
ABSTRACT 

AFRIN, SADIA. Evaluating the Impacts of Prescribed Fire on Air Quality and Public Health in 
the Southeastern U.S. (Under the direction of Dr. Fernando Garcia Menendez). 

Prescribed fires, planned and intentionally ignited wildland fires, are frequently used in the 

Southeastern U.S. for various land management purposes, such as reducing the risk of catastrophic 

wildfires and restoring ecosystems. They are also the largest source of fine particle emissions in 

the Southeast. Additionally, prescribed fire use is likely to increase across the U.S. in the near 

future due to the increasing wildfire severity and recognition of prescribed burning as a valuable 

land management tool. The role of wildland fires in U.S. air quality will grow even larger as the 

contributions from other major emission sources, often the target of policy and regulations, 

continues to decrease.  

  Despite their significance, prescribed fire remains one of the most inadequately 

characterized major emission sources in the U.S. The extent of its impacts on atmospheric 

concentrations and public health, as well as the driving factors that influence smoke pollution 

remain largely uncertain. The degree to which prescribed fire may avoid more severe air quality 

impacts from wildfires is also poorly understood. Therefore, a better understanding of the air 

quality impacts, benefits, and tradeoffs of prescribed fire is needed to benefit from the advantages 

that this land treatment tool can offer, while ensuring decision-making that jointly considers both 

land and air quality management goals.  

To address these gaps, the research objectives of this thesis include: (1) assess the influence 

of prescribed fire on air quality in the Southeastern U.S.; (2) investigate the connections of 

prescribed fire smoke to public health, community vulnerability, and landowners in the Southeast; 



(3) evaluate the air quality benefits and tradeoffs of prescribed fire; and (4) identify key factors 

that determine smoke pollution and exposure from prescribed fire projects. 

In this research, a unique dataset of digital burn permit records was developed for the 

Southeast. The influence of prescribed fire smoke on regional air quality and public health is 

estimated through multiple data analyses, air quality, and health impact approaches. The results 

show a significant association between prescribed fire activity and PM2.5 concentrations recorded 

at Southeastern monitoring sites, with permitted burning explaining as much as 50% variability in 

daily PM2.5 concentrations. The simulations also reveal that the regional health impacts of 

prescribed burning smoke can be significant, potentially including hundreds of morbidity and 

mortality incidences associated with smoke pollution each year. These health impacts are 

concentrated in areas with high burning activity, lower socioeconomic status, and a higher 

percentage of elderly and disabled residents. The analysis of air quality tradeoffs of prescribed fire 

reveals that the benefits achieved from prescribed fire treatment by reducing severe wildfire air 

pollution can substantially outweigh the air quality impacts associated with burning. This work 

also provides insights into the ability of operational land management programs to minimize air 

quality impacts of prescribed fire by identifying the dominant variables that influence smoke 

exposure and testing commonly used burning guidelines.  

Overall, the findings of this research advance the current understanding of the impacts of 

prescribed fire smoke and pathways to improve smoke pollution associated with land management. 

These results also call for greater attention to the growing air quality impacts of wildland fire in 

the Southeastern U.S. and point to additional research needed to address this challenge.   
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 Introduction 

 Wildland Fire, Land Management, and Smoke Pollution in the 

Southeastern U.S. 

Wildland fire, which includes wildfire and prescribed fire, is an important element of 

ecosystem and land management in the U.S. Wildfires are unplanned fires that originate in 

wildland areas and can spread to populated regions, impacting natural and human resources. In 

contrast, prescribed burning is the controlled application of fire often conducted to mitigate 

hazardous wildfire risk, and has other ecological benefits (Kobziar et al., 2015; Zhao et al., 2019a). 

In the U.S., prescribed burning represents more than 40% of the total reported wildland area burned 

(NIFC, 2018). Most U.S. prescribed burning (~70%) occurs in the Southeast (Melvin, 2018). It is 

consistently considered the most efficient land management strategy for wildfire hazard reduction 

in the region (Addington et al., 2015; Kobziar et al., 2015; Kolden, 2019; Oakman et al., 2019; 

Waldrop et al., 2016).  

Although prescribed fires are used as a land management technique, like wildfires they 

produce smoke that contributes to air pollution. The combined emissions from wildfires and 

prescribed fires make wildland fires the largest source of fine particulate matter (PM2.5: particles 

with an aerodynamic diameter less than or equal to 2.5 µm) emissions in the U.S. (U.S. EPA, 

2018). Around half of total U.S. wildland fire PM2.5 emissions come from prescribed fire smoke. 

In the Southeast, prescribed fire accounts for nearly 25% of primary PM2.5 emissions (U.S. EPA, 

2018). PM2.5 is generally considered the air pollutant associated with the largest health concerns 

(ISA, 2019). Further, PM2.5 from fire-related sources has been observed to have larger effects on 
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human health compared to those of PM2.5 not specifically from fires (Aguilera et al., 2021; 

Deflorio-Barker et al., 2019; Stowell et al., 2019).  

In Southeastern U.S., millions of people live near the wildland-urban interface (WUI) 

(Radeloff et al., 2018) and communities are more vulnerable to wildland fire smoke (Rappold et 

al., 2017). In the region, the propensity to conduct prescribed burns near communities, at times 

under conditions conducive to incomplete combustion and unfavorable for atmospheric dispersion, 

can aggravate the impacts of prescribed burning on air quality and health (Haikerwal et al., 2015; 

Pearce et al., 2012; Price et al., 2016). However, compared to air pollution from wildfires, 

prescribed fire smoke is much less severe (Guan et al., 2020; Williamson et al., 2016), is 

concentrated in areas close to burns, and can be mitigated by following proper smoke management 

plans.  

Recently, there has been growing interest in increasing the use of prescribed fires as 

wildfires become larger, longer-lasting, more frequent, and destructive across many regions of the 

U.S., particularly in western states (Jaffe et al., 2020). In the Southeast, researchers have also 

encouraged greater use of prescribed fires given that current burning levels are unable to meet 

regional land management objectives (Kobziar et al., 2015; Waldrop et al., 2016). Consequently, 

the use of prescribed fire, as well as its associated air pollution, is expected to increase. In contrast, 

air pollution from other major emission sources in the U.S., typically the target of policy and 

regulations, is decreasing. Therefore, wildland fire air pollution - including both wildfires and 

prescribed burns - could become one of the most pressing U.S. air quality concerns in coming 

years. 
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 Research Needs 

Despite the significance of prescribed fire in the Southeast, only a few studies have 

quantified the effects of prescribed burning on air quality in isolation (Navarro et al., 2018). A 

smaller number of studies have attempted to investigate the impacts of prescribed fire at regional 

scales (Theodoritsi et al., 2020; Tian et al., 2008; Zeng et al., 2008, 2016). However, some were 

based on the Visibility Improvement - State and Tribal Association of the Southeast (VISTAS) 

inventory, which was compiled in 2002 and later shown to be incomplete (Zeng et al., 2016). More 

recently, Gaither et al. (2019) and Huang et al. (R. Huang et al., 2019) estimated smoke impacts 

from prescribed fires in Georgia using a data fusion method. Still, the influence of prescribed fire 

on PM2.5 pollution over the region remains largely uncertain. Thus, a better understanding of the 

impacts of prescribed fire on air quality in the Southeast is an important research need to 

evaluate the air quality implications of land management efforts. 

Assessing the influence of prescribed fire on U.S. air quality is challenging due to the 

uncertainty in prescribed fire data. Satellite-based techniques, commonly used in wildfire research, 

have proven incapable of detecting a large fraction of low-intensity and short-lived prescribed 

burns, and cannot differentiate between prescribed burns and wildfires (X. Hu et al., 2016; R. 

Huang et al., 2018; Nowell et al., 2018; Randerson et al., 2012). The use of bottom-up inventories 

of prescribed fire activity, such as burn permits, can address some of these uncertainties by 

including a larger number of prescribed burns and additional information. Although post-burn 

conditions related to each permit are not commonly recorded and inconsistency exists in 

recordkeeping and data-reporting requirements across agencies, the compilation and use of burn 

permits have increased substantially in recent years. A requirement to better understand 
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prescribed fire impacts and improve related decision-making is developing more complete 

regional prescribed burn records. 

The extent to which prescribed fire smoke affects public health remains largely unexplored. 

Fann et al. (2018) estimated public health impacts associated with wildland fire-related PM2.5, 

including both wild and prescribed fire smoke, using general ambient PM2.5 specific concentration-

response functions (CRFs). However, reliance on CRFs that are not fire-specific and dependence 

on satellite-based fire detections may lead to an underestimation of the impacts associated with 

prescribed fires. In a recent study, Huang et al. (R. Huang et al., 2019) used burn permit data and 

a fire-specific CRF to estimate prescribed fires' impact on asthma-related emergency room visits 

in Georgia. Nevertheless, studies investigating the burden of prescribed fire smoke on air pollution 

and health endpoints of concern (e.g., respiratory morbidity and premature mortality) are still very 

limited. It is necessary to conduct additional research exploring the burden prescribed fire 

smoke poses on different public health outcomes. 

Little attention has been paid to characterizing the landowners conducting prescribed fire 

and the communities exposed to high levels of smoke. In the U.S., populations of lower 

socioeconomic status, African Americans, and Hispanic Americans live closer to polluting 

facilities more frequently (Jones et al., 2014; Mohai et al., 2009) and are exposed to higher levels 

of air pollution (Hajat et al., 2015). However, the potential links between social or racial disparities 

and air pollution from land management practices, specifically prescribed burning, have not been 

analyzed in depth. Identifying the regions where individuals may be particularly vulnerable to 

prescribed fire smoke can be a key element in effectively mitigating its impacts. Towards this 

goal, it is important to characterize the emitters of smoke and communities exposed to fire-

related air pollution.  
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To quantify the impact of prescribed fires on air quality, data analysis and air quality 

models offer useful approaches. Statistical methods based on observational data can be of value, 

as simulating fire emissions and their impacts has proven to be a challenge for existing process-

based air quality models (J. Huang et al., 2017; Lassman et al., 2017; Lee et al., 2017; Pavlovic et 

al., 2016). However, monitoring networks are sparse in non-urban areas. Additionally, satellite 

data may not reflect ground-level concentrations and can be constrained by cloud coverage and 

limited satellite overpasses. Chemical transport models (CTMs) at the forefront of air quality 

modeling can play an important role in addressing these gaps. CTMs can be used to predict fire 

impacts in isolation and to conduct sensitivity analyses aimed at investigating the factors 

influencing prescribed fire pollution. Thus, modeling frameworks specifically developed for 

wildland fire impacts assessment can play an essential role in mitigating smoke pollution and 

developing effective policies. 

The degree to which prescribed fire may diminish more severe air quality impacts of 

wildfires is poorly understood. Previous studies investigating the tradeoffs between wildfire and 

prescribed fire mostly examine the influence of burning on fuel loads (Arthur et al., 2017; Waldrop 

et al., 2016), wildfire frequency (Addington et al., 2015), or emissions (Hyde & Strand, 2019; X. 

Liu et al., 2017). No associated research has been carried with a focus on fire-related pollutant 

concentrations. Furthermore, similar fire emissions can lead to different air pollutant 

concentrations depending on many factors, such as weather conditions and associated mechanisms 

of transport and transformation in the atmosphere. Therefore, new methods to fairly weigh the air 

quality tradeoffs between wildfire and prescribed burning are needed to strengthen decision-

making and support land management efforts.  
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Given the projected increase in prescribed fire use in the near future, attention must be paid to 

minimizing smoke exposure while allowing for more land treatments to be conducted. However, 

additional research investigating key factors that influence smoke concentrations resulting from 

prescribed fire is needed. Smoke management plans, often used as a component of fire 

management, typically provide acceptable ranges of meteorological conditions to control smoke 

dispersion and fire behavior. The effectiveness of these guidelines to reduce pollutant 

concentrations has not been carefully investigated. Although atmospheric dispersion tools are used 

to predict the smoke impacts of specific prescribed fire projects under specific weather conditions, 

comprehensive air quality models have not been used to evaluate their performance or identify 

dominant meteorological parameters controlling smoke concentrations. Analyses investigating the 

ability of burners to manage smoke pollution are critical to improve land management efforts 

and develop successful burning practices and guidelines.  

 Research Objectives and Hypotheses  

To address the knowledge gaps discussed above, this dissertation focuses on four objectives: 

1. Assess the influence of prescribed fire on air quality impact in the Southeast U.S. 

2. Investigate potential connections of prescribed fire smoke to landowners, community 

vulnerability, and public health. 

3. Evaluate the air quality benefits and tradeoffs of prescribed fire in the Southeast. 

4. Identify key factors that determine smoke pollution and exposure in the Southeast. 

 

Additional details about each objective are discussed in Chapters 2 to 5. A brief description 

of each chapter and the hypotheses motivating the research are provided below. 
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Chapter 2: The Influence of Prescribed Fire on Fine Particulate Matter Pollution in the 

Southeastern U.S. 

To addresses Objective 1, this chapter investigates statistical associations between 

prescribed burning activity and PM2.5 concentrations observed at the southeastern monitoring 

stations. The main hypothesis of this analysis is that permitted burn area has an association with 

observed PM2.5 concentrations in the Southeastern U.S. The analysis relies on a unique dataset of 

prescribed burn permits in Georgia and Florida. Correlations between observed PM2.5 

concentrations and permitted burn area are investigated at varying spatial and temporal scales, and 

for different types of burns, using statistical modeling approaches. The associations between 

observed air quality and permitted burning are also compared to those obtained with satellite‐

derived burn areas. In addition, the analysis compares the associations between permitted burn 

area and PM2.5 concentrations to the influence exerted by important meteorological drivers of air 

pollution. 

 

Chapter 3: Connections of prescribed fire smoke to public health, community vulnerability, 

and landowners in a Southeastern U.S. state 

This chapter addresses Objective 2 under the hypotheses that prescribed fire health smoke 

has significant health impacts and these impacts are higher in socially vulnerable communities. 

The potential effects of prescribed fire smoke on several health outcomes across Georgia are 

estimated through digital burn permit records, reduced-form air quality modeling, and 

epidemiologically-derived CRFs. The estimated health impacts of prescribed fire smoke are 

further compared to the impacts from other major emission sources. Additionally, this analysis 

examines spatial clusters of burn activity and social vulnerability, based on a demographic and 
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socioeconomic index, to characterize the communities most exposed to smoke. Emitters of 

prescribed fire smoke, organized by landowner type, are also studied under this chapter.  

 

Chapter 4: Evaluating the Air Quality Benefits and Tradeoffs of Prescribed Fire in the 

Southeastern U.S.  

To addresses Objective 3, in Chapter 4 is hypothesized that the air quality benefits of 

prescribed fire treatment by reducing wildfire severity are higher than the air quality impacts of 

prescribed fire smoke. This chapter presents a novel approach to evaluate the air quality benefits 

and tradeoffs of prescribed fire treatment using a 4-km CTM framework centered on North 

Carolina. The air quality tradeoffs of prescribed burning are weighed by comparing their air 

pollution impacts to the benefits obtained by reducing the severity of air pollution from wildfires. 

Two large wildfires that occurred in 2016 are studied − Party Rock and Chestnut Knob wildfires 

in Western North Carolina. Prescribed fire impacts, as well as pre- and post-treatment wildfire 

impacts, are simulated for this analysis based on a set of historical and hypothetical fire scenarios. 

 

Chapter 5: An analysis of smoke mitigation in a Southeastern U.S. prescribed burning 

program 

Chapter 5 addresses Objective 4 with the hypotheses that prescribed fire smoke 

concentrations are sensitive to fire size, location and burn-day meteorology, and that traditional 

burning guidelines can reduce smoke pollution. This chapter investigates key factors that influence 

smoke concentrations and downwind affected population, based on smoke modeling and 

sensitivity analyses. The operations of the North Carolina Department of Parks and Recreation’s 

land management program are examined. Here, a state-of-the-science fire and air quality modeling 
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framework is used to simulate the air pollution impacts of all burns conducted on North Carolina 

State Parks’ land during one year, and explore sensitivity to burn-day weather conditions. In 

addition, this analysis assesses the effectiveness of the traditional recommendations for acceptable 

burning conditions used in smoke management. 

 

Chapter 6: Conclusions and Future Research Directions. 

Chapter 6 presents key conclusions from this dissertation and highlights future research 

directions based on its findings. 
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 The Influence of Prescribed Fire on Fine Particulate 
Matter Pollution in the Southeastern U.S. 

* A modified version of this chapter has been published as ‘The Influence of Prescribed Fire on 
Fine Particulate Matter Pollution in the Southeastern United States’ in the Geophysical 
Research Letters, Vol. 47(15), July 2020, doi.org/10.1029/2020GL088988. 

Abstract 

Prescribed fire is the largest source of fine particulate matter emissions in the Southeastern U.S., 

yet its air quality impacts remain highly uncertain. Here, we assess the influence of prescribed fire 

on observed pollutant concentrations in the region using a unique fire dataset compiled from 

multiyear digital burn permit records. There is a significant association between prescribed fire 

activity and concentrations recorded at Southeastern monitoring sites, with permitted burning 

explaining as much as 50% variability in daily PM2.5 concentrations. This relationship varies 

spatially and temporally across the region, and as a function of burn type. At most locations, the 

association between PM2.5 concentration and permitted burning is stronger than that with satellite-

derived burn area or meteorological drivers of air quality. These results highlight the value of 

bottom-up data in evaluating the contribution of prescribed fire to regional air pollution and reveal 

a need to develop more complete burn records. 

 Introduction 

Wildland fires, including wildfires and prescribed fires, are the largest source of fine 

particulate matter (PM2.5) emissions in the United States (U.S.) (U.S. EPA, 2018). Nationally, over 

10 million Americans have been estimated to experience unhealthy PM2.5 levels caused by 

wildland fires at least 10 days per year (Rappold et al., 2017) and fires are believed to contribute 
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over 10% of the country’s mean PM2.5 concentration (Wilkins et al., 2018). Annual premature 

deaths and illnesses associated with short- and long-term exposure to fire smoke have been valued 

at more than $100 billion (Fann et al., 2018). Although wildfires attract considerable attention, 

much of the wildland fires in the U.S. are prescribed, representing more than 40% of the total 

reported area burned (NIFC, 2018).  

Prescribed burning is the controlled application of fire to accomplish different land 

management objectives, including hazardous wildfire mitigation, and it can play a critical role in 

sustaining healthy ecosystems (Kobziar et al., 2015; Zhao et al., 2019). In the U.S., most of this 

burning (~70%) occurs in the Southeast (Chiodi et al., 2018), where it accounts for nearly 25% of 

primary PM2.5 emissions (U.S. EPA, 2018). The Southeast also includes one of the largest urban-

wildland interfaces in the country, with millions living in areas that neighbor or intermix with fire-

prone land (Martinuzzi et al., 2015; Radeloff et al., 2018). These circumstances, combined with 

the propensity to conduct prescribed burns under conditions conducive to incomplete combustion, 

can lead to air quality and public health concerns in nearby communities (Haikerwal et al., 2015; 

Pearce et al., 2012; Price et al., 2016). However, fire is a natural feature of many Southern 

landscapes, where ecosystems may depend on its occurrence, and suppression has proven 

unsustainable (North et al., 2015; Williamson et al., 2016). Further, the air quality impacts of 

wildfires can far exceed those of prescribed burning (Guan et al., 2020; North et al., 2015; 

Williamson et al., 2016). A clear understanding of the effects of prescribed fire on air pollution is 

needed to develop mitigation strategies that jointly consider land management and public health 

goals. 

Despite their significance, prescribed fire remains one of the most inadequately 

characterized major emission sources, and few studies have quantified its effects on air quality 
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(Navarro et al., 2018). Several have relied on ambient measurements (e.g., Liu et al., 2017; May 

et al., 2014; Sullivan et al., 2014), statistical approaches (e.g., Balachandran et al., 2017; Liu et al., 

2016), or models (e.g., Garcia-Menendez et al., 2013, 2014; Hu et al., 2008; Liu et al., 2009) to 

estimate the impacts of individual fire projects or the influence of burning at specific receptors. A 

smaller number of studies have attempted to quantify the impacts of prescribed fire at regional 

scales. Using chemical transport modeling, Ravi et al. (Ravi et al., 2019) found that prescribed 

fires can significantly affect regional air quality over areas of the Pacific Northwest. In the 

Southeast, some studies have modeled the regional impacts of burning on air quality (Tian et al., 

2008; Zeng et al., 2008, 2016). However, these were based on the VISTAS inventory, which was 

compiled in 2002 and later shown to be incomplete (Zeng et al., 2016). More recently, Gaither et 

al. (2019) and Huang et al. (2019) used burning permits and a data fusion method to estimate 

smoke impacts in Georgia. Still, the influence of prescribed fire on air pollution over the Southeast 

remains uncertain.  

