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Abstract: Short-term exposure to fire smoke, especially particulate matter with an aerodynamic
diameter less than 2.5 pm (PM; 5), is associated with adverse health effects. In order to quantify the
impact of prescribed burning on human health, a general health impact function was used with
exposure fields of PM, 5 from prescribed burning in Georgia, USA, during the burn seasons of 2015
to 2018, generated using a data fusion method. A method was developed to identify the days and
areas when and where the prescribed burning had a major impact on local air quality to explore the
relationship between prescribed burning and acute health effects. The results showed strong spatial
and temporal variations in prescribed burning impacts. April 2018 exhibited a larger estimated
daily health impact with more burned areas compared to Aprils in previous years, likely due to an
extended burn season resulting from the need to burn more areas in Georgia. There were an estimated
145 emergency room (ER) visits in Georgia for asthma due to prescribed burning impacts in 2015
during the burn season, and this number increased by about 18% in 2018. Although southwestern,
central, and east-central Georgia had large fire impacts on air quality, the absolute number of estimated
ER asthma visits resulting from burn impacts was small in these regions compared to metropolitan
areas where the population density is higher. Metro-Atlanta had the largest estimated prescribed
burn-related asthma ER visits in Georgia, with an average of about 66 during the reporting years.

Keywords: prescribed fire; burn activity; air quality modeling; CMAQ); decoupled direct method;
respiratory effects

1. Introduction

The World Health Organization’s International Agency for Research on Cancer classifies outdoor
air pollution as carcinogenic to humans [1]. Particulate matter (PM) is a major component of air
pollution that comes from both primary (e.g., dust, biomass burning, coal-fired power plant) and
secondary (e.g., reactions of chemicals emitted from primary sources) sources [2]. Biomass burning
is one of the most important sources of PM, but others include gases and aerosols, such as carbon
monoxide, carbon dioxide, PM; 5 (PM with an aerodynamic diameter less than 2.5 pm) and black
carbon. Biomass burning products, generally referred to as “smoke”, can reduce visibility and have
adverse health effects. Epidemiological studies have shown associations between short-term PM; 5
exposure from fires and health endpoints, such as mortality, respiratory effects, and cardiovascular
effects [3-8]. Wildfires do not only endanger lives and property, but also threaten public health with
their large emissions of PM; 5 and other pollutants. Prescribed burning, another type of biomass
burning, is a land management practice used to improve native vegetation and wildlife habitat, control
insects and disease, and reduce wildfire risk [9]. In the U.S., prescribed burning is very popular,
but its practice entails air pollution concerns. Biomass burning emissions remain as one of the largest
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sources of PMj 5 in the U.S., with an estimated 14% of total primary PM; 5 emissions coming from
prescribed burning, while wildfires account for 16% [10]. Land managers who use prescribed burning
to reduce damage due to wildfires must be mindful of the exposures resulting from prescribed burning.
One advantage of using prescribed burning in this context is that burns can be planned to minimize
adverse human health effects.

Rappold et al. [11] found that over 40% of Americans live in areas affected by wildland fires with
a moderate or high contribution to ambient PM; 5 concentrations. In the southeastern U.S., prescribed
burning contributes about 30% of PM; 5 emissions, while only 3% of PM; 5 emissions come from
wildfires. Georgia actively uses prescribed burning for land management, with an annual statewide
total burned area of over one million acres [12], one of the highest rates in the southeastern U.S.
An estimated 33% of the total PM; 5 emissions come from prescribed burning in Georgia [10]. People
living in Georgia and other parts of the southeastern U.S. are more likely to experience high and
frequent smoke exposure in comparison to those living in other parts of the country due to increasing
prescribed burning emissions. Recent epidemiological studies in Atlanta addressed the relationship
between source-specific PM; 5 exposures and acute health effects, such as respiratory disease [13-16]
and cardiovascular disease [15]. Sarnat et al. [15] found positive associations between cardiovascular
disease-related emergency room (ER) visits and same-day PM; 5 concentrations attributed primarily to
prescribed forest burning. Krall et al. [14] also found evidence of positive associations of respiratory
disease-related ER visits with biomass burning PM; 5. A better understanding of the contributions of
prescribed burning to human health is important, especially for the people who are directly affected by
prescribed burning.

Although the air quality and health impacts of wildland fires have been studied in the past [4,8,11],
the impacts specifically related with prescribed burning have not yet been evaluated. In this paper,
we used prescribed burning permit information from the Georgia Forestry Commission and the
BlueSky framework [17] to estimate the prescribed burning emissions of PM; 5 in Georgia during
the first four months (January—April are the most active burning months in Georgia) of 2015-2018.
We then used the Community Multiscale Air Quality (CMAQ) model [18], a chemical transport model,
with the decoupled direct method (DDM) for source-specific impact estimation [19] to compute the
contribution of prescribed burning on simulated PM; 5 concentrations. Based on the data fusion
method of Friberg et al. [20], we merged these emission-based air quality model simulation results
with observations at monitoring sites to provide spatiotemporal PM; 5 exposure fields for use in health
impact estimations. Finally, we employed a general health impact function to estimate the impacts of
prescribed burning on asthma-related ER visits in Georgia during the first four months of 2015-2018.

