate 135 

satellite observations to generate wildfire emission estimates.  The smoke plume transport and dispersion, captured by 

frequent geostationary satellite retrievals, can be used as constraints to obtain the smoke emission estimates. In the system, a 

cost function quantifies the differences between HYSPLIT model predictions and satellite-observed AOD, weighted by 

model and observation uncertainties. Minimizing the cost function by adjusting emission rates at different fire locations and 

at several different release heights thereby provides the fire emission estimates. 140 

3.2 Cost function 

Taking a top-down approach, unknown emission terms are obtained by searching for the emissions that provide the model 

predictions that most closely match the observations. With fire locations mostly identified by the HMS system, unknown 

emission rates at these specified locations remain undetermined. At each fire location, released smoke can reach different 

heights under various fuel-loading and meteorological conditions. In addition, emission rates may vary significantly with 145 

time. Thus, the unknown elements of the inverse problem are the emission rates qikt at each wildfire location i at different 

heights k and time periods t. The cost function F is defined as: 
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 150 
where 𝑐𝑐𝑛𝑛𝑛𝑛𝑜𝑜  is the m-th gridded satellite observation (e.g., GASP ASDTA smoke mass loading) at time period n, and 𝑐𝑐𝑛𝑛𝑛𝑛ℎ  is its 

HYSPLIT counterpart.  

A background term is included to measure the deviation of the emission estimate from its first guess, 𝑞𝑞𝑖𝑖𝑖𝑖𝑖𝑖𝑏𝑏 , obtained from the 

operational BlueSky emission computation. The background term ensures the problem remains well-posed even with the 
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limited observations available in certain circumstances. The background error variance 𝜎𝜎𝑖𝑖𝑖𝑖𝑖𝑖2  measures uncertainties in 𝑞𝑞𝑖𝑖𝑖𝑖𝑖𝑖𝑏𝑏 . 155 

The observational error variances, 𝜀𝜀𝑛𝑛𝑛𝑛2 , represent uncertainties in both the model and observations, as well as the 

representative errors. Fother refers to the other regularized terms that can be included in the cost function. While this 

optimization problem could be solved to obtain optimal emission estimates using many minimization tools, we used the 

Limited-Memory Broyden–Fletcher–Goldfarb–Shanno (BFGS) algorithm (Zhu et al., 1997). 

3.3 Inverse system 160 

The HEIMS-fire system is designed to conduct a two-step operation: (1) estimation of fire emission using an inverse system, 

and (2) forecast modeling of fire smoke using estimated fire emissions. The inverse system utilizes observations and 

modeling systems available from multiple agencies. We aim to estimate objectively and optimally wildfire smoke sources’ 

strength, vertical distribution, and temporal variations by assimilating GASP AODs. Figure 1 summarizes the system’s 

incremental stages of data processing, listed below with the required data (and their providing agencies): 165 

(1) Fire detection: Hazard Mapping System (NESDIS) 
(2) HYSPLIT simulations with unit emissions at different locations and release heights 
(3) Construction of Transfer Coefficient Matrix with available observations 
(4) Initial guess for fire emissions (BlueSky, U.S. Forest Service) 
(5) Cost function minimization to estimate smoke emissions 170 
(6) Smoke forecast using adjusted smoke emissions 

 
By minimizing a cost function, the HEIMS-fire system provides adjusted fire emissions that can describe realistic smoke 

plumes. Results in the following section show that the assimilated smoke plumes agree well with satellite observations. The 

system requires as input a first guess before it can start to minimize the cost function. Selection of this input is usually 175 

critical both for the performance of the minimization calculation and for the final output. 

We also explain here the naming conventions for temporal coverage of emission estimation processes and forecasting 

processes. Observational days (i.e. oday = 0,-1,-2) indicate the temporal coverage of constraining observational days. For 

example, fire emissions on November 13 can be estimated using ASDTA observations for 24 hours (i.e. oday=0), 48 hours 

(i.e. oday=-1), 72 hours (i.e. oday=-2), and 96 hours (i.e. oday=-3). Estimated fire emissions are used to simulate fire smoke 180 

for November 13 (i.e. fday=0; reanalysis), and the same amount of fire emissions are used in forecast mode for November 14 

(i.e. fday=+1) and 15 (i.e. fday=+2). Application of forecast mode will be further discussed in Section 4.5. 

