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Abstract 

Prescribed burning is a long-standing practice to maintain the ecosystem in the Flint Hills 

region. Landowners use fires as economically efficient practices on rangeland to maintain 

ecosystem health and function, facilitate favorable grazing, and enhance livestock performance. 

Due to these benefits, prescribed fire is used to increase and maintain the diversity of tallgrass 

prairie species while suppressing the invasion of woody. However, the intensive burning impacts 

air quality and constitutes public health concerns. Smoke from the fires contributes to the violation 

of the ambient ozone (O3) standard, formed through the reaction of nitrogen oxide (NOx) and 

volatile organic compounds (VOCs) emitted from the fires.  

The ultimate goal of this research is to establish practical forecasting models and decision 

tools for smoke and air quality management in the Flint Hills region, which will encourage and 

enable the continuous practice of prescribed rangeland burning and maintenance of the ecosystem 

in a manner that minimizes adverse air quality and social impacts. The specific research objectives 

of this dissertation include: (1) identify the spatial and temporal distributions and patterns of daily 

prescribed fire activities in the Flint Hills region using the combination of MODIS resolution 

imagery and standard active fire data; (2) characterize meteorological parameter sensitivities 

connected to daily fire activities and propose optimum weather conditions for mitigating smoke 

pollution associated with prescribed fires; and (3) develop regression models to simulate O3 

contributions from prescribed burning in order to assist collaborative management of prescribed 

fires and reduce smoke impact on ambient O3. 

To map the daily burned area in the Flint Hills region from 2003 to 2019, correlations 

between the accumulated burned area from Moderate Resolution Imaging Spectroradiometer 

(MODIS) resolution imagery and standard active fire data from satellites were developed as a scale 



  

model. Spatial and temporal distributions and patterns of daily fire activities were performed.  The 

results showed that fire activity was concentrated on a few days in mid-April. The annual burned 

percentage (ranged from 11% to 52%) and average fire size (ranging from 160 to 400 ha) were 

higher in the Flint Hills region's center than in the south and at the edge. All ground-level O3 

concentrations exceeding 70 ppb were recorded in April, coinciding with intensive fires in the Flint 

Hills region and on days with high solar radiation. Overall, the results provided a solid foundation 

for the development of O3 regression models using daily burned area and weather factors as 

predictor variables. 

The relative importance of meteorological driving factors of prescribed burning in the Flint 

Hills region was evaluated with machine learning techniques using random forest (RF) with 

Shapley additive explanation (SHAP) values and Pearson correlation to identify weather impact 

on landowner burn decisions and optimum weather for prescribed burning based on historic data 

from 2003-2019. The three most important weather variables that affected the subjectivity of 

landowner decisions in prescribed burning were solar radiation, cloud cover, and relative humidity 

(RH). The data indicated that less cloud cover demonstrated superior predictive power in 

landowner decisions for prescribed burning and largely resulted in elevated O3. About 62% of all 

the heavy-fire days had cloud cover less than 10+%, which was not in the Kansas Department of 

Health (KDHE) recommended range of optimum burning conditions (30~50%). Optimal weather 

conditions occurred on average six days per burning season when cloud cover varied from 10+ to 

55%. Transitioning from current burning practices by landowners to the proposed optimal weather 

conditions could lead to a remarkable reduction in the occurrence of 70+ ppb O3 levels, by reducing 

the probability from 35% to 9% on days characterized by heavy fires. 



  

Finally, a practical burning decision tool to assist management of prescribed fires in the 

Flint Hills region was developed to reduce smoke impact on ambient O3. Pearson correlation and 

machine learning techniques were used to evaluate predictor variables' influence on O3 mixing 

ratios. Results show high sensitivity of daily O3 mixing ratio to cloud cover, the previous day's O3 

mixing ratio, daily burned area and RH. Proposed optimal burning conditions demonstrate reduced 

O3 sensitivity to fire activities, averaging six days per season. Further recommendations were 

offered about burning under second-class conditions (cloud cover = 10~30%) and marginal 

conditions (cloud cover =0~10%). 

The detailed findings from this research can assist land managers in planning burning 

activities for improved air quality, reducing smoke impacts, and enhancing land management 

capacity, thereby promoting safer, effective, and sustainable prescribed burning practices. These 

results highlight the rising concern about smoke impacts on air quality during the prescribed 

burning season in the Flint Hills region of the U.S. and suggest further research to address this 

challenge.
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Abstract 

Prescribed burning is a long-standing practice to maintain the ecosystem in the Flint Hills 

region. Landowners use fires as economically efficient practices on rangeland to maintain 

ecosystem health and function, facilitate favorable grazing, and enhance livestock performance. 

Due to these benefits, prescribed fire is used to increase and maintain the diversity of tallgrass 

prairie species while suppressing the invasion of woody. However, the intensive burning impacts 

air quality and constitutes public health concerns. Smoke from the fires contributes to the violation 

of the ambient ozone (O3) standard, formed through the reaction of nitrogen oxide (NOx) and 

volatile organic compounds (VOCs) emitted from the fires.  

The ultimate goal of this research is to establish practical forecasting models and decision 

tools for smoke and air quality management in the Flint Hills region, which will encourage and 

enable the continuous practice of prescribed rangeland burning and maintenance of the ecosystem 

in a manner that minimizes adverse air quality and social impacts. The specific research objectives 

of this dissertation include: (1) identify the spatial and temporal distributions and patterns of daily 

prescribed fire activities in the Flint Hills region using the combination of MODIS resolution 

imagery and standard active fire data; (2) characterize meteorological parameter sensitivities 

connected to daily fire activities and propose optimum weather conditions for mitigating smoke 

pollution associated with prescribed fires; and (3) develop regression models to simulate O3 

contributions from prescribed burning in order to assist collaborative management of prescribed 

fires and reduce smoke impact on ambient O3. 

To map the daily burned area in the Flint Hills region from 2003 to 2019, correlations 

between the accumulated burned area from Moderate Resolution Imaging Spectroradiometer 

(MODIS) resolution imagery and standard active fire data from satellites were developed as a scale 



  

model. Spatial and temporal distributions and patterns of daily fire activities were performed.  The 

results showed that fire activity was concentrated on a few days in mid-April. The annual burned 

percentage (ranged from 11% to 52%) and average fire size (ranging from 160 to 400 ha) were 

higher in the Flint Hills region's center than in the south and at the edge. All ground-level O3 

concentrations exceeding 70 ppb were recorded in April, coinciding with intensive fires in the Flint 

Hills region and on days with high solar radiation. Overall, the results provided a solid foundation 

for the development of O3 regression models using daily burned area and weather factors as 

predictor variables. 

The relative importance of meteorological driving factors of prescribed burning in the Flint 

Hills region was evaluated with machine learning techniques using random forest (RF) with 

Shapley additive explanation (SHAP) values and Pearson correlation to identify weather impact 

on landowner burn decisions and optimum weather for prescribed burning based on historic data 

from 2003-2019. The three most important weather variables that affected the subjectivity of 

landowner decisions in prescribed burning were solar radiation, cloud cover, and relative humidity 

(RH). The data indicated that less cloud cover demonstrated superior predictive power in 

landowner decisions for prescribed burning and largely resulted in elevated O3. About 62% of all 

the heavy-fire days had cloud cover less than 10+%, which was not in the Kansas Department of 

Health (KDHE) recommended range of optimum burning conditions (30~50%). Optimal weather 

conditions occurred on average six days per burning season when cloud cover varied from 10+ to 

55%. Transitioning from current burning practices by landowners to the proposed optimal weather 

conditions could lead to a remarkable reduction in the occurrence of 70+ ppb O3 levels, by reducing 

the probability from 35% to 9% on days characterized by heavy fires. 



  

Finally, a practical burning decision tool to assist management of prescribed fires in the 

Flint Hills region was developed to reduce smoke impact on ambient O3. Pearson correlation and 

machine learning techniques were used to evaluate predictor variables' influence on O3 mixing 

ratios. Results show high sensitivity of daily O3 mixing ratio to cloud cover, the previous day's O3 

mixing ratio, daily burned area and RH. Proposed optimal burning conditions demonstrate reduced 

O3 sensitivity to fire activities, averaging six days per season. Further recommendations were 

offered about burning under second-class conditions (cloud cover = 10~30%) and marginal 

conditions (cloud cover =0~10%). 

The detailed findings from this research can assist land managers in planning burning 

activities for improved air quality, reducing smoke impacts, and enhancing land management 

capacity, thereby promoting safer, effective, and sustainable prescribed burning practices. These 

results highlight the rising concern about smoke impacts on air quality during the prescribed 

burning season in the Flint Hills region of the U.S. and suggest further research to address this 

challenge.
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Chapter 1 – Introduction 

1.1 Prescribed rangeland burning in the Flint Hills Region 

Wildfire plays a crucial role in shaping the ecological processes of North American ecosystems. In 

the United States, wildland fire, which includes both prescribed fire and wildfire, is a crucial component of 

ecosystems and land management (Afrin, 2021). Wildfires are unplanned fires in wildland areas that can 

encroach on populated regions, whereas prescribed burning is a controlled fire application primarily used to 

achieve specific land management goals (Kobziar et al., 2015; Zhao et al., 2019a). Prescribed burning has 

been used for a long time to preserve the ecosystem in the Flint Hills region, which covers a huge portion of 

eastern Kansas. Flint Hills grasslands are well known for their high pasture quality, which makes grazing 

cattle there an important economic activity. With about 2.4 million hectares of rangeland, the region contains 

the largest unplowed tallgrass prairie area in North America. Every year, approximately one-third of the 

rangeland is burned, primarily around April. According to Ratajczak et al. (2014), fires are necessary to 

maintain the grassland vegetation every 1-3 years and assist shape the tallgrass prairie. Smoke from the fires 

causes elevated ozone (O3) and PM2.5 (Particulate matter less than 2.5 μm in equivalent aerodynamic 

diameter) in ambient air, contributing to O3 exceedances, and affecting several states downwind of Kansas. 

The impact of burning in the Flint Hills region on human health first gained public awareness in 2003, and 

Kansas Department of Health and Environment (KDHE) received many dissatisfaction reports of high 

ambient O3 concentrations in April. The smoke impact of the rangeland burning that helps maintain the health 

of grasslands has been subjected to intense discussion and regulatory issues.  

1.2 Benefits of Grassland Ecosystems and Prescribed Burning 

Grasslands are one of the largest terrestrial ecosystems and provide critical ecosystem goods and 

services at local, regional, and global scales (Blair & Briggs, 2014). They are highly biodiverse and 

productive terrestrial biomes, yet they receive limited protection (Pendall et al., 2018). Human welfare is 

dependent on ecosystem services and serve as a vital component of the ecosystem (Paudel et al., 2021). A 
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third of the Earth's surface is covered by grassland ecosystems, making them an important ecosystem of the 

planet (Lemaire & Chabbi, 2011). As a result of grassland ecosystems, humankind derives many benefits 

through livestock farming, as well as a variety of other overlooked services such as climate regulation, soil 

conservation, biodiversity, natural medicine, tourism, cultural and societal benefits (Franzluebbers & Steiner, 

2014). Millennium Ecosystem Assessment (MEA, 2005) defines ecosystem services as benefits humans 

obtain from ecosystems that support survival and quality of life. Provisioning, regulating, and cultural 

services—which directly benefit people—as well as the supporting services necessary to sustain other 

services—are included in the category of benefits derive from grassland ecosystem services. 

Grasslands provide regulating services, which are benefits derived from regulating ecosystem 

processes. These include climate regulation, pollination, disease, pest control, weed control, fresh and flood 

water, and fire regulation. The prescribed burning of grassland in the Great Plains region annually or every 

two years enhance the productivity cycle, which is necessary to sustain vegetative uniformity (Ratajczak et 

al., 2016). Consequently, applicability of fire to sustain grassland reduce the likelihood of woody incursions 

and large, intense fires that can significantly damage physical infrastructure, human health, and the 

environment ((Depietri & Orenstein, 2019). Grasslands such as Konza Prairie in the Flint Hills of 

northeastern Kansas, are protected nature reserves and national parks for local and national tourism. Large 

grasslands support a diversity of plants and animals that people can use for religious rituals, outdoor leisure, 

research, and education (Asbjrnsen et al., 2014). More importantly, research on grasslands has contributed 

immensely to understanding a large body of scientific knowledge, such as hydrological processes, succession 

theory, and the role of fire in ecosystems (Bengtsson et al., 2019). 

The economic benefit of grass-based farming methods is forage production, which has global 

implications for raising animals. In the Flint Hills of the United States, the nutrient-rich palatable grassland 

provides food for the cattle when put on the grass and helps them to gain weight. Management of grasslands 

maintains a rich diversity of plants, provides habitat for birds and insects, supplies genetic resources, and 

promotes conservation efforts (Zografou et al. 2020). Across grassland, high diversity plant communities are 

reasonably resistant to insects, pests, and weeds and maintain constant soil quality and production in a range 
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of weather conditions (Paudel et al., 2021). Besides, grasslands are recognized for their ability to improve 

soil health, hold carbon, collect nitrogen and phosphorus, and support a variety of soil species, including 

microbial communities as part of the supporting services (Wilson et al., 2009).  

Fires are the essential component to maintain grasslands (Gibson, 2009). The primary role of fires in 

grasslands is to curb the expansion of woody vegetation in grass-dominated ecosystems (Ratajczak et al., 

2014). Prescribed burning has many benefits, including controlling weed and tree growth, releasing soil 

nutrients, revitalizing soil, eliminating pathogens that cause plant diseases, and preserving cattle grazing 

areas (Yang Liu, 2018). The frequency and severity of fires in preserving grasslands have been a contentious 

issue in the Flint Hills region of the Great Plains in the United States. The tallgrass prairie will transition 

toward a forest environment without fire as a control measure (Heisler et al., 2003). Grassland ecosystems 

provide many benefits against which the risks and damages to air quality associated with prescribed burning 

management practices must be considered. Despite prescribed burning’s many benefits in maintaining tall 

grassland ecosystem, it also contributes to smoke emissions that can impact air quality, particularly elevated 

ambient O3 levels. Prescribed burning near communities can exacerbate the effects on air quality, especially 

when conditions are conducive to incomplete combustion and poor atmospheric dispersion (Price et al., 

2016). Thus, developing and using a decision tool to manage prescribed fires in the Flint Hills region to 

reduce smoke impacts on ambient O3 will preserve grassland ecosystem, enhance human health, and 

stimulate local economic growth. 

1.3 Impact of Smoke on Ambient O3  

Urban air quality is highly dependent on complex interactions involving numerous local and regional 

dispersed atmospheric pollutant. As the atmosphere rises, O3 naturally accumulates from ground surface to 

stratosphere (Cirnu & Harrington, 2019). It is beneficial for the terrestrial life on earth that O3 is present in 

the stratosphere and reduces the amount of ultraviolet (UV) radiation associated with O3 chemical reactions. 

O3 is a photochemical pollutant and greenhouse gas in the atmosphere, which is not directly emitted into the 

atmosphere but formed through the reactions between precursors such as nitrogen oxides (NOX) and volatile 

organic compounds (VOCs) in presence of sunlight (Mueller & Mallard, 2011). O3 has been one of the most 
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persistent and potentially harmful air pollutants in the United States for many years. Healthy people who are 

exposed to O3 may experience breathing difficulties, headaches, chest pain, pulmonary edema, and an 

aggravation of their asthma and arrhythmias (Lippmann, 1989). 

Rangeland fire smoke contains both NOx and VOCs. O3 is produced in the original smoke plume or 

through the interaction of the smoke plume with other pollutants in the atmosphere (Dokas et al., 2007). The 

national ambient air quality standards (NAAQ) 8-hour O3 threshold was lowered from 75 to 70 parts per 

billion (ppb) in 2015. The requirement for smoke management is growing as air quality standards become 

more stringent and other anthropogenic emissions have been better controlled. The regulation of smoke 

management from fires that support the health of the Flint Hills grasslands has emerged as a problem. Urban 

communities nearby have experienced O3 exceedances due to smoke plumes that have drifted downwind 

from prescribed fires in the Flint Hills region (Volland, 2015). 

1.4 Ozone Monitoring Sites in Kansas 

Kansas has monitoring network for O3 and PM2.5 that includes nine sites throughout the state, with 

three sites around Wichita, one at Topeka, and one at Cedar Bluff as a background site. The Chanute 

monitoring site is new and began operations in 2014. Within the Flint Hills region, the Clean Air Status and 

Trends Network (CASTNET) has one site that reports O3, and the Interagency Monitoring of Protected Visual 

Environments (IMPROVE) program has one site that reports speciated PM2.5.  