2. Materials and Methods

2.1. Burn Impact Exposure Fields

Fire emissions estimates were developed using the BlueSky framework [17] with location, date and
burned area information from the Georgia Forestry Commission’s (GFC) burn permit database. Permit
records do not contain accurate start times and durations for most burns. In a previous study [12]
that focused on permit records and a phone call survey with typical burners, we found most burns
started around 10 a.m. Meanwhile, per ordinance, all fires should be finished before sunset, which is
around 5 p.m. during the winter in Georgia. For simplicity, we assumed all fires started at 10 a.m.
local time and lasted 6 h. Emissions data for other sources, such as mobile, agricultural, and biogenic
emissions, were projected from the 2011 National Emission Inventory (NEI) to the relevant year using
forecasted meteorology and temporal parameters such as day of the week. The meteorology was
forecasted one day earlier based on the latest observations using the Weather Research and Forecasting
model (WREF, version 3.6, National Center for Atmospheric Research, Boulder, Colorado). Daily total
PMj; 5 concentrations for the first four months of 2015-2018 were simulated using the CMAQ (v5.0.2,
U.S. Environmental Protection Agency, Research Triangle Park, NC, USA) model in a domain at 4 km
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spatial resolution over Georgia and surrounding states. These simulated PM; 5 concentrations were
then fused with daily total PM, 5 observations at ambient monitors (Figure 1a) using the approach
developed by Friberg et al. [20,21]. The resulting PM; 5 fields included spatiotemporal information of
the observations, as well as the spatiotemporal completeness provided by the air quality model, with the
data fusion process decreasing model biases and errors. The DDM sensitivity analysis tool embedded
into CMAQ [22] was used to quantify the air quality impacts associated with prescribed burning.
The observation-fused daily total PM, 5 fields were multiplied by the ratio of the burn impact to the
total PM; 5 from CMAQ-DDM for each day and each grid cell to generate an “observation-adjusted
burn impact” on PM; 5 (Equation (1)).

Bt .
: t Y t
Ad]ustedBi/j = X DFCi,J. 1)
L]
where i and j are the horizontal column and row indices for the vertical column, t is the day, B is the
burn impact from CMAQ-DDM (in ug/m3), C is the total PM, 5 concentrations from CMAQ-DDM

(in pg/m3), DFC is the total PM, 5 concentration after applying the data fusion method (in pg/m?),
and AdjustedB is the observation-adjusted burn impact (in pg/m?).
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Figure 1. (a) Locations of monitoring sites in Georgia: 2015 (red stars), 2016 (yellow stars), 2017 (blue
stars), and 2018 (light green stars); and (b) distribution (at 4 km resolution) of Georgia’s population
(9,687,653) according to the 2010 U.S. Census.

2.2. Health Impact Function

We used a log-linear relationship between air pollutant concentration change and health outcome
incidence to quantify the health impact from prescribed burning as follows:

AY = Yo(1 - ePAPM) x pop )

where Y is the baseline incidence rate for the health endpoint, § is the health effect estimate from the
epidemiological study, APM is the change in air pollutant concentration, and Pop is the population
exposed to the air pollution [23]. Here, we focused on the ER visits for asthma as the health endpoint
due to a reported positive association between biomass burning PM; 5 and respiratory disease-related
ER visits [14]. We used national asthma-related ER visits in 2013 (a rate of 625.6 per 100,000 people) as
the annual asthma-related ER visit rate in Georgia for 2013 and converted to a daily rate by constructing
weights based on the observed daily ER visits due to asthma during 2013 (Figure 2), as follows:

ER visits, asthma count;
Y2 ER visits, asthma count;

weight (i) = 3)



Int. |. Environ. Res. Public Health 2019, 16, 2312 4 of 14

where ER visits, asthma count; is the number of ER visits due to asthma on day i. Daily ER visits due
to asthma in the Atlanta area for the first four months in 2013 had an average value of 94.8, with a
standard deviation of 17.5. The asthma-related ER visit rate is about 669.8 per 100,000 people.

150
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Daily #

50

0 1 1 1 1 1 1 1 1 1
01/01 01711 01/21 01/31 02/10 0220 03/02 03/12 03/22 04/01 04/11 04/21 04/30
2013

Figure 2. Observed daily emergency room (ER) visits for asthma in the Atlanta area (20 counties
included) in 2013.

We used a health effect estimate of B = 0.008 (0.004-0.012) for asthma-related ER visits that was
derived from a wildfire smoke exposure epidemiological study [24]. APM is the observation-adjusted
burn impact on total PM; 5. We extracted the population from the Environmental Benefits Mapping
and Analysis Program, Community Edition (BenMAP-CE) [25], and allocated the 2010 block-level U.S.
Census population to the 4 km spatial resolution grid using the PopGrid program provided by the
U.S. Environmental Protection Agency (EPA) (Figure 1b) [26]. While the levels of health impacts we
present here are for the estimated asthma-related ER visits attributable to prescribed fire contribution
to PM, 5, the spatial and temporal variations would be similar for other health impacts that can be
formulated with Equation (2).

3. Results and Discussion

3.1. Total PM; 5 Concentrations and Fire Impact Exposure Fields from CMAQ and Data Fusion (DF)

Average PM; 5 concentrations over the four-year period from 2015 to 2018 during the prescribed
burning season showed that the CMAQ simulations of total PM; 5 concentrations were biased low
compared to the observations (Table 1). Fire impact increased slightly starting from 2016, although
the 2017 burned area was the smallest among the four-year period (Figure 3). The drought in the
southeastern U.S., which started in the fall of 2016 [27], may have led to larger fuel loads [28] and,
consequently, to greater emissions per unit burned area. This, in turn, may have contributed to the
larger fire impact in 2017. The spatial plots of the monthly averages for total PM; 5 and fire impact
(Figures 51-54) indicated that high concentrations in southwestern and east-central Georgia (GA) were
mainly due to the active prescribed burning. January, February, and March were more active burn
months than April. March was the most active burn month, accounting for about 40% of the total
burned area among the first four months (Figure 3). The year of 2018 had a total burned area of over
one million acres for the first four months, which resulted in the largest burn impact over the last four
years (2015-2018).
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Table 1. Means and standard deviations (jtg/m?) of the total particulate matter with an aerodynamic
diameter less than 2.5 um (PM;5) concentrations and burn impacts at monitoring sites during the
prescribed burning seasons (January—-April) of 2015-2018.