Assessing the role of prescribed fire on U.S. air quality has been hindered by challenges 

associated with compiling fire data. Satellite-based products, used extensively in wildland fire 

smoke analyses, have proven incapable of detecting a large fraction of low-intensity, short-lived 

prescribed burns (Randerson et al., 2012). Over the Southeast, remote sensing fire data techniques 

are prone to large uncertainties in fire location, size, and timing (Hu et al., 2016; Huang et al., 

2018; Nowell et al., 2018). Additionally, satellite-based detections do not discern between 

prescribed fires and other forms of biomass burning, including wildfires. In contrast, bottom-up 

fire inventories, such as burn permit records collected by state agencies and land managers, can 

include a larger number of fires and additional information. However, permits normally lack post-

burn information and are susceptible to uncertainties due to inconsistencies in recordkeeping and 
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data reporting requirements across agencies. Nevertheless, digital prescribed fire records 

maintained by several states have increased substantially in recent years.  

In this chapter, we assess the influence of prescribed fire on observed PM2.5 concentrations 

in the Southeastern U.S. based on permitted burning. Our analysis focuses on the states of Georgia 

and Florida, which include some of the most active burning areas in the U.S. (Melvin, 2018). These 

states also have two of the most complete digital permits inventories and have been estimated to 

include some of the largest health impacts attributed to fire smoke (Fann et al., 2018). We examine 

several types of prescribed fires and investigate how associations between prescribed burning and 

PM2.5 vary spatially and temporally. Additionally, we compare these to associations with satellite-

derived fire data and meteorological drivers of air quality.  

 Data and Methods 

 Unified record of prescribed fire in the Southeastern U.S. 

We develop a unified prescribed fire record by systemizing digital permit data from 

agencies in Southeastern states. We have compiled permit-based data for four states: Georgia, 

Florida, North Carolina, and Tennessee. Among these, Georgia, Florida, North Carolina have 

individual fire records, whereas Tennessee reports county-wise total burn area. Additionally, states 

have different burn information recorded in their permit records. For example, burn permits in 

Florida - authorized and collected by the Florida Forest Service (FFS) - include burn area, date, 

type, and geographic coordinates. On the other hand, the digital records of Georgia burning 

permits- issued and compiled by the Georgia Forestry Commission (GFC) - include burn area, 

date, type, and address. Most GFC permits do not include geographic coordinates and the level of 

detail and recorded addresses varies widely. To include Georgia burns, addresses listed on GFC 
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permits are geocoded using the ArcGIS Business Analyst 2017 dataset to identify a latitude and 

longitude that matched each. However, burn addresses recorded on GFC permits may lack details, 

including street address, city, or zip code. To geocode incomplete addresses, the algorithm 

described in Figure 2-1 is developed to assign geographic coordinates to permitted burns based on 

the address attributes available. Insufficient information precluded geocoding approximately 13% 

of the GFC permits, which are discarded in the analyses. Among the geocoded permits considered 

in our analysis, 53% of permits are matched by burn address, while 33% and 14% of permits are 

matched by street name and zip code, respectively.  

 

Figure 2-1. Geocoding process used for GFC burn permits. 
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 Associations between prescribed burning and observed PM2.5 concentrations 

To assess the influence of prescribed fire on observed PM2.5 concentrations in the 

Southeastern U.S., Georgia and Florida burning permits from 2013 to 2016 are used as an indicator 

of prescribed fire activity (Figure 2-2). 

 

 Figure 2-2. Spatial distribution of 2016 burn permits and AQS sites over Georgia and Florida.  

 

Only burns specifically labeled by the GFC and FFS as prescribed fires are considered in 

our analyses. These include silvicultural (intended for management, restoration, and care of forests 

and woodlands), land clearing (clearing of vegetation for development), and agricultural 

(associated with cultivation, pastures, or rangeland) burns in both states. The FFS additionally 

records the number and dimensions of pile burns (gathered vegetative debris). For surface PM2.5 
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concentrations, observations are collected from monitoring sites included in the U.S. 

Environmental Protection Agency’s Air Quality System (AQS) (U.S. EPA, 2012). We consider 

24-hour average PM2.5 concentrations available from all monitors in Georgia (31) and Florida (49) 

during the period studied (Figure 2-2). The strength of the relationship between prescribed fire and 

PM2.5 is assessed at all observational sites considered by estimating the bivariate correlation 

(Pearson correlation coefficient, PCC) between measured concentrations and permitted burn area 

near each site. Burning activity near each site is weighed by identifying fires and area burned 

(permitted or satellite-derived) within a specified radius from the site and time period. The analyses 

focus on the Southeastern burning season, extending from January to April, which concentrates 

most of the region’s burning (Huang et al., 2018).  

 

 Associations between PM2.5 concentrations and ground-based and satellite-

derived fire data 

To compare the associations between prescribed burning and PM2.5 to the associations 

between satellite-derived fire data and PM2.5, we estimate the bivariate correlation between 

measured concentrations and satellite-derived burn area near each site. In our analyses of satellite-

derived fire activity, we use burn areas generated by the National Oceanic and Atmospheric 

Administration’s (NOAA) Blended Polar Geo Biomass Burning Emissions Product (Blended-

BBEP) (Zhang et al., 2011). The Blended-BBEP combines detections from NOAA’s 

Geostationary Operational Environmental satellites (GOES-East and GOES-West), the Moderate 

Resolution Imaging Spectroradiometer on the National Aeronautics and Space Administration’s 

Terra and Aqua satellites, and the Advanced Very High Resolution Radiometer on NOAA’s polar-

orbiting satellites. We aggregate hourly Blended-BBEP fire detections into daily burn areas. 
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 Influence of different types of burns 

We use multiple regression to account for different types of burns in weighing the 

associations between fire activity and PM2.5. Stepwise regression is used to create a generalized 

linear model at each monitoring site with 24-hour PM2.5 concentration as the response variable and 

surrounding permitted burns for different fire types as predictors (𝑥 ): 𝑃𝑀 . = 𝑏 + ∑ 𝑏 𝑥 . 

The models are allowed to include a linear term for each predictor—burn area for silvicultural, 

land clearing and agricultural fires, and pile volume for pile fires. In the stepwise algorithm, a 

combination of forward and backward selection is used to systematically determine the terms in 

the final model using the p-value for a chi-squared test of the change in the deviance after adding 

or removing a term as a criterion (a p ≤ .05 threshold is defined). To assess the explanatory power 

of a model we use the adjusted coefficient of multiple determination (R̅2), which increases with 

the addition of a predictor only if the proportion of variation explained extends beyond the increase 

expected by chance. We compare the relative importance of each burn type on pollutant 

concentrations by applying the average increment method (Tonidandel & LeBreton, 2011). The 

method follows the principle of dominance analysis (Azen & Budescu, 2003) to determine the 

proportional contribution of each variable to the variation explained directly and in combination 

with other predictors in the model.  

 

 Associations between PM2.5 concentrations and meteorology 

To examine the influence of meteorology on PM2.5, we rely on weather observations 

recorded by the Automated Surface Observing System Network (ASOS), which includes 84 

stations in Georgia and 97 in Florida (ASOS, 2002). Each air quality monitor is matched with the 

closest weather station available, up to 20 km away, allowing daily average meteorology near the 
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site to be estimated for approximately 90% of monitors. The influence of meteorology on PM2.5 is 

assessed by including daily mean temperature, precipitation, relative humidity, wind speed, and 

wind direction components (north-south and east-west), as well as first-order interactions between 

these meteorological variables, as potential predictors (𝒚𝒊) in the multiple regression:              

𝑃𝑀 . =  𝑏 +  ∑ 𝑏 𝑥 + ∑ 𝑏 𝑦 +  ∑ ∑ 𝑏 𝑦 𝑦  . 

 Results and Discussions 

 Burn permit records show an association between prescribed fire and air 

pollution recorded at monitoring sites in Georgia and Florida 

From 2013 to 2016, the GFC issued permits for nearly 80,000 prescribed burns covering 

1.5 million acres on average each year. During the same period, the FFS annually authorized 

permits for approximately 25,000 burns covering 2.5 million acres and 60,000 piles. Silvicultural 

fires accounted for 83% of the burn area in Georgia, with agricultural and land clearing fires 

representing 11% and 6% respectively. In Florida, 63% of the burn area was characterized as 

silvicultural, while 36% was recorded as agricultural and 1% as land clearing. Excluding pile 

burns, the average size of these fires was approximately 100 acres. The most intense burning was 

recorded in Southwest Georgia, Northwest Florida, and Southcentral Florida (Figure 2-2). Close 

to 80% of the fires in Georgia were authorized between January and April. The seasonality is 

shown for a Southwest Georgia location in Figure 2-3a. This pattern is less evident in Florida, 

where 63% of the permitted burns were authorized during the first four months of the year. 
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Figure 2-3. Influence of prescribed burning activity on the observed PM2.5 concentrations in the 
Southeastern U.S. (a) 5-day average 24-hour PM2.5 concentration at Albany, Georgia, and 5-day 
average daily acres burned within 60 km of the station. Georgia-average concentration (2013-
2016) and burning season are also shown. (b) Relative percentage of days at all monitoring sites 
considered associated with varying air quality and burning levels during 2013-2016 burning 
seasons. Observations are 24-hour PM2.5 concentrations and burn areas are permitted acres within 
60 km of the sites on the day of the observation and previous day. (c) Bivariate correlation between 
24-hour PM2.5 concentration and permitted burn area within 60 km of site on day of the observation 
and previous day for 2013-2016 burning seasons. Census-tract burn intensity is also shown. 

High PM2.5 concentrations are often observed within fire-intensive areas. For example, at 

Albany, Georgia the average burn-season 24-hour PM2.5 concentration from 2013 to 2016 is nearly 

50% higher than the state average (Figure 2-3a), despite being a relatively small metropolitan area. 

During this period, nearly half of all moderate-to-high PM2.5 observations (>15 µg m-3) recorded 

from January to April by Georgia and Florida monitors occur when a large burn area (>1,000 acres) 

are permitted within 60 km of the site on the day of the observation or the previous day (Figure 

2-3b). Higher PM2.5 levels in the region tend to coincide with heavier burning; over 80% of burn-

season 24-hour PM2.5 concentrations between 25 and 35 µgm-3 are recorded when more than 1,000 

acres of burn area are permitted nearby. For concentrations exceeding the 24-hour National 



 

25 
 

Ambient Air Quality Standard (35 µg m-3), this fraction increases to 90%, with 43% of the 

observations coinciding with a very large amount of burning (>5,000 acres) close to the site.  

 

 Fire permits can explain more than 25% of the variability in observed PM2.5 

concentrations and their influence can persist for 1-2 days 

Figure 2-3c shows the bivariate correlation between burn-season PM2.5 concentration and 

nearby total permitted burn area (silvicultural, land clearing, and agricultural) at observational sites 

considered. In Georgia, all sites show a statistically significant (p ≤ 0.05) positive correlation 

(mean PCC = 0.39) with a regression coefficient of 2.2 ± 0.5 µg m-3 per 1,000 permitted acres at 

95% confidence. Permitted burn area explains over 20% of the variability in burn-season PM2.5 

concentrations at over a third of the state’s monitors, most located in Georgia’s Upper Coastal 

Plain (Figure 2-6). At Albany, the permitted burn area alone predicts close to 50% of the variation 

in observed concentrations. In comparison, associations between observed PM2.5 concentrations 

and permitted burn area in Florida are weaker (mean PCC = 0.19); while 60% of the monitoring 

sites reflected a statistically significant correlation with burn area (0.6 ± 0.15 µg m-3 per 1,000 

permitted acres at 95% confidence), burn area explains over 10% of the variability in 

concentrations at only 3 locations, all in North Florida. 

The seasonality in associations between PM2.5 and burn area is also stronger in Georgia; 

burn-season correlations across Georgia are on average twice as large as those estimated for the 

complete year, while the ratio is close to 1.4 for Florida sites (Figure 2-4a). These associations 

remain consistent across multiple years in Georgia, but show greater inter-annual variability at 

Florida sites (Figure 2-4b).  
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Figure 2-4. Temporal variability of the correlation between PM2.5 observation and permitted 
burning activity within 60 km of monitoring site on the day of the observation and previous day. 
(a) Ratio of bivariate correlations (PCC) between 2013-2016 24-hour PM2.5 concentration and 
nearby permitted burn area estimated for January-April burning season and full year, at all sites 
considered. (b) Association between bivariate correlations (PCC) of burn-season 24-hour PM2.5 
concentrations with nearby permitted burn areas, estimated for complete 2013-2016 period (x-
axis) and individual years (y-axis) at all Georgia and Florida sites considered.   

Figure 2-5 shows the burn-season bivariate correlation between PM2.5 and surrounding 

permitted burn area recorded during varying periods of time. The influence of prescribed fire 

activity on observed air pollution persists for 1 to 2 days. The correlation is strongest when 

considering the burn area on the day of observation and the previous day. Beyond 1 day prior to 

the PM2.5 observation, the number of monitoring sites with a statistically significant association 
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and strength of the correlations drop considerably. In Georgia, for example, while the total 

permitted burn area on the day of the observation and the previous day explain over 20% of the 

variability in 24-hour PM2.5 concentrations at 35% of the state’s monitors, the burn area permitted 

a day earlier does not match this level of explained variation at any site. 

 

Figure 2-5. Duration of prescribed fire impacts on local PM2.5. Boxes include significant 
correlations (p ≤ .05) between burn-season 24-hour PM2.5 concentrations and permitted burn area 
(within 60 km) across all Georgia and Florida sites considered based on varying burning periods, 
from the day of the PM2.5 observation to 3 days prior. For each box, n is the total number of sites 
with a significant association, and dots show individual site correlations (2013-2016). 

 Silvicultural fires have the largest impact at most sites, but land clearing, 

agricultural, or pile burns dominate at specific locations 

Accounting for burn type can increase the explanatory power of a generalized linear model 

of observed PM2.5. Across Georgia, multiple regression using burn types as predictors can explain 

more than 20% of the variability in burn-season PM2.5 at over 40% of sites. In Florida, the impact 

is evident at several northern locations, especially when adding pile fires as a variable. For 

example, at Tallahassee and Lake City multiple regression can explain over 25% of the variation 

in PM2.5 during the burning season. Figure 2-6 compares the influence of different burn types 
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included as predictors at the sites with the largest explained variability. Silvicultural burn area is 

the dominant predictor at most Georgia sites, contributing approximately 60% of the R̅2 on 

average. However, the weight of agricultural and land clearing burns is also significant at some 

Georgia locations. In Northern Florida, the dominant burn type varies across sites. At Lake City, 

pile burns contribute the most to R̅2, while at Tallahassee land clearing area carries the largest 

weight. 

 

Figure 2-6. Variability in the 24-hour average PM2.5 concentrations (2013-2016) explained by 
multiple linear regression based on different types of burns. The geographic region and 
contribution of each burn type to R̅2 are shown for sites with highest explained variability. Permits 
considered are those within 60 km of site on day of the observation and the previous day. 
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 At most sites, the association between air quality and permitted burning is 

stronger than the association with satellite-derived burn area or important meteorological 

drivers  

The association between fire activity and PM2.5 pollution is stronger for permit-based burn 

areas than burn areas derived from satellite detections. Figure 2-7a compares the magnitude of 

bivariate correlations between PM2.5 concentrations and the two sources of fire data over the 2015 

and 2016 burn seasons. With few exceptions, the association is stronger when correlating PM2.5 

with permitted burn area (>85% of sites). Across statistically significant sites, the mean PCC based 

on permitted area is 55% higher than that based on satellite-derived burn area. Over Georgia, 

permitted burn area explains over 20% of the variability in observed PM2.5 at over a third of the 

state’s monitoring stations, while this is true for satellite-derived area at only one site.  

To further place the association between PM2.5 and surrounding prescribed fire into 

context, it is compared to the influence of important meteorological drivers of air quality 

(temperature, precipitation, relative humidity, wind speed, and wind direction). Figure 2-7b 

compares the relative weights of permitted burning and weather data as predictors of PM2.5 in a 

generalized linear model. At most locations (>60%), the explanatory power of nearby permitted 

fire is greater than that of the meteorological predictors, suggesting that prescribed fire has stronger 

influence on PM2.5. This is particularly true at Georgia sites, where the average variability in 24-

hour PM2.5 concentrations explained by burning is over 4 times larger than that explained by the 

meteorological variables. In contrast, at most monitoring sites near the coast or large metropolitan 

areas, including most Florida locations, the weight of fire-related explanatory variables relative to 

meteorology is substantially lower. 
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Figure 2-7. Associations between PM2.5 and burning permits, satellite-detected fires, and 
meteorology. (a) Significant (p ≤ .05) bivariate correlations between 24-hour PM2.5 concentration 
and permitted or satellite-derived burn area (2015-2016 burning seasons). (b) The relative 
importance of permitted burning and meteorological predictors in explaining 24-hour PM2.5 
concentration variability based on multiple regression (p ≤ .05) at sites with concurrent PM2.5 and 
weather data (2013-2016 burning seasons). Permits and satellite-derived burns are within 60 km 
of site on day of the PM2.5 observation and previous day. Meteorology is daily average on day of 
observation. Census-tract burn intensity is also shown. 

 

 Conclusions 

The analyses of burn permit records and observed air quality included in this study reveal 

a significant association between prescribed fire and PM2.5 pollution at multiple Southeastern 

locations during the early months of the year. It is notable that a prescribed fire signal in monitored 

air quality was identified at these sites based on burn permit data, given that the fire records include 

uncertain geo-coordinates and no verification of burns, post-burn information, or fuel 
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characteristics. Still, as much as 50% of the variability in observed PM2.5 during the burn-season 

can be explained by nearby burn permits alone, despite the noise imposed by weather and the 

effects of other emissions sources. It is similarly noteworthy that at many of the locations 

considered, the correlation between PM2.5 and permitted burning is stronger than between PM2.5 

and important meteorological drivers of air quality. Results also suggest that the influence of 

prescribed burning on PM2.5 can persist for 1 to 2 days. These associations can remain consistent 

across multiple years, but differ throughout the study domain. Silvicultural fires have the largest 

impact at most sites, but land clearing, agricultural, or pile burns dominate at specific locations. 

The linkages between prescribed burning permits and monitored PM2.5 are generally stronger in 

Georgia than in Florida. Weaker associations at Florida sites may be related to less concentration 

of fire into a defined burning season, greater inter-annual variability in burning, a larger impact of 

meteorology on pollutant concentrations, and closer proximity to the coast and large urban areas 

at most monitoring sites. However, it is likely that the strong connections between prescribed fire 

and air quality observed over Georgia are representative of other Southern states, often further 

inland, more rural, and with active burning programs, albeit incomplete fire records. Additional 

prescribed fire data is required to adequately assess the relationship across the region. 

Our results highlight several needs to improve characterizations of prescribed burning 

impacts on air quality in the Southeastern U.S. In agreement with previous studies (Huang et al., 

2018; Nowell et al., 2018), we find that smaller fires typical of prescribed burning are likely to go 

undetected by remote sensing products, making satellite-based detections highly uncertain. This 

underlines the need for ground-based fire data in assessments of air quality impacts over the region. 

While this study focuses on states with some of the most complete burn permits records, permit 

data varies widely across agencies. Digital records in other states, if available, are often incomplete 
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and include less detailed data fields. Capturing additional information, including improved 

geographic locations, burn start times and durations, fuel characteristics, and atmospheric 

conditions would enhance the value of bottom-up fire records for air quality analyses. In particular, 

post-burn confirmation of fire occurrence and area treated would be beneficial, as existing permit 

systems do not monitor if permitted burns were actually conducted or their true size. This study 

shows that considering pile burns, unaccounted for in prior studies, can be important. Our results 

also point to a need for increased air quality monitoring and emissions measurements within burn-

intensive regions, in agreement with the smoke modeling community (Y. Liu et al., 2019). Some 

of the most intense burning and strongest associations between fire and air pollution occur in areas 

where monitors are scarce, such as Southwest Georgia and Southcentral Florida.  

Addressing these research gaps would aid efforts to produce a complete assessment of 

prescribed fire’s role in the region’s air quality. While prescribed fire is recognized as the largest 

source of PM2.5 emissions in the Southeast, existing emissions inventories and observational 

networks likely do not capture its full magnitude. Thus, estimates of prescribed burning impacts 

on regional air quality and public health based on current fire data are subject to large uncertainties. 

As the use of prescribed fire continues to gain popularity and extend to additional areas, while 

emissions from other major sources decrease, its importance in U.S. air quality will grow. 

However, prescribed burning is substantially different from the emission sources traditionally 

targeted by air pollution reduction efforts. Prescribed fire can reduce the risk of uncontrolled 

wildfires with potentially higher emissions, in addition to other land management benefits. 

Adequate strategies that consider these complexities must be developed to mitigate its impacts. 