The current NAAQS for ozone is set at 70ppb for both the primary and secondary standards. 

Attainment of the standard is established by calculating the annual fourth-highest daily maximum 8-hour 

concentration, averaged over three years using Metropolitan Statistical Area (MSA) population. Location of 

the ten O3 sites and the Tallgrass PM2.5 site are illustrated in Figure 1.1. 
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Figure 1.1. The O3 and PM2.5 monitoring sites in Kansas and perimeter of the Flint Hills region (bold lines) 

 

1.5 The current smoke management plan and modeling tools 

Unlike many other pollutant sources, smoke from rangeland burning relies on management rather 

than control devices for impact reduction. The Flint Hills smoke management plan (SMP) was adopted by 

KDHE in late December 2010, and implementation began in 2011. Currently, smoke modeling tools rely on 

dispersion models, which include a cumulative impact model and a plume model to forecast smoke 

contributions to particulate matter (PM). The SMP modeling tool was included on www.ksfire.org for land 

managers and local fire officials to use when making burning decisions aimed at reducing air quality impacts. 

The model is based on projected meteorology and expected emissions. They can assist land managers to 

redistribute the emissions by burning when dispersion is good, and when wind direction is favorable, so that 

the smoke impact on sensitive locations such as major cities can be reduced. 

However, the contributions of burning activities to ambient O3 mixing ratios have not been well 

documented. The current modeling tools are not capable to forecast smoke impact on O3, and therefore the 

current smoke management plan is not sufficient to prevent exceedance of the O3 standard. The contributions 

of prescribed burning to ambient O3 mixing ratios in the Flint Hills region have not been thoroughly 

characterized. Therefore, the current smoke management plan is not sufficient to prevent exceedance of the 



6 
 

O3 standard. Current SMP prescribed fire mitigation efforts require improved measures to mitigate impact of 

smoke on ambient O3.  

1.6 Research Needs 

Assessing the impact of smoke on ambient ozone is challenging due to the uncertainty in prescribed 

fire data. Post-burn circumstances are not typically recorded for burn permit, and there is variability in 

recordkeeping and data-reporting requirements across agencies. Analyzing the daily burned rangeland data 

and using air quality models are effective ways to quantify the impact of prescribed fires on air quality. 

Developing a more accurate method to estimate daily burned area is required to better understand and 

quantify prescribed fire impacts on air quality and improve related decision-making. 

The prescribed burning season is constrained by the availability of suitable weather conditions 

essential to lower fire intensity and impact on urban air quality (Haikerwal et al., 2015).  Analysis of 

previously daily prescribed burned areas and the weather conditions controlling them is critical for projecting 

future pollution control. While the optimum weather conditions recommended by KDHE are widely 

considered best practices in the Flint Hills region, the number of days available per burning season under 

these conditions are limited. The availability of optimum weather conditions to minimize smoke impacts 

from fire on the environment and air quality has been identified as the major constraint to achieving the 

desired levels and timings of prescribed burns (Chiodi et al., 2018). Given the short burn windows in the 

spring, it has become increasingly important to identify feasible burn conditions and the limiting weather 

conditions to prevent O3 exceedance using long-term local weather data.  

Complex photochemical air quality modeling is usually needed to simulate both chemical and 

physical processes to model O3 formation. Results of several studies simulating impacts of prescribed fires 

suggested that the current module in photochemical models tend to underestimate O3 production, indicating 

a lack of simulated photochemical production or a lack of precursors emitted from the burning (Hu et al., 

2008). Accuracy of modeling results is affected by knowledge gaps in smoke evolution and photochemical 

mechanisms. The three-dimensional Eulerian grid modeling is used in most modern photochemical models. 

They solve a finite approximation by splitting the modeling region into many horizontal and vertical cells 



7 
 

that interact with one another to replicate the numerous mechanisms that affect pollutant concentration 

evolution. For each computational cell in the modeling domain, emission and meteorological data are 

typically specified at hourly intervals. The use of these photochemical models is often costly, with high 

demands on model inputs and computer resources. Additionally, accurate emission data with defined 

uncertainties for rangeland burning has not been available at the required space and time scales. Therefore, 

effort to apply photochemical modeling in smoke management is limited, and there is still a long way to go 

for a reliable and practical smoke management tool can be developed based on photochemical modeling. As 

air quality management is becomes more complex, higher level of competency in O3 modeling is required to 

provide reliable, accurate results and practical tools to manage smoke-related air quality challenges. 

1.7 Research Objectives 

The goal of this project is to establish practical forecasting models and a decision support system for 

smoke and air quality management in the Flint Hills region, which will encourage and enable the continuous 

practice of prescribed rangeland burning and maintenance of the ecosystem in a manner that minimize 

adverse air quality and social impacts. Specific objectives include: 

1. Identify the spatial and temporal distributions and patterns of daily prescribed fire activities in the 

Flint Hills region using the combination of MODIS resolution imagery and standard active fire data. 

2. Characterize meteorological parameter sensitivities connected to daily fire activities and propose 

optimum weather conditions for mitigating smoke pollution associated with prescribed fires. 

3. Develop regression models to simulate O3 contributions from prescribed burning in order to assist 

collaborative management of prescribed fires and reduce smoke impact on ambient O3. 

 

Chapters 2 to 4 provide further elaboration on each objective, with concise descriptions of the chapters 

and the research goals that drive them. 

 

Chapter 2: Daily Burned Area Mapping for Prescribed Rangeland Burning in the Flint Hills Region 

Using Modis Data. 
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To address Objective 1, method to map and retrieve the daily burned area in the Flint Hills region, 

covering 17 counties in Kansas and Oklahoma from 2003 to 2019 using the combination of MODIS imagery 

and standard active fire data was developed in this chapter. Correlations between the accumulated burned 

area and the active fire count observed at the same date are developed as a scale model for mapping daily 

burned area. The spatial and temporal distributions and patterns of daily fire activities in the Flint Hills region 

are identified from the resulting product. Additionally, analysis of the distribution of the daily burned area 

between March 8 to May 8 from 2003 to 2019 are studied to optimize the timing of the prescribed fire 

activities. The results show the preferred weather conditions for prescribed fires. How weather conditions 

affected the daily burned and effect of daily burned area on O3 concentrations are also studied under this 

chapter.  

Chapter 3 - Optimum Weather Conditions for Prescribed Burning in the Flint Hills Region 

This chapter addresses Objective 2 by characterizing the sensitivities of meteorological parameters 

and identifying influential weather parameters linked to daily fire activities in the Flint Hills region. The 

Pearson correlation was used to analyze the relationship between daily burned area and meteorological 

driving factors. This chapter presents improvement on the current understanding of fire weather conditions 

and their effect on the timing of prescribed burning activities in the Flint Hills region with machine learning 

techniques using random forest (RF) with Shapley additive explanation (SHAP) values. The SHAP value are 

utilized to interpret the random forest algorithm and explain the impact of weather variables on daily burned 

areas. The weather conditions currently preferred by landowners based on county-level data are identified.  

In addition, the analysis assessed the main meteorological factors influencing the subjectivity of landowner 

decisions in prescribed burning and the optimum weather conditions for prescribed burning to reduce the 

impact of smoke on ambient air quality were identified.  

 

Chapter 4: Regression Models to Reduce Impact of Prescribed Burning on Ozone in Flint Hills Region 

Chapter 4 addresses objective 3 by developing regression models that assist to reduce smoke impact 

on ambient O3. This chapter investigates key factors that influencing maximum 8-hour O3 observations at 
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any of the O3 monitoring sites in Kansa using Pearson correlation, machine learning technique (SHAP values 

with XGBoost), regression modeling and sensitivity analyses. The analysis was based on combined analysis 

of historical data including O3, weather variables, and daily burned area that were obtained from satellite 

observations. Practical burning decision tool to assist management of prescribed fires in the Flint Hills region 

was developed using the predictors that are highly sensitive to O3 level. Optimal burn conditions for heavy 

fire when O3 level is not sensitive to fire were identified. Additional burning conditions were recommended 

under second-class condition and marginal conditions to supplement the optimal burning condition. 

 

Chapter 5: Conclusions and Future Research Directions. 

The final chapter of this dissertation highlights key conclusions, limitations and areas of research that 

need to be explored in the future. 
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Chapter 2 - Daily Burned Area Mapping for Prescribed Rangeland Burning 

in the Flint Hills Region Using Modis Data 

*A modified version of this chapter has been published by the American Society of Agricultural and 

Biological in the Journal of the ASABE. 

Citation: Akinbile, D. S., & Liu, Z. (2022). Daily Burned Area Mapping for Prescribed Rangeland Burning 

in the Flint Hills Region Using MODIS Data. Journal of the ASABE, 0.   

 

Abstract 

Smoke from prescribed burning in the Flint Hills region impacts air quality and contributes to the 

exceedances of ozone (O3). The objectives of this study were 1) to map the daily burned area in this region 

from 2003 to 2019 using the combination of Moderate Resolution Imaging Spectroradiometer (MODIS) 

resolution imagery and standard active fire data from satellite, and 2) to identify the spatial and temporal 

distributions and patterns of daily fire activities. Red and near-infrared images were combined, and 

supervised minimum distance classification of the bi-spectral images was applied to map the daily burned 

area. Results showed that fire activities were highly concentrated in a few days in mid-April. The annual 

burned percentage (ranged from 11% to 52%) and the average fire size (ranged from 160 to 400 ha) were 

larger in the central part of the Flint Hills region than in the Southern part and at the edge. On average, the 

preferred weather conditions by landowners only occurred in around 10 days in one spring burning season. 

The maximum daily burned area in the Flint Hills study region was as high as 0.2 million ha, about 1/6 of 

the total burned area in the whole spring burning season. Based on historical daily burned area analysis and 

weather data, most fires occurred on days with high solar radiation, favoring O3 production. Changing this 

pattern or more evenly distributed fires can reduce the smoke impact on daily O3. The results of this study 

provided a solid foundation for the development of O3 regression models using daily burned area and 

meteorological factors as predictor variables. 
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2.1 Introduction 

The Flint Hills region is the home to the largest remaining area of unplowed tallgrass prairie in North 

America, which has been preserved for biophysical and socioeconomic reasons. Prescribed burning is a long-

standing practice to maintain the structure and functionalities of the tallgrass ecosystem, as it enhances 

nutritional value of native grasses and reduces weeds/brush and wildfire risk (Towne and Craine, 2016). 

However, the intensive fires impact air quality due to the particulate matter in the smoke and the elevated 

ozone (O3) formed through the reaction of nitrogen oxide (NOx) and volatile organic compounds (VOCs) 

emitted from the fires (Liu, 2017; McClure and Jaffe, 2018). In Kansas, the number of days with O3 

exceedance above the air quality standard increased with increasing burned area in the Flint Hills region (Liu 

et al., 2018). Smoke can transport thousands of kilometers downwind, affecting regional air quality (Vakkari 

et al., 2020). 

Responsible smoke management relies on modeling tools that can quantify the contributions of 

burning activities to daily air quality, which requires quantification of burned area and smoke emissions at 

defined space and time scales (Odman et al., 2013). This is essential for collaborative smoke management 

that allows regulators and land managers to plan a burn's timing and size to avoid air quality problems. 

Satellite remote sensing is available for the detection of fire activities. Fire emission inventories are often 

based on burned area data from satellites accompanied by biogeochemical modeling of fuel load (Ito and 

Penner, 2004; Lentile et al., 2006; Langmann et al., 2009). Land managers have used satellite data to 

supplement existing fire data and assist with fire management initiatives (Morgan et al., 2001). Terrestrial 

imagery from the National Aeronautics and Space Administration (NASA)'s Moderate Resolution Imaging 

Spectroradiometer (MODIS) instrument has been used for mapping accumulated burned area of the tallgrass 

prairie in a whole burning season (Mohler and Goodin, 2010, 2012a, b). Managers can keep track of fire 

activities using satellite products through an annual reporting system. However, few can track them on a 

daily basis (Ferguson et al., 2001). The method developed by Mohler and Goodin (2010) could only estimate 

accumulated burned area but not daily burned area due to cloudy satellite imagery and the quickly changing 

nature of burned and unburned areas amid rapid vegetation regeneration. Satellite active fire data provides 
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information on the spatial and temporal distribution of fires. The active fire data had been used to quantify 

the effects of agricultural fires on air quality (Zha et al., 2013). Freeborn et al. (2009) claimed that combining 

and fusing satellite imagery and active fire data from various satellite platforms could improve the satellite-

derived estimation of burned area. The algorithm to detect both day and nighttime active fires and other 

thermal anomalies was often based on the detection of the released elevated energy relative to the non-

burning surroundings. And it could be obtained at middle-infrared to thermal wavelengths through MODIS 

Fire and Thermal Anomalies product (Schroeder et al., 2014; Chen et al., 2017). The new R-Series of 

Geostationary Operational Environmental Satellite (GOES-R), launched in November 2016, could detect 

active fire activity with higher temporal resolution but had lower spatial resolution (Barmpoutis et al., 2020; 

Xu et al., 2021). Urbanski et al. (2009) suggested that the combination of active fire data and burn scar 

detection algorithm be used to produce daily burned area. 

Daily variation of ambient O3 is significantly affected by variations in weather conditions and 

emissions of O3 precursors (Liu et al., 2018). Estimating daily burned area is essential for quantifying the 

actual contributions of fire activities on daily ambient O3, and understanding fire patterns can assist land 

management in controlling smoke impact (Scholtz et al., 2020). Our goal was to establish a regression model 

to simulate the smoke impact on O3 by using daily burned area and meteorological factors as predictor 

variables and develop a practical burning decision tool based on the model. The specific objectives of this 

study were: 1) to map the daily burned area in the Flint Hills region from 2003 to 2019 using the combi- 

nation of MODIS highest resolution imagery and standard active fire data; 2) to identify the spatial and 

temporal distributions and patterns of daily fire activities in the Flint Hills region. 

 

2.2 Methods 

2.2.1 Study Area 

The Flint Hills region extends throughout much of eastern Kansas and northern Oklahoma and 

contains over 2.4 million ha of rangeland. Almost half of the rangeland is burned yearly, and burning is done 

almost exclusively in the spring season due to economic and cultural factors (Baker et al., 2019; Weir and 
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Scasta, 2017). A land use distribution map can be found in Scholtz et al. (2020) or Mohler and Goodin (2012a, 

b). Our study area covers 17 counties in Kansas and Oklahoma (fig. 2.1), as they represent a significant 

portion of the Flint Hills region, and we have access to consistent data in these counties from 2003 to 2019. 

 

Figure 2.1.1: 17-county study area in Kansas and Oklahoma 

 

2.2.2 Modis Data Acquisition and Processing 

MODIS on NASA’s Terra and Aqua satellites is making daily observations of the earth with 36 

channels spanning the spectral range from 0.41 to 15 µm and representing three spatial resolutions: 250 m (2 

channels), 500 m (5 channels), and 1 km (29 channels) (Remer et al., 2005). Combination of band 1-red (620 

– 670nm) and band 2- near-infrared (NIR) (841 – 876nm) at a spatial resolution of 250m was used because 

it offers the optimal combination of spatial, temporal, and spectral properties for this application as suggested 

by Mohler and Goodin (2012a). All 250m red and NIR Terra (MOD09GQ) and Aqua (MYD09GQ) images 

in March, April, and May in each of the 17 years (2003 to 2019) were acquired from the Warehouse Inventory 
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Search Tool of NASA. MODIStsp, an R package source code with a graphical user interface (Busetto and 

Ranghetti., 2016), was used to perform downloading, mosaicking, reprojection, and resizing of raster derived 

from MODIS land products data. The downloaded images were converted from their native hierarchical data 

format (HDF) to tagged image file format (TIFF) using HDF-EOS to GeoTIFF conversion tool (HEG).  

The TIFF format images were imported into ArcMap 10.7 to check for cloud or shadow cover through 

image metadata and visual examination. Images acquired on cloud-free days generally had lower reflectance 

with a smaller standard deviation over a county. When clear images without cloud cover from both the Terra 

and Aqua platforms were available on the same date, the Aqua platform image was selected. This is because 

Aqua images could represent more burned areas from that day since the images were acquired during the 

evening pass. From 2000 to 2002, only one MODIS sensor on the Terra platform was in orbit, and these data 

were not included in our analysis.  

The cloud cover was checked by visual examination of the downloaded MODIS images. Only the 

best cloud-free images with a classification accuracy of 90% and above were selected for mapping. Other 

images were considered cloudy to minimize false positives. The burns in cloudy images did not go unmapped 

because they were visible in images from other dates close to the dates with the cloudy image. 