PM, 5 2015 2016 2017 2018
Observation 8.6+43 83 +44 88+5.3 87+5
CMAQ * 6.6 + 4.5 6.1 +43 6.3 + 4 6.2 +4
Burn impact (CMAQ) 083+282 076+296 087+1.62 097226
Data fusion 84+38 8+37 87 +4.6 82+42

Burn impact (data fusion) 091 +£1.97 0.86 +1.77 1.06 +1.77 1.24 +242
* CMAQ: Community Multiscale Air Quality model.
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Figure 3. Total monthly burned area from 2015 to 2018 in the first four months (prescribed burning
season; permit data from the Georgia Forestry Commission [GFC]).

Comparisons of daily total PM; 5 concentration between observations and the CMAQ model
during January to April over four years had slopes less than 0.5 and R? values in the range of 0.13
to 0.30 (Figure S5). Based on the recommended performance statistics used to assess photochemical
model performance (24-h PM, 5 criterion: R (correlation coefficient) > 0.4) from Emery et al. [29],
only the R? of 2016 did not meet the criterion. All years’ normalized mean errors (NMEs) met the
criterion (<50%) and goal (<35%) (Table 2). The criteria and goals in Emery et al. [29] are based on
recent regional photochemical grid model applications in support of U.S. regulatory actions for PM; 5
and regional visibility, and are defined as follows: (1) Estimates meet the criteria if model performance
is in the top 2/3 of all past applications; (2) estimates meet goals if performance is better than 2/3 of past
model applications.

Table 2. Normalized root mean square error (NRMSE) and normalized mean error (NME) of Community
Multiscale Air Quality (CMAQ) model simulated and data-fused daily total PM; 5 concentrations with
respect to observations during the first four months of each year (2015-2018).

NRMSE NME
PM; 5
2015 2016 2017 2018 2015 2016 2017 2018
CMAQ 0.57 0.64 0.59 0.62 0.23 0.26 0.28 0.28
DF 0.23 0.27 0.24 0.24 0.02 0.04 0.01 0.05

DF (withholding) * 0.40 0.40 0.42 0.36 0.01 0.04 0.01 0.05
* DF (withholding): 10% data withholding
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Comparisons of the CMAQ (Figure S5) and data fusion (DF) (Figure S6) estimates with observations
(OBS) showed that the results improved after application of the data fusion method, with slopes
ranging from 0.73 to 0.80 and R? values between 0.74 and 0.85. Data fusion normalized root mean
square errors (NRMSEs) decreased by 60% compared to CMAQ NRMSEs. NME:s also decreased and
were close to zero (Table 2). We also completed a 10% data withholding evaluation. Ten groups of
observational data were constructed, each group was run independently, with each group having 10%
of the data randomly withheld. Performance was evaluated by comparing the simulated values to the
data that were withheld for that group. The 10% data withholding (WH) results (Figure S7, Table 2) also
had smaller NRMSEs and NMEs, and larger R?> compared to the CMAQ results. As expected, all those
results showed better performance with the application of the data fusion method. Occasionally,
simulated daily PM,5 concentrations from CMAQ were larger than the observations. This was
due to simulated fire impacts that were not captured by observations at the monitoring sites in the
region, leading to large differences between the data-fused and original CMAQ results (Figures 51-54).
This could lead to the data fusion process decreasing the modeled impact of fires.

Application of our data fusion method to adjust fire impacts provides improved exposure fields
for health analysis. However, limited observational data can lead to reduced fire impact estimates
when fused with simulations, even though the smoke plume is captured by the simulations. A lack
of monitoring sites can be alleviated, in part, by using low-cost sensors. However, performance of
low-cost sensors is still unclear when applying them to detect impact from prescribed fires. Several
studies show that some types of low-cost sensors have better performance in high concentration
environments [30-32], but are less sensitive to changes in PM; 5 concentrations compared to a referenced
instrument [33].

We also analyzed the ratio of observation-adjusted burn impact to observed PM; 5 as a function of
observed daily total PMj; 5 (Figure 4 and Table 3). In Figure 4, the grey dashed lines represent the 95th
percentile of observations (vertical) and 30% fire impact to observed PM; 5 (horizontal). The reason we
chose 30% here was because about 30% of PM; 5 emissions came from prescribed burning in Georgia
according to the 2014 NEI. Hence, the days with a ratio larger than 30% received a larger than average
prescribed burning impact and may be seen as high fire impact days. The red dots in Figure 4 represent
the days with high observed PMj, 5 concentrations due to fire impacts. Future epidemiological studies
could focus on such days to find a relationship between short-term high-level PM, 5 exposures due to
fire and health impacts over a series of single-day lags. On the other hand, the blue dots are the days
when the prescribed fire was still a major source of total PM, 5. However, due to the low observed
PM, 5 concentrations, while concerns cannot be raised about air quality on those days, health impacts
from smoke may be non-negligible. Finally, the green dots are the high PM, 5 days, when other sources
are more to blame than prescribed fire smoke. Nearly 13% of PM; 5 observations in 2018 had burn
impacts larger than 30%, which was somewhat larger than previous years (Table 3).

Table 3. Number of points for each quadrant in Figure 4.