4 Results 

4.1 Case study 

A case study using a November 2016 wildfire event was conducted to test the performance of the HEIMS-fire system. This 185 

fire event was a series of wildfires in the southeastern United States in October and November 2016. The U.S. Forest Service 
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reported at least 80,000 acres burned from October 23 to December 9, 2016. For the case study, we focused on the fire event 

that occurred in Georgia, South Carolina, North Carolina, and the adjacent states from November 10 to 17, 2016. Figure 2 

shows an example of fire smoke detected from MODIS true-color channel and three AOD products from MODIS, GASP, 

and ASDTA on November 10, 2016. Wildfires in the Appalachians of northern Georgia, western North Carolina, and eastern 190 

Tennessee began to produce large smoke plumes moving southeast. Numerous smoke plumes could be seen from active 

wildfires burning across the region. Changes in the fire events from November 8 to 19, 2016, are also shown as MODIS 

truecolor images in supplementary materials (Figure S2). 

4.2 Model configuration 

The month of November 2016 saw fires nationwide, although the most extensive fires happened in the southeastern U.S. 195 

region. We considered four geographic domains in determining fire source inputs, as shown in Figure 3. Red dots indicate 

HMS fire detections during November 2016. The results of the sensitivity test using these domains are discussed in Section 

4.4. 

The inverse modeling system was tuned using various sensitivity tests. A series of twin experiments was conducted to test 

the range of uncertainties that comes from the system design. A twin experiment is an idealized modeling test in which we 200 

assume that the modeled world adeptly mimics the real world. Using a true solution for the situation, we can test the 

system’s capability to reproduce the true answer. We tested uncertainties of the system across multiple scenarios and four 

types of potential uncertainty (vertical allocation, temporal coverage, spatial coverage, and impact of observation errors) in 

these twin experiment cases. Detailed descriptions of the twin experiments and sensitivity test will be made available in a 

separate paper (See supplementary information). 205 

4.3 Emission estimation 

Fire emissions and their vertical distributions for each detected fire location were estimated using the HEIMS-fire system, 

inversely modeled from ASDTA AOD data as described above. Locations and times of fires detected by HMS were used to 

initiate HYSPLIT simulations, with emissions released over six layers (100, 500, 1000, 1500, 2000, and 5000 m). On 

November 11, 46 fire locations were identified within the assimilation domain (domain 1 in Figure 3). Thus, the TCM was 210 

established based on 276 HYSPLIT simulations (46 fires × 6 release altitudes) and GASP AOD observations. Emissions 

rates calculated from the BlueSky system were used as an initial condition. Emissions were evenly distributed to all layers 

used in the system.  

Minimizing the cost function results in the estimation of assimilated fire emissions. Figure 4 shows the agreement between 

the modeled and observed mass loading from the initial to the adjusted emission estimates. Table 1 presents summary 215 

statistics for the changes in reconstructed smoke mass loading from the initial guess to the adjusted emissions. In the end, 

estimated fire emissions were combined to reconstruct fire smoke plumes. Using adjusted fire emissions, we can reconstruct 

the integrated smoke columns as a sum of adjusted emissions, qikt, applied to each 𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖: 
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𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = �𝑞𝑞𝑖𝑖𝑖𝑖𝑖𝑖 ∙ 𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖
𝑖𝑖𝑖𝑖𝑖𝑖

 

where I, k and t denote spatial, vertical and temporal allocation, respectively. Figure 5 presents the spatial distribution of 220 

reconstructed fire smoke mass loading for the case study in terms of column integrated density. We applied estimated fire 

emissions to TCM runs for each detected fire location and vertical release height and then merged them into one hourly 

concentration field. Reconstructed smoke plumes (i.e., integrated dispersion outputs in 0-5000m height) show a good 

agreement with observed smoke (Figure 5). The first and second columns compare ASDTA and HEIMS smokes for 

spatially and temporally matching pixels, and the third column shows that fully spatial coverage of HEIMS smoke for 225 

daytime (around 8AM-5PM local time) during ASDTA data is available. The November 17 output shows how the system 

responds when observations are limited or missing, although it still provides a robust result by honoring the initial guess 

information. 

4.4 Sensitivity tests 

Similar to the twin experiments, which, as noted above, we will report in a forthcoming paper, we conducted a series of 230 

sensitivity tests to investigate how the inverse model responds to changes in input data and various configurations of the 

modeling framework. This will be achieved by focusing on variation in temporal coverage, spatial coverage, and vertical 

allocation of smoke plumes. 