 Masked layers that contain the ground truth data from 2008 and 2010 (Mohler, 2011) were used to 

map out non-grassland from the selected cloudy free bi-spectral images using the ENVI 5.2 software. The 

stacked image masked files were obtained from the Kansas Department of Health and Environment (KDHE). 

These layers were prepared to permit the majority of each non-grassland land cover type, such as actively 

growing crops, water, and evergreen vegetation, to be excluded from consideration. 

Supervised minimum distance classification of the bi-spectral images was applied. The freshest burn 

scars were the darkest in color, and they fade to a lighter color as they get older (Mohler, 2011). Therefore, 

pixels from the most recent burned areas were selected as the training data to sustain the burned area 

estimation. Each day, different training data were used to prevent cloudy areas from being classified as 

burned areas. It was necessary to get good results due to the quickly changing nature of the burned areas and 
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other variables like clouds and cloud shadows. The accuracy of classifications using this method has been 

estimated to be 90% or better by Mohler (2011). 

 

2.2.3 Mapping Daily Burned Area 

The daily active fire data (2013-2019) in a point format at a 1 km resolution was collected from the 

MODIS Global Monthly Fire Location Product (MCD14ML), Collection 6 product through the NASA’s 

FIRMS website (https://firms.modaps.eosdis.nasa.gov/download/create.php). Each active fire count data 

point included coordinate location (latitude and longitude), date, time, confidence level, and satellite type 

(Terra or Aqua). The acquired raw active fire points with a vegetation fire type and a non-zero confidence 

level were subset to the 17-county study area.  

Correlations between the accumulated burned area and the active fire count observed at the same date 

were developed as a scale model. The scale model incorporates knowledge of the point spread function when 

the acquired burn scar images are cloudy. Figure 2 presents a flowchart of the process for mapping daily 

burned area. 
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Figure 2.2: Flowchart of the process for mapping daily burned area. 

 

2.2.4 Classification Of Daily Burned Area 

Clustering analysis was used to classify daily burned area into different categories by minimizing the 

distance between points in a cluster and maximizing the distance between clusters. A list for the within-

cluster sum of square (WCSS) was appended to the clusters using all the initial clusters. K-means algorithm 

is sensitive to the centroids' initialization or the mean points. A poor initialization of centroids could result 

in poor clustering. To overcome this drawback, K-means++ was used to ensure a smarter initialization of the 

centroids and improve the clustering quality (Kapoor and Singhal, 2017). The optimal number of clusters 

was determined to be 4 using the elbow method on the plot of WCSS against the number of clusters. 
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2.2.5 Normalized Daily Burned Area 

Historical weather data for 4 counties (Riley and Geary in Kansas, Kay, and Osage in Oklahoma) 

were obtained from Kansas State University weather data library and the Mesonet website (http://mesonet.k-

state.edu/weather/historical). The daily burned area in these counties was normalized by dividing the 

maximum daily burned area in the county so that data from counties with different sizes become comparable. 

The weather conditions when the normalized daily burned area in a county was larger than 0.5 are considered 

the preferred weather conditions for prescribed fires. 

 

2.3 Results 

2.3.1 Annual Burned Area and Burned Percentage 

The area burned in the 17 counties of the Flint Hills region in each spring burning season is presented 

in figure 2.3. On average, around 30% of the rangeland was burned annually in spring. Due to different 

weather conditions, the annual burned percentage ranged from 3% to 48%. The drought in 2012 and 2013 

resulted in extremely small, burned area in these two years. 

 

 

 

Figure 2.3: Area burned in each spring burning season in the 17 counties of the Flint Hills region. 

 

The annual burned percentage also varied in different parts of the Flint Hills region. As shown in 

table 2.1, in the central part of the Flint Hills region (Chase, Wabaunsee, Greenwood, Lyon, Elk, and 

Woodson counties), the annual average burned percentage ranged from 33% to 52%. In contrast, in the 
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Southern part and at the edge of the Flint Hills region (Cowley, Chautauqua, Osage, Kay, Pottawatomie, and 

Marion counties), the annual average burned percentage ranged from 11% to 25%. 

 

Table 2.1: Annual average burned area and burned percentage from 

2000 to 2019 in each of the 17 counties. 

County 
Total rangeland 

hectares   
Annual average 
burned hectares 

Annual average 
burned percentage  

Kansas, Chase 
                        

172,125  
                             

90,237  52% 

Kansas, Wabaunsee 
                        

165,158  
                             

69,274  42% 

Kansas, Greenwood 
                        

252,350  
                             

94,607  37% 

Kansas, Lyon 
                        

149,516  
                             

55,163  37% 

Kansas, Elk 
                        

138,168  
                             

46,127  33% 

Kansas, Woodson 
                          

85,771  
                             

28,133  33% 

Kansas, Riley 
                        

101,513  
                             

32,309  32% 

Kansas, Coffey 
                          

96,819  
                             

28,373  29% 

Kansas, Morris 
                        

132,196  
                             

38,449  29% 

Kansas, Butler 
                        

269,738  
                             

72,879  27% 

Kansas, Geary 
                          

71,258  
                             

19,096  27% 

Oklahoma, Osage 
                        

369,590  
                             

92,872  25% 

Kansas, Pottawatomie 
                        

154,833  
                             

38,640  25% 

Kansas, Cowley 
                        

193,545  
                             

44,314  23% 

Kansas, Chautauqua 
                        

132,102  
                             

29,385  22% 

Kansas, Marion 
                        

116,513  
                             

16,457  14% 

Oklahoma, Kay 
                          

96,338  
                             

10,360  11% 

Total 
                   

2,697,533  
                         

806,674  30% 

 

2.3.2 Correlations Between Burned Area and Active Fire Count 

The annual burned area and the active fire count demonstrated strong correlations (R2 ranged from 

0.74 to 0.85 in different counties). The slope of the annual burned area over the active fire count indicates 

the average size of one active fire count, and it was higher for counties with a higher annual average burned 
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percentage (fig. 2.4). In Chase County, the annual average burned percentage was as high as 52%, and the 

average size of one active fire count was 400 ha. In the counties with the annual average burned percentages 

between 27% and 42%, the average size of one active fire count was 280 ha. Most of these counties are in 

the central part of the Flint Hills region. For the counties in the Southern part and at the edge of the Flint 

Hills region (Cowley, Chautauqua, Osage, Kay, Pottawatomie, and Marion counties), the annual average 

burned percentage was less than 25%, and the average size of one active fire count was only 160 ha. As a 

comparison, the average burned area in the Flint Hills region in U.S. EPA's National Emission Inventory was 

only 80 ha, with many fires exceeding 200 ha (Baker et al., 2019). 
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Figure 2.4: Correlations between the annual burned areas (estimated from burn scars in satellite images) and the active 
fire count (based on the detection of the released elevated energy) in different counties. 

 

2.3.3 Distribution Of Daily Burned Area 

The average and maximum daily burned area from 2003 to 2019 in the 17 counties of the Flint Hills 

region are plotted in figure 2.5. The daily burned area generally started to increase rapidly since the end of 

March and peaked on April 14th. On average, the burned area from fires between March 31st and April 30th 

accounted for 86% of the total burned area in the whole burning season. The maximum daily burned area 

was around 0.2 million ha, which occurred on April 14th, 2005, and was about 1/6 of the total burned area 

in the 2005 burning season. 
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Figure 2.5: Average and maximum daily burned area from 2003 to 2019 in the 17 counties of the Flint Hills region (The 
black bars represent the average daily burned area. Error bars represent the maximum daily burned area). 

 

All the days in the spring burning seasons from 2003 to 2019 were classified into 4 categories based 

on daily burned area, as shown in table 2.2. On average, in the 62 days between March 8 and May 8, 44 days 

were no-fire days or light-fire days with daily burned area in the 17 counties less than 0.01 million ha, likely 

due to limited weather or fuel conditions; 12days were medium-fire days with a daily burned area between 

0.01 and 0.04 million ha; only 6 days were heavy-fire days with a daily burned area larger than 0.2 million 

ha. Fire activities were largely concentrated in a few days with desired weather and fuel conditions. On 

average, 58% of the total burned area in the spring burning season occurred on 6 heavy-fire days. The total 

burned area in the medium-fire days (12 days) and the heavy-fire days (6 days) accounted for 91% of the 

total burned area. 

Table 2.2: Classification of daily burned area of the 17 counties from March 8th to May 8th (Data are average values 
from 2003 to 2019). 

 
Category 

Range of daily burned area 
(million ha) 

Average daily burned area 
(million ha) 

 
Days 

Total burned area 
(million ha) 

Percentage of 
Burned area 

No-fire 0 0 23 0 0% 
Light-fire 0+ to 0.01 0.003±0.003 21 0.07 9% 

Medium-fire 0.01+ to 0.04 0.021±0.009 12 0.26 33% 
Heavy-fire 0.04+ to 0.20 0.083±0.037 6 0.45 58% 

Total   62 0.78 100% 
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2.4 Discussion 

2.4.4 Spatial And Temporal Distributions of Daily Burned Area 

The Great Plains of the United States have a clear fire frequency relationship. Fire frequency 

generally increases from west to east due to precipitation and north to south due to temperature 

(Stambaugh et al., 2011). The frequency and size of wildfires also depend on fuel production and the 

ability of fires to spread (Scasta et al., 2016). Our results showed both the burn frequency and the average 

sizes of prescribed fires varied at different parts of the Flint Hills region. In the central part of the Flint 

Hills region, landowners tend to burn more frequently, and the fire sizes are generally larger. In the 

Southern part and at the edge of the Flint Hills region, they burn less frequently, and the fire sizes are 

generally smaller. This spatial variation agrees with the 2000-2010 data in Mohler and Goodin (2012b) 

and the observation that small fires are more frequent at the edge and periphery of the Flint Hills region. 

It reflected different fire management practices in different counties due to variations in weather, fuel, 

topography, and land use management. The six counties (Chase, Wabaunsee, Greenwood, Lyon, Elk, 

and Woodson counties) in the central part of the Flint Hills region had an annual average burned 

percentage ranging from 33% to 52%, and they represented almost half of the total burned area in the 

17 counties of the study area. A well-recognized hypothesis was that burning annually or biennially 

could maximize productivity (Anderson et al., 1970; Towne and Owensby, 1984), and burning on a 3-

year (or less) cycle is needed to maintain vegetative homogenization (Ratajczak et al., 2016). However, 

many other counties had much lower burn frequencies. In Oklahoma, at a minimum, a four- year fire 

return interval or 25% of the burnable area each year had been recommended (Weir, 2011). The 

different burn frequencies in different counties provided a research opportunity to optimize burn 

frequency for maximum productivity by closely examining the historical burn area data. 

To analyze the spatial and temporal distributions of burned area in the Flint Hills region, Baker et al. 

(2019) used three data sources to estimate burned area: the Fire INventory from NCAR (FINN; 

Wiedinmyer et al., 2011), the Global Fire Emission Database (GFED; Van Der Werf et al., 2017) and 

the U.S. EPA's National Emission Inventory (NEI; USEPA, 2018), and the burned area assigned to 
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detected prescribed fires were based on default field size assumptions. With the combination of active 

fire data and burn scar detection algorithm, our method reduced missing daily fire detections. Therefore, 

our estimation of the burned area was more accurate and much larger than the estimations from FINN, 

GFED, and NEI. 

Results of daily burned area in our study showed that fire activities were highly concentrated in a few 

days that had desired weather and fuel conditions. The daily burned area generally started to increase at the 

end of March and peaked in mid-April. A large daily burned area often resulted in the exceedance of air 

quality standards in daily O3. If fire activities can be more evenly distributed, smoke impact could be reduced. 

Recent research suggested a longer spring burning season or burning outside of spring should be considered 

(Towne and Craine, 2016; Weir and Scasta, 2017). It would provide more days with acceptable weather 

conditions for burning, thus reducing daily burned areas and the smoke impact on daily O3. To optimize the 

timing of fire activities, it is necessary to study how weather conditions affect fire activities, and a clear 

guideline for better timing may be generated with precisely defined weather conditions. 

 

2.4.5 How Did Weather Conditions Affect Daily Burned Area 

The preferred weather conditions by landowners for prescribed fires were determined from the days 

when the daily burned area was larger than 50% of the maximum daily burned area in the county from 2003 

to 2019 (table 2.3). These preferred weather conditions generally agreed with the weather conditions 

recommended by KDHE (2010) but had a slightly higher relative humidity (RH). Burning in higher RH may 

result in more smoke. More importantly, our data showed most fires occurred on days with high solar 

radiation when cloud cover is close to 0. Many landowners prefer to burn in a day with strong sunshine and 

moderate temperature. The preferred weather conditions by landowners had a narrow window for high solar 

radiation. The larger differences between the maximum and minimum temperatures also showed that the 

preferred weather conditions had relatively high daytime and low night temperatures, indicating a warm and 

clear day without much cloud cover. KDHE recommended burning when cloud cover is 30-50% to reduce 

photochemical reactions that form O3 (KDHE, 2010). Based on the above reasons, we believe there is more 
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room to reduce smoke generation and its impact on O3 if landowners can burn at lower solar radiation. More 

analysis will generate a clear guideline for better timing of fire activities considering solar radiation and cloud 

cover in order to reduce smoke impact. 

Table 2.3: Preferred weather conditions for prescribed fires determined from days when daily burned area was larger 
than 50% of the maximum daily burned area in the county from 2003 to 2019. 

 Wind 
speed 
(m/s) 

Relative 
humidity 

(%) 

Solar 
radiation 
(Langley) 

 
Precipitation 

(mm) 

Maximum 
temperature 

(°C) 

Minimum 
temperature 

(°C) 

Average 
Days per 
season 

Preferred conditions for prescribed fires 1.9 ~ 7.5 34 ~ 82 536 ~ 633 0 ~ 0.5 8 ~ 31 -5 ~ 2 10 
In the whole season 0.2 ~ 12.2 25 ~ 98 19 ~ 760 0 ~ 131 -6 ~ 38 -11 ~ 22 62 

Conditions recommended by KDHE 2.2 ~ 6.7 30 ~ 50      

 

On average, the preferred weather conditions determined from the prescribed fire practices of 

landowners only occurred in around 10 days in one spring burning season. However, not all of these days 

had significant fire activities. Table 2.4 presents the fire activity levels in these 10 days and the corresponding 

median values of weather variables for each level. As shown in table 2.4, when all the preferred weather 

conditions had been met, most landowners chose to burn at relatively lower wind velocity, higher RH, higher 

temperature, and higher solar radiation, which is likely mainly due to safety considerations or convenience. 

However, lower wind speed may reduce smoke dispersion, and higher RH may result in more smoke, while 

higher temperature and higher solar radiation favor O3 production. If fire activities could be more evenly 

distributed in all the 10 days that had the preferred weather conditions, the smoke impact could be reduced. 

Expanding burning to other days with acceptable weather conditions could further increase the burning 

capacity of landowners. Weir (2011) estimated an average of 18.5 days per month with acceptable weather 

conditions for burning, which only considered temperature, RH, wind velocity, and precipitation, but not 

solar radiation. 

Table 2.4: Median values of weather variables for different fire activity levels on all days with the preferred weather 
conditions for prescribed fires. 

 Wind 
speed 
(m/s) 

Relative 
humidity 

(%) 

Solar 
radiation 
(Langley) 

 
Precipitation 

(mm) 

Maximum 
temperature 

(°C) 

Minimum 
temperature 

(°C) 

Average 
days per 
season 

A* > 0.5 3.2 59 595 0 23 4 1 
A = 0.10+ to 0.50 3.6 54 581 0 21 3 3 
A = 0 + to 0.10 3.9 55 572 0 21 3 4 

No fire 4.1 55 583 0 21 5 2 
* A is normalized daily burned area, which was calculated as the ratio of the daily burned area in the county to the maximum daily burned area in the county. 
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2.4.6 How Did Daily Burned Area Affect Ozone 

The overall R2 between the total acres burned in the whole spring burning seasons and the highest 8-

hour O3 mixing ratios observed in the same period at any of the ten monitoring sites in Kansas was as high 

as 0.62 (Figure 2.6). Generally, for one million increments of burned acres in the whole spring burning 

season, the highest 8-hour O3 mixing ratios increased around 10ppb. 

 

Figure 2.6: Correlations between the acres burned in the whole spring burning seasons from 2001 to 2019 and the highest 
8-hour O3 mixing ratios observed in the same period at any of the ten monitoring sites 

The maximum 8-hour O3 concentrations at different dates in the spring burning seasons from 2003 to 

2013 and the corresponding average daily burned area in the same period in the 17 counties of the Flint Hills 

region are plotted in figure 2.6. The O3 data was from the Konza Prairie CASTNET (Clean Air Status and 

Trends Network) research monitoring site located at the center of the Flint Hills region. As shown in figure 

2.7, the O3 concentration generally increased from March 8th to May 8th due to increasing temperature. 