Days 2015 2016 2017 2018
Total 2069 2136 1565 1762
High fire impact/High PM; 5 (Red) 27 14 18 36
High fire impact/Low PM, 5 (Blue) 141 124 133 192
Low fire impact/High PM; 5 (Green) 75 93 60 52

Low fire impact/Low PM; 5 (Black) 1826 1905 1354 1482
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Figure 4. Relationship between daily total PM; 5 observations (OBS) and ratios of observation-adjusted
fire impact to OBS during January—April from 2015 to 2018. The number of points are listed in Table 3.

3.2. Health Impacts from Prescribed Burning

Health impacts from prescribed fires during the first four months of 2015-2018, as reflected in
the estimated monthly average asthma-related ER visits presumed to have resulted from the burns,
showed spatial and temporal variation (Figure 5). Southwestern, central and east-central GA had
large health impacts due to the intense prescribed burning activity. Macon metropolitan statistical
area (MSA) (Bibb County), Atlanta MSA (Fulton, Gwinnett, DeKalb and Cobb Counties), Albany
MSA (Dougherty County), Augusta MSA (Columbia and Richmond Counties), Warner Robins MSA
(Houston County), Valdosta MSA (Lowndes County), and Columbus MSA (Muscogee County) had
larger estimated health impacts in terms of absolute numbers due to both large populations and high
levels of fire impact on PM; 5. Although prescribed burning had a relatively small impact on Atlanta
MSA'’s PMj; 5 air quality (Figures S1-54), the large population still led to a large estimated health impact.
January, February, and March experienced the larger estimated health impacts due to more active
prescribed burning (Figure 3). January 2015, February 2016 and March 2017 had lower estimated
health impacts compared to the same months in other years, while February 2017 and March 2016 had
higher estimated health impacts. The month with the largest and smallest health impact varied by
year depending on meteorology and subsequent burn activity. Typically, April was not as active a
burn month as others; however, April 2018 had more burns than February in central and east-central
Georgia (Figures 51-54), and those burns affected Atlanta MSA’s air quality. Also, April 2015 had more
burns in southern Georgia, though larger fire impacts were limited to less populated regions.
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Figure 5. Estimated total monthly asthma-related ER visits (health impact) due to prescribed fires from
2015 to 2018, first four months.

Estimated daily asthma-related ER visits due to prescribed burning for each year showed that
February and March had larger health impacts than January, with higher estimated daily health
impacts (Figure 6). February 2017 had a larger estimated daily health impact compared to the other
years, probably due to larger emissions from the drought, as discussed above. Since fire locations
and metrological conditions were different each day, there may have been more burns affecting large
populated areas in this month. April 2018 also had a larger estimated daily health impact with more
burned areas compared to previous years, likely due to an extended burn season resulting from the
need to burn more areas. There was a slightly increasing trend of estimated daily average health
impact from 2016 to 2018 (Figure 7).

The estimated total health impacts increased from 2016 to 2018 (Table 4) as the prescribed burning
season appeared to get longer. From 2015 to 2017, April had less health impacts compared to the first
three months, but in 2018 the estimated total health impact of April doubled compared to previous
years. Interestingly, although the burned areas in February 2015 and 2018 were about 60% of that of
the corresponding March (Figure 3), the estimated total health impact of those two months in each of
the two years was similar (Table 4). This result indicates that there were more populated areas (Atlanta
MSA and Augusta MSA) affected by prescribed burning during February than March in 2015 and 2018.
February 2017 had the largest estimated health impacts across the reporting years, with 62 ER visits
due to asthma—a rate of 6.4 per 1,000,000 people. There was less difference in estimated total health
impact among different months in 2018 compared to previous years. In the first four months of 2015,
there were about 145 ER visits estimated to be due to asthma because of prescribed burning impact,
arate of 15 per 1,000,000 people. This increased by about 18% in 2018, compared to 2015. The estimated
total number of ER visits increased by about 15% from 2016 to 2017, especially for February in 2017,
with an increase of about 77%. Approximately 38 ER visits were associated with exposure to prescribed
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burning in April 2018, exhibiting an increase of over 60% compared to 2015 (23) and 90% compared to
2016 (20) and 2017 (20).
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Figure 6. Estimated daily asthma-related ER visits in Georgia due to prescribed burning for
January—April of each year from 2015 to 2018. The central mark indicates the median, the point
indicates the mean, and the bottom and top edges of the box indicate the 25th and 75th percentiles,
respectively. The whiskers bound the range of values excluding the outliers.

# Person / Day

2015 2018 2017 2018
Total (four months}

Figure 7. Estimated daily asthma-related ER visits in Georgia due to prescribed fires for the first four
months of 2015-2018. The central mark indicates the median, the point indicates the mean, and the
bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. The whiskers
bound the range of values, excluding the outliers.
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Table 4. Estimated total monthly ER visits due to asthma in Georgia. The uncertainties were derived
from Equation 2 assuming 50% uncertainty in f (the health effect estimate from the epidemiological
study) and 40% uncertainty in APM (the change in air pollutant concentration).