Better characterizing its effects on air pollution is an essential step towards this goal. 
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Abstract 

Prescribed fire is used extensively as a land management tool in the Southeastern United States 

(U.S.) and is one of the region’s largest sources of atmospheric emissions. The public health 

impacts of prescribed fire smoke, however, remain uncertain. Here, we use digital burn permit 

records, reduced-complexity air quality modeling, and epidemiological associations between fine 

particulate matter concentrations and multiple health endpoints, to assess the impacts of prescribed 

burning on public health across the state of Georgia. Additionally, we examine the social 

vulnerability of populations near high prescribed burning activity using a demographic- and 

socioeconomic-based index. The analysis identifies spatial clusters of burning activity in the state 

and finds that areas with intense prescribed fire have levels of social vulnerability that are over 

25% higher than the state average. The results also reveal that the health impacts of prescribed 

burning in Georgia can be significant, potentially including hundreds of annual morbidity and 

mortality outcomes associated with smoke pollution. These health impacts are concentrated in 

areas with higher fractions of low-socioeconomic status, elderly, and disabled residents. Estimated 

smoke-related health incidence rates are over 3 times larger than the state average in spatial clusters 
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of intense burning activity, and over 40% larger in spatial clusters of high social vulnerability. 

Spatial clusters of low social vulnerability experience substantially lower negative health effects 

from prescribed burning. The health burden of prescribed fire smoke in the state is comparable to 

that estimated for other major emission sectors, such as vehicles and industrial fuel combustion. 

Within spatial clusters of socially-vulnerable population, the impacts of prescribed fire 

considerably outweigh those of other emission sectors. These findings call for greater attention to 

the air quality impacts of prescribed burning in the Southeastern U.S. and the communities most 

exposed to fire-related smoke. 

 Introduction 

Prescribed burns, planned wildland fires conducted under controlled conditions, are used 

for various important land management objectives, including mitigation of hazardous wildfire risk 

and restoration of fire-dependent ecosystems (Hiers et al., 2020; Kobziar et al., 2015). However,  

prescribed fires are a major source of fine particulate matter (PM2.5) emissions in the U.S. (U.S. 

EPA, 2018). Some of the largest impacts of wildland fire, which includes prescribed fires and 

wildfires, on ambient PM2.5 in the country occur in the Southeastern U.S. (Fann et al., 2018; Larsen 

et al., 2017; Rappold et al., 2017), where prescribed fire is extensively used in land management 

and close to 70% of prescribed burns are conducted (Hiers et al., 2020; Kolden, 2019; Melvin, 

2018; Oakman et al., 2019). In this region, prescribed fires can explain up to 50% of the variability 

in observed PM2.5 concentrations (Afrin & Garcia-Menendez, 2020) and are often conducted in 

close proximity to communities in a wildland–urban interface with millions of residents (Radeloff 

et al., 2018).  



 

40 
 

Epidemiological research has identified short- and long-term associations between wildfire 

or biomass burning PM2.5 and various health outcomes. Most studies report a strong positive 

association between fire-related PM2.5 and all-cause mortality or respiratory outcomes, and mixed 

evidence for cardiovascular disease (Cascio, 2018; Liu et al., 2015; Reid et al., 2016; Youssouf et 

al., 2014). Toxicological analyses suggest that fire-related PM2.5 generates more free radicals and 

thus may cause greater inflammation and oxidative stress compared to other ambient sources 

(Karthikeyan et al., 2006; Wegesser et al., 2010). Recent studies also observe larger effects of 

wildland fire-related PM2.5 on human health compared to those of PM2.5 not specifically from fires 

(Aguilera et al., 2021; Deflorio-Barker et al., 2019; Stowell et al., 2019). Based on concentration-

response functions (CRFs) derived from epidemiological evidence of the effects of general 

ambient PM2.5, air pollution impact assessments have estimated public health impacts associated 

with fire smoke  (e.g., Fann et al., 2018). Fann et al. (2018) estimated that thousands of premature 

deaths and illnesses in the U.S. are annually caused by wildland fire-related PM2.5, including both 

wildfire and prescribed fire smoke. However, reliance on CRFs that are not fire-specific and 

dependence on satellite-based fire detections, unable to capture a large fraction of low-intensity 

fires (Huang et al., 2018; Nowell et al., 2018), suggest that the impacts associated with prescribed 

fires in these assessments may be underestimated. In a recent study, Huang et al. (2019) used burn 

permit data and an association between biomass burning PM2.5 and respiratory health outcomes to 

estimate asthma-related emergency room visits in Georgia attributable to prescribed fires in the 

state. Still, the burden that prescribed fire smoke poses on public health is uncertain.  

The populations exposed to high levels of prescribed fire smoke remain poorly 

characterized as well. Unlike other major sources of air pollution, often concentrated in urban 

locations, prescribed fire may impact PM2.5 concentrations most in rural areas, where air quality 
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monitoring and management efforts are limited (Afrin & Garcia‐Menendez, 2020). The 

demographic and social characteristics of communities in burn‐intensive regions differ from those 

of the general population, potentially increasing their vulnerability to smoke. Socioeconomic 

variables have been identified as important determinants of population health (WHO, 2010). 

Disparities arise from unequal access to health-promoting facilities, services, and activities 

(Balmes, 2017; Méjean et al., 2013; Pampel et al., 2010). PM2.5 has stronger associations with 

premature mortality (Wang et al., 2017), cardiovascular disease (Tibuakuu et al., 2018), and 

respiratory diseases (Wisnivesky et al., 2017) among lower socioeconomic status populations. For 

wildland fire smoke specifically, studies also suggest greater risks of adverse health effects among 

low-socioeconomic-status and older individuals (Cascio, 2018; Liu et al., 2015; Reid et al., 2016). 

Additionally, lower socioeconomic status communities in the U.S., including African Americans 

and Hispanic Americans, are exposed to higher levels of air pollution more frequently than others  

(Hajat et al., 2015; Jones et al., 2014; Mohai et al., 2009).  Although Gaither et al. (2015) did not 

find higher exposures to wildland fire smoke among socially vulnerable populations in the 

Southern U.S., this analysis was based on satellite-derived data, which may significantly 

underestimate prescribed burn area (Huang et al., 2018) and cannot differentiate between wildfire 

and prescribed fire smoke. In a recent study, PM2.5 concentrations associated with prescribed 

burning were found to be higher in areas with a higher percentage of African American population 

(Gaither et al., 2019). However, social disparities in exposure to air pollution from land 

management activities, and prescribed burning specifically, have not been carefully investigated. 

The landowner groups that most contribute to prescribed fire smoke pollution are also remain 

uncertain. 
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In this chapter, we assess the potential impacts of prescribed burning smoke on public 

health in a Southeastern U.S. state and their disparities across socially vulnerable and burn 

intensive communities. We also classify potential emitters of smoke by landowner type. The 

analyses rely on unique permit-based fire data set and focus on the state of Georgia, one of the 

U.S. states with the most burning and best-maintained inventories of prescribed fire records and 

emissions. Based on this data, we identify spatial clusters of high or low burning activity and social 

vulnerability in the state. Using a reduced-form air quality model and epidemiologically derived 

CRFs, we estimate the potential effects of prescribed fire smoke on several health outcomes across 

Georgia. We then examine how the impacts at spatial clusters of prescribed fire and social 

vulnerability differ from the rest of the state. Additionally, we compare the contribution of 

prescribed fires to the health burden of air pollution to that of other major emissions sectors, 

including wildfires, vehicles, and industrial fuel combustion. The study is the first to specifically 

evaluate potential regional-scale impacts of prescribed fire smoke on multiple health outcomes and 

relate them to indicators of vulnerability to external stresses on human health. 

 Data and Methods 

 Spatial clusters of burning activity and social vulnerability 

We use prescribed burn permits issued by the Georgia Forestry Commission (GFC) in 2016 

as an indicator of prescribed fire activity (Figure 3-1a). The year 2016 is considered as it is 

representative of burn activity across multiple years (Afrin & Garcia-Menendez, 2020) and permit-

based prescribed fire emission estimates are available for this year. The open burn permits 

considered in the analysis are those specifically identified by the GFC as prescribed fires. The 

digital permit records, which include the area, date, and type of each burn, were further processed 
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and geocoded as described in Afrin & Garcia-Menendez (2020). Annual prescribed burning 

activity at the census-tract level is estimated as the total permitted burn area up to 20 km away 

from the centroid of each tract. A 20-km radius is applied to consider short-range smoke transport 

from burns surrounding each tract, based on the analysis discussed in Section 5.3.3. 

 

Figure 3-1. Prescribed fire and social vulnerability across Georgia in 2016. (a) Census tract burn 
intensity. (b) Overall SVI score for each census tract. 

To characterize populations near prescribed fire and potential vulnerability to smoke, we 

use the Centers for Disease Control and Prevention’s (CDC) 2016 social vulnerability index (SVI) 

(Flanagan et al., 2018). The SVI includes 15 socioeconomic and demographic factors associated 

with increased community vulnerability to detrimental human health impacts caused by external 

stresses. They include variables describing a population’s income, poverty level, age, fraction with 

disability, percentage minority, housing type, and other factors. The variables are organized into 

four themes: socioeconomic status; household composition; race, ethnicity, and language; and 

housing and transportation. For each theme, an SVI value is assigned based on the percentile 

ranking of underlying variables, and an overall SVI score is estimated from the percentile ranking 

of the theme-specific SVIs (Figure 3-1b). SVI scores are available at the census-tract level and 
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range from 0 to 1, with higher values indicating higher vulnerability. Prior studies have explored 

associations between the SVI and different health outcomes, such as heat-related illness, physical 

fitness, or coronavirus disease 2019 (COVID-19) infections (Gay et al., 2016; Karaye & Horney, 

2020; Lehnert et al., 2020).  

To weigh spatial clustering of prescribed fire and socially vulnerable population, we 

estimate the spatial autocorrelation of census tract-level permitted burning activity and overall SVI 

score using the Global and Local Moran’s I statistics. Local indicators of spatial association 

(LISA), based on Local Moran’s I (Anselin, 1995), are used to identify hot and cold spots. A LISA 

statistic weighs the extent of spatial clustering of similar values around each observation. Clusters 

of observations with higher than average values surrounded by neighboring elements with high 

values are identified as hot spots. Clusters of observations with lower than average values 

surrounded by low values are labeled as cold spots. In the spatial analyses conducted, we identify 

statistically significant clusters (p < 0.05) using a first-order contiguity-based weight matrix, which 

considers the values of all census tracts sharing a boundary with each tract.  

 Potential emitters of prescribed fire smoke  

   To identify landowners likely contribution to prescribed fire smoke pollution, we 

rely on the PM2.5 impact fields developed by Huang et al. (2019) for January 1 through April 30 

2018 over Georgia, based on Georgia Forestry Commission (GFC) burn permits and a data fusion 

approach. Using these 4-km concentration fields, we identify days in the first four months of 2018 

on which simulated prescribed fire contributions to PM2.5 concentrations led to an exceedance of 

the 24-hr average National Ambient Air Quality Standards (NAAQS) 35 µg m-3 in at least one grid 

cell over Georgia, while the combined contribution of all other sources was lower than the 

standard. We consider burn permits that occurred within 20 km from the exceedance grid cells to 
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identify smoke sources. To classify the landowners contributing to each PM2.5 exceedance, we 

combined CoreLogic and Digital Maps Products data for Georgia to create a data layer that 

contained parcel owner, acreage, sale date, and land value. These data are overlaid with the 

locations of permitted burns to identify those most likely contributing to the high air pollution. 

 Reduced-form air quality modeling  

To assess source-specific impacts on PM2.5 pollution, we apply the CO-Benefits Risk 

Assessment Health Impacts Screening and Mapping Tool (COBRA) managed by the U.S. 

Environmental Protection Agency’s (U.S. EPA) Office of Atmospheric Programs (U.S. EPA, 

2020a). COBRA has been used in prior studies to provide first-order estimates of the air quality 

and health impacts of emissions associated with different sectors and policies (e.g., Barron et al., 

2018; Olawepo & Chen, 2019; Thomson et al., 2018). Given a change in sector-specific annual 

emissions, this reduced-complexity model (RCM) estimates consequent changes in annual county-

level PM2.5 concentrations. In COBRA, concentration fields are generated with the Climatological 

Regional Dispersion Model’s source-receptor matrix, which relies on a simplified dispersion-

transportation mechanism and representation of chemical conversions at the receptor level. The 

fixed transfer coefficients of the source-receptor matrix reflect the relationships between annual-

average PM2.5 at county centroids and the contributions from each source. While COBRA is 

designed to provide initial estimates of likely impacts of emission changes, the model has been 

calibrated with monitored PM2.5 concentrations and its predictions have been found to generally 

agree with those of full-form dispersion simulations (U.S. EPA, 2020b).    

In our analyses, we use COBRA’s 2017 anthropogenic emissions inventory, a projection 

of U.S. EPA’s 2011 Version 6.2 Air Emissions Modeling Platform which considers implemented 

and under-consideration federal and state measures, for emissions sources other than wildfires and 
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prescribed fires. We update prescribed fire emissions in the simulations with estimates provided 

by the Environment Protection Division (EPD) of the Georgia Department of Natural Resources. 

EPD estimates prescribed fire emissions at county centroids based on GFC burn permits, and fuel 

consumption and emission factors developed for the Southeastern modeling, analysis, and 

planning project (Zeng et al., 2017). Wildfire emissions are also updated with EPD’s 2016 wildfire 

emissions estimates. These fire emissions were included in the National Emissions Inventory 

Collaborative’s 2016 beta emissions inventories (NEIC, 2019). Sector contributions to PM2.5 are 

weighed by applying a brute-force zero-out approach, comparing the PM2.5 concentrations under 

the base case to those estimated in the absence of each sector. Fire-related impacts are compared 

to those from vehicles, which here include on-road light- and heavy-duty gas and diesel vehicles, 

and industrial fuel combustion, defined here as fuel combustion by electric utilities and industrial 

facilities (e.g., industrial boilers, chemical manufacturing, and metal product fabrication), 

following U.S. EPA’s Tier 1 emission categories (U.S. EPA, 2018). 

 Health impacts assessment 

We assess the health impacts of prescribed fire smoke exposure using CRFs reported by 

epidemiological studies linking PM2.5 to health outcomes. We consider U.S.-based CRFs relating 

short-term increases in general and wildland fire-specific PM2.5 to asthma emergency department 

visits and respiratory hospital admissions. To assess mortality impacts, we apply CRFs for short- 

and long-term exposure to ambient PM2.5. The CRFs considered are listed in Table 3-1. These 

follow a log-linear model, ∆Y = y 1 − e ∆ . × P, where the change in health incidences 

(ΔY) is estimated from an effect coefficient (β) reported by each epidemiological study, baseline 

incidence rate (y0), age-specific exposed population (P), and a change in PM2.5 concentration 

(ΔPM2.5). Age-specific 2016 populations and annual baseline incidence rates for all counties are 
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compiled from the Georgia Department of Public Health’s Online Analytical Statistical 

Information System (OASIS, 2020).  

When assessing impacts of long-term exposures, changes in health outcomes are estimated 

based on annual county-average PM2.5 impacts predicted by COBRA and annual baseline 

incidence rates. For short-term health impacts, estimates of changes in health outcomes assume a 

constant incidence rate throughout the year and are based on daily changes in PM2.5. Daily 

variations in fire-related PM2.5 are approximated by weighing simulated annual PM2.5 impacts by 

daily county-level prescribed fire emissions. For other emissions sectors (wildfires, vehicles, and 

industrial fuel combustion), the predicted increase in annual-average concentrations is assumed to 

be representative of their daily contribution to PM2.5. Except for mortality, estimates for health 

endpoints in which more than one CRF is considered are pooled using the random or fixed-effects 

weighing reported in COBRA, consistent with U.S. EPA benefits analyses (U.S. EPA, 2020b). 

Mortality studies are not pooled due to major differences in study design and exposed populations. 

For all health endpoints, impacts are presented as a change in number of outcomes and 95th 

confidence intervals (95CI), estimated using the mean value of β and its 95th confidence bounds 

reported by each epidemiological study. 

 Results and Discussion  

 Prescribed burning and social vulnerability spatial clusters in Georgia 

Spatial autocorrelations reveal significant clustering of both tract-level prescribed burning 

and social vulnerability, with Global Moran’s I values of 0.85 and 0.53, respectively. The higher 

value of Moran’s I for burning activity reflects a stronger autocorrelation compared to that of social 

vulnerability. LISA statistics also identify several hot and cold spots in the state for both burning 
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activity and social vulnerability, as shown in Figure 3-2. Prescribed burning hot spots represent 

20% of the area in Georgia and are largely concentrated in the southwest, with smaller clusters in 

the central and eastern regions of the state. In contrast to prescribed fire, social vulnerability hot 

spots are dispersed across the southern portion of the state and make up 19% of its area. For both 

burning activity and social vulnerability, cold spots are largely grouped near the Atlanta 

metropolitan area and respectively cover 6.4% and 5.5% of the state’s total area. 

 

 

Figure 3-2. Spatial clusters of prescribed fire and social vulnerability. (a) Burning activity hot spots 
and cold spots. Census tract-level burning activity is represented by total permitted burn area 20 
km from tract centroids. (b) Social vulnerability hot spots and cold spots, based on census tract-
level overall SVI score.  

Distributions of the census tract-level overall and theme-specific SVI scores within the 

spatial clusters of prescribed fire activity and social vulnerability are shown in Figure 3-3. Given 

that the SVI is reported as a percentile ranking of variables, the state-average score is 0.5 in all 

cases. As expected, overall and theme-specific mean SVI scores in social vulnerability hot spots 

are higher than the state average. The distributions of SVI scores within hot spots of prescribed 

fire reveal that populations in burn-intensive areas tend to be more socially vulnerable than those 

living in areas with less prescribed fire. The mean overall SVI score in burning activity hot spots 
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is over 25% higher than the state average. Theme-specific SVI scores are also higher in prescribed 

fire hot spots, except for the race, ethnicity, and language theme. The results suggest that 

prescribed burning smoke and its associated impacts may disproportionately affect populations 

with lower socioeconomic status, higher percentage of elderly individuals, larger fraction of people 

with disabilities, and limited access to housing and transportation. In contrast, the mean overall 

SVI at prescribed burning cold spots is approximately 15% lower than the state average, indicating 

that communities farther from concentrated burning activity are less likely to exhibit social 

conditions that may aggravate their human health impacts. Most theme-specific SVI scores are 

also lower at burning cold spots relative to the rest state average. 

 

Figure 3-3. SVI scores at spatial clusters of prescribed burning and social vulnerability. Boxes 
include census tract-level SVI scores at burning activity (BA) and social vulnerability (SV) hot 
and cold spots based on variables associated with: (a) all themes (overall); (b) socioeconomic 
status; (c) household composition; (d) race, ethnicity, and language; (e) housing and transportation. 
Box boundaries show interquartile range, notches and diamond markers indicate median and mean, 
respectively, and whiskers extend to 1.5 times the interquartile range. 

 Contributors to prescribed fire-related air pollution in Georgia 

Government, commercial, and non-industrial private landowners are the greatest 

contributors potential exceedances of the national PM2.5 standard in Georgia caused by prescribed 

fire. We find that on 34% of days from January to April 2018 (41 out of 120 total days), simulated 

PM2.5 concentration in at least one 4 km grid cell exceeded daily standards with prescribed fire 
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emissions contributing to the exceedance. On March 10, the highest number of grid cells (631), 

covering an area over 10,000 km2, had prescribed fire-related PM2.5 exceedances. Figure 3-4a 

shows permitted burn area categorized by landowner type for each exceedance day.  

 

Figure 3-4. Burn area during exceedance days categorized by landowner type. (a) Daily burn area 
on days with simulated PM2.5 concentrations above 24-hr PM2.5 NAAQS; (b) Monthly burn area 
on fire-relates exceedance days. For each month, the data labels show the relative percentage from 
the four landowner categories. Burn areas corresponds to the total area burned within a 20 km 
radius and within 48 hours from the location of exceedance. 

Contributors to air pollution are categorized into four broad landowner groups, namely 

conservation, government, commercial, and non-industrial private landowners (NIPL). In general, 

prescribed fires on NIPL, government, and commercial lands are more likely to cause an 

exceedance of the daily air quality standard. Moreover, the relative contribution of different types 

of landowners by month, as presented in Figure 3-4b, shows that largest area (above 50%) are 

burned during March, followed by April (28%). Fires in conservation land contributed less than 
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10% to the total burn area for all four months. Although the number of burn permits on government 

lands is smaller than that on commercial lands, the four-month average burned area on government 

land is twice the area burned by commercial landowners. The amount of prescribed burns by 

government landowners also increased steadily from January to April. This likely reflects the 

seasonality of prescribed burn activity. 

