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W H I T E P A P E R  B A S E L I N E  P E R I O D  W I L D F I R E  E M I S S I O N S  E S T I M A T E S   

The Western Regional Air Partnership (WRAP) Fire and Smoke Work Group formed a technical working group to 
examine methods used to incorporate fire into the regional haze modeling process.  An important step is to evaluate and 
develop methods for building a planning emissions inventory (EI) of fire representative of the Baseline Period (2013–
2017).  In the previous round of Regional Haze planning, the methods used relied on the 2002 Base Year daily fire activity 
as a source of “seed data,” which were then repeated or removed based on state-specific five-year averages of total acres 
burned.  These methods were extended to the Future Scenarios.  There were several limitations to this approach, 
including: 

• For states with activity in 2002 below the 5-year average, activity records were duplicated to make up the 
difference, in effect artificially doubling the size of some fires. 

• By looking at state averages, the variation due to differing fire regimes was obscured  
• Using Base Year records, including data and location, to scale activity locked the activity “pattern” to what 

occurred in 2002.  Thus, multi-year variations in timing and location were not considered. 

Fire activity across the United States can vary greatly from year to year across three primary degrees of freedom: space, 
time, and magnitude.  Therefore, building a single EI dataset that captures “average” activity over the multi-year Baseline 
Period is difficult: assessing total acres burned across the domain is straightforward, but not so for the timing, location, 
and size of individual events.  Even if complete EIs existed for each individual year of the Baseline Period, deciding which 
burns to include in a composite EI becomes an arbitrary exercise without an underlying physical or theoretical basis. 

The steps outlined below are the proposed methods to build the Baseline Period EI.  The proposed framework was 
developed to attempt to address the limitations discussed above, and to create an efficient, repeatable, scalable, and 
transparent process.  The framework will also be used to scale activity and emissions for Future Year Scenarios. 

1. Create a source of seed data 

Previous research has demonstrated1,2 that wildfire activity in the United States (and perhaps more generally) obeys 
the phenomenon of self-organized criticality (SOC)3. Malamud, et al. (2005) expressed the frequency of fires of a 
given area as  

𝑓(𝐴$) = 	𝛼𝐴$
)* (1) 

with frequency density 𝑓(𝐴$), the number of wildfires with AF area burned, and 𝛼 and 𝛽 as constants. Interestingly, 
this relationship holds over many spatial scales, but the resulting constants will change. Malamud, et al (2005) 
developed solutions for the constants for each Bailey ecoregion4 division in the United States using a 30-year wildfire 
dataset (1970–2000) for Forest Service lands only.  The resulting derived curves showed unique patterns of burning 

                                                   
 
1 Malamud, B.D., Morein, G. and Turcotte, D.L., 1998. Forest fires: an example of self-organized critical behavior. Science, 281(5384), 
pp.1840-1842.   
2 Malamud, B.D., Millington, J.D. and Perry, G.L., 2005. Characterizing wildfire regimes in the United States. Proceedings of the National 
Academy of Sciences, 102(13), pp.4694-4699. 
3 https://en.wikipedia.org/wiki/Self-organized_criticality  
4 Bailey, R., 1976. Ecoregions of the United States (map). Ogden, UT: US Department of Agriculture, US Forest Service, Intermountain 
Region. 
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across the ecoregions, capturing the variability of different fire regimes. A more 
recent dataset compiled by the Forest Service, the Forest Service Research Data 
Archive (FSRDA)5, covers the period 1992–2015, includes event on all federal 
lands as well as some state-reported events, and was evaluated for duplicates 
and other errors.  We evaluated this dataset against the equations derived in 
Malamud, et al. (2005) by extracting events on Forest Service lands and plotting 
the data against the derived curves (Figure 1). We found excellent agreement 
between the derived curves and the FSRDA data for all ecoregion divisions, 
which was somewhat surprising given the apparent recent increases in fire 
activity across the United States. We derived new curves based on the full 
FSRDA dataset to capture non-Forest Service lands.  As a test, we also split the 
dataset into two periods, 1992–
2000 and 2001–2015, to see if the 
derived curves noticeably 
changed.  We found, for two 
ecoregions, a noticeable difference 
in the derived curves (Figure 2), 

but this may be due to the large discrepancy in the number of fires 
between the two periods for those ecoregions.  Therefore, we decided to 
use the full FSRDA dataset instead of limiting it to the more recent 
period.   

Using newly derived curves based on the FSRDA dataset for each 
ecoregion division will allow for the variability across fire regimes to be 
captured in the Baseline Period EI.  The next step will be to transform the 
newly derived curves into probability distributions to build the Baseline 
Period fire activity dataset.  For each ecoregion division, a population of 
fire events will be created using the derived SOC relationship, and that 
population will be sampled at random until a threshold total area value is 
reached (see Step 2 below).  Each derived fire event will be binned by 
Federal Size Class6 for use in subsequent steps.   