Year January February = March April Total

2015 36+23 45 + 27 41 £25 23+ 16 145 + 46
2016 34+21 35+20 47 £ 22 20+ 14 136 + 39
2017 3921 62 + 30 35+ 19 20+ 11 156 + 43
2018 42 +24 42 +23 50 + 29 38 + 26 171 + 51

Fulton County had the largest estimated health impact due to the largest population (Figure 8).
There were 10 ER visits estimated due to asthma because of prescribed burning impact in 2015 during
the burn season. The number increased by about 30% to 13 in 2018. Gwinnett, DeKalb, and Cobb
Counties, all within the Atlanta MSA, were the other three counties that had over 5 estimated ER visits
due to an asthma issues during the burn season every year from 2015 to 2018 (Figure 8). The estimated
asthma-related ER visits due to prescribed burning in the Atlanta MSA had an average of about 66
during the reporting years, which was about 0.58% of the total observed asthma-related ER visits
(11,372) in the Atlanta MSA for 2013. Dougherty County had the largest estimated health impact rate
in the southwestern GA (Figure 9), but only with an estimated average of about 4 people visiting
the ER in relation to asthma during the burn season for the four years (2015-2018) due to the small
population size. The Atlanta MSA had the highest number of people visiting the ER due to asthma
caused by burn impact.

2015| | gy 2016 @,

Legend
[ Fulton

ER_2018
0-1
1-2
2-4

4-8

-3

a4 2017 Tl i 2018

01530 60 90 120
O Miles

Figure 8. Estimated asthma-related ER visits by the county in Georgia from 2015 to 2018 for the first
four months of the year.

The health impact estimates here are subject to various uncertainties that should be considered.
For example, the f parameter of the health impact function we used was derived from wildfire impact
epidemiological studies. A lack of epidemiological studies to provide prescribed burning-specific
concentration-response functions (5ss) is a weakness of the health analysis here. The § parameter may
be different for prescribed fire specific cases. An epidemiological study that focuses on the Atlanta
area [14] shows a positive association (relative risk = 1.006 (1.003-1.01)) between respiratory disease
and biomass burning source. Considering the sources of PM; 5 in Georgia, the biomass burning is



Int. ]. Environ. Res. Public Health 2019, 16, 2312 11 of 14

mainly prescribed burning emissions. Besides the uncertainty in , there are other uncertainties in
estimating the prescribed burning related health impact. Previous studies show that the measured
PM,; 5 emissions from prescribed burning is about 90% of modeled emissions [34]. Using the BlueSky
framework (as done here), the PM, 5 emissions we estimated for the same case were about 60% of
measured emissions. The horizontal and vertical allocation of fire emissions in the model could lead
to about 20% uncertainty in the final pollutant concentration estimation [35]. Inaccurate simulated
wind speed and wind direction may also bring uncertainty as high as 100% [36]. Fire duration is
also difficult to determine due to a lack of post-fire information. Based on the NRMSE of the 10%
data withholding (Table 2), the uncertainty of fire impact was about 40% among the reporting years.
Changing the health impact function parameters (3, APM) would only change the level of health
impact of prescribed burning and the exact number of impacted people, while the spatial and temporal
variations of prescribed burning impact on public health would not change.
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Figure 9. Estimated asthma-related ER visit rates (per person) due to prescribed burning by county in
Georgia from 2015 to 2018 for the first four months of the year.

4. Conclusions

Data fusion of observed PMj, 5 concentrations greatly improved the spatial and temporal accuracy
of the PM, 5 exposure fields generated in simulations with CMAQ data. This was evidenced in the
statistics of linear regressions between the data fusion results and observations: (1) Slopes that were
less than 0.5 before ranged from 0.73 to 0.80 after data fusion, while (2) R? values previously between
0.13 and 0.30 later ranged from 0.74 to 0.85. Even with 10% data withholding, errors were significantly
reduced: (1) The normalized root mean square error decreased from approximately 60% to 40%, while
(2) the normalized mean error dropped from approximately 25% to less than 5%.

In this paper, we have described a new method for deriving observation-adjusted prescribed
fire impact from data-fused PM; 5 exposure fields. The method consists of scaling the data-fused
PMj, 5 fields with the ratio of DDM-calculated fire impact to CMAQ-computed PM, 5 concentration.
Using observation-adjusted fire impact could help to identify days and areas with major prescribed
fire impact on local air quality, even if the observations are low, and also distinguish those days from
the other days when the fire impact is low. Such days and areas should be investigated further in
epidemiological studies to find the relationship between health effects and prescribed burning.
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Health impacts were formulated with a log-linear relationship between the health outcome and
the contribution of prescribed fire to PM; 5 concentrations, and were represented by the asthma-related
ER visits. Variations in prescribed burning activity during the first four months of 2015-2018 in
Georgia led to temporal and spatial differences of health impacts. This points to the importance of
distinguishing seasons and areas when studying prescribed fire and its health impacts. April 2018 had
approximately 65% more burned areas and an 80% larger estimated total health impact than Aprils in
previous years. This was likely due to an extension of the burn season in response to an increased
demand for burning throughout Georgia.

Southern Georgia had the greatest prescribed burning activity and consequently the highest PM; 5
levels in the state. However, the largest health impacts, in terms of absolute number of asthma-related
ER visits, with an average of about 66 people in the burn months during the reporting years, were found
in the Atlanta MSA due to the much larger population exposed to moderate levels of prescribed
burning emissions. In the less populated county of Dougherty in southeastern Georgia, the number
of asthma-related ER visits was limited to 4, although the prescribed fire impact on PMj; 5 levels was
highest there.

Supplementary Materials: The following are available online at http://www.mdpi.com/1660-4601/16/13/2312/s1,
Figure S1: January—April monthly averages of total PM; 5 and fire impact (2015): CMAQ-simulated, data
fused and their difference; Figure S2: January—April monthly averages of total PM; 5 and fire impact (2016):
CMAQ-simulated, data fused and their difference; Figure S3: January—April monthly averages of total PM;, 5 and
fire impact (2017): CMAQ-simulated, data fused and their difference; Figure S4: January—April monthly averages
of total PM; 5 and fire impact (2018): CMAQ-simulated, data fused and their difference; Figure S5: Comparison
of daily total PM; 5 concentration between observations (OBS) and CMAQ from 2015 to 2018, first four months;
Figure S6: Comparison of daily total PM; 5 concentration between observations (OBS) and DF from 2015 to 2018,
first four months; Figure S7: Comparison of daily total PM; 5 concentration between observations (OBS) and 10%
data withholding DF from 2015 to 2018, first four months.