First, we changed the use of observational data to constrain fire emissions from one (24-hours) to four days (96-hours). Since 

the impact of fire emissions easily translates over multiple days, we tested how temporal coverage affects system results. The 235 

‘one-day’ (oday=0) simulation is run through the inverse model using dispersion and observations for the target day, while 

the ‘two-day’ simulation uses two days (i.e., 48 hours) of dispersion and observations (oday=-1). The results are shown in 

Figure 6a, while the correlation and error statistics are summarized in Table 2. With the exception of November 10 and 11, 

in the early stage of the fire event, both the correlation coefficient (R) and root-mean-square error (RMSE) were improved 

by the use of more days (i.e., three or four days) of dispersion and observations for the inverse model. This makes sense, 240 

because emissions from multi-day fire events spread out and affect concentrations over proceeding days.  

Second, we tested the layers at which smoke dispersions are initiated in the model. As expected, including more layers 

results in better statistics, since the transport and dispersion of each smoke plume can vary with the altitude to which their 

fire emissions are allocated. We tested the model’s uncertainty with varying selections of two to seven layers at 100, 500, 

1000, 1500, 2000, 5000, or 10000 meters. Starting from two layers, with emissions released at 100 and 500 meters, we added 245 

the next higher layer over six test runs. Figure 6b shows the results, and correlation and error statistics are summarized in 

Table 3. As expected, including more layers generally produce better result. Including the 5000m layer, especially, resulted 

in noticeable change, implying the potential benefit of including high-level transport for specific days. 

In the third test, we varied the spatial coverage of input fire information. Although wildfire impacts easily spread by long-

range transport, we could not include all the global fire information due to limited computational resources. We therefore 250 
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tested different spatial domains of fire locations to evaluate what spatial coverage of wildfire detection information is 

required to estimate fire emissions. To enable comparison, we fixed the coverage for the observational data that are used to 

constrain the system. Figure 6c and Table 4 show correlation and error statistics from the sensitivity test of spatial coverage. 

We tested the inverse system by changing the number of fire detection inputs inside the four domains denoted in Figure 3. 

To constrain and evaluate all sensitivity tests, we used ASDTA AOD only inside Domain 1.  255 

4.5 Hindcast and operation 

In this section, we conducted a HEIMS system for hindcast mode, and compared it with operational products from the SFS 

system. Both SFS and HEIMS use fire detection from HMS for consistency, and HEIMS uses SFS fire emissions for initial 

guess information. SFS simulates 72-hour dispersion of fire smoke for every day in November 2016, which is consistent 

with fday=0,+1,+2 of the HEIMS hindcast simulations (as described in Figure S1). 260 

Notable differences in the configuration of SFS and HEIMS are plume rise estimation and fire decaying assumption. While 

SFS computes plume rise using the Briggs’ equation (Arya, 1998; Briggs, 1969), which assumes an air parcel’s rise is based 

only on the buoyance terms, HEIMS determines fire emissions’ vertical allocation using an inverse system. At the initial 

guess, SFS fire emissions are evenly distributed in all layers. Also, SFS assumes 75% of emissions still happen at the same 

location the next day, the HEIMS uses 50% decay assumption after sensitivity tests, which will be discussed in the next 265 

section. For HEIMS simulation, we used oday=-1 (two-day temporal coverage) for the simulations shown. 

For forecasting days, smoke is estimated as the summation of impact from previous days and new emissions on the target 

days. For example, smoke at fday=+2 can be reconstructed as 

 

𝑆𝑆𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓=+2 = 𝑞𝑞𝑓𝑓=0 ∙ 𝑇𝑇𝑇𝑇𝑇𝑇𝑓𝑓=0 + 𝑞𝑞𝑓𝑓=0 ∙ 𝑝𝑝 ∙ 𝑇𝑇𝑇𝑇𝑇𝑇𝑓𝑓=+1+𝑞𝑞𝑓𝑓=0 ∙ 𝑝𝑝2 ∙ 𝑇𝑇𝑇𝑇𝑇𝑇𝑓𝑓=+2 270 

 
where q and p denote emissions and persistency rate, respectively. 