However, all the O3 exceedances than 70 ppb were in April, when intensive fires occurred in the Flint Hills 

region. The O3 concentrations were affected by daily burned area and temperature, solar radiation, RH, and 

wind speed (Liu et al., 2018; Baker et al., 2016). Previously, O3 regression models have been developed in 

this region using weather factors as predictor variables (Liu et al., 2018). More analysis will add daily burn 

area as an additional predictor variable in the models to quantify the actual contributions of fire smoke to O3 

under different weather conditions and develop a practical burning decision tool based on the models. 
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Figure 2.7: The maximum 8-hour O3 concentrations in the Konza Prairie at different dates from 2003 to 2013 and the 
corresponding average daily burned area in the same period in the 17 counties of the Flint Hills region. 

 

2.5 Conclusion 

Daily burned area in 17 counties of the Flint Hills region in the spring seasons from 2003 to 2019 

were retrieved through a combined analysis of burn images and active fire data from MODIS. The resulting 

product was used to analyze the temporal and spatial variability of fire activities and will facilitate further 

studies on the smoke impact on daily O3. Results showed that fire activities were highly concentrated in a 

few days in mid-April. Both the annual burned percentage and the average fire size were larger in the central 

part of the Flint Hills region compared with the Southern part and at the edge. More importantly, based on 

analysis of historical daily burned area and weather data, it was found that landowners preferred to burn on 

warm and clear days with high solar radiation. High solar radiations favor O3 production. If landowners can 

choose to burn at lower solar radiation, and if fire activities can be more evenly distributed, smoke impact 

can be reduced. The results of this study provided a solid foundation for the development of O3 regression 

models using daily burned area and weather factors as predictor variables. More analysis will be conducted 

to quantify the actual contributions of the daily burned area to O3 and to generate a clear guideline with 

precisely defined weather conditions for better timing of fire activities to reduce smoke impact. 
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Conditions for Prescribed Burning in the Flint Hills Region. Journal of the ASABE, 0. 

 

Abstract 

Land managers use weather conditions to determine when meteorological and fuel conditions are 

suitable for prescribed burning. The objectives of this study were: 1) to characterize meteorological 

parameters’ sensitivities and identify the influential weather parameters connected to daily fire 

activities and, 2) to identify optimum weather conditions that are practical for mitigating smoke 

impact associated with prescribed fires in the Flint Hills region. Machine learning techniques using 

random forest (RF) with the Shapley additive explanation (SHAP) values and Pearson correlation 

were used to identify the relative importance of weather variables and their impact on the 

landowner burn decisions in the Flint Hills region based on historic data in 2003-2019. Results 

showed that less cloud cover demonstrated superior predictive power in landowner decisions for 

prescribed burning and largely resulted in elevated ambient ozone(O3). We found out that six days 

per burning season on average provided the proposed optimum weather conditions, which cloud 

cover ranged from 10+ to 55%. However, 62% of the total burned area occurred when the cloud 

cover was less than 10+% during 2003-2019. By changing the current burning occurrence to the 

proposed optimum weather conditions in our study, the probability of 70+ppb O3 occurrence could 

be reduced from 35% to 9% on heavy fire days. 
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3.1 Introduction 

The history of the rangeland is intertwined with the importance of grasslands for 

maintaining biodiversity at the landscape level. Grasslands cover one-third of the Earth's surface, 

making them an important global ecosystem (Lemaire et al., 2011). Humankind benefits from 

grassland ecosystems through livestock farming, soil conservation, biodiversity, cultural and 

social benefits, and climate regulation. The area and species richness of grasslands have constantly 

declined in many parts of the world. Landowners use prescribed fires as economically efficient 

practices for long-term resource management and the sustenance of grassland ecosystems. Despite 

the crucial role fire plays in the sustainability of grassland ecosystems (Bowman et al., 2009), 

smoke plumes from prescribed burning can contribute to exceeding the National Ambient Air 

Quality Standards (NAAQS) for ground-level ozone (Wilkins et al., 2020). The prescribed burning 

season is constrained by the availability of suitable weather conditions essential to lower fire 

intensity and impact on air quality (Haikerwal et al., 2015). Therefore, identifying the essential 

meteorological drivers of prescribed burning is important for rangeland management to limit their 

risks and promote ecosystem health. 

Several studies have used statistical methods to examine the relationships between 

prescribed fires and their environmental drivers in the United States (Chiodi et al., 2018; Kupfer 

et al., 2020; Striplin et al., 2020; Yurkonis et al., 2019). Weather is considered the dominant 

environmental factor for controlling prescribed fire (Hong et al., 2019) and for landowners burning 

decisions (Agastra, 2022). The correlations between weather variables and observed fire burn area 

are an important step in understanding burning and smoke management decisions by landowners. 

The application of machine learning approaches to mapping environmental data across 

heterogeneous environments has demonstrated tremendous potential (Belgiu and Drăguţ, 2016). 
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Machine learning methods have been applied to predict wildfire burn areas and analyze 

environmental drivers of fire (Wang et al., 2021), and the role of weather in prescribed burning 

decisions (Agastra, 2022). Machine learning models such as random forest (RF) can automatically 

select important variables and evaluate complex interactions, but they are regarded as black boxes 

due to their limited interpretability. Wang et al. (2021) suggested the Shapley additive explanation 

(SHAP), a novel game-theory-based approach to open the black box and interpret the machine 

learning model used to predict prescribed burned area. 

Prescribed burning is the primary rangeland management tool employed to maintain the 

tallgrass prairie ecosystem in the Flint Hills region (Towne and Craine, 2016; Liu et al., 2017). 

The climate of the Flint Hills region is sub-humid, temperate, and mid-continental, and is 

characterized by warm, moist air masses from the Gulf of Mexico that produce moderate to heavy 

rainfall (Goodin, 1995). The map of the study area is provided by Akinbile and Liu (2022). While 

previous studies have examined the synoptic analysis of ozone (O3) exceedance days during the 

prescribed burning season (Cirnu and Harrington, 2019), the analysis of weather variables and 

conditions influencing prescribed burning decisions in the region is still sparse. Consequently, we 

seek to improve the current understanding of fire weather conditions and their effect on the timing 

of prescribed burning activities in the Flint Hills region using machine learning techniques. 

In our study, we employed the Pearson correlation to analyze the relationship between daily 

burned area and meteorological driving factors. Furthermore, we used SHAP value to interpret the 

random forest algorithm and explain the impact of weather variables on daily burned areas. Our 

specific objectives were to: 1) characterize the sensitivities of meteorological parameters and 

identify influential weather parameters linked to daily fire activities; and 2) identify optimal 
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weather conditions that are practical for mitigating the smoke impact associated with prescribed 

fires in the Flint Hills region. 

Previous studies have evaluated weather conditions favorable for prescribed fires 

(Yurkonis et al., 2019; Weir, 2011a); however, our approach using machine learning techniques 

to identify and interpret influential weather parameters can provide more insight and aid in the 

development of better management strategies for the region. 

 

3.2 Data and Methods 

3.2.1 Fire Data 

An inventory of data from historic fire events was prepared to perform statistical analysis 

of weather conditions associated with prescribed fire. The prescribed fire records include the 

county, detection dates, and estimated daily burned rangeland (ha) in the Flint Hills region during 

the spring-prescribed burn season, which were developed by Akinbile & Liu (2022). To ensure the 

consistency of the data, we analyzed the period from March 8 to May 8 for the years 2003-2019. 

3.2.2 Weather Data 

The average value of the weather variables largely indicates the conditions that affect fires 

after ignition and the ultimate outcomes of burned area (Littell et al., 2016). Since it is uncommon 

to start prescribed fire after 18:00 h, and almost all the prescribed burnings were conducted in the 

daytime (Yurkonis et al., 2019), the average hourly values of weather variables from 8 am to 6 pm 

were used.  

The weather variables included in our analysis are air temperature (°C), relative humidity 

(RH, %), wind speed (m/s), solar radiation (W/m2), cloud percentage cover (%), and precipitation 

(mm). Hourly weather data in the Flint Hills region were obtained from Kansas State University 
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Mesonet (Kansas Mesonet, 2022). Cloud cover data were obtained from the Visual Crossing 

Weather (Visualcrossing, 2022). To identify the fire weather pattern trend across the whole Flint 

Hills region, we used historical meteorological data from Riley County because it has the longest 

records of weather observations in our study domain. To identify preferred weather conditions by 

landowners, weather data in specific counties were used, including Wabaunsee, Riley, and Marion 

counties. These stations were selected based on data availability in terms of longer observation 

years and fewer interrupted observations. 

3.2.3 Data Analysis 

The importance of different weather variables as related to daily burned area were 

evaluated by the Pearson correlation with Pandas library in Python. The relative importance of 

weather variables was evaluated with SHAP values for a RF algorithm. Data analysis using RF 

models and Pearson correlation are restricted to the month of April because Flint Hills landowners 

have a tradition of burning intensively in April (Akinbile & Liu, 2022). In March and May, the 

favorable weather condition is not clearly defined. There were days in March and May with 

favorable weather conditions, but landowners choose not to burn. 

RF is an ensemble machine-learning technique that is non-parametric and nonlinear 

(Breiman, 2001). It builds a forest out of numerous mutually independent decision trees by using 

a random algorithm to select important variables and estimate each variable's relative importance 

(Breiman et al., 2017). With high prediction performance and low overfitting, it grows each tree 

from the training dataset using bagging or bootstrap sampling (Hapfelmeier & Ulm, 2013). The 

method reduces the variance in the dataset by de-correlating individual trees because they are not 

all dependent on the same data or variables (James et al., 2013). 
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SHAP is a technique of assigning impact to features that do not have an equal impact on 

the prediction outcome using an additive feature attribution method to explain the output of any 

machine learning model (Lundberg & Lee, 2017). The method can be compared to a game in which 

each input variable is a player, and the final prediction is the result of the game. The goal of the 

game is to understand how each input variable contributes to the final prediction by ranking 

according to variable importance (Wang et al., 2021). Optimizing weather conditions for 

prescribed burning can be considered a game as it involves making decisions to achieve the desired 

outcome.  

The independent variables are RH, air temperature, cloud cover, solar radiation, wind 

speed, and precipitation. The dependent variable is the estimated daily burned area. Approximately 

three-quarters of the samples in the dataset are used for training, and the remaining one-quarter are 

used for model validation. We tuned the model parameters using grid search and ten-fold cross-

validation to avoid overfitting. The RF models produce the best performance with n-estimators, 

maximum depth, maximum features, and criterion equal to 100, 6, square root, and mean absolute 

error, respectively. The relative importance of the independent variables was identified with the 

SHAP value to determine which of these variables most predicted the dependent variable in 

descending order. Two types of models and rankings were trained: a regional model for the whole 

Flint Hills and county specific models. We used the county-level models to verify the performance 

of the weather variable importance ranking of the regional model. The disadvantage of RF is that 

it might only select the most significant features when correlated features exist and neglect the 

importance of other features. Therefore, we evaluated the findings of RF feature importance in 

conjunction with the Pearson correlation method. 



39 

3.2.4 Identifying the Preferred Weather Conditions for Burning by Landowners 

Landowners may apply their intuitive judgments to choose whether to burn or not (Kupfer 

et al., 2020). To identify the preferred weather conditions, the weather conditions of three counties 

were analyzed. At the county level, all the days were classified into four categories based on daily 

burned area according to heavy-fire day (> 4,000 ha, definition from Weir & Scasta, 2022), 

medium-fire day (1,000-4,000 ha), light-fire day (<1,000 ha) and no-fire day. The preferred 

weather conditions were screened for weather conditions that were not safe or practical for the 

prescribed burn. These include very low RH (<20%) and very high wind speeds (> 9m/s) informed 

by Chiodi et al. (2018) and daily precipitation (>6.35 mm/day) that make burns ineffective, as in 

Chiodi et al. (2016). The weather conditions on the medium-fire and heavy-fire days at county-

level were used to define the preferred conditions and compared to the optimum burning conditions 

recommended in the Flint Hills smoke management plan (KDHE, 2010; RH = 30-55%; wind speed 

= 5-15 mph, or 2-7 m/s; cloud cover = 30-50%) to identify the potential areas for improvement.  

We applied the preferred weather conditions determined from the county-level to the whole Flint 

Hills region. The preferred weather conditions are compared with the other regions' recommended 

weather conditions in United States outside Flint Hills region (Weir, 2011b; Yurkonis et al., 2019; 

Kupfer et al., 2020; Baijnath-Rodino et al., 2020; Waldrop et al., 2018). Given the burden of 

conducting all desired burns within a short window in the spring, we identified all possible burn 

windows using preferred weather conditions as the yardstick. 

3.2.5 Identifying the Optimum Weather Conditions for Prescribed Fires 

By improving the current understanding of the prescribed burn decision pattern, we 

proposed optimum weather conditions for burning from historical data. Daily ozone (O3) 

concentrations from 2003 to 2019 at nine Kansas regulatory monitoring stations around Flint Hills 
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and the Clean Air Status and Trends Network (CASTNET) in Konza Prairie were obtained. The 

air quality was deemed unsatisfactory on days with O3 exceedances over 70ppb (McCarthy & 

Shouse, 2018). Optimum weather conditions are determined using actual available days within 

preferred weather conditions that minimize the O3 exceedance occurrence. 

3.3 Results 

3.3.1 Prescribed Fire Driving Weather Variables 

    Figure 3.1 illustrates the results of the Pearson correlation analysis between the daily 

burned area and the weather variables. As it can be seen, cloud cover, RH and solar radiation have 

the highest correlation with daily burned area. The same trend can be seen in the RF model output 

using SHAP values (Fig. 3.2). The SHAP values are the absolute mean over the counties to 

illustrate the intricate relationships between the weather variables and daily burned area. The 

SHAP values on the x-axis represent the contribution of each weather variable on the daily burned 

area, which could be negative or positive. Color gradient of each point represents the feature value 

of the weather variables (red high, blue low). The negative SHAP values indicate decreased daily 

burned area; positive SHAP values show an increased daily burned area. It reveals, for example, 

that high solar radiation increases the daily burned area while low solar radiation lowers the daily 

burned area. In contrast, high RH (red) decreases the daily burned area with a negative SHAP 

value, while low RH increases the daily burned area (blue) with a positive SHAP value. 

Unlike Pearson correlation, RF feature importance does not account for positive and 

negative correlations and only reports factor significance. Figure 3.1 shows wind speed and air 

temperature as the least correlated with daily burned area. As noted by Ahmadi et al. (2022), RF 

feature importance is prone to choose only the most important input variable and undervalue the 

effect of others. The SHAP values (Fig. 3.2) ranked precipitation as the least predictor of daily 
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burned area, however, it is more correlated with daily burned than both air temperature and wind 

speed. 

The significance of weather variables and burn decision patterns vary by county. The 

relationships between the weather variables and daily burned area (Figs. 3.2b-d) at Wabaunsee, 

Riley and Marion counties are illustrated. With a few minor exceptions, the results from 

Wabaunsee and Riley counties, with annual average burned percentage range of 42% and 32%, 

respectively (Akinbile & Liu,2022), are substantially identical within the whole Flint Hills region. 

However, the model output based on weather variables of Marion County, with annual average 

burned percentage of 14%, was entirely different from other counties.  The variations in model 

output were largely due to the fact that smaller fires tend to be more common in counties with 

lower annual burned percentages, occurring under variable weather conditions. Light fires 

dominated the prescribed burning days in Marion County, and RH is considered to have a greater 

impact than other weather variables. The spatial disparity agrees with Parks et al. (2012), who 

established that local weather conditions control fire decisions at a larger spatial scale. 
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Figure 3.1: Pearson correlation between daily burned area and meteorological factors. 

 

 

 
(a) 
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(b) 

 
(c) 

 
(d) 

Figure 3.2: Weather variables activity level in burning decisions by mean absolute SHAP values and their effect 
on daily burned area in (a) Flint Hills region (b) Wabaunsee County (c) Riley County and (d) Marion County 
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3.3.2 Weather Conditions for Different Fire Activity Levels 

Table 3.1 presents the fire activity levels on all days (1054 days) during spring burning 

seasons from March 8 to May 8 and the corresponding median values of weather variables for each 

fire activity level. The heavy fire days occurred averagely on 6 days per spring burning season. A 

total of 91% of the burned acres in spring burning seasons (12.18 out of 13.40 million ha) were 

burned on medium-fire and heavy-fire days.  Many landowners chose to burn at less cloud cover, 

higher solar radiation, a wide range of RH, moderate temperature, and lower wind velocity. 