Author Contributions: Conceptualization, R.H. and M.T.O.; methodology, R.H., M.T.O. and A.G.R.; formal
analysis, R.H. and Y.H.; resources, ].A.M.; data curation, Y.H.; writing—original draft preparation, R.H.;
writing—review and editing, YH., A.G.R,, ].AM., M.T.O,; supervision, M.T.O. and A.G.R., project administration,
M.T.O. and A.G.R.

Funding: This publication was made possible in part by funding from the Joint Fire Science Program under grant
number 16-1-08-1, NASA Applied Sciences Program under grant number NNX16AQ29G and US EPA Grant
Number R834799. Its contents are solely the responsibility of the grantee and do not necessarily represent the
official views of the supporting agencies. Further, the US Government does not endorse the purchase of any
commercial products or services mentioned in the publication.

Acknowledgments: We thank Fernando Garcia Menendez and Sadia Afrin of North Carolina State University,
Department of Civil and Environmental Engineering for converting the non-standard addresses in Georgia Forestry
Commissions permit database into geospatial coordinates. We also thank Susan O’Neill of Pacific Wildland Fire
Sciences Laboratory, AirFire Team, Pacific Northwest Research Station, USDA Forest Service for her help with the
application of the BlueSky framework.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. TARC: Outdoor Air Pollution A Leading Environmental Cause of Cancer Deaths. Available online:
https://www.iarc.fr/wp-content/uploads/2018/07/pr221_E.pdf (accessed on 17 October 2013).

2. Particulate Matter (PM) Basics. Available online: https://www.epa.gov/pm-pollution/particulate-matter-pm-
basics (accessed on 26 June 2019).

3. Dohrenwend, P.B.; Le, M.V,; Bush, J.A.; Thomas, C.F. The impact on emergency department visits for
respiratory illness during the southern california wildfires. West. J. Emerg. Med. 2013, 14, 79-84. [CrossRef]

4. Johnston, EH.; Purdie, S.; Jalaludin, B.; Martin, K.L.; Henderson, S.B.; Morgan, G.G. Air pollution events
from forest fires and emergency department attendances in Sydney, Australia 1996-2007: A case-crossover
analysis. Environ. Health 2014, 13, 105. [CrossRef] [PubMed]

5. Faustini, A.; Alessandrini, E.R.; Pey, ].; Perez, N.; Samoli, E.; Querol, X.; Cadum, E.; Perrino, C.; Ostro, B.;
Ranzi, A ; et al. Short-term effects of particulate matter on mortality during forest fires in Southern Europe:
Results of the MED-PARTICLES Project. Occup. Environ. Med. 2015, 72, 323-329. [CrossRef] [PubMed]


http://www.mdpi.com/1660-4601/16/13/2312/s1
https://www.iarc.fr/wp-content/uploads/2018/07/pr221_E.pdf
https://www.epa.gov/pm-pollution/particulate-matter-pm-basics
https://www.epa.gov/pm-pollution/particulate-matter-pm-basics
http://dx.doi.org/10.5811/westjem.2012.10.6917
http://dx.doi.org/10.1186/1476-069X-13-105
http://www.ncbi.nlm.nih.gov/pubmed/25491235
http://dx.doi.org/10.1136/oemed-2014-102459
http://www.ncbi.nlm.nih.gov/pubmed/25691696

Int. |. Environ. Res. Public Health 2019, 16, 2312 13 of 14

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Linares, C.; Carmona, R.; Tobias, A.; Mirén, L].; Diaz, J. Influence of advections of particulate matter from
biomass combustion on specific-cause mortality in Madrid in the period 2004-2009. Environ. Sci. Pollut. Res.
2015, 22, 7012-7019. [CrossRef] [PubMed]

Rappold, A.G; Stone, S.L.; Cascio, W.E.; Neas, L.M,; Kilaru, V].; Carraway, M.S.; Szykman, J.J.; Ising, A.;
Cleve, W.E.; Meredith, ].T,; et al. Peat Bog Wildfire Smoke Exposure in Rural North Carolina Is Associated
with Cardiopulmonary Emergency Department Visits Assessed through Syndromic Surveillance. Environ.
Health Perspect. 2011, 119, 1415-1420. [CrossRef] [PubMed]

Yao, J.; Eyamie, J.; Henderson, S.B. Evaluation of a spatially resolved forest fire smoke model for
population-based epidemiologic exposure assessment. J. Expo. Sci. Environ. Epidemiol. 2016, 26, 233-240.
[CrossRef] [PubMed]

States, U.; Lee, C.; Flickr, J. Wildfire, Wildlands, and People: Understanding and Preparing for Wildfire in the
Wildland-Urban Interface; United States Department of Agriculture: Washington, DC, USA, 2013.