Figure 7 and Figure 8 demonstrate simulated fire smoke by SFS and HEIMS on Nov. 11 and two-day forecasts (hindcasts 

for HEIMS) for Nov. 12 and 13.  Both systems reproduced well the smoke in their general patterns and intensity, as shown 

in ASDTA AOD and MODIS truecolor image (Figure 8) 275 

As expected, the HEIMS shows better agreement at fday=0 as fire emissions were assimilated on the day. For fday=+1 (i.e. 

Nov. 12) the HEIMS shows better agreement in RMSE and mean bias (RMSE=58.1 x10-6 kg/m2, bias = -22.4 x10-6 kg/m2 

compared with RMSE=63.0 x10-6 kg/m2, bias = -42.2 x10-6 kg/m2) while SFS has better slope. For fday=+2, HEIMS is better 

in mean bias but worse in RMSE and R. Table 5 summarizes RMSE statistics from HEIMS and SFS for each day of 

November 2016. In most of days, HEIMS posts better statistics compared with SFS, implying the potential benefit of system 280 

improvement by adding an additional observational constraint. For the comparisons of HEIMS hindcast and SFS operational 

simulations, HEIMS system shows better performance in both hindcast days (16/19=84% on fday=+1 and 13/19=68% on 

fday=+2). 
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Change of fire activity is also a problem for both systems. If there is considerable change of fire activity for fday=+1 & +2, 

the forecast will result in worse performance. If fire activities increase, the simulated smoke from HEIMS will be 285 

underestimated, and if fire activities decrease, the HEIMS system will overestimate the impact of smoke. Therefore, 

information of next day fire activity, or fire duration, will be important for an accurate fire smoke forecast system, which 

will be discussed further in the next section. 

4.6 Persistency of fire activity 

The selection of the persistent rate of daily fire emissions (i.e. persistency = 1-decaying_rate) and its importance to the 290 

smoke forecast system’s performance are discussed here. In our current systems, both SFS and HEIMS, we use a simple 

assumption of fire emission change for next day. Figure 9 shows how the HEIMS responds to the selection of persistent rate 

for forecast days fday=+1 and +2. We applied five different persistent rates ranging from 0% to 100%; persistency=0% 

assumes no new fire occurs and persistency=100% assumes the same amount of fire emissions released at the same location 

from the previous day. From the top panel of Figure 9, simulated smokes in fday=+1 and +2 are sorely originated fires in 295 

fday=0. On the other hand, persistency=100% simulation demonstrates accumulated impacts (target day and previous days), 

showing denser smokes estimated compared with persistency=0%.  

An implication from these comparisons is the importance of persistent rate selection. Indeed, better smoke forecasting may 

require improvement via two separate steps. The first one is to estimate today’s emissions, which can be improved by better 

assimilation techniques as we introduce in this paper. The second issue is to predict fire activity, which is more related to the 300 

studies of fire behavior. In more detail, we need to predict how long existing fires persist, and also to predict the occurrence 

of new fires, which may pose the greatest difficulty for daily operational systems. Without a better understanding and 

modeling of fire behavior, the current system has to reply on the empirical solution. For our case study, choosing persistent 

rate of 50%/day produced the best result, but it warrants further study with a long-term data set to be used in an operational 

system. Prediction of wildfire consistency based on the change of meteorological conditions, such as the Fire Weather Index 305 

(FWI, https://cwfis.cfs.nrcan.gc.ca/background/summary/fwi), will be a good indicator for the change of fire emission. 

Without this kind of fire behavior model, the fire smoke forecast system could be limited.  

5 Summary and Discussion 

Accurate estimation of emissions from wildfire sources is critical to improving the performance of air-quality forecast 

systems. Wildfire emissions may be estimated based on fire-detection information from the surface (bottom up) or instead 310 

based on the intensity of radiance measured from space (top down). This study extends the top-down approach by applying 

an additional constraint, smoke transport recorded by geostationary satellites. We developed an inverse modeling system to 

estimate wildfire smoke emissions over North America using NOAA’s HYSPLIT and GOES Aerosol/Smoke products. This 
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HEIMS-fire resolves the strength of smoke sources as a function of time and vertical level. The system adjusts estimated 

wildfire smoke emissions until they agree well with satellite observations. 315 

We conducted numerous sensitivity tests, varying the temporal, vertical, and spatial coverage of the input data sets used to 

initiate the inverse system. Results are mostly consistent with general expectations based on the characteristics and behavior 

of fire events. As transport from previous days can impact large areas, including multiple days of observations to constrain 

fire emissions yields statistically better results. Including more vertical layers also leads to better results; for example, 

including the 5000-m layer especially resulted in the best improvement. Spatial coverage was tested in terms of four 320 

different domains, and while this particular test presented no solid conclusion, adding more information in general yielded 

better results, as expected.  