We additionally explore the spatial distribution of burn permits associated with diminished 

air quality over the four-month period for the four landowner groups, as shown in Figure 3-5. The 

base maps show the percentage African American population at the census-tract level. This context 

of racial distribution is provided to show potential air pollution standard exceedances related to 

prescribed fire relative to the state's African American population. While some metropolitan 

Atlanta census tracts have very high African American populations, higher percentages of African 

Americans also are found in census tracts corresponding to the state's more rural Black Belt, 

stretching from the Piedmont in the northeast to southwest Georgia. In Figure 3-5, circles indicate 

the location of burn permits within 20 km of the location of an exceedance grid for specific 

landowner groups, while circle sizes reflect the size of area burned for a given permit. Generally, 

permits associated with air pollution exceedances are more numerous in tracts with higher 

percentages of rural African American populations, particularly for commercial and NIPL permits 

(Figure 3-5c and 3-5d).   
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Figure 3-5. Spatial distribution of burn permits for (a) conservation land, (b) government land, (c) 
commercial land, and (d) non-industrial private land (NIPL) fire-related exceedance days, overlaid 
with percent African American population for Georgia census tracts. Circles denote the 
relative burn area size for each permit. 

 

 Prescribed fire smoke impacts on public health 

The RCM simulations conducted estimate that prescribed burning in Georgia led to an 

average 1.4 µg m-3 increase in annual PM2.5 concentration across state counties in 2016. Prescribed 

burning had a larger impact on PM2.5 in Southwest Georgia, with the largest increase in annual 

concentration predicted in Thomas County (5.4 µg m-3). Annual health incidences in Georgia 

associated with this PM2.5 pollution are summarized in Table 3-1. 
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Table 3-1. Estimated 2016 health incidences associated with prescribed fire smoke in Georgia. 

Health 
Endpoints 

CRF Type  Epidemiological Studies 
Age 

Group 
Mean 

Estimate 
95% CI 

Asthma 
emergency 
department 

visits  
 

ST-Ambient 
Mar et al. (2010),  Slaughter et 
al. (2005), Glad et al. (2012) 

0-99 178 -20 to 348 

ST-Fire 
Borchers Arriagada et al. 

(2019) 
0-99 264 143 to 375 

           

Respiratory 
hospital 

admissions 

ST-Ambient 
Zanobetti et al. (2009), Kloog 

et al. (2012) 
 

65-99 48 -1 to 94 

ST-Fire 
Gan et al. (2017),  

Delfino et al. (2009) 
 

65-99 238 81 to 375 

           

Mortality 
ST-Ambient Zanobetti & Schwartz (2009) 0-99 70 54 to 87 
LT-Ambient Lepeule et al. (2012) 25-99 920 460 to 1370 

      
      

Older Adult 
Mortality 

ST-Ambient Di et al. (2017) 65-99 51 46 to 56 
LT-Ambient Wang et al. (2017) 65-99 1010 939 to 1080 

      

LT = Long-term PM2.5; *ST = Short-term PM2.5; Fire = wildland fire-specific PM2.5; Ambient = general 
ambient PM2.5; CRF = Concentration response function; CI = Confidence interval 

Based on the selected CRFs, prescribed fire smoke is estimated to have caused hundreds 

of asthma emergency department visits - 264 (95CI: 143-375) based on Borchers Arriagada et al. 

(2019). Among older adults, prescribed fire smoke is estimated to have been associated with tens 

to hundreds of respiratory hospital admissions. Depending on CRF and age groups, short-term 

exposure to prescribed fire-related ambient PM2.5 is estimated to have contributed to between 51 

(46-56) and 70 (54-87) annual premature deaths. Long-term exposure to this level of fire-related 

ambient PM2.5 is predicted to be associated with close to a thousand annual deaths across the state. 

Based on a CRF derived specifically from data in Southeastern U.S. states (Wang et al., 2017), 

1,010 (940-1080) annual deaths among older adults would be attributable to a sustained increase 

in ambient PM2.5 of this magnitude. This estimate is higher than those based on other long-term 
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adult mortality studies (e.g., 920 (460-1370) deaths based on Lepeule et al. (2012)), even though 

they consider a wider age range.  

Recent epidemiological studies have reported associations between health endpoints and 

PM2.5 specifically from wildland fires. The fire-specific CRFs considered in this analysis result in 

higher estimates of incidences compared to those derived from studies focused on general ambient 

PM2.5 concentrations for both the asthma emergency department visits and respiratory hospital 

admissions, with predicted impacts that are 1.5 and 5 times larger, respectively. The magnitude of 

the impact on asthma emergency department visits predicted here is comparable to the estimate 

reported by Huang et al. (2019), which is based on regional-scale comprehensive chemical 

transport model simulations and a different epidemiological study (Krall et al., 2017). The 

estimates of smoke-related asthma incidences in Georgia in Huang et al. (2019) are also relatively 

consistent throughout the period analyzed by the study (2015-2018), suggesting a sustained impact 

of prescribed burning on PM2.5 concentrations in the state across multiple years. An analysis of 

burn records and observations at regulatory air quality monitors in the Southeastern U.S. also 

shows a regular influence of prescribed fire on PM2.5 in the region (Afrin & Garcia-Menendez, 

2020). 

Figure 3-6 shows the county-level distribution of health impacts attributed to prescribed 

fire smoke in Georgia for the health endpoints examined, including the four mortality 

epidemiological studies considered, as incidence rates (incidences per million population at risk). 

The counties with higher incidence rates of smoke-related outcomes are concentrated in the 

southwest of the state, suggesting that those living in this region are the most affected by prescribed 

fire smoke. Baker and Thomas counties have the highest estimated mortality impacts, with 

incidence rates 3 to 4 times above the state average, and among the largest asthma emergency 
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department visit and respiratory hospital admission rates. High baseline incidence rates and 

comparatively high prescribed fire-related PM2.5 lead to a large number of smoke-related outcomes 

in Thomas County. For example, the predicted increase in long-term mortality among older adults 

in this county, 37 (35-39) deaths per year, is equivalent to approximately 10% of all-cause 

mortality in the age group. In addition to Thomas County, the highest estimates of total smoke-

related incidences are in Muscogee, Chatham, Dougherty, and Houston Counties. These 

comparatively large impacts, including areas in the central portion of the state, are a consequence 

of larger population and baseline incidence rates. Overall, the analysis estimates a significant 

impact of prescribed fire smoke on public health at multiple locations throughout Georgia.  

 

Figure 3-6.  Health impacts of prescribed fire smoke in 2016. Annual incidence rates are presented 
as census tract-level fire-related incidences per million age-specific population for: (a) asthma 
emergency room visits based on Borchers Arriagada et al. (2019); (b) respiratory hospital 
admissions based on Gan et al. (2017) and Delfino et al. (2009); (c) short-term mortality based on 
Zanobetti & Schwartz (2009); (d) long-term mortality based on Lepeule et al. (2012); (e) short-
term older adult mortality based on Di et al. (2017); and (f) long-term older adult mortality based 
on Wang et al. (2017).  
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The estimated health impacts of prescribed fire smoke are considerably higher in burning 

activity and social vulnerability hot spots (Figure 3-7 and Table 3-2).  As expected, the effects are 

larger within spatial clusters of intense burning, with smoke-related mean incidence rates over 3 

times higher than the state average. For all health endpoints considered, the impacts of prescribed 

fire smoke are also significantly larger in social vulnerability hot spots relative to the rest of the 

state. In the spatial clusters with more socially vulnerable population, mean predicted smoke-

related tract-level incidence rates are over 40% higher than the state average and over 4 times 

higher than in social vulnerability cold spots. Large impacts are projected in several social 

vulnerability hot spots, driven by smoke pollution and higher baseline incidence rates (Figure 3-8). 

In contrast, vulnerability cold spots are predicted to experience smoke-related incidence rates that 

are 65% to 70% lower than the state average for the health outcomes explored. The results suggest 

that socially vulnerable population in the state, already more susceptible to health stressors, also 

experience greater adverse impacts from prescribed fire smoke relative to others. 
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Figure 3-7. Prescribed fire smoke-related health impacts at spatial clusters of burning activity and 
social vulnerability in Georgia. Boxes include 2016 annual incidence rates (incidences per million 
of age-specific population) for census tracts within burning activity (BA) and social vulnerability 
(SV) hot spots and cold spots, and full state. Health outcomes are: (a) asthma emergency room 
visits based on Borchers Arriagada et al. (2019); (b) respiratory hospital admissions based on Gan 
et al. (2017) and Delfino et al. (2009); (c) short-term mortality based on Zanobetti & Schwartz 
(2009); (d) long-term mortality based on Lepeule et al. (2012); (e) short-term older adult mortality 
based on Di et al. (2017); and (f) long-term older adult mortality based on Wang et al. (2017). Box 
boundaries show interquartile range, notches and diamond markers indicate median and mean, 
respectively, and whiskers extend to 1.5 times the interquartile range.  
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Table 3-2.  Estimated 2016 health incidences associated with prescribed fire smoke at the spatial 
clusters of burning activity and social vulnerability in Georgia. 

Health 
endpoint 

CRF Type  
Epidemiological 

studies 

Burning 
activity 

Social vulnerability 

Hot 
spots 

Cold 
spots 

Hots 
spots 

Cold 
spots 

Asthma 
emergency 
department 

visits  
 

ST-Ambient 

Mar et al. (2010),  
Slaughter et al. 

(2005), Glad et al. 
(2012) 47 26 38 17 

ST-Fire 
Borchers Arriagada 

et al. (2019) 70 39 56 26 
         

Respiratory 
hospital 

admissions 

ST-Ambient 
Zanobetti et al. 

(2009), 
 Kloog et al. (2012) 14 4 10 4 

ST-Fire 
Gan et al. (2017),  

Delfino et al. 
(2009) 69 22 49 18 

         

Mortality 
ST-Ambient 

Zanobetti & 
 Schwartz (2009) 21 7 14 6 

LT-Ambient 
Lepeule et al. 

(2012) 268 93 185 79 
       

Older Adult 
Mortality 

ST-Ambient Di et al. (2017) 15 5 10 4 
LT-Ambient Wang et al. (2017) 293 102 201 88 

LT = Long-term PM2.5; ST = Short-term PM2.5; Fire = wildland fire-specific PM2.5; Ambient = general 
ambient PM2.5; CRF = Concentration response function; CI = Confidence interval 
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Figure 3-8. 2016 baseline incidence rates and predicted PM2.5 impacts of prescribed fire at spatial 
clusters of burning activity and social vulnerability in Georgia. Boxes in (a)-(e) include baseline 
annual incidence rates (incidences per million) for census tracts within burning activity (BA) and 
social vulnerability (SV) hot spots and cold spots, and full state. Box (f) includes census tract-
average increases in annual PM2.5 concentration associated with prescribed fire.  Box boundaries 
show interquartile range, notches and diamond markers indicate median and mean, respectively, 
and whiskers extend to 1.5 times the interquartile range. 

The health impacts of prescribed fire smoke estimated in Georgia are substantial and 

comparable to those predicted by RCM simulations for other major emissions sectors, including 

wildfire, vehicles, and industrial fuel combustion, as shown in Figure 3-9. In burning hot spots, 

prescribed fire smoke has a dominating effect compared to these other emission sources and is 

responsible for approximately 90% of the combined impacts of all sectors examined on the health 

outcomes considered. The adverse health effects of prescribed fire in social vulnerability hot spots 
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is also significantly larger, representing close to 1.5 times the combined impact of the other sectors 

across the morbidity and mortality endpoints considered. At social vulnerability cold spots, 

however, the health impacts of prescribed fire smoke are largely diminished and lower than those 

estimated for vehicles and industrial fuel combustion. Compared to prescribed fire, the impacts of 

wildfires across the state are minor. Overall, the simulated increases in negative health incidence 

rates attributable to prescribed fire in Georgia are nearly equal to the summed impacts predicted 

for vehicles, industrial combustion, and wildfires. Unlike other emission sectors, prescribed fire 

impacts are concentrated in the burning activity hot spots and disproportionately affect populations 

with higher levels of social vulnerability.  

 

Figure 3-9. Estimated health impacts of major emission sectors at spatial clusters of prescribed 
burning activity and social vulnerability in Georgia. Bars show mean estimates of 2016 incidences 
per million associated with prescribed fire, wildfires, vehicles, and industrial fuel combustion, 
within burning activity (BA) and social vulnerability (SV) hot spots and cold spots, and full state. 
Health outcomes are: (a) asthma emergency room visits based on Mar et al. (2010), Slaughter et 
al. (2005), and Glad et al. (2012); (b) respiratory hospital admissions based on Zanobetti et al. 
(2009), and Kloog et al. (2012); (c) short-term mortality based on Zanobetti & Schwartz (2009); 
and (d) long-term mortality based on Lepeule et al. (2012). 

 



 

61 
 

 Conclusions  

Prescribed burning is extensively practiced in the Southeastern U.S. and its use as a land 

management tool throughout the country is expected to grow. However, the extent to which 

prescribed fire smoke affects public health remains unknown. This analysis reveals that in the state 

of Georgia, the health impacts of prescribed fire-related air pollution can be significant, potentially 

including hundreds of associated morbidity and mortality outcomes. These impacts can be 

substantially larger than those estimated for other major emission sectors. In Georgia, the air 

pollution and health burden of prescribed fire smoke are concentrated in burning hot spots covering 

a fifth of the state. Most of these burns occur in the government, commercial or privately owned 

lands. The social determinants of health of the population in these burn-intensive areas indicate 

higher levels of social vulnerability, suggesting that those living in the areas with most burning 

activity are also more susceptible to its detrimental health effects. Communities in prescribed fire 

hot spots have lower socioeconomic status and include a larger fraction of elderly and disabled 

residents, while social vulnerability in burning cold spots is significantly lower compared to the 

rest of the state. Across Georgia, spatial clusters of socially vulnerable population experience 

greater health effects associated with prescribed fire and in these communities smoke impacts far 

outweigh those associated with other emission sources that have traditionally been the focus of air 

pollution mitigation strategies.  

This study, based on a unique permit-based fire dataset, is among the first to specifically 

assess public health impacts of prescribed fire and represents a step towards better understanding 

its role in U.S. air quality. However, the results are influenced by significant uncertainties 

associated with the data, models, and methods applied. Among them, one is the use of data on 

prescribed fire occurrence and magnitude, the compilation of which remains a major challenge. 
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Satellite fire detection products fail to capture many low‐intensity burns (Huang et al., 2018; 

Nowell et al., 2018), and prior research has shown that PM2.5 concentrations observed at 

monitoring sites in Georgia have a stronger association with permitted burn areas than with 

satellite-derived areas (Afrin & Garcia-Menendez, 2020). In contrast, burn permit records 

collected by state and land management agencies, such as those used for this study, lack follow-

up post‐burn information, and are limited by inconsistent recordkeeping and reporting 

requirements. We focus on the state of Georgia, which has one of the most complete digital 

prescribed burn permit inventories. Still, discrepancies exist between permitted and actual burn 

areas, including permitted burns that were not conducted and actual burns that were not recorded. 

Based on a post‐burn survey of landowners, the uncertainty of the burn areas in Georgia’s 

prescribed fire permit records has been estimated at 20% (Huang et al., 2018). Bottom-up fire 

records for other states are commonly far less complete. 

The study’s analyses rely on air pollution fields simulated with an RCM. While RCMs 

have shown capable of providing first-order approximations of air pollution impacts (Gilmore et 

al., 2019), they are based on simplified-source receptor relationships. Further, to better estimate 

the impacts of prescribed fire smoke several assumptions were applied to COBRA’s standard 

output. Among them, one is the approximation of daily variations in prescribed fire-related PM2.5 

based on weighing by daily prescribed fire emissions. The assumption follows prior research 

showing that recent nearby permitted burn areas can explain a large fraction of the variability in 

observed PM2.5 concentrations (Afrin & Garcia-Menendez, 2020). An equivalent approach is not 

applied to other major sectors considered, as daily-resolved baseline emissions are not provided 

by COBRA and the associations between emissions and PM2.5 concentrations may be different for 

these sources. However, we found that the estimates of annual health impacts are only marginally 
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sensitive to daily variability in PM2.5 impacts. While the PM2.5 concentrations and prescribed fire 

impacts modeled are generally consistent with observations and the predictions of a 

comprehensive air quality model, the values here are slightly higher and constrained by the 

limitations of COBRA. Bias in modeled smoke impacts propagates to our estimates of health 

impacts. Atmospheric models with higher spatial resolution and more complex representations of 

the processes that drive transport and transformation of fire emissions can be used to simulate the 

effects of prescribed burning on air quality in greater detail in future research (Huang et al., 2021). 

Beyond improving representations of fire-related air pollution, there is significant 

uncertainty in estimates of health responses to prescribed fire smoke. When comparing the impacts 

of different emission sectors, we rely on a common set of CRFs derived from general ambient 

PM2.5 concentrations. Exposure to wildland fire smoke, however, differs significantly from 

exposure to pollution from other sources, potentially rendering these CRFs less capable of 

representing the true associations between fire-related PM2.5 and health outcomes, compared with 

PM2.5 from other emission sectors. In our analysis, predicted health impacts are considerably larger 

when applying fire-specific CRFs. However, epidemiological studies have only recently begun to 

report associations between different health endpoints and wildfire smoke. None have investigated 

associations with prescribed fire air pollution specifically. Additional research exploring the 

associations between prescribed burn smoke and reported health outcomes is needed. The use of 

constant baseline incidence rates across the year may affect smoke impact estimates for health 

outcomes with rates that are significantly different during the burning season, extending from 

January to April, compared with the rest of the year. For example, the death rate in Georgia during 

the first third of 2016 was close to 6% higher than the annual-average (Geostat, 2021), suggesting 

a small potential underprediction of the mortality cases associated with prescribed fire smoke.  
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Many Southern ecosystems depend on recurring fire (Hiers et al., 2020; Waldrop et al., 

2012, 2016; Zhao et al., 2019). Prescribed burning currently plays a critical role in the management 

of fire-adapted landscapes, where fire suppression practices have shown to be unsustainable.  A 

key outcome of prescribed fire treatment is lower hazardous wildfire risks. The populations most 

protected by these reductions in wildfire likelihood are those in burn-intensive areas, also 

identified by this analysis as particularly susceptible to health impacts associated with prescribed 

fire smoke. Further, by reducing the risk of uncontrolled wildfires prescribed burning can protect 

large populations from experiencing severe air pollution associated with wildfires. However, the 

wildfire mitigation and ecological benefits of prescribed fire come at a cost to the air quality in 

burn-intensive areas. Although prescribed fire air pollution is generally less intense and extends 

across smaller areas compared with that from wildfires (Guan et al., 2020; Williamson et al., 2016), 

these trade-offs must be considered in developing unique strategies to mitigate the impacts of 

wildland fire smoke (Altshuler et al., 2020; Johnston, 2020). In contrast to other major emissions 

sources, typically concentrated in urban areas, the regions with the largest prescribed fire impacts 

often have limited air quality monitoring and their populations are likely more vulnerable to air 

pollution. Better characterizing these communities and developing effective strategies that protect 

their residents against the negative effects of smoke must be a component of integrated fire 

management and air quality decision-making. 
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 Evaluating the Air Quality Benefits and Tradeoffs of 
Prescribed Fire in the Southeastern U.S. 

Abstract 

 Understanding the air quality impacts of wildfire and prescribed fire smoke is essential to support 

effective land management efforts but complicated by the interactions between them. We present 

an approach to examine the trade-offs between the smoke impacts of prescribed burning and the 

wildfire air pollution avoided with prescribed fire fuel treatment by simulating historical and 

hypothetical wildland fire scenarios with an emissions and air quality modeling framework. We 

simulate the air pollution impacts of two large wildfires that occurred at North Carolina State 

Parks. We then model prescribed fire and post-treatment wildfire air pollution scenarios 

respectively based on existing fuel loads at the parks and estimated fuel reductions from prescribed 

burning. We find that prescribed fire treatment can reduce daily wildfire-related PM2.5 

concentrations by over 25 µgm-3, 2.5 times the maximum PM2.5 increase predicted for a 500-acre 

prescribed burn.  Additionally, we estimate that while prescribed fire treatment at the parks would 

expose 0.7 million people to a PM2.5 increase greater than 1 µgm-3 on at least one day, over 9.6 

million would benefit from avoided exposure to the same level of wildfire-related air pollution. 
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 Introduction 

Wildland fires, including both wildfires and prescribed fires, are the largest source of fine 

particulate matter (PM2.5) emissions in the U.S. (U.S. EPA, 2018). The role of wildland fire on 

U.S. air quality is growing, whereas air pollution from other major emission sources (e.g., vehicles 

and industry) is decreasing (Jaffe et al., 2020; McClure & Jaffe, 2018). Wildfires, unplanned fires 

that originate in wildland areas, can have adverse effects on air quality (Baker et al., 2016; Guan 

et al., 2020), health (J. C. Liu et al., 2015; Reid et al., 2016), and the economy (NIFC, 2019; 

Thomas et al., 2017). In contrast, prescribed burning is the controlled application of fire ignited 

under specific environmental conditions to accomplish a land management objective. As wildfire 

suppression has proven unsustainable (North et al., 2015; Williamson et al., 2016), prescribed 

burning has gained recognition as an efficient land management approach  to reduce fuel loads and 

mitigate the risk of hazardous wildfire (Addington et al., 2015; Kobziar et al., 2015; Kolden, 2019; 

Oakman et al., 2019; Waldrop et al., 2016). Close to 70% of prescribed burns in the U.S. are 

conducted in the Southeast (Melvin, 2018). In this region, many ecosystems are fire-dependent 

and periodic fire occurrence is an essential component of restoration efforts (Hiers et al., 2020; 

Waldrop et al., 2012, 2016). 