Note that each time a population is randomly sampled to build an activity dataset for an ecoregion, the exact 
distribution of fire sizes sampled will be different.  For example, one dataset may contain a 600,000-acre fire among 
the others, making up a large percentage of the total area (based on the upper limit) for that ecoregion.  However, on 
average, if the sampling scheme is run many times, the largest fires will appear much less frequently.  In other words, 
each time the scheme is run, the resulting activity dataset is one possible likely outcome while still allowing for the 
possibility of anomalies (i.e. mega-fires). 

                                                   
 
5 Short, Karen C. 2017. Spatial wildfire occurrence data for the United States, 1992-2015 [FPA_FOD_20170508]. 4th Edition. Fort Collins, 
CO: Forest Service Research Data Archive. https://doi.org/10.2737/RDS-2013-0009.4 
6 https://www.nwcg.gov/term/glossary/size-class-of-fire.  Fires < 1 acre are excluded from this analysis, so only classes B–G will be 
used. 

Figure 2.  Example of an  area-frequency 
curve using FSRDA data with two periods, 
1992-2000 (red) and 2001-2015 (blue).  Note 
the large difference in the total number of 
fires between the two periods. 

Figure 1.  Example area-frequency plot 
comparing FSRDA data (dots) to the derived 
curve from Malamud et al. (2005). 
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2. Determine the total, domain-wide acres burned for the Baseline Period 

The process to sample from ecoregion-specific distributions in Step 1 must be 
provided an upper limit or the dataset would endlessly grow in size.  The 
previous round of Regional Haze Planning chose upper limits for seed data by 
using state-specific averages of total acres burned for the five-year planning 
period.  This proposal organizes instead around ecoregions, but the method of 
averaging total acres over the planning period (in this case 2013–2017) is a simple 
and reasonable approach.  Despite only containing data through 2015, the 
FSRDA is the highest quality wildfire occurrence dataset that is readily available.  
We propose to average total acres by ecoregion division of the five most recent 
years from the FSRDA, 2011–2015.  These five-year averages will then be used as 
the upper limit for sampling fires from each area-frequency distribution.  Note 
that one could also decide to use the maximum (or minimum) total for the latest 
five-year period (or any period) to build “best-case” and “worst-case” activity 
datasets. 

3. Determine the seasonality of burn activity 

The FSRDA dataset was summarized to build histograms of fires 
binned by month for each Federal Size Class and ecoregion 
division7 (see example in Figure 3).  Each fire sampled from the 
distributions derived in Step 1 will have an ecoregion and size 
class assigned, which will be used to choose the correct month-
frequency histogram.  A sample population derived from the 
histogram will be randomly sampled to assign a start month to 
the fire, after which a start day-of-month will be randomly 
chosen (all days of the month are considered equally likely as a 
start date). 

4. Determine the duration of each fire 

The FSRDA dataset was summarized to build histograms of the 
duration of fires in days, by Federal Size Class, by ecoregion 
division and by month8.  Each fire derived from Steps 1–3 will 
have a size (and size class), ecoregion, and start date, which will 
be used to choose the correct length-frequency histogram.  
Similar to Step 3, a sample population derived from the length-
frequency histogram will be randomly sampled to assign a 
duration in days.  Daily acres for each event will then be 
calculated by dividing the total acres by the fire length. 

                                                   
 
7 Six Federal Size Class (B–G) for 19 ecoregion divisions resulting in 114 unique distributions 
8 Twelve months for six Federal Size Class (B–G) for 19 ecoregion divisions resulting in 1,368 unique distributions 

Figure 3.  Histogram showing fires 
by month for the Subtropical 
ecoregion division )from the 
FSRDA dataset). 

Figure 4.  Diagram of the distributions used, by 
ecoregion, to derived fire event attributes.  At each 
step, values derived at the previous step inform the 
selection. 
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Figure 4 illustrates how derived fire events acquire attributes in Steps 1–3.  The area-frequency functions build a 
population of events, by ecoregion, each with a final size.  Size is then used to determine the start month and day, 
which is then used to determine the duration of the fire. 

5. Assign locations to burns developed from seed data 

Events derived from Steps 1–4 have a highly generalized location attribute, the ecoregion division.  The frequency-
area distributions are intended to build a “most likely” composite of when and how much burning occurs within their 
respective ecoregions, but the fires must be distributed across the landscape to provide a reasonable representation of 
activity.  However, the ecoregions themselves are contiguous areas covering the whole of North America and do not 
discriminate where fires are able or unable to burn within those areas.  