For operational purposes, adding a constraint that extends current smoke forecast systems to use smoke plume transport has 

clear advantages. Future study could improve this approach in several respects. First, the conversion of AOD to smoke mass 

loading is simply empirical; secondary formation of PM is not considered. Omission of chemical reaction models is the basic 325 

characteristic of trajectory- or dispersion-based models compared with Eulerian, full chemistry models. Applying estimated 

emissions to a chemistry dispersion model could improve results. Second, the system is highly dependent on the quality of 

constraining observations. Use of the latest satellite instruments could further improve results. Third, we have not yet 

included surface observations into the inverse system. Utilizing both surface and more columnar observations from other 

satellite systems will improve the model performance. Fourth, we only used the target day fire emissions for smoke forecast. 330 

Since fire smokes last several days, including previous days’ emissions will enhance the background effect.  

This study aimed to improve the operational smoke forecast by providing accurate fire emission inputs. Unfortunately, the 

GASP product was discontinued in early 2018. However, the concept of minimizing a cost function based on satellite 

observations remains robust and can be applied to other data sets. In particular, we plan to apply the GOES-R Advanced 

Baseline Imager (ABI) product to constrain the extension of fire smoke. 335 
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Table 1. Performance evaluation. Statistics of modeled smoke mass loading (x10-6 kg/m2) using initial and top-down estimated fire 490 
emissions. 

  Nov. 10 Nov. 11 Nov. 12 Nov. 13 Nov. 14 Nov. 15 Nov. 16 Nov. 17 

mean 

Observation 42.48 52.67 74.35 79.90 94.20 92.29 63.68 50.70 

Initial 18.72 18.22 7.88 17.25 14.81 9.48 4.63 3.41 

Inverse 36.86 38.96 54.10 52.62 61.08 57.42 43.88 33.07 

RMSE 
Initial 43.05 49.78 76.60 76.68 92.37 94.40 68.40 52.40 

Inverse 27.04 34.69 47.20 52.43 62.44 65.45 46.18 35.39 

Slope 
Initial 0.88 0.74 0.33 0.54 0.46 0.24 -0.15 0.26 

Inverse 0.73 0.89 0.99 1.07 1.07 1.07 0.89 1.14 

R 
Initial 0.4 0.46 0.02 0.18 0.28 0.25 -0.08 0.00 

Inverse 0.65 0.62 0.31 0.48 0.44 0.35 0.15 0.15 
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Table 2. Sensitivity test for temporal coverage. Uses of observational data (24 hours to 96 hours) were tested, and statistics, RMSE 
and R, were compared. The best performance is marked as bold. [RMSE Unit: 10-6 kg/m2] 

 RMSE  R 

Coverage 

 
24 hour 

(oday=0) 
 

48 hour 
(oday=-1) 

72 hour 
(oday=-2) 

96 hour 
(oday=-3) 

 
24 hour 

(oday=0) 
 

48 hour 
(oday=-1) 

72 hour 
(oday=-2) 

96 hour 
(oday=-3) 

Nov. 10 
11 
12 
13 
14 
15 
16 
17 

24.97 
58.28 
51.93 
64.74 
80.76 
70.04 
35.39 

 

27.04 
34.69 
47.20 
52.43 
62.44 
65.45 
46.18 
35.39 

26.62 
34.57 
36.47 
47.54 
53.08 
56.48 
50.50 
46.17 

36.98 
34.40 
36.33 
38.96 
48.17 
51.88 
47.25 
50.50 

0.68 
0.41 
0.37 
0.30 
0.29 
0.11 
0.15 

 

0.65 
0.62 
0.31 
0.48 
0.44 
0.35 
0.15 
0.15 

0.67 
0.59 
0.56 
0.40 
0.52 
0.47 
0.37 
0.15 

0.58 
0.59 
0.53 
0.58 
0.47 
0.51 
0.48 
0.37 

 