By lowering the frequency and magnitude of wildfires, prescribed fire can protect large 

populations from experiencing the severe air pollution associated with wildfire events (Zhao et al., 

2019a). However, the ecological and wildfire mitigation benefits of prescribed fire can come as a 

cost to air quality. In the Southeast, prescribed fire accounts for approximately 20% of PM2.5 

emissions (U.S. EPA, 2021) and can explain as much as 50% of the variability in PM2.5 

concentrations observed at regulatory monitors (Afrin & Garcia-Menendez, 2020). Moreover, the 

Southeast includes millions of residents within the largest wildland-urban interface area in the U.S. 
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(Radeloff et al., 2018) and some of the populations most vulnerable to smoke pollution (Rappold 

et al., 2017). In the region, prescribed fires are often conducted near communities, during winter 

months with low mixing heights, and as small low-intensity burns that result in low plume rise. 

These conditions can aggravate local air pollution impacts (Williamson et al., 2016). Air quality, 

safety and legal liability concerns have been reported as barriers to prescribed burning in the region 

(Kobziar et al., 2015; Melvin, 2018). However, recent research has called for more prescribed fire 

in the Southeast to meet land management needs (Waldrop et al., 2016) and counter a projected 

increased wildfire risk (Y. Liu et al., 2014; Mitchell et al., 2014; Prestemon et al., 2016). Thus, an 

improved understanding of the air quality tradeoffs of wildfires and prescribed burns is essential 

to adequately assess the costs and benefits of land management strategies, and develop policies 

that jointly consider land management and air quality goals.  

Analyses carefully weighing the air pollution costs and benefits of wildland treatments 

have not been conducted (Altshuler et al., 2020; Hunter & Robles, 2020; Waldrop et al., 2012). 

Comparing wildfire and prescribed fire air quality impacts is complex due to important differences 

in the magnitude, extent, and nature of smoke pollution associated with each fire type (Jaffe et al., 

2020; Navarro et al., 2018). Prior research investigating costs and benefits of prescribed burning 

has focused fuel load reductions (Arthur et al., 2017; Waldrop et al., 2016), wildfire frequency and 

severity (Addington et al., 2015; Kalies & Yocom Kent, 2016), carbon fluxes (Krofcheck et al., 

2019; Wiedinmyer & Hurteau, 2010), or emissions (Hyde & Strand, 2019; X. Liu et al., 2017). . 

While some studies have examined the smoke pollution from wildfires (e.g., Baker et al., 2016; 

Navarro et al., 2016) or prescribed fires  (e.g. Afrin & Garcia-Menendez, 2021; R. Huang et al., 

2019; Ravi et al., 2018; Tian et al., 2008; Zeng et al., 2008), either in isolation or as combined 
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wildland fire (e.g., Larsen et al., 2017; Wilkins et al., 2018), none has investigated the tradeoffs 

between wildfire and prescribed burning in the context of their potential air quality impacts.  

 This is the first study to model and evaluate the air quality tradeoffs of prescribed fire. We 

present a new approach to weigh the impacts and benefits of burning by simulating linked fire 

scenarios using a chemical transport modeling framework. The assessment compares wildfires air 

quality impacts avoided through prescribed fire to the impacts of the prescribed fire treatments 

required to mitigate wildfire severity. Here, the analysis focuses on South Atlantic states with some 

of the largest populations living in the wildland-urban interface in the U.S. and historic wildfires 

that occurred in the Southern Appalachian Mountains. We evaluate the potential air quality 

impacts and benefits of prescribed burning by investigating two of the largest wildfires recorded 

on North Carolina State Park’s land.  

 Data and Methods  

 Base case simulation and model performance evaluation  

 We use the Community Multiscale Air Quality Model (CMAQv5.2.1), a three-dimensional 

chemical transport model that includes state-of-the-science representations of chemical and 

physical atmospheric processes (Appel et al., 2017). We simulate a 2016 air quality base case for 

a 4-km spatial resolution domain of approximately 950 km×600 km centered on North Carolina. 

Gas-phase chemistry within the model is simulated using the Carbon Bond 6 (CB06) mechanism 

and aerosol processes are represented using a sixth-generation mechanism (AERO6). Initial and 

boundary conditions are derived from an annual 2016 CMAQ simulation conducted at coarser (12 

km) grid resolution. Meteorological inputs for the year are simulated using the Weather Research 

and Forecasting (WRF) (Powers et al., 2017) model version 4.1 with the Kain-Fritsch 
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parameterization (Kain & Kain, 2004) and ACM2 planetary boundary layer (PBL) scheme (Pleim, 

2007). Biogenic emissions are based on the Biogenic Emission Inventory System (BEIS) version 

3.6.1 modeling system (Bash et al., 2016).  

 Background emissions are based on the 2016 Beta Emission Inventory, which includes 

emissions for electric generating units (EGUs), non-EGU point sources (e.g., industrial), oil and 

gas, commercial marine vessels, agricultural fires, prescribed fires, wildfires, and other area 

sources (NEIC, 2019). In this inventory, fire emissions and fuel consumption are modeled using 

the BlueSky Pipeline (BSP) emission modeling framework (N. K. Larkin et al., 2009). BlueSky 

includes the Satellite Mapping Automatic Reanalysis Tool for Fire Incident Reconciliation 

(SMARTFIRE v2) for fire detection (S. Larkin & Raffuse, 2015), the Fuels Characterization 

Classification System (FCCS v3) to model fuel loads (R. D. Ottmar et al., 2007), CONSUME v5 

to estimate fuel consumption (R. Ottmar, 2009), and the Fire Emission Production Simulator 

(FEPS v2) to estimate emission rates (Anderson et al., 2004). In addition to SMARTFIRE-detected 

burn area, for the PR and CK wildfires we also use day-to-day ground-based burn area information 

from the North Carolina Division of Parks and Recreation (NC State Parks) (Figure 4-1). We 

generate a second set of emission profiles with BSP based on this burn information from NC State 

Parks. Using PR and CK wildfire emissions from two sources, we conduct two base simulations: 

(1) a base case using SMARTFIRE detections for the PR and CK wildfires; and (2) a base case 

using ground-based data for the PR and CK wildfires. Table 4-1 summarizes the CMAQ 

simulations used in this study. 
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Figure 4-1. Major 2016 wildfires, AQS monitoring sites, and meteorological stations in western 
North Carolina. Enlarged markers represent the wildfires and sites highlighted in this study. 

  
To evaluate model performance, 24-hour average PM2.5 concentrations from the base 

simulation were compared to observed PM2.5 concentrations retrieved from U.S. Environment 

Protection Agency’s (EPA) Air Quality System (AQS) monitoring sites (U.S. EPA, 2009). We 

estimate normalized mean error (NME) and normalized mean bias (NMB) in predicted PM2.5 

concentrations for all AQS sites in North Carolina and compare against recommended benchmarks 

for regional scale photochemical air quality models (Emery et al. (2017).  For a specific site, 

observed concentrations are compared to modeled concentrations at the collocated grid cells, and 

with the concentrations at neighboring cells. Additionally, we evaluate WRF-simulated hourly 

temperature, water vapor mixing ratio, wind speed, and wind direction against data obtained from 

the National Blend of Models (NBM), a blend of post-processed model guidance and numerical 

weather prediction data from the National Weather Service (NWS) and other sources (Craven et 

al., 2020). 
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Table 4-1. Simulations used for each analysis scenario considered. 

 
 

Simulations 

Scenarios 

SMARTFIRE 
vs Ground 

CASE A 
(PR and CK 

wildfire 
impact) 

CASE B 
(Post-treatment 

PR and CK 
wildfire impact) 

CASE C 
(Hypothetical 
prescribed fire 

impact) 
Base case based on 
SMARTFIRE detections for PR 
and CK wildfires  

X    

Base case based on ground data 
for PR and CK wildfires 

X X   

Base case with post-treatment 
PR and CK wildfire emissions 

  X  

Base case with hypothetical 
prescribed fire emissions 

   X 

Base case without PR and CK 
wildfire emissions 

 X X X 

** PR: Party Rock, CK: Chestnut Knob 

 
 Wildfire impacts 

 
In this analysis, we assess the air quality impact of the two wildfires that occurred within 

NC State Parks’ land, the Party Rock (PR) and Chestnut Knob (CK) fires (CASE A). The PR 

wildfire began at Chimney Rock State Park on November 5, 2016 and burned over 7,000 acres of 

park land over 15 days. The CK wildfire began at South Mountains State Park on November 6, 

2016 and burned over 6,000 acres over 16 days. We estimate the air quality impacts of PR and CK 

by comparing the PM2.5 concentrations under the base case simulation using ground-based data to 

those simulated in the absence of PR and CK wildfire emissions (Table 4-1). We also compare the 

base case using SMARTFIRE against the simulation with no PR and CK wildfire emissions to 

estimate the air quality impact of the wildfires when relying on SMARTFIRE detections 

exclusively. We examine the differences between the two base case simulation estimates to weigh 

the sensitivity of modeled smoke pollution from the PR and CK fires to source of burn area data. 
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 Hypothetical prescribed fire impact  

We project the air quality impacts of prescribed fire treatment (CASE C) by modeling 

hypothetical fires at the parks on days suitable for burning throughout the year. We consider 

prescribed fire treatment for the complete area burned by the CK and PR fires within NC State 

Parks land, 6,435 and 7,142 acres respectively, by simulating a series of hypothetical 500-acre 

prescribed fires at Chimney Rock and South Mountain State Parks over the course of 13 and 14 

days. Prior to the wildfires, no prescribed fires had been conducted at Chimney Rock State Park. 

We model the hypothetical prescribed burns at the parks on a selection days throughout the first 

half of 2016 with no rain and ventilation rates suitable for burning according to the NC smoke 

management guideline (NCFS, 2016). The daily ventilation rate at each state park is calculated by 

multiplying modeled PBL height with modeled transportation wind. We generate two 500-acre 

prescribed fire emission profiles based on existing fuel bed properties for each of the parks. By 

comparing air pollutant concentrations predicted by CMAQ simulations including and excluding 

emissions from the hypothetical burns, we quantify the impacts of these 27 prescribed fires (Table 

4-1). 

 

 Post-treatment wildfire impact  

To estimate the avoided air quality impact from the PR and CK that would be attained with 

prescribed fire treatment, we predict the smoke impacts of these wildfires post-treatment (CASE 

B), i.e., those that would have occurred if prescribed fire had been previously applied to the area 

burned. We generate post-treatment PR and CK wildfire emission profiles with BSP using post-

treatment fuel loads and assuming the wildfire burn areas remain unchanged. To estimate post-

treatment fuel loads, we simulate the consumption of underlying vegetative fuels during the 
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prescribed fire treatment with BSP and subtract it from the pre-existing fuel loads. From the 

simulations with and without the post-treatment wildfire emissions, we estimate the impact of the 

PR and CK wildfires, would the area affected have undergone prescribed fire treatment. The 

difference in PM2.5 concentrations between CMAQ simulations with pre- and post-treatment 

wildfire emissions is considered the avoided wildfire impacts derived from prescribed fire 

treatment (Table 4-1). 

 

 Results and Discussion  

  Performance of base case simulation of North Carolina air quality  

Modeled PM2.5 concentrations for the base case using SMARTFIRE detections or ground-

based data for the PR and CK wildfires have subtle differences, which are only evident during the 

wildfire events in November 2016 (Figure 4-2). In general, the simulations capture the trends in 

observed PM2.5 concentrations throughout the year except for certain days during the wildfire 

events in November at mountainous sites (e.g., Asheville and Hickory). Modeled concentrations 

at neighboring grid cells around the cell containing the monitors’ locations, shown as the red 

shaded area in Figure 4-2b, are also unable to reproduce peak concentrations observed at these 

stations. 
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Figure 4-2. Observed and modeled 24-hr average PM2.5 concentrations at four western North 
Carolina AQS monitoring sites located near Asheville, Hickory, Charlotte, and Winston-Salem 
during the (a) entire 2016 year and (b) November 2016. The period of wildfire events is highlighted 
in light grey. Additionally, in (b) the dotted vertical lines indicate the days with cloud coverage 
and the red shaded area shows the range of modeled concentrations at the grid cells neighboring 
the cell containing the monitor’s location. 

 
Underestimation of PM2.5 concentrations is common in model simulations attempting to 

reproduce regional-scale wildland fire impacts on air quality (Baker et al., 2018; Garcia-Menendez 

et al., 2013, 2014; J. Huang et al., 2017; Kochanski et al., 2016; Mead et al., 2018; Yang et al., 

2011; Zeng et al., 2016). Several factors can contribute to this uncertainty in model predictions, 

including uncertainty in fire information (Koplitz, 2017), improper representations of fuels and 

emissions (Kennedy et al., 2020; Prichard et al., 2020), and inaccurate representations of 

meteorology (Garcia-Menendez et al., 2013). Simulations can be especially challenging over 

mountainous terrain (Giovannini et al., 2020). In the simulations conducted for this study, observed 

meteorological variables at meteorology stations close to the fires agree with the meteorology 
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modeled at collocated grid cells (Figure 4-3). In contrast, we observe some underestimates of PM2.5 

concentrations during the wildfire events, suggesting that BSP may fail to capture the full 

magnitude of wildfire emissions during those days. Moreover, the underestimates mostly occur on 

days with cloud cover or the following day (Figure 4-2b). This suggests that SMARTFIRE-based 

detections possibly underestimate the extent of wildfire burn areas during cloudy days and thus 

contribute to the underestimation of pollutant concentrations in the air quality simulations. Future 

research investigating the uncertainty of modeled concentrations to changes in burn area, fuel 

loads, and emissions factors is needed to improve the ability of comprehensive chemical transport 

models to reproduce wildfire-related air pollution and target major sources of uncertainty in these 

types of simulations.  

Despite these uncertainties, the NME and NMB of the simulations when evaluated against 

PM2.5 observations at all 25 AQS sites included in the modeling domain meet target performance 

goals for regional scale photochemical models (NME <35% and NMB < ± 10%, as recommended 

by Emery et al. (2017)) (Figure 4-4). Statistics at approximately 85% of individual AQS sites, 

including those located in Asheville, Hickory, Charlotte, and Winston-Salem, meet the 

recommended criteria for air quality model performance (NME <50% and NMB < ± 30% ).  
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Figure 4-3. Observed and modeled hourly water vapor mixing ratio, temperature, wind speed, and 
wind direction at a meteorological station near Asheville (Asheville Regional Airport), North 
Carolina from Nov. 16 to Dec 16, 2016. 

 

Figure 4-4. Model performance of the base case simulation with ground-based fire data in North 
Carolina. Blue dots represent (a) normalized mean bias (NMB) and (b) normalized mean error for 
modeled 24-hour PM2.5 concentrations relative to observations at 25 AQS monitor sites included 
in the modeling domain. Red diamonds show the average NMB and NME of the simulation. Red 
and black dotted lines show the goal and target criteria for regional-scale air quality models 
recommended by Emery et al. (2017). 
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 Sensitivity of wildfires impacts to burn area data source  

 The air quality simulations conducted show a significant impact of the PR and CK wildfires 

on regional air quality. The magnitude of fire-related PM2.5 concentrations and affected downwind 

area associated with these two wildfires varies slightly depending on the fire-activity data used 

(Figure 4-5). In general, the satellite images of PR and CK wildfire smoke plumes (Figure 4-5a) 

are consistent with PM2.5 concentrations modeled using either SMARTFIRE (Figure 4-5b) or 

ground-based information (Figure 4-5c) at the time of the satellite overpass (2:00 PM local time). 

The differences in the simulations based on the two distinct sources of fire data, do not indicate a 

consistent or systematic difference between them (Figure 4-5d). However, the SMARTFIRE-

based simulation tends to predict lower fire-related PM2.5 concentrations than the ground data-

based simulation on cloudy days and the following day. This is evident in some of the time-varying 

predictions of fire-related PM2.5, such as those at the Asheville and Charlotte AQS sites (Figure 

4-6). In the subsequent analyses conducted for this study, we rely on the base-case simulation that 

used ground-based fire information for the PR and CK fires. Based on this simulation, the PR and 

CK wildfires are estimated to have increased daily PM2.5 concentration by 35 µg m-3 on average at 

South Mountain and Chimney Rock State Parks while they were occurring from November 5 to 

November 21. The maximum modeled PM2.5 increases attributable to the two wildfires at the parks 

was 111 µg m-3 and 77 µg m-3 on November 13 at the South Mountain and Chimney Rock State 

Parks, respectively. 
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Figure 4-5. Daily impacts of Party Rock (PR) and Chestnut Knob (CK) wildfires on air pollution 
during their occurrence in November 2016. (a) MODIS (Aqua) satellite imagery of PR and CK 
wildfire plumes at 2:00 pm local time on 5 selected days. Modeled impact of PR and CK wildfires 
on hourly-average PM2.5 concentrations at time of satellite overpass based on simulations using 
(b) SMARTFIRE fire data, and (c) ground-reported burn area. (d) Difference in modeled hourly-
average PM2.5 concentrations based on the two fire data sources used [(b) –(c)].  

 

Figure 4-6. Simulated increase in 24-hr average PM2.5 concentrations during November 2016 
attributable to PR and CK wildfires based on SMARTFIRE and ground-reported burn areas at the 
AQS sites in Asheville and Charlotte, North Carolina. Red vertical lines indicate days with cloud 
coverage. 
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 Effects of prescribed fire treatment on fuel loads and emissions  

The effect of prescribed fire treatment on fuel loads and fire emissions varies by park, 

which have different underlying fuel beds (Table 4-2). Both South Mountain Chimney Rock Parks’ 

fuels are represented by two basic FCCS fuel beds: (1) FB-275 (chestnut, white, northern red oak 

dominated forest) and (2) FB-404 (yellow poplar, sugar maple, white ash, and basswood 

dominated forest). As summarized in Table 4-2, initial total fuel loading of FB-404 is 50% higher 

than the fuel loading of FB-275. However, regardless of the underlying fuel bed, a 500-acre 

prescribed fire is estimated to consume close to 11.9 tons per acre burned at South Mountain, 

which is slightly higher than the consumption rate at Chimney Rock (11.5 tons per acre). Similarly, 

total wildfire fuel consumption and PM2.5 emissions, under both pre- and post-treatment wildfire 

scenarios, are higher at South Mountain. Overall, 500-acre prescribed burns are estimated to 

reduce the available fuel loads by 16% to 29% depending on fuel bed and park. Wildfire fuel 

consumption and PM2.5 emissions are reduced by 24% to 38% through prescribed fire treatment. 

These results are in line with a case study of the 2016 Pioneer Fire, which estimated that a 70% 

reduction of wildfire fuel consumption and PM2.5 emissions followed a 60% reduction in available 

fuel loads (Hyde & Strand, 2019). 

 

 

 

 

 

 

 



 

88 
 

Table 4-2. Summary of fuel loads, fuel consumption, and PM2.5 emissions ay Chimney Rock and 
South Mountain State Parks under the scenarios considered.  

 Park  
Name Fuel 

bed Scenario 

Fuel 
loading 

(tons/acre) 

Fuel 
consumption 
(tons/acre) 

PM2.5 
emission   

(tons /acre) 
Chimney 
Rock 

 PR wildfire/CASE A 69.9 27.6 0.25 
FB 404 Hypothetical prescribed fire 69.9 11.5 0.11 

 Post-treatment PR wildfire 58.4 20.9 0.19 
    

 

 PR wildfire 41.6 19.1 0.17 
FB 275 Hypothetical prescribed fire 41.6 11.5 0.11 
 Post-treatment PR wildfire 30.1 11.8 0.11 
    

 

 South 
Mountain 

 CK wildfire 69.9 27.3 0.24 
 FB 404 Hypothetical prescribed fire 69.9 11.9 0.11 
  Post-treatment CK wildfire 58.0 19.9 0.18 
     

 

  CK wildfire 41.6 21.3 0.19 
 FB 275 Hypothetical prescribed fire 41.6 11.9 0.11 
  Post-treatment CK wildfire 29.7 13.8 0.12 

PR: Party Rock; and CK: Chestnut Knob;  
FB 404: Yellow poplar-sugar maple-basswood forest;  
FB 275: Chestnut-white-northern red oak forest 
 

Figure 4-7 and Figure 4-8 show CMAQ-simulated increases in daily-average PM2.5 

concentrations associated with the PR and CK wildfires post prescribed fire treatment (CASE B) 

and hypothetical prescribed fires (CASE C). As is apparent in Figure 4-8, smoke pollution from 

the prescribed burns and the downwind affected area vary depending on the date. During the 14 

prescribed burn days considered, estimated ventilation rates at the parks remained between 45,000 

to 112,000 ft-mph, which fall within the favorable range for daytime burning and is considered to 

promote vertical mixing of prescribed fire smoke within the PBL. The 500-acre burns on these 

selected days increase the daily-average PM2.5 concentrations at the parks by 4.3 to 10.4 µg m-3
. 