Simultaneous low RH, high temperature, high solar radiation, less cloud cover and moderate wind 

speeds intensify prescribed fires and can ultimately lead to more burn area of rangeland (Nguyen 

et al., 2022). 

Table 3.1: Median values of weather variables for different fire activity levels in all days of spring burning 
seasons from 2003 to 2019 

 
Wind 
speed 
(m/s) 

Relative 
humidity 

(%) 

Solar 
radiation 
(W/m2) 

Cloud 
cover 
(%) 

Precipitation 
(mm) 

Temperature 
(oC) 

Average days 
per season 

Total burned 
area 

(million ha) 
No-fire 4.1 71 260 39 0 13.9 23 0 

Light-fire 4.2 52 418 16 0 14.4 21 1.22 
Medium-fire 4.2 47 486 9 0 16.7 12 4.43 
Heavy-fire 3.7 42 520 3 0 17.4 6 7.75 

Total        13.40 

 

3.3.3 The Preferred Weather Conditions for Burning by Landowners 

On average, the preferred weather conditions have 39 days per burning season. For cloud 

cover and RH, the preferred weather conditions had a larger range than the optimum burning 

conditions recommended by KDHE (2010). Landowners sometimes chose to burn when cloud 

cover and RH were much less or more than the recommended ranges of optimum conditions. More 

importantly, KDHE (2010) recommended burning when cloud cover is 30-50% to reduce 

photochemical reactions that form O3 and RH between 30-55% to reduce smoke production. Our 

data show that most fires in preferred weather conditions occurred on days with high solar 
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radiations when cloud cover was lesser than 30%. Many landowners did not choose to burn when 

the air temperature was too low or too high but burned when there was strong sunshine and 

moderate temperature. 

On average, 90% of the burned acres in the spring burning seasons (12.0 out of 13.4 million 

ha) were burned within the preferred weather conditions. In all the 39 days per burning season 

with the preferred weather conditions, there were only 5.5 days with 30- 50% cloud cover, which 

was within the KDHE recommended range of optimum burning conditions. The preferred weather 

conditions defined in our data generally agreed with the weather conditions recommended in other 

regions (Table 3.2) from the previous studies. Evidence suggests that tallgrass prairies may be able 

to burn under more favorable conditions outside spring season than commonly believed (Weir, 

2011a). Neighbors helping neighbors is a well-known idea, which frequently results in combining 

numerous burn units (Weir & Scasta, 2022) on a single day under preferred weather conditions. 

For safety, time management and labor reasons, landowners typically take advantage of the 

preferred weather conditions for large burns. 

Table 3.2: The proposed optimum weather conditions in comparison with recommended weather conditions 
for prescribed burning from other regions in USA. 

 
Wind speed 

(m/s) 
RH 
(%) 

Solar radiation 
(W/m2) 

Cloud 
cover 
(%) 

Precipitation 
(mm) 

Air temperature 
(°C) 

Preferred weather conditions from 
historic prescribed fires 

1.0 ~ 7.8 20 ~ 82 278 ~ 693 0 ~ 55 0 ~ 5.33 2.6 ~ 30.5 

Conditions recommended by Weir 
(2011b) in Oklahoma 

1.01~ 4.02 25 ~ 80   0 1.7 ~ 43.3 

Conditions recommended by 
Yurkonis et al., (2019) in Northern 

Great Plains 
1.8 ~ 6.7 25 ~ 80   0 2 ~ 43 

Conditions recommended by Kupfer 
et. al (2020) in Georgia and Florida  

2.25 ~ 8.0 >30    0 ~ 32.5 

Conditions recommended by Wade 
& Lunsford (1989) in Southern 

region 
2 ~ 10 30 ~ 55    0 ~ 32 

Conditions recommended by KDHE 
(2010,2017) 

2 ~ 7 30 ~ 55  30 ~ 50  10 ~ 27 

Proposed optimum conditions 2 ~ 7 30 ~ 55 279 ~ 669 10+ ~ 55 0 ~ 1.27 10 ~ 27 
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3.3.4 The Optimum Weather Conditions for Prescribed Fires 

The preferred weather condition datasets were used to analyze the weather patterns under 

the current conditions and explore the potential improvement to KDHE optimum conditions. To 

ensure that the set of weather variables was representative of the preferred conditions used by the 

landowners, we analyzed each weather variable by descriptive statistics. An assessment of the 

temperature and wind speed showed that a significant portion of the preferred conditions falls 

within the KDHE optimum conditions. There was a large variance for RH ranged 20-82%.  

However, about 65% of the preferred weather condition days were actually within the 30-55% 

KDHE optimum RH. There were only 14% (93 out of 667 days) of the preferred condition days 

within the 30-50% KDHE optimum cloud cover. The number of days that simultaneously met 

KDHE optimum weather conditions was limited by cloud cover and was less than 1 day per 

burning season. 

To obtain the proposed optimum weather conditions, we ranked all the 667 days within the 

preferred weather conditions according to cloud cover percentage from highest (55%) to lowest 

(0%), while other weather variables are within the KDHE recommended range. Our results show 

that in all the days in the spring burning season from 2003 to 2019, 77% of O3 exceedance days 

have cloud cover below or at 10%. We choose cloud cover at 10% as cut off for optimum weather 

condition. Cloud cover percentage between 10+% and 55% provided average of 6 days of optimum 

weather conditions per burning season. 
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3.4 Discussion 

3.4.1 How Weather Conditions Affected Landowner Burn Decisions 

Weather conditions can render a fire ineffectual, challenging to manage, or erratic. As Zhao 

& Liu (2021) observed, the weather conditions in the spring are unpredictable and extremely 

dynamic. The interpretation of Pearson correlation and RF results show that burning decisions by 

grassland managers are mainly affected by three weather variables (cloud cover, solar radiation, 

and RH). Understanding how weather influences burn decisions improve knowledge of optimum 

weather condition for prescribed fires and pollution control.  

Cloud cover was the most consistent meteorological predictor of burned area with 

significant impact at county level. Based on the review of worldwide variation and meteorological 

influences, Nguyen et al. (2022) reported that more cloud cover influences the amount of solar 

radiation reaching the earth’s surface, keeping temperatures lower and slowing ignition. Their 

results were consistent with the results of this study which show that 2% of the total burned area 

per season occurred when the cloud cover exceeded 50% (Table 3.3). Within the past two decades, 

62% of the total burned area occurred with a cloud cover of less than 10+%. Landowners chose to 

burn with significantly less cloud cover than the KDHE advised optimum conditions. The result 

of elevated ozone exceedances in our findings suggests that reduced cloudiness plays substantial 

role in increasing O3 concentrations, according to Waiaszek et. al. (2018), by altering the 

photochemical partitioning between NO2 and O2 toward greater O3 in the atmosphere. Large areas 

of concurrent burn when the sky was clear with high solar radiation are more likely to impact air 

quality. 

Table 3.3: Burned areas at different cloud covers in the spring burning seasons (March 8th to May 8th). The 
total burned area of the 17 counties were average values for the spring burning seasons from 2003 to 2019. 

 
Total burned area per spring burning season 

(million ha) 
Percentage of 
burned area 

Average days per spring burning 
season 
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Cloud cover 0 ~ 10% 0.49 62% 23 

Cloud cover 10+ ~ 30% 0.20 25% 15 

Cloud cover 30+ ~ 50% 0.08 11% 13 

Cloud cover > 50% 0.02 2% 11 
Total 0.79 100% 62 

 

Landowners prefer to conduct fewer prescribed burns during cloudy conditions in 

anticipation of impending rain. The result of RF with SHAP values shows that precipitation is the 

least considered weather factor for prescribed burning. This is not the case for Pearson correlation; 

thus, the significance can be attributed to a nonlinear correlation. Precipitation moistens the fuel 

and dampens the soil surface, which can reduce the intensity of the fire and make it easier to 

control. Landowners burn often on non-rainy days. However, it was particularly observed from 

our data analysis that landowners prefer to burn one or two days after rainfall. Therefore, it could 

be inferred that precipitation is used as safety measure to reduce the risk of the prescribed burn 

getting out of control. 

The SHAP dependence plots (Fig. 3.3) show how RH, temperature, wind speed and cloud 

cover impacted the daily burned area. The RF model shows that landowners prefer to burn heavily 

within the KDHE recommended RH (30%-55%). The RH between 30+- 50% contributed most 

positively to the daily burned area and accounted for 58% of the daily burned area (Table 3.4). 

While wind speed and temperature were mostly within the KDHE recommended optimum limit, 

further analysis established landowner can sometimes choose a larger window (20 - 82%) for RH 

than the recommended range. When the RH value exceeded 65%, the daily burned area decreased 

abruptly. Air temperature has a narrow window from about 10°C to 26°C, contributing positively 

to the model’s prediction. It is evident from our analysis that landowners prefer to burn mostly in 

the temperature range recommended by KDHE for optimal smoke management. According to 

Skvarenina et al. (2003), RH combines information about temperature, air moisture, and 
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biophysical processes in the environment to determine fire occurrence. The moderate inverse 

correlation between solar radiation and RH suggests that a change in RH will have impact on other 

weather variables. Our results indicate that landowners preferred to burn on days with not too high 

RH and strong solar radiation. These findings complement prior research findings that warm and 

dry weather condition promoted more burned area (Higuera & Abatzoglou, 2021; Abolafia-

Rosenzweig, 2022). 

Table 3.4: Burned areas at different RH in the spring burning seasons (March 8th to May 8th) (The total 
burned area of the 17 counties were average values for the spring burning seasons from 2003 to 2019) 

 
Total burned area per spring burning season 

(million ha) 
Percentage of burned 

area 
Average days per spring burning 

season 

RH 20 ~ 30% 0.06 8% 3 

RH 30+ ~ 50% 0.46 58% 22 

RH 50+ ~ 70% 0.23 29% 20 

RH > 70% 0.04 5% 17 
Total 0.79 100% 62 

 

Wind speed defines spread of fires and drives oxygen delivery in the combustion process 

(Rothermel, 1983). The RF model segments the wind speed into three different categories. Low 

wind speed (1.2m/s to <4.5m/s) has most positive impact on the model prediction with positive 

SHAP value. At high wind speed conditions (>6.5 m/s), there are some positive SHAP values that 

captured large episodic fire events. Analysis of the wind frequencies affirmed that stronger wind 

under hot conditions speeds up the fire spread leading to larger fires. Negative SHAP values 

generally related to wind speed between ~4.5m/s to 6.5m/s. More importantly, landowners do not 

burn at low relative humidity and high wind speed that could increase the spread and intensity of 

the fire. Results of the preferred weather conditions by the landowners reveal they are more 

concerned about prescribed burning's safety than its environmental impact. 
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(a) (b) 

 

(c) 

 

(d) 

Figure 3.3: The SHAP dependence plots between SHAP values and (a) RH, (b) Air Temperature, (c) Wind 
speed and (d) Cloud cover 

 

3.4.2 How the Proposed Optimum Conditions Can Reduce Ozone Impact 

Finding KDHE optimum weather conditions for prescribed burns during the burning 

season has become a challenge. There were only 16 days that satisfied the KDHE optimum 

conditions during the whole 17 years of study. In contrast, our proposed optimum weather 

condition averages 6 days per burning season and recommends cloud cover ranging from 10+ to 

55%. Heavy fire characteristically occurs when the cloud cover is less. As a result, cloud cover 
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demonstrated a superior predictive power for daily burned area and largely impacted O3 

concentration. Our proposed optimum weather conditions reduced the probability of O3>70ppb 

exceedance occurrence from 35% to 9% on heavy fire days (Table 3.5). If the landowner could 

choose to burn under the proposed optimum weather condition, it would decrease O3 exceedance 

frequency. A more detailed analysis is underway to quantify the maximum daily burned area in 

the Flint Hills region to avoid O3 >70ppb exceedance under different weather conditions. 

Table 3.5: Summary of the number of days when O3>70ppb under KDHE optimum weather conditions, preferred weather 
conditions and proposed optimum weather conditions from historical prescribed fires in terms of fire categories 

Fire 
category 

Number of days in the 
17 study year 

KDHE optimum weather 
condition 

Preferred weather 
condition 

Proposed optimum 
weather condition 

 
Heavy fire 

Number of actual days 2 88 11 
Number of days O3>70ppb 0 28 1 

 
Probability of O3>70ppb 
exceedance occurrence 

0% 32% 9% 

 
Medium fire 

Number of actual days 7 176 25 
Number of days O3>70ppb 0 16 1 

 
Probability of O3>70ppb 
exceedance occurrence 

0% 9% 4% 

 
Light fire 

Number of actual days 4 252 37 
Number of days O3>70ppb 0 2 0 

 
Probability of O3>70ppb 
exceedance occurrence 

0% ~1% 0% 

 
Overall 

Number of actual days 13 516 73 
Number of days O3>70ppb 0 46 2 

 
Probability of O3>70ppb 
exceedance occurrence 

0% 9% 3% 

 Average days per burning season ~1 39 ~6 

 

The proposed optimum weather conditions reduce the overall probability of O3 exceedance 

days from 9% to 3%. Our data show that the remaining O3 exceedance days were associated with 

high previous day O3 concentration (>60ppb). In addition to proposed optimum weather 

conditions, further improvement could be achieved by modeling of daily O3 under impact of 

prescribed burning considering input from previous day’s O3. As a result of this study, the ongoing 

research project will develop O3 regression models based on daily burned area, previous-day O3 

concentration and weather variables to simulate the smoke impact on O3. 
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The boxplot interpretation of cloud cover patterns and maximum 8-hour O3 concentrations 

under the proposed optimum and preferred weather conditions are shown in Figure 3.4. From the 

figure, the proposed weather conditions had significantly better performance in reducing O3 

exceedance days. Significant differences (p-value < 0.05) between the groups are found in cloud 

cover. The means of the cloud covers were generally higher than the medians in all categories, 

indicating that few more cloud covers skewed the distribution to the high side.  The first quartile 

of the proposed optimum weather conditions is a higher percentage of cloud cover than both the 

median and mean values for the preferred condition. The proposed optimum weather conditions 

had fewer O3 exceedance days than the preferred weather condition. Higher O3 in the region tend 

to coincide with heavier burning and lesser cloud cover; 80% of burn season O3 exceedance days 

were recorded when cloud cover was less than 10+%.  

The boxplot distribution of O3 for the preferred weather conditions shows elevated O3 

outliers. In contrast, the proposed optimum weather condition has no outliers with less O3 

exceedance. As compared to the inter-quartile range of the cloud cover for the proposed optimum 

weather conditions, the cloud cover inter-quartile range for the preferred weather conditions were 

larger, indicating more variation in cloud cover on the day of O3 exceedances. Therefore, our 

recommendation has higher mean and median values and higher percent cloud cover, lowering O3 

production from fire emissions. 
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(a) 
(b) 

Figure 3.4: Distribution of weather variable (a) cloud cover; and air pollution (b) ozone under preferred 
condition and proposed optimum condition over the Flint Hills region. In the box plots, the solid black line 
represents the median; the black circle represents the mean; the bottom and top of the box plots represents the 
25th percentile and 75th percentile, respectively. 

 

3.5 Conclusion 

Our study evaluated the relative importance of meteorological driving factors of prescribed 

burning in the Flint Hills regions. Machine learning methodology (SHAP values using RF) was 

applied to rank weather variables’ importance in prescribed burning and Pearson correlation was 

employed to explain their relationship with daily burned area. Weather conditions currently 

preferred by the landowners were determined from the county-level weather conditions. We 

proposed the optimum weather conditions for prescribed burning to mitigate smoke impact on 

ambient air quality. Current key findings include: 

 Prescribed burning decisions by landowners is mainly influenced by cloud cover, solar 

radiation, and RH.  

 Cloud cover demonstrates a superior predictive power for the daily burned area and largely 

impacts ambient O3 concentration.  

 The safety of the prescribed burning procedure is more importance to landowners than 

environmental impact of smoke pollution. 
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 The proposed optimum weather condition has an estimated 6 days per burning season and 

recommends cloud cover ranging from 10+ to 55%. If the landowners could choose to burn 

under the proposed optimum condition, the probability of O3 exceedance frequency could 

be reduced from 35% to 9% on heavy fire days.  