 500 
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 Table 3. Sensitivity tests for selection of two to seven layers among 100, 500, 1000, 1500, 2000, 5000, and 10000 meters. Beginning 
from two layers at 100 and 500 meters, the next higher layer is added for each test. The best performance is marked as bold. 
[RMSE unit: 10-6kg/m2] 505 

 Date 2 layers 
(100,500m) 

3 layers 
(100-1000m) 

4 layers 
(100-1500m) 

5 layers 
(100-2000m) 

6 layers 
(100-5000m) 

7 layers 
(100-

10000m) 

RMSE 

Nov. 10 
11 
12 
13 
14 
15 
16 
17 

31.43 
44.36 
50.23 
61.67 
77.17 
75.10 
51.17 
36.31 

29.64 
40.32 
48.38 
59.24 
75.96 
69.98 
50.02 
35.51 

27.87 
37.25 
49.90 
58.79 
74.62 
67.79 
47.35 
33.42 

27.38 
36.05 
51.87 
58.58 
72.56 
65.99 
45.64 
34.29 

27.04 
34.69 
47.20 
52.43 
62.44 
65.45 
46.18 
35.39 

27.05 
34.70 
47.23 
52.11 
62.47 
65.45 
46.17 
35.39 

R 

Nov. 10 
11 
12 
13 
14 
15 
16 
17 

0.58 
0.49 
0.23 
0.43 
0.43 
0.30 
0.11 
0.40 

0.62 
0.55 
0.21 
0.44 
0.41 
0.34 
0.10 
0.34 

0.64 
0.60 
0.15 
0.43 
0.41 
0.34 
0.12 
0.33 

0.65 
0.61 
0.12 
0.43 
0.43 
0.35 
0.15 
0.24 

0.65 
0.62 
0.31 
0.48 
0.44 
0.35 
0.15 
0.15 

0.65 
0.62 
0.31 
0.47 
0.44 
0.35 
0.15 
0.15 
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 Table 4. Sensitivity tests for spatial coverage. Use of observational data in terms of spatial availability is tested. Domains 1-4 are 
shown in Figure 3. The best performance is marked as bold. [RMSE unit: 10-6 kg/m2] 510 

 Date Domain 1 Domain 2 Domain 3 Domain 4 

RMSE 

Nov. 10 
11 
12 
13 
14 
15 
16 
17 

51.40 
51.40 
44.37 
48.04 
58.39 
59.55 
59.55 
59.55 

28.73 
33.09 
44.25 
48.02 
59.56 
59.48 
46.06 
46.06 

28.51 
34.88 
44.45 
48.01 
58.39 
59.56 
46.01 
46.01 

27.04 
34.69 
47.20 
52.43 
62.44 
65.45 
46.18 
35.39 

R 

Nov. 10 
11 
12 
13 
14 
15 
16 
17 

0.48 
0.48 
0.32 
0.47 
0.43 
0.33 
0.33 
0.33 

0.62 
0.63 
0.32 
0.47 
0.42 
0.33 
0.15 
0.15 

0.62 
0.62 
0.31 
0.47 
0.43 
0.32 
0.15 
0.15 

0.65 
0.62 
0.31 
0.48 
0.44 
0.35 
0.15 
0.15 
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Table 5. Performance statistics, RMSEs, for HEIMS and SFS smoke mass loading for 0-2 forecast days (e.g., fday=0,+1,+2). For 
each forecast day, the better performance from two systems is marked as bold. Statistics for days without observations or without 515 
operational outputs are available. [Unit: 10-6 kg/m2] 