Given the slightly greater fuel consumption and emissions rate, fire-related PM2.5 pollution is 

higher at Chestnut Knob State Park on close to 80% days. However, higher smoke pollution at 
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Chimney Rock State Park on the remaining days shows how pollutant concentrations are 

determined by multiple drivers beyond the magnitude of emissions. 

 

 

Figure 4-7. Simulated increase in 24-hr average PM2.5 concentrations associated with the PR and 
CK wildfires at Chimney Rock and South Mountain State Parks after prescribed fire treatment, 
from November 6 to November 20. 

 

 
Figure 4-8. Simulated increase in 24-hr average PM2.5 concentrations associated with the 500-acres 
hypothetical prescribed fire modeled at Chimney Rock and South Mountain State Parks on burn 
days. 
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 Air quality tradeoffs of prescribed fire treatment  

The summed air quality impacts of the PR and CK wildfires and hypothetical prescribed 

fires (Figure 4-9) indicate that the wildfire PM2.5 pollution avoided by prescribed fire treatment is 

greater than the PM2.5 pollution caused by prescribed fire emissions. Compared to the historical 

PR and CK wildfire impacts, the extent and magnitude of simulated wildfire-related PM2.5 

pollution are reduced in the post-treatment scenario. Prescribed fire treatment leads to a maximum 

reduction of 26 µgm-3 at South Mountain State Park on the day with the highest wildfire impacts. 

Overall, the hypothetical prescribed fire treatment reduces annual-average PM2.5 concentrations 

associated with the PR and CK wildfires by 23% (0.32 µg m-3) and 24% (0.36 µg m-3) at Chimney 

Rock and South Mountain respectively. The prescribed fire themselves would increase the annual 

average 24-hr PM2.5 concentrations at Chimney Rock and South Mountain State Parks by 0.28 and 

0.27 µg m-3, respectively. Further downwind from the parks, the avoided wildfire pollution 

resulting from prescribed fire treatment clearly outweighs the impact of the hypothetical burns.    

Daily variations in smoke pollution under each fire scenario in 2016 are presented in Figure 

4-9e. The figure shows the average increase in daily fire-related PM2.5 concentrations associated 

with the PR and CK wildfires or hypothetical wildfires within a 100 km×100 km window centered 

on the State Parks. As shown, the impacts of prescribed fires vary based on burn-day meteorology 

and mostly affect air quality during the day of the burn only. The daily increases in prescribed fire-

related PM2.5 concentrations are much smaller than the daily wildfire-related PM2.5 increases, as 

well as the wildfire PM2.5 impacts avoided with prescribed fire treatment. Within the 100 km2 

window examined, prescribed fires would increase daily PM2.5 by 0.4 to 1.3 µg m-3 on the day of 

the burn. In contrast, prescribed fire treatment would decrease daily PM2.5 wildfire impacts within 

the window under the post-treatment wildfire scenario by 0.1 to 2.8 µg m-3. 
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 Figure 4-9. Air quality trade-off between wildfire and prescribed fire smoke. (a) Impact of PR and 
CK wildfires before prescribed fire treatment (CASE A); (b) Impact of post-treatment PR and CK 
wildfires (CASE B); (c) Avoided impact of PR and CK wildfires attained by prescribed fire 
treatment; (d) Impact of hypothetical prescribed fires; (e) temporal distribution of impacts under 
different scenarios. Figures 3a to 3d show the sum of 24-hr average increases in PM2.5 
concentrations attributable to the wildfires and prescribed burns simulated at Chimney Rock and 
South Mountain State Parks under the scenarios considered. In panel (e), impacts are estimated as 
average fire-related increases to 24-hour PM2.5 concentrations within the 100 km2 windows 
centered on the State Parks shown on panels (a-d). 
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Although Figure 4-9 compares the spatial and temporal distribution of fire-related PM2.5 pollution 

under the different scenarios considered, it does not reveal which locations may be subjected to 

recurring fire impacts. The extent and frequency of smoke pollution based on three levels of daily 

fire-related PM2.5 (> 0.5 µg m-3, >1 µg m-3, >5 µg m-3) are shown in Figure 4-10. Downwind 

affected areas decreases and becomes concentrated near the location of the fires as a higher 

increase in PM2.5 concentration is considered. As expected, locations close to the State Parks are 

exposed to the smoke most often. For the three concentration thresholds, the prescribed fires affect 

a much smaller downwind area (Figure 4-10d) compared to the wildfire scenarios (Figure 4-10a 

and Figure 4-10b). For example, an area of approximately 5x104 km2 is exposed to an increased in 

24-hour PM2.5 concentration greater than 5 µg m-3 due to the PR and CK wildfires on at least 1 

day. After prescribed fire treatment, this area is estimated to be reduced by 1.8x104 km2 (36%), 

which is close to 90 times higher than area experiencing prescribed fire smoke at the same level 

on at least 1 day.  As a tradeoff, locations neighboring the State Parks experience prescribed burn 

smoke on an additional number of days. For example, prescribed fire treatment would expose 

populations neighboring the State Parks to fire-related PM2.5 greater than 1µg m-3 on 14 additional 

days (Figure 4-10d), whereas, it would favor some areas further from the Parks by exposing them 

to this level of wildfire-related PM2.5 for up to 4 fewer days (Figure 4-10c).  
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Figure 4-10. Distribution and frequency of smoke impacts associated with the PR and CK wildfires 
and hypothetical prescribed fires based on three levels of fire-related 24-hour PM2.5 (>0.5µg m-3, 
>1µgm-3, >5µgm-3) under the scenarios simulated. Map colors indicate the number of days on 
which downwind locations experience fire-related pollution above these threshold from: (a) the 
historical PR and CK wildfires; (b) the PR and CK wildfires after prescribed fire treatment; and 
(d) the hypothetical prescribed fires. Column (c) shows the wildfire-related PM2.5 impacts that 
would be avoided with prescribed fire treatment.   

Similar to downwind affected area, the population favored by avoided wildfire smoke after 

prescribed fire treatment is larger than the population affected by prescribed burning smoke 

(Figure 4-11). Here, favored population is defined as the total population who would experience 

smoke from the PR and CK wildfires at a given ambient PM2.5 level on fewer days had land 

treatment been conducted at the State Parks relative compared to the to historical wildfire scenario. 

The affected population is defined as the total population that would experience prescribed fire 

smoke at a given ambient PM2.5 level for at least one additional day due to the prescribed burning 

in the hypothetical treatment scenario. The population in downwind grid cells closest to the parks 

is most affected (Figure 4-11b), while the populations from North Carolina and out-of-state 
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metropolitan areas, including Charlotte, Raleigh-Durham, and Atlanta, are favored by avoided 

wildfire smoke as a result of prescribed fire treatment (Figure 4-11a).  

 

Figure 4-11. Spatial and temporal distribution of population affected and favored by prescribed 
fire treatment at Chimney Rock and South Mountain State Parks, based on 3 levels of fire-related 
PM2.5 (>0.5µg m-3, >1µg m-3, >5µg m-3). (a) Spatial distribution of population that would 
experience at least 1 fewer day of wildfire smoke associated with the PR and CK wildfires as a 
result of prescribed fire treatment at the parks. (b) Spatial distribution of population affected by 
prescribed fire smoke for at least one day. (c) Domain-total affected and favored population by the 
number of additional or fewer days with fire-related PM2.5 at the 3 levels considered. Bars labeled 
as cumulative effect show the total number of affected or favored population in 2016. Bars labeled 
exposure weighted cumulative effect show the sum of affected or favored population multiplied 
by the corresponding number of additional or fewer days with smoke pollution at each level. 
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Overall, the hypothetical prescribed fire treatment is estimated to expose ~0.7 million 

people to an ambient PM2.5 concentration increase of over 1µg m-3 for at least one day, while it 

prevents ~9.6 million from exposure to that level of wildfire smoke pollution for at least 1 day 

(Figure 4-11c). Additionally, we summarize the downwind population that would experience a 

larger or smaller number of days with different levels of fire-related smoke pollution had 

prescribed fire treatment been conducted in Figure 4-11c. The population either being favored or 

affected decreases rapidly as the number of days considered is increased. For example, over 70% 

of the population favored by prescribed fire treatment experience an ambient fire-related PM2.5 

concentration greater than 1µg m-3 on one fewer day. Only 0.4% of the favored population 

experiences a reduction greater than 1µg m-3 in daily wildfire-related PM2.5 on more than 4 days. 

In contrast, over 2.5% of the affected population experience 24-hour PM2.5 >1µg m-3 associated 

with prescribed fire for more than 4 days. These results highlight the fact that prescribed fire 

treatment reduces the severity of wildfire air pollution, but exposes the nearby population to 

prescribed fire smoke on more days. However, considering both the population impacted and 

frequency of the smoke impacts (Figure 4-11c) reveals that favorable changes to wildfire pollution 

brought about by land treatment significantly outweigh air pollution resulting from the 

hypothetical prescribed burns themselves.  

 Implications and future research needs  

 The use of prescribed burning as a land management strategy can be problematic due to 

the misaligned interests of land managers and air quality managers. Proper comparisons of the air 

quality tradeoffs of prescribed fire and wildfire smoke are needed to inform decision-making from 

both perspectives. Prior analyses comparing the air quality impacts of wildfires and prescribed 
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fires may rely on an inappropriate spatial and temporal scales (Hunter & Robles, 2020) and may 

not adequately capture the interactions between both types of wildland fires (Hunter & Robles, 

2020; Williamson et al., 2016). The approach used in this study can be applied to more fairly 

estimate the potential benefits and tradeoffs of prescribed fire treatment by capturing avoided 

wildfire-related air pollution that would result from land management.  

 In this analysis, we rely on several simplifying assumptions to limit the computational costs 

of simulations and represent wildland fire behavior. To reduce the computational costs, we 

assumed a consistent set of park-specific emission profiles for the hypothetical prescribed fires 

modeled that do not vary with daily meteorology. Importantly, we assume an equivalent burn area 

for both the historical and post-treatment wildfire scenarios, leading to a conservative estimate of 

potential prescribed fire benefits. In reality, the reduction in fuel loads resulting from land 

treatment would likely reduce the fire spread or likelihood (Hunter & Robles, 2020), resulting in 

a greater larger potential air quality benefits than those estimated in this analysis. 

 Future work coupling fire-spread models with an emissions and air quality modeling 

framework would be useful to better represent changes and interactions in wildfire likelihood and 

severity under different land management scenarios. Additionally, our sensitivity analyses 

highlight the need for research to improve fire location data, burn detection algorithms, and 

parameterizations of fire emission, especially during cloudy days. In particular, studies examining 

real-time fuel loads and consumption, fire behavior, and pollutant emission would aid in assessing 

the possible sources of uncertainties that might be leading to underestimation of peak pollutant 

concentrations relative to monitor observations, in chemical transport model simulations of 

wildland fire smoke (Y. Liu et al., 2019). 
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  Overall, this analysis shows that prescribed fire can serve as an effective management tool 

when appropriately applied and lead to a net reduction in smoke pollution. Our estimates of 

potential air quality benefits from prescribed fire two North Carolina State Parks are much higher 

than the air pollution impacts of the burns themselves. Although the neighboring communities 

would experience low-magnitude of smoke pollution on additional days to achieve prescribed fire 

treatment, the affected population is considerably smaller compared to that population benefitting 

from the reduced wildfire smoke impacts.  The findings of this study can support land managers 

in implementing prescribed fire, undertaking new land management initiatives, and changing 

public perception of burning. Additionally, the analysis identifies population that may be 

vulnerable to smoke impacts from prescribed burning and can support actions to minimize their 

exposure to air pollution.    

 It is important to note that the results of this study are specific to the Southeastern wildfires 

examined and the findings could change for other cases with different ecoregions, underlying fuel 

beds, meteorology, and surrounding population, or if other assumptions were made used in the fire 

and smoke simulations. Nevertheless, the method and results presented in this analysis provide a 

basis to investigate additional fires, fuel types, and regions where limited evidence exists regarding 

the potential air quality impacts and benefits of prescribed fire as a land management practice. 

Particularly, this framework may be applied in the Western U.S. to explore strategizes to mitigate 

increasing wildfire hazards and large accumulations of vegetative fuels loads in the region. 
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 An Analysis of Smoke Mitigation in a Southeastern U.S. 
Prescribed Burning Program    

Abstract 

Prescribed fire smoke is a significant contributor to fine particulate matter (PM2.5) pollution in the 

Southeastern U.S. Identifying key factors influencing prescribed burning smoke exposure is 

therefore crucial to minimize air pollution impacts associated with land management. In this study, 

we use the Community Multiscale Air Quality Modeling System (CMAQ) to investigate 

meteorological factors determining pollutant concentrations based on smoke modeling and 

sensitivity analyses focused on the North Carolina Division of Parks and Recreation’s 2016 

prescribed burning program. We find that the annual-average increase in PM2.5 concentrations 

caused by the program is highest at Carvers Creek State Park. However, this maximum increase is 

less than a third of the highest annual-average impacts caused by the two wildfires that occurred 

within the State Parks’ land in 2016. The air quality impacts of individual prescribed fires vary 

significantly depending on the burn size, park location, and burn-day meteorology. Wind speed, 

wind direction, and planetary boundary layer (PBL) height are the meteorological variables with 

the strongest influence on fire-related PM2.5 concentrations, whereas only wind direction and speed 

are the dominant variables determining population exposure. Prescribed fires with similar sizes 

can lead to 50% greater fire-related PM2.5 concentrations at Goose Creek State Park compared to 

Carvers Creek and Falls Lake State Parks, mainly due to lower PBL heights. Similarly, a higher 

number of days with low PBL height leads to prescribed fire PM2.5 impacts that tend to be larger 

during winter months. Wind speed on burn days also plays an important role in explaining the 

occurrence of elevated PM2.5 concentrations on certain days, even if burns were conducted 

adhering to traditional burn recommendations. Overall, the findings of this analysis provide helpful 
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insights into smoke management practices, and identify opportunities to mitigate smoke pollution 

associated with land management.  

 Introduction  

Prescribed burns consist of wildland fires conducted under specific environmental 

conditions and specialized supervision. Prescribed burning is often recognized as the most efficient 

land management strategy to reduce the risk of hazardous wildfire (Addington et al., 2015; Kobziar 

et al., 2015; Kolden, 2019; Oakman et al., 2019; Waldrop et al., 2016). The practice has many 

other benefits, including ecological restoration, increase in tree regeneration, reductions in over-

story tree mortality, crown scorch height, wildlife habitat loss, and carbon loss (Kalies & Yocom 

Kent, 2016; McLauchlan et al., 2020; Molina-Terrén et al., 2016; Stevens et al., 2014). Over 70% 

of U.S. prescribed burns occur in the Southeast, where many ecosystems are fire-dependent in 

nature and fire suppression has proven inappropriate (North et al., 2015; Williamson et al., 2016).  

Current burning levels in the South are insufficient to meet regional land management 

objectives (Kobziar et al., 2015). In this region, wildfire risk (Liu et al., 2014; Mitchell et al., 2014; 

Prestemon et al., 2016) and the number of days with unfavorable weather conditions for burning 

(Kupfer et al., 2020) are projected to increase in future years. Thus, researchers have highlighted 

a need for more prescribed fire and more efficient prescribed fire projects (Miller et al., 2020; Ryan 

et al., 2013; Waldrop et al., 2016). However, the prescribed burning faces challenges related to 

smoke concerns, weather, capacity, and financial liabilities (Melvin, 2018). Smoke from 

prescribed fires is a significant source of air pollution and accounts for nearly 25% of total primary 

PM2.5 emissions in the Southeast. Efficiently managing smoke during prescribed burns is critical 

to meet increasing land management demands, while not deteriorating the air quality significantly.  
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Given the importance of smoke management, prescribed fires are typically conducted on 

days with favorable weather conditions. To regulate burning, each state usually follows a 

framework of procedures and requirements called a Smoke Management Program (SMP). Most 

SMPs’ rely on planetary boundary layer (PBL) height, transportation wind (TW), and indices 

derived from these two variables−e.g., ventilation index system (VIS), atmospheric dispersion 

index, low visibility risk occurrence index (Campbell et al., 2020; Goodrick et al., 2013; Waldrop 

et al., 2012). Other conventional metrological variables used in SMPs include surface wind speed 

(WS), relative humidity (RH), temperature (T), and precipitation. 

Acceptable burning ranges for the meteorological variables traditionally used in smoke 

management focus on smoke dispersion and fire behavior control. The effectiveness of these 

guidelines in reducing smoke pollution has not been carefully investigated. Prior research has used 

atmospheric Dispersion Modeling (ADM) to test the effectiveness of the VIS in reducing smoke 

concentrations (NCFS, 2016). Nevertheless, no research has used a comprehensive chemical 

transport model (CTM) to investigate the ability of recommended ranges in weather used to 

mitigate prescribed fire smoke. In contrast to ADM, CTMs offer a state-of-science representations 

of complex physical and chemical processes within the atmosphere, as well as the interactions 

between emissions, meteorology, and air quality. Recently, few studies have investigated potential 

changes in the number of burn days in the Southeast under projected changes in climate (Chiodi 

et al., 2018, 2019; Kupfer et al., 2020). However, prior has not investigated how key 

meteorological drivers influence prescribed fire smoke concentrations and exposure, which is 

needed to more efficiently manage the prescribed fire-related air quality impacts and allow for 

greater wildland treatment.  
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To address these needs, this study investigates the principal meteorological factors that 

determine smoke pollution from prescribed fires in the Southeast by applying a state-of-the-

science CTM. We model annual smoke pollution from an operational prescribed burning program, 

the North Carolina Division of Parks and Recreation’s (NC State Parks) land management program 

in 2016, and examine the variability in smoke concentrations and downwind affected population 

by burn size, date, and location. We compare the cumulative impacts of this burning program with 

those of two wildfires that occurred within the State Parks land during that year. Using the CTM 

framework, we also investigate variability in the potential smoke impacts associated with specific 

prescribed burns at NC State Parks across all days in 2016. Based on these sensitivity simulations, 

we investigate the variations in smoke impacts across the range of meteorological variables 

traditionally used for smoke management. Additionally, we explain the variability in smoke 

pollution and exposure by identifying dominant meteorological variables determining smoke 

concentrations and affected population. To do so, we develop stepwise-generalized linear 

regression model for each park that considers modeled meteorological parameters as predictors of 

smoke impacts.  

 Data and Methods  

 NC State Parks’ 2016 burning program 

NC State Parks maintains an active and growing prescribed burning program. NC State 

Parks administers over 125,000 acres of fire-prone land across the state and oversees a prescribed 

over 5,000 acres per year of prescribed burns. Figure 5-1a summarizes burn activity at NC State 

Parks from 2012 to 2019. Over this period the area treated by prescribed fire in the program has 

grown year-to-year and is projected to increase further.  
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Figure 5-1.  Summary of prescribed fire at NC State Parks from 2012 to 2019. (a) Number of fires 
and total area burned at each park. (b) Locations of prescribed burns conducted in 2016, and two 
wildfires (Party Rock and Chestnut Knob) that occurred at Chimney Rock and South Mountain 
State Parks. AQS monitoring sites in North Carolina are also shown. 

The increasing application of prescribed fire by the NC State Parks burning program 

emphasizes the need to consider potential smoke exposure. Here, we focus on wildland fire on NC 

State Parks’ land in the year 2016 (Figure 5-1b). Consistent with other years, in 2016 the program 

conducted 57 prescribed burns. Among them, 58% of the burns were captured by the ‘Satellite 

Mapping Automatic Reanalysis Tool for Fire Incident Reconciliation (SMARTFIRE) algorithm 

and database system (Figure 5-2a). The average size of the fires was 55 acres, while those detected 

by SMARTFIRE had an average size of approximately 100 acres (Figure 5-2b). In addition, two 
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major wildfires occurred within the NC State Parks in 2016, which makes this year unique as a 

study year. The Party Rock wildfire was spotted at Chimney Rock State Park on November 5 and 

burned a total of 7,142 acres, including 2,489 acres within the park. The Chestnut Knob wildfire 

named began at South Mountain State Park on November 6 and burned 6,435 acres within the 

park, making it the largest ever recorded by NC State Parks.  