More analyses are ongoing to quantify the maximum daily burned area in the Flint Hills 

region to avoid O3 exceedance under different weather conditions. 
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Chapter 4 – Regression models to reduce impact of prescribed 

burning on O3 in Flint Hills Region 

Abstract 

The tallgrass prairie of the Flint Hills region is a fire-dependent ecosystem. Ground-level ozone 

(O3) exposure is unusually high in the Flint Hills region during the prescribed burning spring 

season. The objectives of this study were: 1) to model and quantify the impact of prescribed 

burning on daily O3 mixing ratio using regression models; 2) to develop a practical burning 

decision to assist collaborative management of prescribed fires for mitigating smoke impact on 

ambient O3. Pearson correlation and machine learning technique using extreme gradient boosting 

algorithm (XGBoost) with Shapley additive explanation (SHAP) values feature importance were 

used to evaluate the relevance and influence of predictor variables driving forces on O3 mixing 

ratio. Burn decision tool were developed based on O3 regression models to reduce smoke impact 

on ambient O3. Results showed the daily O3 mixing ratio is highly sensitive to the O3 mixing ratio 

on the previous day, daily burned area, RH, and cloud cover. On average, for every 0.1 million 

increase in daily burned hectares, the maximum O3 level increased by around 9 ppb. Proposed 

optimum weather conditions for burning demonstrate reduced O3 sensitivity to fire activities, 

averaging six days per season. Further recommendations were offered about burning under second-

class conditions (cloud cover = 10~30%) and marginal conditions (cloud cover =0~10%). The 

detailed findings of this analysis can assist land managers in planning their burning activities better 

and enable the continuous practice of land management in a manner that minimizes adverse air 

quality. 
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4.1 Introduction 

Prescribed rangeland burning is essential for maintaining the ecological balance and 

enhancing agricultural productivity in the tallgrass land ecosystem (Whitehill et al., 2019). Over 

the past two decades, approximately one-third of the total rangeland has been burned annually in 

the Flint Hills region of Kansas, United States (Akinbile & Liu, 2022). The smoke plume 

emanating from these burnings emits primary pollutants such as particulate matter (PM), carbon 

monoxide (CO), nitrogen oxides (NOx), and volatile organic compounds (VOCs) (Liu et al., 2017; 

McClure & Jaffe, 2018). The generation of ozone (O3) is significantly influenced by emissions 

from fires, as nitrogen oxides (NOx) and volatile organic compounds (VOCs) act as their 

precursors (Buysse et al., 2019). Ground-level O3 is one of the criteria pollutants regulated by the 

U.S. Clean Air Act (USEPA, 2012) and World Health Organization air quality guidelines (WHO, 

2005). The pollutant impacts regional air quality, leading to numerous adverse effects on human 

health, including impaired respiratory and cardiovascular functions (Baker et al., 2016; Reid et al., 

2016; WHO, 2014). Environmental Protection Agency (EPA) revised the ground-level O3 standard 

from 75 parts per billion (ppb) to 70 ppb in October 2015 (Mervis, 2015). Over the past several 

years, historically recorded population exposure to O3 by the Kansas Ambient Air Monitoring 

Network (KAAMN) had many days exceeded the daily maximum 8-hour O3 mixing ratios above 

70 ppb during the prescribed burning season downwind of the Flint Hills region. With the projected 

increase of prescribed fire events in rangelands, the adverse impacts of prescribed fires due to O3 

exceedance above air quality standards and human health have been increased in recent years (Liu 

et al., 2018; Langford et al., 2023). Recently, efforts have been made for developing modeling 

tools that enhanced smoke management for prescribed fires (Heilman et al., 2014; Hu et al., 2008; 
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Liu et al., 2017; KDHE, 2010). However, air quality management requires improved O3 modeling 

for accurate and reliable results, along with practical tools to mitigate the impact of smoke on O3.  

The production of O3 from fires is influenced by several factors, including the type of fuel, 

moisture content, photochemical reaction rates, the prevailing weather conditions, and smoke 

transportation (Jaffe et al., 2008; Zhang et al., 2014). O3 is a photochemical pollutant formed by 

the oxidation of emitted VOCs and elevated NOx concentrations in the presence of sunlight, 

especially when meteorological conditions are in favor of this oxidation process (Whitehill et al., 

2019). The generation of O3 occurs either in the original smoke plume or by the reaction of the 

smoke plume with existing atmospheric pollutants (Dokas et al., 2007). On a regional scale, close 

to the source area, prescribed fires with increased burning can contribute a significantly stronger 

impact on the formation of O3 in ambient air (Marufu et al., 2000; McKeen et al., 2002). The 

impact of grassland burning on O3 formation requires understanding the relationships between 

burned rangeland and atmospheric conditions to develop effective strategies for mitigating the 

detrimental effects on air quality. 

Synoptic spring weather conditions influence O3 by transporting and accumulating O3 and 

its precursors (Pope et al., 2016). Temporal variations in O3 in ambient air are influenced by 

meteorological factors and atmospheric boundary layer height (Yan et al., 2018). The strong 

seasonal and daily cycle of O3 concentrations can be attributed to the influence of meteorological 

conditions on the physical and chemical processes involved in O3 formation. Studies have 

indicated that large fires and smoke plumes are responsible for a portion of the increased 

tropospheric O3 reported at the regional scale (Kondo et al., 2004; Forster et al., 2001; Duncan et 

al., 2003a, 2003b). Large fires can result in elevated O3 being transported downwind over long 

distances and persist in the atmosphere for several days (Baker et al., 2016; VanCuren & Gustin, 
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2015). Unlike other pollution sources, smoke from rangeland burning cannot be mitigated by 

control devices. The contributions of rangeland burning activities to ambient O3 mixing ratios have 

received limited research attention. Current available smoke management tools are inadequate to 

prevent ambient O3 levels from exceeding the air quality standard. 

Modeling O3 formation and impact requires complex photochemical air quality modeling 

that simulates chemical and physical processes. Modeling typically requires hourly inputs of 

meteorological and emission data. The application of photochemical models is expensive, highly 

sensitive to dynamics of atmospheric conditions, difficult to capture heterogeneous chemical 

processes, and requires significant inputs and computational power (Jaffe et al., 2008; Lawson et 

al., 2017; Mason et al., 2006). The most frequently used alternative statistical models are based on 

regression models (Thompson et al., 2001). The regression models of ozone pollution are based 

on one or more input variables between weather data that are potentially correlated with ozone 

concentrations and other pollution-related variables (Feister & Balzer, 1991; Robeson & Steyn, 

1990). In this study, we based on the work of Liu et al. (2018) and Akinbile et al. (2023) and 

constructed modeling through addition of daily burned area, daily mixing height, and daily 

maximum 8-hour O3 mixing ratios from the previous day as predictor variables. The specific 

objectives of this study are: 1) to model and quantify the impact of prescribed burning on daily O3 

using regression models; and 2) to develop a practical burning decision to assist collaborative 

management of prescribed fires for mitigating smoke impact on ambient O3. 

4.2 Data and Methods 

4.2.1 Air Quality Data 

Mixing ratio, commonly expressed in parts per million (ppm) or parts per billion (ppb), 

signifies the ratio of number of O3 molecules to number of dry air molecules in a given volume 
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(Seinfeld & Pandis, 2016). The O3 mixing ratio is pivotal in atmospheric science, enabling 

quantification of O3 concentration under atmospheric conditions, which is a key factor for 

comprehending atmospheric dynamics and its impacts on climate and air quality. Hourly O3 

mixing ratios (ppb) are measured at air monitoring stations. Kansas' O3 monitoring network 

encompasses nine sites, with three located near Kansas City, three near Wichita, one in Topeka, 

and a background site at Cedar Bluff, including the newly established Chanute monitoring site 

initiated in 2014 (Liu et al., 2018). The O3 mixing ratio data from the nine regulatory monitoring 

sites were obtained via  https://www.epa.gov/outdoor-air-quality-data/download-daily-data. Also, 

the O3 data from the Konza Prairie CASTNET (Clean Air Status and Trends Network) research 

monitoring site located in the Flint Hills region center was included. The locations of the O3 

monitoring sites are provided (Table 4.1) and shown in Fig. 1.1. The daily maximum 8-hour O3 

concentrations at the 10 sites in the spring-burning seasons from 2003 to 2019 were collected. The 

response variable in our regression models is the daily maximum 8-hour O3 mixing ratio. 

Table 4.1: Kansas Ozone Monitor Network 

Ozone Site Location Latitude Longitude Air Quality System Site ID Spatial Scale 

Heritage Park 38.84 -94.75 20-091-0010 Neighborhood 

Leavenworth 39.33 -94.95 20-103-0003 Neighborhood 

Chanute 37.68 -95.48 20-133-0003 Regional 

Sedgwick 37.90 -97.49 20-173-0018 Neighborhood 

Wichita 37.70 -97.31 20-173-0010 Urban 

Topeka KNI 39.70 -95.71 20-177-0013 Urban 

Peck 37.48 -97.37 20-191-0002 Neighborhood 

Cedar Bluff 38.77 -99.76 20-195-0001 Regional 

JFK/NCore 39.12 -94.64 20-209-0021 Urban 

Konza Prairie 39.10 -96.61 20-161-9991 Regional 
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4.2.2 Predictor Variables 

We included the mixing height (MH), fire data, weather variables, and maximum 8-hour 

O3 concentration on the previous day as predictor variables in our regression models to explain the 

variation of daily maximum 8-hour O3 concentrations. The weather variables included in our 

analysis are air temperature (°C), relative humidity (RH) (%), wind speed (m/s), solar radiation 

(W/m2), cloud percentage cover (%), and precipitation (mm). Weather data is the average hourly 

values of weather variables from 8 a.m. to 6 p.m. based on Riley County's historical meteorological 

data. This location was chosen because it has the longest uninterrupted record of weather data 

measurements in the Flint Hills region. Hourly weather data were obtained from Kansas State 

University Mesonet (Kansas Mesonet, 2022). Data on cloud cover were obtained from the Visual 

Crossing Weather (Visualcrossing, 2022). 

The fire data represents the estimated daily burned rangeland (ha) in the Flint Hills region 

during the spring-prescribed burn season, developed by Akinbile & Liu (2022) and spanning from 

March 8 to May 8 for the years 2003 to 2019. 

One of the key metrics for describing the structure of the atmospheric boundary layer is 

mixing height (MH), which also plays a significant role in determining the tropospheric O3 

concentration and the atmospheric dispersion of air pollution (Al-Hemoud et al., 2019; Doll, 1991). 

Seibert et al. (2002) defines MH as the vertical extent of the atmospheric boundary layer near the 

ground, wherein pollutants or emitted constituents disperse vertically due to convection or 

mechanical turbulence. We included MH as one of the predictor variables due to its role in the 

turbulent transfer of air pollutants. Previously, the planetary boundary layer height was derived 

using observational meteorological data by Du et al. (2013) and Lai (2015). Di Virgilio et al. 

(2018) used this technique in their study and found it an effective approximation. Direct MH 
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measurements would be preferable but are not available for the Flint Hills region at appropriate 

spatial and temporal resolutions. The daytime MH estimate is derived from the planetary boundary 

layer height estimate in the Flint Hills region from a subset of the meteorological data from Riley 

County’s weather monitoring station using equations 1 and 2 (Di Virgilio et al., 2018): 

𝑀𝐻 = ቀ
ଵଶଵ

଺
ቁ (6 − 𝑠)(𝑡 − 𝑡ௗ ) + ቆ

଴.ଵ଺ଽ௦(௏ା଴.ଶହ଻)

ଵଶ௙ூ௡( 
೓

೗
 )

ቇ ………………………………………… (1) 

ƒ =  2𝛺𝑠𝑖𝑛𝜃 …………………………………………………………………………………………… (2) 

where s is a stability class that estimates lateral and vertical dispersion, t is daytime average 

air temperature and td is daytime average dew point temperature, V is daytime average wind speed, 

h is measured wind speed’s height in m, ɭ is the weather station’s estimated surface roughness 

index of the Flint Hills region from Hansen (1993) and Businger et al. (1971), ƒ is the Coriolis 

parameter in s−1, Ω is the earth’s rotational speed (rad/s) and θ is the station latitude. The daytime 

average dew point temperature td is calculated using the simplified conversion method by 

Lawrence (2005). Air stability classes were determined using the modified Pasquill-Gifford 

method (EPA Australia, 2012; Manju and Siddiqui, 1998) based on solar radiation and daytime 

wind speed as in Table 4.2. 

Table 4.2: Modified Pasquill-Gifford stability classes 

(EPA Australia, 2012; Manju and Siddiqui, 1998) 

Wind Speed (m/s) 
Day-time incoming solar radiation (W/m2) 

Strong (>600) Moderate (300-600) Slight (175-300) Overcast (<175) 

<2 A A B D 

2 - 3 A B C D 

3 - 5 B B C D 

5 - 6 C C D D 

>6 C D D D 

Note: Very unstable = A, Moderately unstable = B, Slightly unstable= C, Neutral = D. For overcast conditions, 
regardless of wind speed, Class D is assumed. In equation 1, the stability class (s) is assigned the value of 1 if it 
corresponds to class A, 2 for class B, 3 for class C, and 4 for class D. 
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4.2.3 Summary of Previous Results of Regression Analysis 

Previously, regression models have been developed to simulate background daily O3 at 

each of the ten O3 monitoring sites around the Flint Hills region using year-round O3 and weather 

data (Liu et al., 2018). In these O3 models, seasonal cycle was described using the sine term that 

takes into account the day of the year (Gardner & Dorling, 2000), and influence of O3 from the 

previous day was described using the persistent term (Liu et al., 2018). 

The O3 regression models at the ten monitoring sites was expressed using the equation 3 

(Liu et al., 2018): 

𝑂ଷ(𝑑) = 𝑐ଵ + 𝑐ଶ𝑂ଷ௣௥௘
+ 𝑐ଷ sin ቀ

ଶగ(ௗାଶ )

ଷ଺ହ
ቁ + 𝑐ସ(𝑇௠௔௫ − 𝑇௠௜௡) + 𝑐ହ𝑇௠௔௫ − 𝑐଺𝑅𝐻 − 𝑐଻𝑉 …. (3)  

In which, O3(d) is 8-hour daily maximum O3 concentration in ppb; O3pre is 8-hour daily 

maximum O3 concentration on the previous day in ppb; d corresponds to the day of the year; Tmax 

is the daily maximum air temperature in °C; Tmin is the daily minimum air temperature in °C; RH 

is daily average relative humidity (%); V is daily average wind speed in ms-1; c1 to c7 are 

coefficients estimated at different sites.  

The results showed higher solar radiation, temperature, lower relative humidity, and wind 

speed corresponded to higher O3 mixing ratios. Solar radiation lost significance as a predictor 

variable when the difference between the daily maximum and minimum air temperature was 

incorporated into the models. In the models, the effect of solar radiation was likely reflected by 

the difference between the daily maximum and minimum air temperature since air was heated by 

solar radiation. The regression models could explain 62 to 76 percent of day-to-day O3 variation 

at various sites. April had the largest positive residuals at all ten sites compared with other months. 

In most other months, the average O3 model residuals were either negative or very close to zero. 

The high positive residuals in April represented the O3 daily variations that the regression models 
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did not explain, and they were likely associated with the impact of the smoke emissions from 

burning. Details on the regression modeling results can be found in Liu et al. (2018). 

4.2.4 Data Analysis 

Pearson correlation and extreme gradient boosting algorithm (XGBoost) for feature 

importance are used to evaluate the relevance and influence of driving forces of changes of O3 

concentration, which captured both linear and nonlinear relationships. In addition, we used 

XGBoost feature importance to determine the importance of input variables as identified by a 

machine learning tool. 

XGBoost is a boosting-based extreme learning method designed to prevent over-fitting 

(Chen & Guestrin, 2016). It is an improvement of the gradient descent tree-based boosting 

algorithm, featuring multiple decision tree iterations that are first built as CART (Classification 

and Regression Trees) models to predict the dataset and then integrated into a new tree model (Liu 

et al., 2021). The feature's importance of independent variables can be determined by XGBoost 

using the weighting coefficients, which describes the number of times the feature has been used to 

split the data (Ma et al., 2020). The SHapley Additive ExPlanation (SHAP) values were used to 

quantify the individual contributions of each predictor variable to the daily maximum 8-hour O3 

mixing ratios. SHAP values quantitatively measure the individual feature contributions to the 

model's output. The contribution of each feature is determined by calculating the discrepancy 

between the model's outputs when the feature is included or excluded (Stirnberg et al., 2021).  

The dataset consists of independent variables, including RH, air temperature, cloud cover, 

wind speed, precipitation, MH, daily burned area in the Flint Hills region, and maximum 8-hour 

O3 mixing ratio on the previous day, while the dependent variable is the daily maximum 8-hour 

O3 mixing ratio. For model development, approximately three-quarters of the samples are allocated 
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for training, with the remaining one-quarter reserved for model validation. We fine-tuned the 

model parameters to prevent overfitting through grid search and ten-fold cross-validation. 