To obtain locations, one could sample actual 
coordinates of fires from the FSRDA dataset to 
ensure that the derived fire events fall within 
burnable areas, and that may be a reasonable 
approach for the Baseline Period EI.  However, 
historical fire locations are a poor predictor of 
where burns will occur in the future.  The 140 
million acres burned in the 24-year period 
covered by FSRDA represent less than 1% of the 
estimated total burnable area in the Contiguous 
United States9, so it would seem more likely that 
future burns will occur in new locations.  This is 
important to consider for building future fire 
scenarios, which will share the same methods as 
the Baseline Period EI.  Therefore, we propose 
using a Monte Carlo method to randomly 
distribute derived burns within their respective 
ecoregions rather than rely on historical burn 
coordinates. 

For the Monte Carlo approach, we will rely on 
gridded vegetation data, namely the Fuel 
Characteristics Classification System (FCCS) 30m fuel grid, to isolate burnable areas within each ecoregion.  Figure 5 
shows the total area of each ecoregion division (gray) and the calculated burnable area (brown) by summing FCCS 
grid cells with ID between 1 and 800. The FCCS grid classifies non-burnable areas such as waterways and developed 
land (both urban and agricultural).  However, it does not capture smaller features such as highways and rivers, and 
may include vegetated areas within cities or towns that are unlikely places for wildfires, especially large ones.  We 
will consider additional masking of the FCCS grid to account for this.  We will also perform checks, such as the 
percentage of the area surrounding the randomized point that is not vegetated, that could lead to choosing a new 
point.   

                                                   
 
9 This was estimated by adding up the total area of FCCS 30m grid cells with a non-zero fuel loading, about 1.6 billion acres. 

Figure 5.  Total ecoregion area (gray) compared to burnable area 
(brown).  Burnable area was derived from the 30m FCCS fuelbed layer. 
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6. Calculate emissions 

The process to calculate emissions for the Baseline Period EI is outlined in Figure 6.  Starting with the final dataset 
from Step 5 (shown in the white box at far left in Figure 6), additional attributes will be added using spatial overlays 
(for FCCS fuelbed information) and database lookup tables (for fuel loading, biomass type, emission factors, and 
consumption completeness). Emissions will be calculated using the basic equation: 

𝐸[𝑡𝑜𝑛𝑠] = 𝑎𝑟𝑒𝑎[𝑎𝑐𝑟𝑒𝑠] × 𝑙𝑜𝑎𝑑𝑖𝑛𝑔 <=>?@
ABCD

E × 𝐸𝐹 < G
HG
E × 0.001 <HG

G
E × 𝐶𝐶[𝑢𝑛𝑖𝑡𝑙𝑒𝑠𝑠] (2) 

Added nuance, such as adjusting consumption ratios by time of year, may be incorporated if there is sufficient 
evidence that including it will improve performance.  In addition, more recent sets of emission factors are available 
that will be evaluated as an alternative to the PMDETAIL emission factor database, which would make the 
calculations more consistent with the 2014 Base Year EI10. 

The workflow to build the Baseline Period EI consists of a series of Python functions that will source and export data to a 
PostgreSQL database hosted by Amazon Web Services (AWS).  The database contains base geographic layers such as 
ecoregions, political boundaries, and Weather Information Management System (WIMS) station locations; fire activity 
datasets including the FSRDA, Monitoring Trends in Burn Severity (MTBS), and 2014 Base Year EI; and lookup tables for 
emissions calculations such as emission factors, fuel loadings, and consumption completeness scalars.  In addition, the 
database will store settings used to “tune” the EI building process—acres limits, consumption scalars and area-frequency 
curve constants as a start—so that each scenario is repeatable11.  Plots, maps, and charts are generated at each major step 
of the Python code to provide visual QA/QC tools.  Final daily datasets will be stored in the database and delivered as 
PTFIRE, PTINV, and PTDAY files in Flat File 10 (FF10) format for model use.  Decisions must still be made regarding 
model-specific outputs such as plume rise and diurnal profiles. 

                                                   
 
10 The 2014 Base Year EI included emission factors from the following publication: 
Urbanski, S., 2014. Wildland fire emissions, carbon, and climate: Emission factors. Forest Ecology and Management, 317, pp.51-60. 
https://doi.org/10.1016/j.foreco.2013.05.045 
11 Keeping in mind the note from Step 1 that each time the process is run, the resulting set of fires is never exactly the same. 

Figure 6.  Baseline Period EI emissions calculation steps.  At each step, spatial layers or lookup tables are used to 
add attributes to the fire activity data. 