 

Figure 5-2. Detection of NC State Parks prescribed burns in 2016 by the Satellite Mapping 
Automatic Reanalysis Tool for Fire Incident Reconciliation (SMARTFIRE) algorithm and 
database system. (a) Prescribed fires detected and not detected by month. (b) Distribution of burn 
sizes for fires detected and not detected. Box boundaries show interquartile range, black lines and 
cross markers indicate median and mean, respectively, and whiskers extend to 1.5 times the 
interquartile range. 

 Simulating smoke impacts based on a chemical transport modeling (CTM) 

framework  

We use the Community Multiscale Air Quality Modeling System (CMAQv5.2.1) to 

simulate the air quality in 2016 across a 948 km x 612 km domain centered over North Carolina 

at 4-km horizontal grid resolution. As inputs, CMAQ uses initial and boundary atmospheric 

concentrations, emissions for different sources, and simulated meteorology. Initial and boundary 

conditions are derived from an annual 2016 CMAQ simulation conducted at 12-km resolution for 

a larger domain covering the Eastern U.S. Emissions for all sources other than wildfires at NC 
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State Parks, including electric generating units, industrial sources, oil and gas operations, 

commercial marine vessels, agricultural fires, prescribed fires, wildfires, and other area sources, 

are based on the 2016 beta emissions inventory developed by the National Emissions Collaborative 

(NEIC, 2019). Emissions for the prescribed burns and wildfires on NC State Park are estimated 

using the BlueSky Pipeline (BSP) emission modeling framework (Larkin et al., 2009). Biogenic 

emissions are based on the Biogenic Emission Inventory System (BEIS) version 3.6.1 modeling 

system (Bash et al, 2016). Meteorological fields used to drive the air quality model were simulated 

at 4-km horizontal resolution with the Weather Research and Forecasting (WRF version 4.1) 

(Powers et al., 2017), using the Kain-Fritsch parameterization (Kain & Kain, 2004) and ACM2 

planetary boundary layer (PBL) scheme (Pleim, 2007). To evaluate model performance, we 

compare modeled base-case PM2.5 concentrations with those observed at U.S. Environment 

Protection Agency’s Air Quality System (AQS) monitoring sites (U.S. EPA, 2009), and estimate 

normalized mean bias (NMB) and normalized mean error (NME) for CMAQ predictions relative 

to measurements of PM2.5 concentration.  

 Air quality impacts of NC State Parks’ 2016 burning program 

The air quality impacts of NC State Parks’ 2016 burning program are estimated as the 

difference between CMAQ simulations including and excluding the program’s prescribed fire 

emissions. We examine meteorological factors influencing PM2.5 concentrations and downwind 

affected population for individual fires at each park. To assess the impact of this burning program, 

we compare the aggregated annual impact of all prescribed burns conducted with that of the two 

(Party Rock and Chestnut Knob) uncontrolled wildfires that occurred on NC State Parks land.  We 

estimate daily (24-hr average) fire-attributable PM2.5 from the Party Rock and Chestnut Knob 

wildfires, as the difference between model simulations including and excluding emissions from 
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these wildfire events. We then compare the annual aggregated impact of the wildfires with that of 

all 57 prescribed fires. We also assess population-weighted pollution by weighing the aggregated 

fire-related PM2.5 concentrations by population density, and compare the burning program’s 

population-weighted impact to that of the two wildfires.   

 Model simulations for analyses of sensitivity to burn day meteorology 

We assess the influence of burn day meteorology on prescribed fire smoke concentrations 

by comparing the impacts of a subset of burns at State Parks on every day of 2016. We conduct 

this analysis for three of the parks with the most active burning - Carver Creek (CACR), Falls Lake 

(FALA), and Goose Creek (GOCR) State Parks. For every day in 2016 we model the impact of a 

hypothetical 160-acre prescribed burn at each of the three parks. Smoke impacts are estimated as 

the difference between simulations including and excluding the emission of the 160-acre burns. A 

160-acre burn area size selected as it represents the 90th percentile of burns conducted by at NC 

State Parks and allows us to assess smoke impact at the upper end of the program. We use 

emissions of 160-acre prescribed fires estimated at CACR, FALA, and GOCR State Parks on April 

14, February 29, and April 6, respectively, days on which burns close to this size were conducted 

at each location, and simulate the air quality impacts of this same amount of fire emissions on each 

day in 2016. We specifically investigate variability in prescribed fire-related pollutant 

concentrations - 24-hour average PM2.5 and daily 8-hr maximum ozone (O3) - and affected 

downwind population across a range of meteorological values used for burning guidelines.  

In our analysis, the daily estimates of meteorological parameters are calculated by 

averaging WRF-simulated hourly values from 9 am to 5 pm local time, the time range during 

which prescribed fires at NC State Parks are typically conducted. Prescribed fires in general mostly 

occur during this period of the day and mid-morning-to-afternoon meteorology has been used to 
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identify seasonal burn windows in the year (Chiodi et al., 2018).  We estimate the wind speed 

(WS) 6 m from the surface based on modeled 10 m wind speed following Chiodi et al. (2018). We 

then calculate ventilation rate by multiplying modeled PBL height with TW, averaged from the 

ground to the top of the PBL. Based on daily VR, we assign a burning category to each day 

following the guidelines of the North Carolina Smoke Management Plan (NCFS, 2016). These 

include: category 1 (C1) for no burning, category 2 (C2) for mid-afternoon burning, category 3 

(C3) for daytime burning, category 4 (C4) for burning any time, and category 5 (C5) for burning 

with caution due to potential for uncontrolled fire.  

 
 Step-wise generalized regression to identify the significant weather variables 

We investigate the dominant meteorological parameters determining smoke concentrations 

and downwind population affected by developing multiple linear regression models based on the 

values simulated in the year-long sensitivity analyses completed. We develop three models at each 

park to predict the maximum value of fire-related PM2.5 concentration, 20-km average fire-related 

PM2.5 concentration, and total affected population within 20 km. Daytime average PBL height, 

TW, WS, RH, T, Rain, SR, soil moisture (SM), and wind direction (WD) components (north-south 

and east-west), as well as the first-order interactions between these meteorological variables, are 

considered as potential predictors in all models. To select significant predictors for the models, we 

apply a stepwise regression approach with combined forward and backward selection. At each 

step, this algorithm systematically adds or removes terms based on the p-value for a chi-squared 

test of the change in the deviance after adding or removing a term (a p-value  ≤ 0.05 threshold is 

applied). Finally, we analyze adjusted R2 values of the models to assess their performance and use 

T-statistics to assess the predictors’ weight within a specific model. 
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 Results and Discussion  

 Base case model performance  

Modeled 24-hr average PM2.5 concentrations generally capture observed concentrations in 

2016. Figure 5-3 presents daily variability in observed and modeled PM2.5 concentrations at 

monitoring sites in Fayetteville, Durham, and Greenville, close to CACR, FALA, and GOCR State 

Parks, respectively. Overall, the average normalized mean error (NME: -4.14%) and normalized 

mean bias (NMB: 34.48%) across the modeling domain, which considers observation-model value 

pairs for all 25 AQS stations in North Carolina, meet recommended benchmark model 

performance goals (NMB: <±10%, NME: <35%) (Emery et al., 2017). Figure 5-4 shows the NME 

and NMB averaged across sites and the values at each of the 25 stations. Our result suggests that 

at approximately 80% of the locations recommended air quality modeling performance targets for 

NME and NMB (NMB: < ±30%, NME: <50%) are met (Emery et al., 2017). 

 

Figure 5-3. Observed and modeled 24-hr average PM2.5 concentrations at North Carolina AQS 
sites near Durham, Fayetteville, and Greenville.  
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Figure 5-4. Model performance statistics at North Carolina AQS monitoring sites. x-axis and y-
axis indicate values of normalized mean bias (NMB) and normalized mean error (NME) of model 
prediction relative to AQS site observations. The dotted lines show performance targets and goals 
for regional-scale air quality modeling recommended by Emery et al. (2017). 

 Smoke impacts of NC State Parks’ 2016 prescribed burning program 

NC State Parks’ prescribed fires in 2016 had small regional impacts, mostly affecting areas 

directly downwind of fire locations, as shown in Figure 5-5. The annual aggregated air quality 

impact of all 2016 fires suggests that prescribed fires had the largest effects around CACR, FALA, 

GOCR, Lake James, Morrow Mountain, and Pilot Mountain State Parks (Figure 5-6a).  
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Figure 5-5. Increase in 24-hr PM2.5 concentrations associated with NC State Parks’ 2016 
prescribed burning program on days with at least one prescribed fire larger than 20 acres. The title 
of each subplot indicates the date of burn. 

Among all parks, air quality near CACR was most negatively affected during this period 

(Figure 5-6a).  A total of 1,820 acres were treated at this park, causing an annual average increase 

in daily-average PM2.5 concentration at the park of 0.4 µg m-³. However, population-weighted 

cumulative PM2.5 impacts indicate that the Raleigh, Durham, and Fayetteville areas have the 

largest populations negatively affected by smoke from the prescribed fires in 2016 (Figure 5-6b). 

Higher smoke pollution from the nearby CACR State Park is primarily responsible for the high 

population-weighted concentrations at Fayetteville. Likewise, the higher population density along 

with moderate smoke from FALA State Park lead to higher impacts in the Raleigh-Durham area. 

Overall, the burning program exposes only 0.7% of the domain-wide population to a fire-related 
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increase in PM2.5 greater than 3 µg m-³ on at least one day. Over 50% of this population is in the 

Raleigh-Durham or Fayetteville regions. 

 

Figure 5-6. Aggregated air quality impacts associated with the NC State Parks’ 2016 prescribed 
burning program, and the Party Rock and Chestnut Knob wildfires. Annual sum of fire-related 
increases in 24-hr average (a) PM2.5 concentrations and (b) population-weighted PM2.5 
concentrations associated with the prescribed burning program. Annual sum of fire-related 
increases in 24-hr average (c) PM2.5 concentrations and (d) population-weighted PM2.5 

concentrations associated with the two wildfires that occurred at Chimney Rock and South 
Mountain State Parks. 

Compared to the localized impacts of the prescribed burns, the two wildfires are estimated 

to have had significant regional-scale air quality impacts (Figure 5-6c). According to our 

simulations, the Party Rock and Chestnut Knob wildfires increased annual average PM2.5 

concentrations at these parks by 2.9 and 2.1 µg m-³, respectively.  As they occurred in the western 
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region of the state, the two wildfires mostly affected southwestern North Carolina locations, such 

as Asheville and Charlotte. However, long-distance transport of smoke reached North and Central 

North Carolina (e.g., the Raleigh-Durham and Winston-Salem metro areas), as well as out-of-state 

population in Georgia and South Carolina. Wildfire smoke from these two wildfires exposed one-

fifth of the population in the modeling domain to an increase in PM2.5 greater than 3 µg m-³ for at 

least one a day, around 30 times higher than the population affected by the entire NC State Parks 

burning program in 2016.  

 

Figure 5-7. PM2.5 concentration, magnitude and location of downwind affected population, and 
area burned for individual prescribed fires conducted at the six NC State Parks with the highest 
burn activity in 2016. Circles colors represent the simulated increase in 24-hour PM2.5 
concentration at park. Circle size represents the total downwind population exposed fire-related 
PM2.5 within 20 km. The distance and location of the circles from the center of the plots denote 
area burned and the direction of downwind affected population relative to the fire, respectively.  

Smoke concentration and downwind transport associated with prescribed burns vary day 

to day and park to park. Figure 5-7 presents smoke concentration, magnitude and location of 

downwind impacted population, and size of individual burns occurring at the six parks with the 

most burn activity in 2016. Most of the prescribed burns occurred under preferred weather 
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conditions, discussed in Section 5.3.3, and their air quality impacts increase with burn size. An 

analysis of the 57 prescribed fires shows a statistically significant (p < 0.05) positive association 

between the fire-related PM2.5 concentration at the park and burn size, with a correlation coefficient 

of 0.85. The analysis also finds an average increase in fire-related PM2.5 concertation of 1.3 ± 0.2 

μg m−3 per 10 acre increase in burn area. Impacts differ depending on park location. For example, 

a 160-acre burn increases the PM2.5 concentration by 10 μg m−3 (CACR) to 18 μg m−3 (GOCR) 

depending on the park. Burns of similar size do not always lead to similar increases in PM2.5, even 

within the same park. For instance, three similar-sized (~95-acre) fires occurring on different days 

at CACR State Park produced maximum PM2.5 concentrations ranging from 5 to 20 µg m-3.  

In terms of affected population, the State Parks’ burns typically expose less than 5,000 

residents to a fire-related increased in PM2.5 within 20 km of the burns, except few burns near 

FALA State Park. Fires causing similar levels of fire-related ambient PM2.5 can expose a 

population 3 to 4 times larger at FALA State Park compared to CACR State Park, due to high 

population density around FALA State Park. In addition to population distribution, the magnitude 

of the affected population also depends on wind speed and direction, as shown in Figure 5-7. For 

example, a 395-acre burn at Lake James generated pollutant concentrations 8 times higher than 

those from a much smaller burn (35 acres) at the park on a different day, but affected 2.5 times 

less population. The results highlight the beyond burn size and location, proper burn day 

meteorology is critical to reduce the smoke exposure and minimize the population affected while 

pursuing land treatment goals. 
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 Sensitivity of predicted smoke impacts to burn-day meteorology 

Modeled emissions for the 160-acre burns at the three State Parks considered for sensitivity 

analyses are of similar magnitude, with slightly lower emission at GOCR State Park. However, 

fire-related PM2.5 concentrations from these emissions at the parks vary significantly based on 

their location and selection of burn day, as shown in Figure 5-8. Depending on burn day, the 160-

acre fire at GOCR increases the PM2.5 concentration at the grid cell of the fire by 11 to 136 μg m−3, 

with an average of 31 μg m−3, which is around 1.5 times higher compared with the average fire-

related PM2.5 increase at the CACR and FALA State Parks, despite slightly lower emissions at 

GOCR State Park. Compared to the day on which the fires were actually conducted, April 14, 

February 29, and April 6 for CACR, FALA, and GOCR State Parks respectively, over 85% of days 

in 2016 lead to higher fire-related PM2.5 concentrations. These results also emphasize that by 

selecting a suitable burn date smoke concentrations at the parks can be reduced by to 7 (CACR) to 

12 (GOCR) times. Additionally, Figure 5-8 reveals that smoke concentrations related to prescribed 

fires drop rapidly with distance (Figure 5-8a) and over 90% of fire-related PM2.5 pollution is within 

a distance of 20 km from the burn (Figure 5-8b). This is generally true for all parks and days 

considered simulated. Based on this, to estimate the downwind affected population we consider 

the total population exposed to increased ambient PM2.5 attributable to prescribed fires up to 20 

km from each burn.  
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Figure 5-8. Variability in fire-related PM2.5 concentration increases as a function of increasing 
distance from the location of burns for a 160-acre fire simulated on each days in 2016 at Carvers 
Creek, Falls Lake, and Goose Creek State Parks. Each line represents the (a) average and (b) 
cumulative concentration increase (∆PM2.5) of grid cells exposed to prescribed fire smoke within 
that distance. At a specific distance, the shaded range denotes the minimum and maximum increase 
in PM2.5 concentration depending on selection of burn day. The dotted lines in (a) and (b) show 
the mean values for all days in 2016. 

Monthly distributions of daily maximum and 20-km average pollutant concentrations show 

distinct seasonal patterns (Figure 5-9). Our simulations suggest that fire-related PM2.5 impacts do 

not vary exceedingly for burns conducted from March to September, and that the mean impacts of 

these months are lower than those of the winter months (October to February). Burns on some 

days during winter months can lead to high air pollution by trapping concentrated PM2.5 near the 

fire, ultimately resulting higher mean values of fire-related PM2.5 during the winter months. Winter 
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days with high PM2.5 levels are discussed in Section 5.3.5 along with the dominant weather 

variables that determine fire-related PM2.5 pollution.  

 

Figure 5-9. Variability in fire-related daily 24-hour PM2.5 and maximum 8-hour O3 concentrations 
in each month associated with conducting a 160-acre prescribed burn on each day in 2016 at 
Carvers Creek, Falls Lake, and Goose Creek State Parks. Boxes include daily values of (a) the 
maximum increase in PM2.5 and O3 concentrations (∆PM2.5 and ∆O3) at the model grid cell 
containing the fire, and (b) the average fire-related increase in PM2.5 and O3 concentrations across 
all grid cells exposed to smoke within 20 km of the burn. Box boundaries show interquartile range, 
black lines and triangular markers indicate median and mean, respectively, and whiskers extend to 
1.5 times the interquartile range.  
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In contrast with these findings, burns outside of winter months (mid-November to late 

February) are not recommended due to strong wind and, from an ecological perspective, as they 

could damage vegetation, hardwoods, and wildlife nesting  (NCFS, 2016; Waldrop et al., 2012). 

Additionally, our simulations indicate that the fire-related ozone caused by burning is generally 

higher in summer months due to the higher photochemical activity. However, our results on fire-

related PM2.5 raise concerns show the implications of selecting of winter months as the typical 

burning season and highlight that smoke concentrations needs to be carefully considered even 

while burning within the regular burning periods of the year.  

Figure 5-10 shows the distribution of maximum fire-related PM2.5 concentration for burns 

conducted on days within the preferred and non-preferred value ranges of WS, PBL height, T, and 

burn category (NCFS, 2016; Waldrop et al., 2012). The mean value of fire-related PM2.5
 

concentration for burns on days within the preferred WS range (2.5 to 9 m s-1) is lower value than 

that of days with WS below this range. There were no days with wind speed over 9 ms-1 at FALA 

State Park and only few days at the two other parks examined. Similar to WS, the mean value of 

fire-related PM2.5 concentration is lower for burns on days within the preferred PBL range (518 m 

to 1,928 m), with only few days had a PBL height value above the recommended range. Only a 

few days had a temperature outside of the preferred range (> 32ºC) making it hard to assess the 

effectiveness of the traditional guideline for temperature. Finally, the distribution of fire-related 

PM2.5 concentrations for prescribed fires across burn category days suggests that impacts are, in 

general higher on C1 (no burn) days. Mean PM2.5 pollution levels decrease gradually with 

increasing burn category, from C1 to C4. 
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Figure 5-10. Variability in fire-related daily 24-hour PM2.5 concentration increases (∆PM2.5) 
caused by conducting a 160-acre burn on days with preferred and non-preferred conditions of 
temperature (T), wind speed (WS), planetary boundary layer (PBL), and burn category at Carvers 
Creek, Falls Lake, and Goose Creek state parks. Boxes include the daily maximum increase in 
PM2.5 at all exposed cells within 20 km from the fire cell. Box boundaries show interquartile range, 
black lines indicate median, and whiskers extend to 1.5 times the interquartile range.  

These results suggest that the traditional guidelines of WS, PBL height, and burn category 

are to some extent effective in avoiding burns on days that would lead to high smoke pollution. 

While the T guideline in isolation may not as conducive to lower air pollution, it is important in 

terms of fire safety. However, the spread of distributions of impacts across WS, PBL height, and 

burn category ranges, suggests that fire-related PM2.5 concentrations on some days within the no 

burn category (C1) or non-preferred meteorology ranges may have even lower PM2.5 impacts 

compared to some days within preferred ranges. The opposite is true for some days within the 
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preferred ranges. These outliers contradicting traditional meteorological ranges recommended for 

burning are further discussed in Section 5.3.5. 

 

 Significant meteorological predictors of ambient smoke exposure 

Table 5-1 summarizes the key predictors parameters, outputs and model performance for 

the step-wise regression models developed to predict air quality impacts at each State Park 

considered. For the first set of models predicting maximum fire-related PM2.5 at the location of the 

parks, WS, PBL height, WD, T, RH, SR, TW, and their interaction terms are included as significant 

predictors and can explain 74%, 74%, and 77% variability at CACR, FALA, and GOCR State 

Parks, respectively. T-statistics of these predictors indicate that WS, PBL height, WD, and the 

interaction between PBL and WS are the variables that largely control variability in maximum 

fire-related PM2.5 at all three parks.  Using these three variables (WS, PBL height, WD) as 

predictors only, modified stepwise regression models can explain 64% to 74% of the variability in 

maximum fire-related PM2.5 concentrations.   

Likewise, PBL height and WS appear as the most important predictors for models 

predicting average fire-related PM2.5 within 20 km of the parks as the response variable. However, 

the regression models can only explain 30 to 38% variability in average fire-related PM2.5, 

approximately half of that explained by the models predicting maximum fire-related PM2.5. The 

reduction is expected as the models are based on meteorological values that the grid cell including 

the fires, but predict the 20-km average fire-related PM2.5. Finally, in the regression models 

predicting total affected population as a response variable, only WS and WD are included as 

significant predictors across the three parks examined, and the models explain 40 to 50% of the 

variability in affected population. Overall, the important meteorological variables determined from 
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our analysis are consistent with those targeted by conventional smoke management variables, with 

exception of TW. Although TW appears as a significant predictor in our models for fire-related 

PM2.5 concentrations, it has a relatively weaker influence compared to WS, WD, or PBL height.      