 fday = 0 fday = +1 fday = +2 

Date HEIMS SFS HEIMS SFS HEIMS SFS 
November 1 

2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 

  64.5  
  53.6  
  61.4  
  45.1  
  41.6  
  54.2  
  56.3  

  - 
  60.4  
  22.8  
  45.5  
  39.9  
  52.7  
  60.3  
  57.8  
  26.6  

-   
-   

  35.6  
  42.8  
  35.0  
  49.2  
  60.7  
  39.8  
  87.6  
  62.3  
  73.1  

  - 
  -  
  - 

105.8  
 70.6  
 76.4  
 53.3  
 70.4  
 86.1  
 88.3  

-  
 73.3  
 57.0  
 60.3  
 60.7  
 74.3  
 81.9  

 - 
 39.8  

-  
-   

 49.7  
-  

 45.2  
-  

 75.5  
 50.9  
 93.4  
 72.0  
 99.8  

 - 
 -  
- 

54.6  
 52.0  
 52.8  
 67.2  
 64.3  
 61.6  

 - 
 74.8  
 39.7  
 61.2  
 58.1  
103.0  
 69.7  
 61.8  
 31.4  

-   
-  

 52.3  
 44.4  
 41.3  
 64.5  
 54.3  
 42.7  
 89.8  
 71.7  
 90.6  

-  
 -  
 -  
 - 

70.5  
 76.2  
 54.5  
 71.6  
 82.4  
 95.7  

-  
- 

 40.3  
 60.1  
 63.0  
 69.1  
 83.8  
 63.9  

 - 
-  
 -  

 45.6  
 45.8  

-   
 77.0  

-  
 46.2  
 93.3  
 72.1  
100.8  

 -  
 -  
 -  
 - 

40.2  
 51.8  
 74.3  
106.8  
 68.5  

-  
 75.2 
 45.0  
 69.3  
 71.8  
 95.4  
 79.4  
 75.3  
 42.0  

 - 
-   

 46.2  
 45.0  
 42.3  
 77.3  
 63.7  
 43.2  
 92.7  
 70.4  
102.1  

 - 
 - 
 - 
 - 

 40.0 

77.0 
 53.9 
 74.4 
 86.5 
 72.2 

- 
 72.9 

-  
 70.5 
 89.1 
 71.0 
 88.1 
 61.4 
 44.2 

-  
-  

 47.0 
 43.6 
 46.0 

-  
 76.6 

-  
 92.4 
 71.1 
101.6 

-  
- 
- 
- 

 40.0 
HEIMS 

Performance 21/21=100%  16/19=84%  13/19=68%  
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 520 
Figure 1. Schematic diagram of the HYSPLIT-based Fire Emission Inverse Modeling System. 
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Figure 2. Detection of fires over the southeastern region of the United States on November 10, 2016. True-color image from 
MODIS (left), MODIS AOD (top right), GASP AOD (middle right), and ASDTA AOD (bottom right) are shown. MODIS 525 
truecolor images and AOD are obtained from earthdata.nasa.gov, and GASP and ASDTA AOD are obtained from NOAA 
NESDIS. 
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 530 
Figure 3. Geographical coverage of case study domains. Red dots indicate HMS fire detections during November 2016. The four 
labeled domains indicate spatial coverage of fire source inputs for the inverse system used in the sensitivity tests.  
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Figure 4. Scatter plot comparison between initial and assimilated smoke mass loading using adjusted fire emissions. A 48-hour 535 
observation (oday=-1) and 6-layer plume release configuration is used. [Unit: x10-6kg/m2] 
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Figure 5. Comparison of observed and reconstructed smoke plumes. Smoke mass loading from ASDTA (left) and reconstructed 540 
HEIMS smokes for ASDTA-matching (middle) and for daytime (right). A 48-hour observation (oday=-1) and 6-layer plume 
release configuration is used. 
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Figure 6. Sensitivity tests for (a) temporal coverage, (b) layer selection, and (c) spatial coverage. Temporal coverage of inputs is 545 
tested for between 24 hours (oday=0) and 96 hours (oday=-3). Selection of layers is tested using two to seven layers among 100, 
500, 1000, 1500, 2000, 5000, and 10000 meters. Beginning from two layers at 100 and 500 meters, the next higher layer is added for 
each test. Spatial coverage is tested through domain 1 to 4. The thick blue boxes indicate the intensive fire episode period, 
November 10-17, 2016. 
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 550 
 

 
Figure 7. Scatter plot comparisons between ASDTA smoke and HEIMS smoke (upper) and ASDTA and SFS smoke (lower) for 
forecast days, fday=0, +1, +2.  

 555 
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Figure 8. Spatial distributions of observed and forecasted fire smoke plumes on November 11-13, 2016; Truecolor image from 
MODIS (1st row), ASDTA smoke (2nd row, converted from AOD), HEIMS smoke hindcast (3rd row), and SFS smoke forecast (4th 
row, from operation) are shown. 560 
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Figure 9. Sensitivity test with varying persistent rates. For p =75%, we assume 75% of fday=0 emissions last in fday=+1, and 
75%^2 emissions last in fday=+2. 565 
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