Combination of XGBoost and Pearson correlation methods was used to identify the important 

factors influencing O3 concentrations.  

4.2.5 The Ozone Regression Models 

Updated O3 regression models were developed to simulate the daily maximum 8-hour O3 

mixing ratios in the spring burning seasons at any of the ten monitoring sites in Kansas, using optimal 

predictor variables as in the equation 4: 

𝑂ଷ(𝑑) = 𝑐ଵ + 𝑐ଶ𝑂ଷ௣௥௘
+ 𝑐ଷ sin ቀ

ଶగ(ௗାଶ )

ଷ଺ହ
ቁ + 𝑐ସ𝐴 + 𝑐ହ𝑇 − 𝑐଺𝑅𝐻 − 𝑐଻𝐶 − 𝑐଼𝑉 …………….. (4) 

In the equation 4, O3(d) is maximum 8-hour O3 concentration in ppb; O3pre is maximum 8-

hour O3 concentration on the previous day in ppb; d corresponds to the day of the year; A is the 

daily burned area in the Flint Hills region, in million hectares; C is the day-time average cloud 

cover, ranging from 0 to 100%; RH is the day-time average RH, ranging from 0 to 100%; T is the 

day-time average air temperature in °C; and V is the day-time average wind speed in m·s−1. The 

regression model was developed based on 1054 daily observations in the spring burning seasons 

from 2003 to 2019. 

Regression models were developed for the whole Flint Hills and co-located monitoring O3 

stations. O3 regression models for co-located monitoring O3 stations were developed using the 

daily maximum 8-hour O3 mixing ratios from monitoring sites at Wichita (three sites), Kansas City 

(three sites), and Konza Prairie. 

Sensitivity analysis and the feature importance results were used to produce O3 models that 

maximize accuracy with an optimally reduced number of predictor variables. Simplified regression 
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O3 models are developed from predictor variables most sensitive to O3 level to estimate the 

maximum daily burned area in the Flint Hills region to avoid O3 >70 ppb. 

4.3 Results 

4.3.1 Contributions of Predictor Variables to Ozone Concentration 

The Pearson correlation and XGboost algorithm were applied to analyze the relationship 

between predictor variables and O3 concentrations. The analysis specifically focused on the time 

period from March 8 to May 8, spanning from 2003 to 2019. It can be seen from Figure 4.1 that 

wind speed is the least correlated with the O3 concentration. Wind speed can affect the dispersion 

and mixing of pollutants in the atmosphere, and O3 concentration is determined by the balance 

between its production and dilution processes (Neu et al., 1994). The processes can be influenced 

by weather factors such as sunlight, temperature, relative humidity, and other pollutants in the 

atmosphere. As observed, it is evident that cloud cover, air temperature, solar radiation, mixing 

height, daily burned area, and the previous day's maximum O3 mixing ratio exhibit the highest 

correlation with the daily maximum 8-hour O3 mixing ratios. Positive correlations were found 

between the daily burned area, solar radiation, mixing height, and the previous day's maximum 

and daily maximum O3 ratio, suggesting that the increase in these predictor variables contributed 

to the enhancement of O3 production in the ambient air. On the other hand, relative humidity, 

precipitation, wind speed, and cloud cover percentage negatively correlate with O3. The XGBoost 

model output utilizing SHAP values (Fig. 4.2) shows a similar pattern. The x-axis of the SHAP 

values represents the impact of each predictor variable on the O3 concentration, with the potential 

for both positive and negative contributions. The color gradient shown by each point indicates the 

feature value associated with the predictor variables, with red representing high values and blue 

representing low values. 
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The XGBoost algorithm with SHAP results revealed that, in general, cloud cover 

percentage, previous day maximum O3, daily burned area, air temperature, solar radiation, wind 

speed, and relative humidity have the highest impacts and contributions to the O3 mixing ratio. 

While Pearson correlation shows wind speed and precipitation as the least correlated variables 

with the daily maximum O3 mixing ratio, the SHAP ranked precipitation and mixing height as the 

least predictive of the daily maximum O3 mixing ratio. As Stevens & Treadwell (2022) suggested, 

excessive rainfall reduces application of prescribed fire on rangeland. Our data showed that from 

2003 to 2019, fewer than 10% (65 days) of prescribed burning occurred on rainy days, with just 

one day having O3 levels > 70 ppb. Although the SHAP value showed that mixing height has a 

small contribution, the Pearson correlation indicated that it is moderately correlated with the 

maximum daily O3 level. 
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Figure 4.1: Pearson correlation between the daily maximum 8-hour O3 mixing ratios and predictor variables. 

 

Figure 4.2: Predictor variables contributions by mean absolute SHAP values and their effect on daily maximum 8-hour 
O3 mixing ratios 

 

4.3.2 Ozone Regression Models 

Using the results of Pearson correlation and XGBoost algorithm, we started with all the 

predictor variable to build a model. We used a combination of multicollinearity tests and the 

XGBoost algorithm feature importance results to build O3 models that maximizes accuracy with 

an optimally reduced number of predictor variables. Following this process, we excluded solar 

radiation, precipitation and mixing height from predictor variables as these variables are not 

statistically significant (p-value > 0.05).  

An O3 regression model was developed to simulate the daily maximum 8-hour O3 mixing 

ratios in the spring burning seasons at any of the ten monitoring sites in Kansas, using chosen 

predictor variables, as in the equation (5): 
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𝑂ଷ(𝑑) = 39. .99 + 0.30𝑂ଷ௣௥௘
+ 3.86 sin ቆ

2𝜋(𝑑 + 283)

365
ቇ + 92.89𝐴 + 0.22𝑇 − 0.07𝑅𝐻 − 0.11𝐶 − 0.36𝑉      

 𝑛 =  1054 , 𝑅ଶ =  0.62 , 𝑝 − 𝑣𝑎𝑙𝑢𝑒 <  0.05                            …………………………………  (5)                                                                 

The regression model was developed using R2 value of 0.60. On average, for every 0.1 

million increments of daily burned hectares, the maximum O3 mixing ratios increased about 9 ppb. 

Levels of sensitivity of the predictor variables in the model were presented in Table 4.3 to know 

the percentage change in O3 when the predictor variables increase by one standard variation. The 

analysis reveals that the maximum O3 level in the region is highly sensitive to the previous day's 

maximum O3 mixing ratio, with a 5.9% increase in O3 levels if the predictor variable is increased 

by one standard deviation. The daily burned area, cloud cover and RH also showed a high 

sensitivity level, with 4.8%, 4.6% and 4.5% increase respectively in O3 levels if the predictor 

variable is increased by one standard deviation. Air temperature showed a medium level of 

sensitivity while wind speed had low sensitivity level. These findings demonstrate that cloud 

cover, RH, daily burned area and previous day maximum O3 are crucial factors to consider in 

developing burn decision tool for prescribed burning in the Flint Hills region. Thus, simplified 

regression models are developed using O3 mixing ratio on the previous day and daily burned area 

under different ranges of cloud cover and RH that need to be considered when making burn 

decisions to mitigate smoke impact on O3. 

Table 4.3: Sensitivities of the predictor variables on O3 

Variables 
Average values ± standard 

deviation (std) in the 
spring burning seasons 

Percent change of O3 
if the predictor 

variable increases by 
one std 

 
Sensitivity level 

Maximum O3 (ppb) 50.5 ± 10.9   
Previous day maximum O3 (ppb) 50.5 ± 10.9 +5.9% Very High 

Daily burned area (million hectares) 0.03 ± 0.06 +4.8% High 
RH (%) 58 ± 19 +4.6% High 

Cloud cover (%) 26 ± 24 -4.5% High 
Air temperature (°C) 14.7 ± 6.8 +3.8% Medium 

Wind speed (m/s) 4.4 ± 1.8 -1.9% Low 
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Additional O3 regression models were developed using the daily maximum 8-hour O3 

mixing ratios from monitoring sites at Wichita (three sites), Kansas City (three sites), and Konza 

Prairie, respectively (Table 4.4). The O3 regression model for Konza Prairie had the highest R2 

(0.62), although much less data was available at this site for the development of the regression 

model. This was likely due to the fact that Konza Prairie is located at the center of the Flint Hills 

region and is therefore less affected by urban emissions. As expected, at the three sites around the 

Wichita area (Sedgwick, Wichita Health Department, Peck) and the Konza Prairie site, O3 was 

found to be more sensitive to daily burned area in the Flint Hills region. At the three sites around 

the Kansas City area (Leavenworth, Kansas City JFK center, Heritage Park), O3 was found to be 

less sensitive to daily burned area, likely due to the further distances from the Flint Hills region. 

The O3 regression model for Wichita had a relatively lower R2, which may be attributed to the 

presence of more complex factors that could contribute to the O3 level in Wichita. Heavy burn on 

days with high wind speed could impact a larger population if the wind direction is toward major 

cities. 

 

Table 4.4: The O3 regression models for Wichita, Kansas City, and Konza Prairie 

For Konza Prairie: 

𝑂ଷ(𝑑) = 44.77 + 0.22𝑂ଷ௣௥௘
+ 3.74 sin ቆ

2𝜋(𝑑 + 283)

365
ቇ + 112.71𝐴 + 0.25𝑇 − 0.06𝐶 − 0.16𝑅𝐻 − 0.42𝑉 

n = 648, R2 = 0.62, p-value < 0.05 

For Wichita: 

𝑂ଷ(𝑑) = 43.65 + 0.27𝑂ଷ௣௥௘
+ 5.18 sin ቆ

2𝜋(𝑑 + 283)

365
ቇ + 61.64𝐴 + 0.09𝑇 − 0.09𝐶 − 0.15𝑅𝐻 − 0.41𝑉 

n = 1054, R2 = 0.52, p-value < 0.05 

For Kansas City: 

𝑂ଷ(𝑑) = 39.61 + 0.23𝑂ଷ௣௥௘
+ 2.47 sin ቆ

2𝜋(𝑑 + 283)

365
ቇ + 36.53𝐴 + 0.38𝑇 − 0.10𝐶 − 0.14𝑅𝐻 − 0.21𝑉 

n = 1054, R2 = 0.60, p-value < 0.05 
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4.3.3 Identifying Weather Conditions for Burn Decision Tool 

We considered the recommended optimum weather conditions in Chapter 3 (wind speed: 

2 ~ 7m/s; RH: 30 ~ 55%; solar radiation: 279 ~ 669W/m2; cloudcover:10+~55; precipitation: 0 ~ 

1.27 mm; temperature: 10 ~ 27°C) and explore the area of improvement to avoid O3 mixing ratio 

>70ppb. The conditions in all the heavy-fire days (daily burned area greater than 0.04 million 

hectares) from 2003 to 2019 were considered acceptable burning conditions by the landowners 

(Table 4.5). We applied the acceptable conditions to the 17-year study period, and the days that 

met acceptable burning conditions were extracted. The Pearson correlation analysis and XGBoost 

algorithm results show that combination of daily burned area, maximum previous day’s O3 mixing 

ratio, RH and cloud cover have the most significant impact on the O3 levels in the ambient air. Our 

analysis recommended the optimal weather conditions in which O3 is not sensitive for prescribed 

burning. We applied the acceptable weather conditions to cloud cover and relative humidity to 

build regression models associated with the O3 mixing ratio levels < 70 ppb. 

Table 4.5: The acceptable burning conditions and proposed optimum conditions determined from all the heavy-
fire days (The total burned area of the 17 counties were average values for the spring burning seasons from 
2003 to 2019) 

 

Wind 

speed 

(m/s) 

RH 

(%) 

Solar 

radiation 

(W/m2) 

Cloud 

cover 

(%) 

Precipitation 

(mm) 

Air 

temperature 

(oC) 

Mixing 

Height 

(m) 

Average 

days per 

burn season 

Total 

burned area 

(million ha) 

Acceptable conditions for 

prescribed fires 
1.3 ~ 8.0 20 ~ 80 312 ~ 639 0 ~ 43 0 ~ 2.38 4.2 ~ 25.8 ≥ 490 30 0.66 

In the whole spring burn 

season 
1.0 ~ 14.7 20 ~ 100 38 ~ 735 0 ~ 100 0 ~ 94.48 -4.6 ~ 31.2 194 ~ 1727 62 0.79 

Conditions recommended 

by KDHE (2010) 
2.2 ~ 6.7 30 ~ 50  30 ~ 50  10 ~ 27 >550 ~1 0.02 

Proposed Optimum 

Conditions (Akinbile 

&Liu, 2023) 

2 ~ 7.0 30 ~ 55  10+ ~ 55 0 ~ 1.27 10 ~ 27  ~6  
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4.4 Discussion 

4.4.4 Identifying How Predictor Variables Related to Elevated Ozone 

Each predictor variable contributes to O3 level variation by eliciting a distinct reaction and 

impact. The Pearson correlation results show that cloud cover percentage, air temperature, 

previous day maximum O3 mixing ratio, solar radiation and relative humidity have highest 

correlation with the daily maximum O3 mixing ratio. The SHAP dependence plot (Fig. 4.3) 

demonstrates the impact of a particular predictor variable on O3 after accounting for the effects of 

all the other variables (Lunberg et al., 2019).  As a result, the SHAP dependence plot accounts for 

both non-linear predictor variables with O3 level and any possible intercorrelation between the 

predictor variables. From the SHAP value result analysis of the predictor variables, the interaction 

between cloud cover percentage, previous day maximum O3 and daily burned area largely controls 

variability in the maximum daily O3 ratio. These three predictor variables emerged as pivotal, 

collectively contributing to 70% of the feature importance in the XGBoost algorithm. 

The moderate inverse correlation between RH and O3 (correlation coefficient of -0.53) 

suggests that decreasing RH is associated with increasing O3 in Flint Hills region during prescribed 

burning season. As Camalier et al. (2007) observed, our result from XGBoost algorithm using 

SHAP value agreed with their finding that higher levels of RH >40% are often correlated with 

increased cloud cover percentage and atmospheric instability, resulting in slowing down of the 

photochemical process and a reduction in ground-level O3. The Figure 4.3a displays non-linear 

relationship between RH and O3 according to the XGBoost model.  Low RH between 20 ~ 40% 

has most positive impact on the model prediction with positive SHAP values. This finding 

complements the previous research by Li et al. (2021) that increased O3 levels with temperature 
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were more pronounced at RH ≤40%. The O3 response to RH has some degrees of non-linearity, 

indicating that changes in RH will influence other predictor variables. 

The SHAP dependence plots and Pearson association generally agree that elevated levels 

of O3 in ambient air during spring burning season are attributed to a combination of increasing air 

temperature, O3 from the previous day, daily burned area, and solar radiation. Warmer 

temperatures and high solar radiation accelerate the photochemical reaction of O3 precursors, such 

as NOx and VOCs, contributing to O3 formation (Finlayson-Pitts & Pitts, 1999). The importance 

of previous day’s O3 concentration and daily burned area in smoke management is evident from 

our sensitivity analysis (Table 4.3). The variable showing the highest sensitivity and second most 

important variable according to the XGBoost algorithm was the maximum O3 concentration from 

the previous day, indicating autocorrelation. The previous day’s O3 concentration has been utilized 

frequently in similar research works (Davis & Speckman, 1999; Jorquera et al., 1998). Air 

pollution concentrations generally follow this pattern, which indicates that it is more likely that O3 

concentrations will be similar to the previous day than to be different (Barrero et al., 2006). 

Identification of previous day O3 as an important variable suggests saturation effects, wherein its 

impact diminishes beyond a certain threshold. Another important and highly correlated predictor 

variable is daily burned rangeland. Previous studies have demonstrated that biomass burning 

emissions can contribute to elevated O3 levels at regions far from the sources. (Boian & Kirchhoff, 

2005; Shan et al., 2009). Burning biomass emits O3 precursors, however the magnitude of its 

impact varies depending on the amount of burned rangeland and the interaction of smoke emission 

with other predictor variables. The intricate interaction between predictor variables highlights the 

need for region-specific burn decision tool aimed at reducing ground-level O3 impact during 

prescribed burning season. 
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In addition to the daily burned area and previous day’s O3 mixing ratio, the importance of 

cloud cover in smoke management is evident from our Pearson correlation and XGBoost algorithm 

with SHAP analysis. Figure 4.3b highlights the importance of cloud cover in smoke management. 