 

Table 5-1. Summary of important meteorological predictors affecting smoke-related PM2.5 
concentrations and impacted downwind population. 

Model Dependent 
variable 

Predictors State 
Park* 

Major predictors*** (p < 0.05) Adjusted R
2
 

1 Log of fire-cell 
∆PM2.5 

All** CACR WS,PBL,WS:PBL, Temp, WD 0.74 

FALA WS,PBL,WS:PBL, RH, Temp, 
WD,TW, Rain 

0.74 

GOCR WS,PBL, WS:PBL, WD, TW, Rain 0.77 

 
     

2 Log of fire-cell 
∆PM2.5 

PBL height, 
WS, WD 

CACR WS,PBL, WS:PBL, WD 0.65 

FALA WS,PBL, WS:PBL, WD 0.67 

GOCR WS,PBL, WS:PBL, WD 0.74 

 
     

3 Log of 20km 
average ∆PM2.5 

All** CACR PBL, WS, Rain, WD 0.36 

FALA PBL, Rain, WD 0.31 

GOCR PBL, WS, Rain 0.39 

 
     

4 Log of the 
affected 
population 
within 20km 

All** CACR WS, WD, RH 0.41 

FALA WS, WD, RH 0.39 

GOCR WS, WD 0.49 

* CACR: Carvers Creek; FALA: Falls Lake; GOCR: Goose Creek.  
** All: Temperature (T), rain, relative humidity (RH), solar radiation (SR), soil moisture (SM), 
transportation wind (TW), planetary boundary layer (PBL) height, surface wind speed (WS), wind direction 
(WD) components, as well as the first-order interactions between these variables. 
*** For each case, dominant predictors are listed in order of importance based on t-statistics. 
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 Implications of sensitivity analysis for smoke management  

Seasonal variations in fire-related PM2.5 concentrations can be explained by the monthly 

distributions of the dominant meteorological predictors (e.g., WS, PBL height, WD) falling outside 

of preferred ranges for burning (Figure 5-11).  From our analysis, the number of days with non-

preferable PBL height (<518m or >1918m) is higher in the winter months (Figure 5-11). Lower 

PBL limits vertical mixing within the atmosphere, leading to higher fire-related PM2.5 levels at the 

surface in the winter months, as shown in Figure 5-9. The opposite is true for the summer months. 

The average PBL height in the summer, 1200 m, 1040 m, and 1000 m at CACR, FALA, and GOCR 

State Parks, respectively, are around 50% higher than winter averages. Additionally, higher fire-

related PM2.5 at GOCR State Park can also be explained by the differences in average PBL height 

across the parks. GOCR State Park has a lower PBL height throughout the year compared to the 

others, and thus higher the surface concentrations associated with burning.  

 

Figure 5-11.  Number of days per month with PBL height unsuitable for burning in 2016 at Carvers 
Creek, Falls Lake, and Goose Creek state parks. 
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Figure 5-12. Variability in 24-hour average fire-related PM2.5 concentration as a function of 
ventilation rate, wind speed, and planetary boundary layer (PBL) height at Carvers Creek, Falls 
Lake, and Goose Creek State Parks. Each data point presents the effect of burning a 160-acre fire 
on a specific day in 2016. The red vertical lines delineate the meteorological ranges of different 
burn category days (C1, C2, and C3) as defined by the North Carolina Forest Services. The red 
circles indicate the days with the highest values of PBL height and wind speed, whereas the blue 
circles indicate the days with the lowest values. 

However, PBL height alone cannot explain high concentrations on days that fall within 

meteorological conditions considered as acceptable categories for burning discussed in Section 

5.3.5. As shown in Figure 5-12, the distribution of PBL height generally follows the ranges of burn 

category. Days with lower PBL height are consistently associated with category 1 (C1) days. 

Unlike PBL height, the distribution of WS does not always follow burning categories. Some of the 

days within categories 2 and 3 (C2 and C3) are associated with lower WS, and most of these days 

               (a) Distribution by PBL height    (b) Distribution by WS 
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have a higher levels of fire-related PM2.5. The opposite is true for some days with lower fire-related 

PM2.5 under the no-burn category.   

Particulate matter formation within the atmosphere is a complex phenomenon that does not 

simply depend on a subset of the meteorological variables. Nevertheless, WS and PBL height can 

explain most the effect on fire-related PM2.5 concentration associated with prescribed burning 

projects. Our results suggest that land managers could screen most days conducive to high fire-

related PM2.5 pollution by following preferred burning ranges for WS and PBL height, in addition 

to following the recommended burn categories. Our results also suggest that additional burns could 

be conducted on days within the ‘no-burn’ category, defined in North Carolina as a VR < 4800 

m2s-1, by remaining within recommended limits for WS and PBL height. 

In addition to WS and PBL height, the importance of WD in smoke management is evident 

from our sensitivity analysis, as shown in Figure 5-13. This figure highlights the importance of 

wind direction in smoke management. Higher WS, while leading to greater dispersion and lower 

maximum fire-related PM2.5 concentrations, but does not lead to a lower affected population. 

Burning on days with higher WS can impact a larger population if an inadequate direction is 

chosen. For instance, the wind moving toward the northwest (NW) typically has a comparatively 

lower speed and affects a larger population with moderate fire-related PM2.5 pollution at all parks 

examined. For days with wind coming from other directions, a fire would affect a relatively smaller 

population at the parks on the days when winds move toward the northeast (NE) direction. Overall, 

these findings indicate that by selecting a proper WD in consideration of population distribution 

and smoke sensitive areas, exposure to fire-related PM2.5 can be mitigated.. 
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Figure 5-13. Variability in 24-hour average fire-related PM2.5 concentration and affected 
population as a function of wind speed and wind direction at Carvers Creek, Falls Lake, and Goose 
Creek State Parks. Each circle presents the effect of burning a 160-acre fire on a specific day in 
2016. The distance of each circle from the center of the plots represents average wind speed on 
that day. The position of each circle shows the average direction toward which wind moved on 
that day. The color of the circles represents the increase in 24-hour PM2.5 concentrations at the 
Parks. The size of the circles represents the total population exposed to a fire-related increase in 
PM2.5 within 20 km from the fire.  

 

 Conclusions  

The air pollution associated with prescribed burning is likely to increase in coming years 

across the Southeast and other fire-prone regions of the U.S. as the use prescribed fire becomes 

more widespread. Therefore, there is a critical need to study smoke management related to 

prescribed fire. Our work examines ways in which smoke management can be conducted to 

efficiently mitigate air quality impacts. The results of our analyses suggest that fire-specific smoke 

concentrations and downwind exposed population can vary largely depending on fire size, 

location, and burn-day meteorology. Fire-related PM2.5 concentration is positively correlated with 

burn size, which can explain 50% to 60% of the variability in concentrations, depending on the 

park. Among North Carolina State Parks, the highest number of prescribed burns occurred in the 

CACR, with moderate population exposure, whereas FALA has smaller burns but a larger affected 
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population. Compared to CACR and FALA, burns in GOCR can result in PM2.5 concentrations 

that are nearly twice as high for similar-sized fires due to lower PBL heights commonly experience 

at this location, although the population exposed to smoke remains lower. The combined impact 

of all prescribed fires conducted in 2016 as part of the NC State Parks’ burning program is much 

lower compared with the impacts of the two wildfires that occurred on park land that year. 

Additionally, annual sensitivity simulations analyzing the impacts of prescribed burns at 

several locations indicate that smoke impacts are highly sensitive to burn-day meteorology. 

Burning in over 80% of days in 2016 is predicted to lead to higher fire-related PM2.5 pollution than 

that of the days when the State Parks fires were actually conducted. Based on the sensitivity 

simulations, we identify PBL height, WS, and WD as the most influential meteorological variables 

for smoke concentrations, and WS and WD as the strongest determinants of the population 

affected. Our analysis also shows that fire-related PM2.5 concentrations are higher for burns in the 

winter due to more days with PBL height that do not favor burning. Our results generally support 

the usefulness of traditional smoke management practices in reducing high-PM2.5 pollution on 

most days. It also describes an approach to avoid the high smoke impacts on days which traditional 

burning guidelines do not detect as unfavorable for burning.  

Overall, the findings of this research can support smoke mitigation strategies that better 

consider land management and public health goals. The analyses presented can increase 

confidence in the ability of land management programs to mitigate smoke impacts. Our results 

contrast the impacts of prescribed fires and wildfires within NC State Parks, and emphasize the 

importance of selecting a proper burn conditions according to smoke management guidelines. We 

identify meteorological factors that strongly influence the prescribed fire-related air pollution, 

which can help burn practitioners develop strategies to reduce smoke exposure while increasing 
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the wildland areas treated. Our analyses further support ongoing discussions on the need to update 

or extend traditional burning periods (Kupfer et al., 2020).  

Additional research exploring multiyear data and variations in smoke emissions related to 

fuel types can further improve understanding of the factors that determine smoke pollution. 

However, in addition to fire size, fuel loads, and weather, the extent of a prescribed fire’s smoke 

impacts depends on other factors, including regulations, burning techniques, and availability of 

burning resources. High uncertainty in predicted winds is common and can be an important 

challenge for land managers' plans to mitigate smoke pollution.  Research efforts to improve daily 

weather forecasts at burn-intensive locations could address some of these difficulties. Additionally, 

smoke management plans and the parameters they consider differ across states. Enforcement of 

smoke management plans and actions also differ for different landowner types. Consolidated or 

regional-scale smoke management guideline - considering not only smoke dispersion and fire 

control, but also population smoke exposure - could advance to ability to mitigate air pollution 

impacts associated this large and growing source of pollution in the Southeast. Our analysis can 

provide a step in this direction.  
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 Summary of Conclusions and Future Research 
Directions 

 

 Conclusions 

This chapter includes a summary of key conclusions and limitations related to each of the 

research objectives pursued, and recommendations for future research directions. The research 

objectives of this dissertation are: 

1. Assess the influence of prescribed fire on air quality impact in the Southeast U.S. 

2. Investigate potential connections of prescribed fire smoke to landowners, community 

vulnerability, and public health. 

3. Evaluate the air quality benefits and tradeoffs of prescribed fire in the Southeast. 

4. Identify key factors that determine smoke pollution and exposure in the Southeast. 

 

 Key Conclusions and Limitations 

 

Key Conclusions and Limitations for Research Objective 1 

The initial study conducted revealed that prescribed fire has a significant influence on 

PM2.5 concentrations observed at multiple locations in the Southeast. Permitted burn areas can 

explain over 25% of the variability in observed PM2.5 concentrations and its influence can persist 

for over a day. Our results suggest that silvicultural fires have the largest influence among the 

different types of prescribed burns conducted. Strong associations between the permitted burn area 

and PM2.5 concentrations can remain consistent over multiple years.  
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This specific analysis is limited to two Southeastern states because of the lack of available 

prescribed burn permit records for other states. Burn permits, used for the analysis, do not include 

post-burn information, which might lead to inaccurate estimates if land managers do not treat the 

reported area or burn at all. Even with this limitation, the association between PM2.5 and permit-

based burn area recorded by the state agencies is stronger than that with burn area derived from 

satellite products. It is noteworthy that the permitted burn area shows a stronger correlation with 

PM2.5 than important meteorological drivers of air quality at many of the locations examined. The 

results demonstrate the importance of bottom-up records of prescribed fire activity to assess 

potential impacts on air quality.  

 

Key Conclusions and Limitations for Research Objective 2 

In Georgia, prescribed burn activity is clustered in the southern portion of the state. People 

living in these burn-intensive regions are more socially vulnerable compared to the rest of the state. 

Prescribed fire-related air pollution in Georgia is potentially associated with hundreds of premature 

deaths and respiratory illnesses. These impacts are also concentrated in the southwest region of the 

state. Estimates of smoke-related health outcomes are largely dependent on selection of health 

impact functions. In general, health impacts attributed to prescribed fire smoke are significantly 

larger in communities with socio-demographic characteristics indicative of higher vulnerability 

than those considered to be less vulnerable. Additionally, in burn-intensive states such as Georgia, 

prescribed fire impacts can be larger than those attributable to other major emissions sources (e.g., 

electric generation units, industrial combustion, vehicle, and wildfires).  

To simulate smoke concentration, we used a reduced complexity model (RCM), which is 

computationally inexpensive compared to complex chemical transport models. Several RCMs are 
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available for air quality simulations including the Air Pollution Emission Experiments and Policy 

(AP2), Estimating Air pollution Social Impacts Using Regression (EASIUR), Intervention Model 

for Air Pollution (InMAP), and COBRA (Gilmore et al., 2019). In this analysis, we use COBRA 

since the model fits the spatial resolution of the emissions data used as an input. COBRA is a 

screening tool that can predict the annual changes in county-level pollutant concentrations given 

changes in emissions. However, like other RCMs, COBRA cannot simulate the daily variations in 

pollutant concentrations. Hence, to approximate the daily pollutant exposure and consequent short-

term impacts, some assumptions were used, which add uncertainty to estimates of PM2.5 

concentrations. Similarly, the use of annual-average baseline incidence rates may add uncertainties 

to health impact estimates. The lack of concentration-response functions (CRFs) specifically 

derived from prescribed fire smoke limits our analysis to rely on existing wildfire or general 

ambient PM2.5 CRFs. Prescribed fire smoke may have different fundamental relationships with 

human health compared with wildfire smoke, which is another a potential source of uncertainty in 

the study’s results.  

Despite these uncertainties, this study is among the first to highlight the potential 

consequences of prescribed fire air pollution by weighing its burden on public health and 

characterizing social disparities associated with smoke exposure. Future research involving 

detailed state-of science tools, such as CTMs, could address some of the limitations by simulating 

the pollutant concentrations at higher temporal or spatial resolutions, while also improving the 

accuracy of model predictions. Incorporation of daily baseline incidence rates and prescribed fire-

specific CRFs may lead to improves predictions of short-term and long-term impacts of land 

management projects.  
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Key Conclusions and Limitations for Research Objective 3 

Chemical transport modeling, which includes state-of-science representations of 

atmospheric processes relevant to fire-related air pollution, can offer a valuable tool to analyze the 

impacts of wildland fires and conduct detailed sensitivity analyses. In the simulations conducted 

for this research, we rely on a CTM framework (CMAQ) which was able to capture daily variations 

in observed pollutant concentrations and meteorology, and meet benchmark performance goals 

and targets for regional-scale modeling. Modeled wildfire-related PM2.5 concentrations are also 

consistent with satellite images of wildfire smoke plumes.  

Based on our simulations and case study, air quality benefits achieved by reducing the 

wildfires associated through prescribed fire treatment are larger than the air pollution impacts of 

the prescribed fires themselves. The population that would benefit from reduced pollution from 

the wildfires is also significantly larger than the population affected by prescribed fires needed to 

treat North Carolina State Parks land affected by wildfires in 2106. However, with prescribed fire 

treatment neighboring communities would experience smoke on additional days, although at lower 

concentrations, compared to their exposure in the absence of prescribed burning. The approach 

developed and results of the analyses conducted provide a basis to conduct future research 

investigating the air quality benefits and tradeoffs of prescribed burning, and to examine the 

implications of this land management strategy for other wildfire-prone regions. 

The use of BlueSky-based emissions in the CTM likely leads to underestimations of fire-

related pollution, as the Consume model within the framework has low emission factors for volatile 

organic compounds (Baker et al., 2018; Herron-Thorpe et al., 2014; Z. Liu et al., 2017). The 

SMARTFIRE algorithm within the framework can also miss fire events leading to lower 

emissions. Moreover, the version of CMAQ used in this analysis, does not include two-way 
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coupling between meteorology and atmospheric chemistry that could capture dynamic feedback 

between them. Additionally, simplified treatment of secondary aerosol may a source of 

underestimation. Future research investigating the sensitivity of smoke concentrations to improved 

fire emission, SOA schemes, and plume-rise algorithms are recommended to identify the causes 

of underestimated impacts from wildfire events. In addition, future work could replicate the 

approach presented here using other models that capture dynamic interaction between meteorology 

and atmospheric chemistry (e.g. WRF-Chem (Grell et al., 2005) ).  

 

Key Conclusions and Limitations for Research Objective 4 

Land management programs can play an important role in mitigating smoke pollution in 

the Southeast. In 2016, the prescribed fire program of the North Carolina Division of Parks and 

Recreation conducted extensive burning, yet the aggregated smoke impact of all fires realized by 

the program was less than a third of that of the two wildfires that occurred within the State Parks’ 

land that year. Among prescribed fires, their air quality impacts and the affected population differ 

depending on park location, burn size, and date. Although air quality near Carvers Creek State 

Park was the most affected among all parks in 2016, Raleigh, Durham, and Fayetteville had the 

largest populations exposed to prescribed fire smoke associated with park burns during this period. 

Conducting burns during winter can lead to higher PM2.5 concentrations than burning in summer 

months. Fire-related PM2.5 pollution is also generally higher on days with non-preferred weather 

conditions, as defined by typical smoke management guidelines.  

The analysis’s results show that planetary boundary layer height, wind speed, and wind 

direction can explain most of the variability in smoke concentrations, while wind speed and 

direction are the most significant determinants of the affected population. The study of an 
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operational prescribed fire program described here emphasizes that burning under carefully 

planned conditions can mitigate exposure to high PM2.5 concentrations, while treating large 

wildland areas. Our analysis also suggests that burn size, burn day meteorology, and downwind 

population distribution should be important parameters to consider while preparing fire 

prescriptions.  

 

 Future Research Directions 

Reduced complexity modeling for prescribed fire smoke prediction 

Although smoke management plans are often followed to mitigate smoke pollution from 

burns, most existing smoke tools, with exception of some dispersion models, cannot predict the 

downwind concentrations. Chemical transport models (CTM) can simulate fire-related 

concentrations, but are not always a feasible option given the high computational costs and 

specialized technical expertise needed to operate these modeling systems. Detailed dispersion 

models, while simpler to use, still require some expertise and, at best, rely on very simplified 

treatments of atmospheric chemistry and aerosol processes. The development of reduced-

complexity models can aid landowners in predicting the smoke concentrations and population 

exposure for prescribed fire projects readily, without the technical expertise and computational 

resources needed to apply sophisticated dispersion models or CTMs. Sensitivity analyses with 

comprehensive air quality models, such as the one carried out with the CTM modeling framework 

used in this work, could be used to develop reduced-complexity models for specific locations (e.g., 

Carvers Creek State Park), burning programs (e.g., North Carolina State Parks), or regions (e.g., 

North Carolina). Preliminary analysis based on the simulations conducted for this research finds 

that a Gaussian Process machine learning algorithm can explain approximately 80% of the 
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variability in fire-related PM2.5 concentrations associated with prescribed fire, given the burn size 

and meteorological conditions of the fire. Future research incorporating other variables, such as 

fuel properties, background pollution, and terrain should be undertaken to develop reliable reduced 

complexity methods and models for smoke management in the Southeast. 

 

Prescribed fire specific health impact functions 

Existing studies assessing prescribed health impacts rely on concentration-response 

functions (CRFs) developed for associations between health outcomes and general ambient PM2.5 

or metrics of wildfire-specific PM2.5. Epidemiological studies have only recently begun to report 

evidence linking smoke to several health endpoints, including asthma exacerbation, chronic 

obstructive pulmonary disease, and mortality (Reid et al., 2016). Available fire-specific CRF’s, 

are based on wildfire smoke and no study has investigated health associations for air pollution 

from prescribed fires specifically. However, prescribed fire pollution is likely to have different 

health responses compared to wildfire smoke given the differences in smoke emissions, chemistry, 

combustion efficiency, and exposures characteristic of the two fire types (X. Liu et al., 2017; 

Williamson et al., 2016). Analyses focused on the associations between prescribed fire PM2.5 and 

mortality or morbidity outcomes are a pressing research need, particularly for regions with intense 

burning activity. Prescribed fire-specific health impact associations could lead to improved cost-

benefit analyses exploring prescribed fire in land management. 

   

Complete prescribed burn data, and integrated modeling and measurement studies  

To accurately simulate regional-scale impacts of small-intensity prescribed fires, it is 

necessary to have a complete data of prescribed burning activities and conduct integrated modeling 
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and field research. Improved compilations of multi-year prescribed burn data across the U.S. 

would improve our understanding of prescribed fire effects on fire regimes, and better represent 

their impact within the modeling framework. A high spatial and temporal resolution fire-weather-

atmospheric modeling framework, with improved representations of plume rise, plume chemistry, 

fire emissions, and diurnal profiles is needed to address some of the uncertainties in existing air 

quality models when applied to fire-related pollution. Additionally, continued measurements of 

fuel loads, emission factors, soil properties, PBL heights, and pollutant concentrations are also 

needed to improve and evaluate model performance. Such integrated modeling and measurement 

efforts would also be useful to assess the ability of new high-resolution satellite products to detect 

low-intensity and short-duration prescribed fires. 
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