US EPA 2014 National Emissions Inventory (NEI) Documentation. Available online: https://www.epa.gov/
air-emissions-inventories/2014-national-emissions-inventory-nei-documentation (accessed on 21 July 2017).
Rappold, A.G.; Reyes, J.; Pouliot, G.; Cascio, W.E.; Diaz-Sanchez, D. Community Vulnerability to Health
Impacts of Wildland Fire Smoke Exposure. Environ. Sci. Technol. 2017, 51, 6674—-6682. [CrossRef]

Huang, R.; Zhang, X.; Chan, D.; Kondragunta, S.; Russell, A.G.; Odman, M.T. Burned Area Comparisons
between Prescribed Burning Permits in Southeastern United States and Two Satellite-Derived Products.
J. Geophys. Res. Atmos. 2018, 123, 4746-4757. [CrossRef]

Darrow, L.A.; Klein, M.; Flanders, W.D.; Mulholland, J.A.; Tolbert, P.E.; Strickland, M.]. Air Pollution and
Acute Respiratory Infections among Children 0—4 Years of Age: An 18-Year Time-Series Study. Am. ].
Epidemiol. 2014, 180, 968-977. [CrossRef]

Krall, J.R.; Mulholland, J.A.; Russell, A.G.; Balachandran, S.; Winquist, A.; Tolbert, PE.; Waller, L.A;
Sarnat, S.E. Associations between Source-Specific Fine Particulate Matter and Emergency Department Visits
for Respiratory Disease in Four U.S. Cities. Environ. Health Perspect. 2017, 125, 97-103. [CrossRef]

Sarnat, J.A.; Marmur, A.; Klein, M.; Kim, E.; Russell, A.G.; Sarnat, S.E.; Mulholland, J.A.; Hopke, PK;
Tolbert, P.E. Fine Particle Sources and Cardiorespiratory Morbidity: An Application of Chemical Mass
Balance and Factor Analytical Source-Apportionment Methods. Environ. Health Perspect. 2008, 116, 459—466.
[CrossRef] [PubMed]

Xiao, Q.; Liu, Y.; Mulholland, J.A.; Russell, A.G.; Darrow, L.A.; Tolbert, P.E.; Strickland, M.]. Pediatric
emergency department visits and ambient Air pollution in the U.S. State of Georgia: A case-crossover study.
Environ. Health 2016, 15, 115. [CrossRef] [PubMed]

Larkin, N.K.; O’Neill, S.M.; Solomon, R.; Raffuse, S.; Strand, T.; Sullivan, D.C.; Krull, C.; Rorig, M.; Peterson, J.;
Ferguson, S.A. The BlueSky smoke modeling framework. Int. J. Wildl. Fire 2009, 18, 906-920. [CrossRef]
Byun, D.; Schere, K.L. Review of the Governing Equations, Computational Algorithms, and Other
Components of the Models-3 Community Multiscale Air Quality (CMAQ) Modeling System. Appl. Mech. Rev.
2006, 59, 51-77. [CrossRef]

Dunker, A.M. The decoupled direct method for calculating sensitivity coefficients in chemical kinetics.
J. Chem. Phys. 1984, 81, 2385-2393. [CrossRef]

Friberg, M.D.; Zhai, X.; Holmes, H.A.; Chang, H.H; Strickland, M.].; Sarnat, S.E.; Tolbert, PE.; Russell, A.G.;
Mulholland, J.A. Method for Fusing Observational Data and Chemical Transport Model Simulations to
Estimate Spatiotemporally Resolved Ambient Air Pollution. Environ. Sci. Technol. 2016, 50, 3695-3705.
[CrossRef]

Huang, R.; Zhai, X.; Ivey, C.E.; Friberg, M.D.; Hu, X,; Liu, Y.; Di, Q.; Schwartz, ].; Mulholland, J.A.; Russell, A.G.
Air pollutant exposure field modeling using air quality model-data fusion methods and comparison with
satellite AOD-derived fields: Application over North Carolina, USA. Air Qual. Atmos. Health 2018, 11, 11-22.
[CrossRef]

Napelenok, S.L.; Cohan, D.S.; Hu, Y.; Russell, A.G. Decoupled direct 3D sensitivity analysis for particulate
matter (DDM-3D/PM). Atmos. Environ. 2006, 40, 6112-6121. [CrossRef]

Environmental Benefits Mapping and Analysis Program—Community Edition. Available online:
https://www.epa.gov/sites/production/files/2015-04/documents/benmap-ce_user_manual_appendices_
march_2015.pdf (accessed on 26 June 2019).


http://dx.doi.org/10.1007/s11356-014-3916-2
http://www.ncbi.nlm.nih.gov/pubmed/25483974
http://dx.doi.org/10.1289/ehp.1003206
http://www.ncbi.nlm.nih.gov/pubmed/21705297
http://dx.doi.org/10.1038/jes.2014.67
http://www.ncbi.nlm.nih.gov/pubmed/25294305
https://www.epa.gov/air-emissions-inventories/2014-national-emissions-inventory-nei-documentation
https://www.epa.gov/air-emissions-inventories/2014-national-emissions-inventory-nei-documentation
http://dx.doi.org/10.1021/acs.est.6b06200
http://dx.doi.org/10.1029/2017JD028217
http://dx.doi.org/10.1093/aje/kwu234
http://dx.doi.org/10.1289/EHP271
http://dx.doi.org/10.1289/ehp.10873
http://www.ncbi.nlm.nih.gov/pubmed/18414627
http://dx.doi.org/10.1186/s12940-016-0196-y
http://www.ncbi.nlm.nih.gov/pubmed/27887621
http://dx.doi.org/10.1071/WF07086
http://dx.doi.org/10.1115/1.2128636
http://dx.doi.org/10.1063/1.447938
http://dx.doi.org/10.1021/acs.est.5b05134
http://dx.doi.org/10.1007/s11869-017-0511-y
http://dx.doi.org/10.1016/j.atmosenv.2006.05.039
https://www.epa.gov/sites/production/files/2015-04/documents/benmap-ce_user_manual_appendices_march_2015.pdf
https://www.epa.gov/sites/production/files/2015-04/documents/benmap-ce_user_manual_appendices_march_2015.pdf

Int. |. Environ. Res. Public Health 2019, 16, 2312 14 of 14

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Alman, B.L.; Pfister, G.; Hao, H.; Stowell, J.; Hu, X,; Liu, Y.; Strickland, M.J. The association of wildfire smoke
with respiratory and cardiovascular emergency department visits in Colorado in 2012: A case crossover
study. Environ. Health 2016, 15, 64. [CrossRef]

Sacks, ].D.; Lloyd, ].M.; Zhu, Y.; Anderton, J.; Jang, C.J.; Hubbell, B.; Fann, N. The Environmental Benefits
Mapping and Analysis Program—Community Edition (BenMAP-CE): A tool to estimate the health and
economic benefits of reducing air pollution. Environ. Model. Softw. 2018, 104, 118-129. [CrossRef]

BenMAP Community Edition. Available online: https://www.epa.gov/benmap/benmap-community-edition
(accessed on 15 February 2019).

Williams, A.P.; Cook, B.I; Smerdon, J.E.; Bishop, D.A.; Seager, R.; Mankin, J.S. The 2016 Southeastern U.S.
Drought: An Extreme Departure from Centennial Wetting and Cooling. J. Geophys. Res. Atmos. 2017, 122,
10888-10905. [CrossRef] [PubMed]

Ruthrof, K.X.; Fontaine, ].B.; Matusick, G.; Breshears, D.D.; Law, D.J.; Powell, S.; Hardy, G. How
drought-induced forest die-off alters microclimate and increases fuel loadings and fire potentials. Int. J. Wildl.
Fire 2016, 25, 819-830. [CrossRef]

Emery, C.; Liu, Z.; Russell, A.G.; Odman, M.T.; Yarwood, G.; Kumar, N. Recommendations on statistics and
benchmarks to assess photochemical model performance. J. Air Waste Manage. Assoc. 2017, 67, 582-598.
[CrossRef] [PubMed]

Gao, M.; Cao, J.; Seto, E. A distributed network of low-cost continuous reading sensors to measure
spatiotemporal variations of PM, 5 in Xi’an, China. Environ. Pollut. 2015, 199, 56-65. [CrossRef] [PubMed]

Kelleher, S.; Quinn, C.; Miller-Lionberg, D.; Volckens, J. A low-cost particulate matter (PM; 5) monitor for
wildland fire smoke. Atmos. Meas. Tech. 2018, 11, 1087-1097. [CrossRef]

Zheng, T.; Bergin, M.H.; Johnson, K.K.; Tripathi, S.N.; Shirodkar, S.; Landis, M.S.; Sutaria, R.; Carlson, D.E.
Field evaluation of low-cost particulate matter sensors in high and low concentration environments. Atmos.
Meas. Tech. Discuss. 2018, 1-40. [CrossRef]

Johnson, K.K.; Bergin, M.H.; Russell, A.G.; Hagler, G.S5.W. Field Test of Several Low-Cost Particulate Matter
Sensors in High and Low Concentration Urban Environments. Aerosol Air Qual. Res. 2018, 18, 565-578.
[CrossRef]

Davis, A.Y.; Ottmar, R.; Liu, Y.; Goodrick, S.; Achtemeier, G.; Gullett, B.; Aurell, J.; Stevens, W.; Greenwald, R.;
Hu, Y.; et al. Fire emission uncertainties and their effect on smoke dispersion predictions: A case study at
Eglin Air Force Base, Florida, USA. Int. |. Wildl. Fire 2015, 24, 276-285. [CrossRef]

Garcia-Menendez, F; Hu, Y.,; Odman, M.T. Simulating smoke transport from wildland fires with a
regional-scale air quality model: Sensitivity to spatiotemporal allocation of fire emissions. Sci. Total
Environ. 2014, 493, 544-553. [CrossRef]

Garcia-Menendez, F.; Hu, Y.; Odman, M.T. Simulating smoke transport from wildland fires with a
regional-scale air quality model: Sensitivity to uncertain wind fields. ]. Geophys. Res. Atmos. 2013,
118, 6493-6504. [CrossRef]

@ © 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.1186/s12940-016-0146-8
http://dx.doi.org/10.1016/j.envsoft.2018.02.009
https://www.epa.gov/benmap/benmap-community-edition
http://dx.doi.org/10.1002/2017JD027523
http://www.ncbi.nlm.nih.gov/pubmed/29780677
http://dx.doi.org/10.1071/WF15028
http://dx.doi.org/10.1080/10962247.2016.1265027
http://www.ncbi.nlm.nih.gov/pubmed/27960634
http://dx.doi.org/10.1016/j.envpol.2015.01.013
http://www.ncbi.nlm.nih.gov/pubmed/25618367
http://dx.doi.org/10.5194/amt-11-1087-2018
http://dx.doi.org/10.5194/amt-11-4823-2018
http://dx.doi.org/10.4209/aaqr.2017.10.0418
http://dx.doi.org/10.1071/WF13071
http://dx.doi.org/10.1016/j.scitotenv.2014.05.108
http://dx.doi.org/10.1002/jgrd.50524
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Burn Impact Exposure Fields 
	Health Impact Function 

	Results and Discussion 
	Total PM2.5 Concentrations and Fire Impact Exposure Fields from CMAQ and Data Fusion (DF) 
	Health Impacts from Prescribed Burning 

	Conclusions 
	References