Lower cloud cover < 20+% mainly contributed to the high concentration of O3 and accounted for 

92% of days with O3 ≥70ppb. As clouds modulate solar radiation, less cloud cover increases 

photochemical reactions involving CO2 and NOx formation, therefore increasing O3 production 

(Erickson et al., 2015). Our analysis shows that during high pollution days (O3 ≥70ppb), the MH 

is on average 600m higher than MH recommended by KDHE (MH > 550m). MH tend to diminish 

with the sunset, while clouds inhibit sun from heating the ground. The O3 concentrations are 

<70ppb on days with MH <550m, as landowners rarely burn due to high RH and low cloud cover 

percentage. This can explain the main reason why MH is not statistically significant and not 

included as predictor variable in O3 regression model. These results contradict Di Virgilio et al. 

(2018), who see higher MH during low pollution days (attributed to stable atmospheric air 

condition). Our results suggest that land managers screen most days conducive to fire related safety 

by following acceptable burn conditions. Overall, these findings indicate that exposure to fire 

related O3 can be mitigated by burning under optimum conditions recommended in chapter 3. 

The O3 concentrations ≥70ppb were observed in 61 days from 2003 to 2019 during spring 

prescribed burning season in Flint Hills region, with maximum of 103ppb on April 4, 2016. High 

O3 days were associated with high solar radiation, less cloud cover, high previous day O3 

concentration, heavy daily burned rangeland, high temperature, and little or no rainfall. On the 

contrary, it is less associated with low RH (≤40%), which is in agreement with the findings of 

Shan et al. (2009). However, accumulating effects of low wind speed (<4m/s) were frequently 

attributed to high O3 levels, while certain episode days are influenced by high wind speed (> 8m/s). 
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Generally, wind speed correlates negatively with O3 levels, with lower wind speeds allowing for 

O3 accumulation due to stable boundary layer and higher wind speeds facilitating dispersion and 

lower O3 concentrations (Tu et al., 2007). Our analysis suggests that wind speed is not the dominant 

factor influencing O3 levels which align with findings reported by Gorai et al. (2017).  

 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 4.3: The SHAP dependence plots between SHAP values and (a) RH, (b) Cloud cover, (c) Daily burned 
area (d) Previous day maximum O3 level 
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4.4.5 The Burning Decision Tool 

Our analysis shows that seasonal variations in O3 concentration exhibited a substantial 

susceptibility to daily burned area, maximum previous day’s O3 mixing ratio, RH and cloud cover. 

The maximum daily burned area in the Flint Hills region to prevent O3 >70 ppb was estimated 

under different weather and previous day’s O3 conditions, based on simple O3 regression models 

(Table 4.6). The daily burned area in the Flint Hills region and the corresponding maximum 8-

hour O3 mixing ratio under various weather conditions were plotted in Figure 4.4. 

Table 4.6: The maximum daily burned area in the Flint Hills region in to avoid O3 >70 ppb 

Cloud 
cover 

RH Simplified O3 models 
Amax 

in order to avoid  
O3 >70 ppb 

Recommendations 

0~10% 

≤ 40% 
O3 = 35.1+0.39O3pre+124.3A 

R2= 0.40, n = 167 

If O3pre=50, Amax = 0.12 
If O3pre=60, Amax = 0.09 
If O3pre=70, Amax = 0.06 
O3 is most sensitive to 

fire  
Marginal conditions for 
burning. Burn with constraints 
considering O3pre. 

> 40% 
O3 = 30.6+0.45O3pre+105.6A 

R2= 0.38, n = 223 

If O3pre=50, Amax = 0.16 
If O3pre=60, Amax = 0.12 
If O3pre=70, Amax = 0.07 
O3 is sensitive to fire 

10+~30% 

≤ 40% 
O3 = 39.5+0.22O3pre+114.9A 

R2= 0.39, n = 37 

If O3pre=50, Amax = 0.17 
If O3pre=60, Amax = 0.15 
If O3pre=70, Amax = 0.13 
O3 is sensitive to fire 

Second-class conditions for 
burning. Burning is permissible
but heavy fire is not 
recommended. 

> 40% 
O3 = 25.6+0.51O3pre+67.9A 

R2= 0.40, n = 222 

If O3pre=50, Amax = 0.28 
If O3pre=60, Amax = 0.21 
If O3pre=70, Amax = 0.13 
O3 is less sensitive to 

fire 

Recommended conditions for 
burning. Heavy fire is 
permissible if O3pre ≤60 ppb. 

10+~50% 30+ ~ 55% 
O3 = 29.7+0.47O3pre+60.9A 

R2= 0.44, n = 98 

If O3pre=50, Amax = 0.27 
If O3pre=60, Amax = 0.19 
If O3pre=70, Amax = 0.12 
O3 is less sensitive to 

fire 

Proposed Optimum conditions. 
Heavy fire is permissible if 
O3pre ≤60 ppb.  

30+~50% 30+ ~ 50% O3 = 0.005-0.00001RH+0.0009O3pre 
R2= 0.52, n = 16 

O3 is not sensitive to 
fire 

KDHE Optimum conditions 
for burning. 

Notes: O3pre is maximum 8-hour O3 mixing ratio on the previous day in ppb; A is the daily burned area in 
the Flint Hills region, in million hectares; Amax is the maximum daily burned area in the Flint Hills region, 
in million hectares, in to avoid O3 >70 ppb; RH is the day-time average RH, ranging from 0 to 100%; n is 
number of days used in the models. 
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Figure 4.4: Daily maximum 8-hour O3 mixing ratios vs daily burned area in the Flint Hills region from 2003 
to 2019 under various weather conditions 

 

Based on the data presented in Table 4.6 and Figure 4.4, it is evident that O3 level is not 

highly sensitive to fire activities when cloud cover percentage is between 30% and 50%. Our data 

analysis indicates that KDHE optimum weather conditions are the most favorable weather 

conditions for prescribed burning in the Flint Hills region, ensuring that the maximum O3 mixing 

ratio < 70 ppb. Although O3 is not sensitive to fire, the KDHE optimum conditions occur less than 

1 day per burning season. Our proposed optimum conditions provide an average of 6 days per 

burning season, during which the O3 level shows reduced sensitivity to its previous day's maximum 

mixing ratio but becomes more responsive to heavy fire activities. Under the proposed optimum 

conditions, for every 0.1 million increase in daily burned hectares, the maximum O3 mixing ratios 

increase by approximately 6 ppb. However, it is advisable to avoid heavy fire activities if the 

previous day's O3 mixing ratio exceeds 60 ppb to prevent O3 levels > 70 ppb. Since six days may 

not be sufficient to complete all the necessary burning in one season, landowner may also need to 

consider burning in other days with lower cloud cover. 

Additional recommended conditions that are suitable for burning are when cloud cover = 

10~30%, and RH >40%. Under these conditions, the background O3 mixing ratio tends to be lower 
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than those observed under reduced cloud cover, and O3 is less sensitive to fire activities. On 

average, for every 0.1 million hectares increase of daily burned acres, the maximum O3 mixing 

ratios increased by around 6.8 ppb. Nevertheless, O3 is more sensitive to the O3 level on the 

previous day, likely due to the higher RH. Generally, if the O3 level on the previous day is at the 

average level (50.5 ± 10.9 ppb in the spring burning season) or less, burning under these conditions 

will not likely result in O3 >70 ppb. From 2003 to 2019, there were 16 days with heavy fire 

activities (daily burned area >0.04 million hectares) under these conditions, and only 2 days (12% 

chance) had O3 >70 ppb mostly due to higher O3 level on the previous day (Fig.4.4-d). The whole 

set of this recommended conditions for prescribed burning are cloud cover = 10~30%; RH = 

40+~80%; wind speed = 1.3~8.0 m/s; air temperature = 4.2~25.8 oC, MH ≥490m; precipitation < 

2.38 mm. On average, there were about 11 days with these conditions in one spring burning season 

from March 8th to May 8th, based on the data from 2003 to 2019. 

It is observed that when the percentage of cloud cover ranges from 10 to 30%, and the RH 

is ≤40%, the sensitivity of O3 to its previous day's level decreases. However, the O3 mixing ratio 

becomes more sensitive to fire activities. On average, there was an increase of around 11.5 ppb in 

maximum O3 mixing ratios for every 0.1 million daily burned hectares. Between 2003 and 2019, 

a total of 7 days were identified as having heavy fire activity (daily burned area >0.04 million 

hectares). Among these days, it was observed that 2 days, representing a 28% probability, had O3 

>70 ppb (Fig. 4.4-c). These requirements may be regarded as second-class conditions for 

implementing prescribed burning. Under these conditions, prescribed burning is permitted, but 

heavy fire should be avoided. The whole range of prescribed burning weather conditions classified 

as second-class are as follows: cloud cover = 10~30%; RH = 20~40%; wind speed = 1.3~8.0 m/s; 
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air temperature = 4.2~25.8 °C; MH ≥490m; precipitation < 2.38 mm. On average, there are total 

of 2 days per spring burning season under these burn conditions. 

The O3 background is often greater when cloud cover is between 0 and 10%. O3 is also 

very susceptible to fire activity, particularly when RH is low. The maximum O3 mixing ratios 

increase by an average of 10.5 to 12.4 ppb for every 0.1 million increase in daily burned hectares. 

Under cloud cover of 0–10% from 2003 to 2019, 34 days had heavy fire activity (daily burned area 

> 0.04 million hectares) when RH was less than ≤40%, and 16 days (47% probability) had O3 

levels over 70 ppb (Fig. 4.4–a). Further analysis revealed there were 29 days with heavy fire 

activity with RH >40% and 7 days (24% probability) with O3 >70 pp (Fig. 4.4-b). Therefore, cloud 

cover percentage between 0~10% could be regarded as marginal conditions for prescribed burning. 

As a result, burning should not exceed the maximum daily burned area which can be determined 

by the O3 level on the previous day and the RH under these conditions. For instance, if the previous 

day's average O3 level was about 50 ppb and the relative humidity was less than 40%, the maximum 

daily burnt area would have been around 0.12 million hectares. To prevent O3 >70 ppb, the 

maximum daily burnt area must be lowered when the O3 level was greater the day before. 

4.5 Conclusion 

The air pollution associated with O3 from prescribed burning is likely to increase in coming 

years in the Flint Hills regions as rangeland treated with prescribed fire are increasing. Burning is 

ecologically and financially important to the rangeland communities. Our work examines ways in 

which smoke management can be conducted to efficiently mitigate O3 impacts on air quality. We 

considered nine predictor variables:  air temperature (°C), relative humidity (RH) (%), wind speed 

(m/s), solar radiation (W/m2), cloud percentage cover (%), and precipitation (mm), mixing height 

(m), daily burned rangeland (hectares) and maximum 8-hour O3 mixing ratio on the previous; to 
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simulate background daily O3 ten O3 monitoring sites around the Flint Hills region using data from 

2003 to 2019. Pearson correlation and machine learning technique (SHAP values with XGBoost) 

feature importance used to evaluate the relevance and influence of predictor variables driving 

forces on O3 concentration. O3 regression models were developed to simulate the daily maximum 

O3 mixing ratios in the spring burning seasons using optimally reduced number of predictor 

variables to maximize accuracy. We proposed decision burning tool for prescribed burning to 

mitigate smoke impact on ambient air quality based on simplified O3 regression models. The 

results of this study demonstrate the following key findings: 

 The Flint Hills region experienced 61 days of O3 mixing ratio ≥70 ppb during the 

spring prescribed burning season from 2003 to 2019, with a maximum of 103 ppb 

on April 4, 2016. High O3 days were generally associated with high solar radiation, 

less cloud cover, high previous day’s O3 concentration, high temperature, and little 

or no rainfall. 

 The daily maximum O3 mixing ratio was most sensitive to the O3 level on the 

previous day, followed by the daily burned area, RH, and cloud cover. On average, 

for every 0.1 million increments of daily burned hectares, the maximum O3 level 

increased around 9 ppb. 

 The daily O3 mixing ratio is less sensitive to fire activities under proposed optimum 

weather conditions for burning, averaging six days per burning season. To mitigate 

exposure to O3 associated with prescribed fire, land managers could avoid 

unfavorable weather conditions by following the burn decision recommendations 

for the proposed optimal weather conditions. 
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 Further recommendations were offered about burning under second-class condition 

since proposed optimal weather conditions six days per burning season is not 

sufficient to conduct seasonal burns. When cloud cover = 10~30%, RH >40% and 

O3 level on the previous day is at the average level (50.5 ± 10.9 ppb) or less, burning 

under these conditions will not likely result in O3 exceedance. On average, there 

were 11 days available in one spring burning season from March 8th to May 8th, 

with these conditions. When cloud cover = 10~30%, and RH = 20~40%, it is 

permissible to burn but heavy fire is not recommended. 

 Additionally, recommendations were made for burning under marginal conditions 

(cloud cover = 0~10%), with the caveat that burning activities should be carried out 

with constraints, considering limitations to previous day maximum mixing O3 ratio. 

Under these conditions, the O3 background is generally higher, and O3 is also most 

sensitive to fire activities. As such, burning should be properly managed to not 

exceed the maximum daily burned area, which was determined by the O3 level on 

the previous day and the RH. 

Overall, the results of this study support smoke mitigation methods that take land 

management and public health concerns into account. The findings offered may boost confidence 

in land management programs' capacity to reduce smoke impact on ambient O3. We uncover 

important factors that have a significant impact on prescribed fire air pollution, which might assist 

burn practitioners in developing ways to limit smoke exposure while expanding the rangeland 

treated with prescribed burning. 
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Chapter 5 - Conclusion and Future Research Directions 

 

5.1 Conclusions 

This chapter includes a summary of key conclusions and recommendations for future 

research directions.  

This dissertation examines the impact and implications of prescribed fires in the Flint Hills 

region. Focusing on the 17-county in the Kansas and Oklahoma, this dissertation applied machine 

learning techniques and regression models to identify optimum weather conditions and develop 

decision tool to reduce smoke impact on ambient ozone for better management of prescribed 

burning in the region. The research objectives of this dissertation are: 

1. Identify the spatial and temporal distributions and patterns of daily prescribed fire 

activities in the Flint Hills region using the combination of MODIS resolution imagery and 

standard active fire data. 

2. Characterize meteorological parameter sensitivities connected to daily fire activities 

and propose optimum weather conditions for mitigating smoke pollution associated with 

prescribed fires. 

3. Develop regression models to simulate O3 contributions from prescribed burning in 

order to assist collaborative management of prescribed fires and reduce smoke impact on 

ambient O3. 
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5.1.1 Key Conclusions and Limitations 

Key Conclusions and Limitations for Research Objective 1 

 Both the annual burned percentage and the average sizes of one active fire varied at 

different part of the Flint Hills region. In the central part of the Flint Hills region, 

landowners tend to burn more frequently, and the fire sizes were generally larger. In the 

central part of the Flint Hills region, the annual average burned percentage ranged from 

33% to 52%; while in the Southern part and at the edge of the Flint Hills region the annual 

average burned percentage ranged from 11% to 25%. 

 The daily burned area generally started to increase rapidly since the end of March and 

peaked on April 14th. Fire activities were highly concentrated in a few days in April that 

had desired weather and fuel conditions. In average, the burned area from fires between 

March 31st and April 30th accounted for 86% of the total burned area in the whole burning 

season. The maximum daily burned area in the Flint Hills region was around 0.5 million 

acres. 

 Landowners prefer days with strong sunshine and moderate temperatures for prescribed 

burning. On average, preferred weather conditions by landowners occur only around 10 

days during one spring burning season. Despite this, not all these days witness significant 

fire activities. If efforts were made to evenly distribute fire activities across all 10 days 

with preferred weather conditions, it could help mitigate smoke impact. 

 O3 concentrations typically increases between March 8th and May 8th, in response to 

rising temperatures. All O3 levels exceeding 70 ppb were recorded in April, coinciding 

with intensive fires in the Flint Hills region. The concentration of O3 was influenced by 
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factors such as daily burned area, temperature, solar radiation, relative humidity (RH), and 

wind speed. 

 Correlation between MODIS and active fire products may not accurately estimate daily 

burned areas when the satellite images were cloudy. Mohler (2011) reported that active 

fire products detected only up to 63% of burned areas. The new GOES-R satellite series, 

launched in November 2016, could revolutionize burn scar monitoring (Weidong et al., 

2021), but its data are available only from 2017 onwards, limiting coverage for this study's 

17-year period. Future research should focus on satellite monitoring product that can 

detect burned area mapping in tallgrass prairie with improve accuracy. 

 The classification technique used in this study employed different training data for each 

day to prevent cloudy areas from being classified as burned areas which make the process 

tedious and time consuming. Future research should investigate automating this 

classification technique to produce timely burned area maps and minimize human labor 

costs. 

 

Key Conclusions and Limitations for Research Objective 2 

 The three most important weather variables that affected the daily burned area were solar 

radiation, cloud cover, and relative humidity (RH). The data indicated that, when weather 

conditions were preferred for burning, many landowners chose to burn at lower cloud 

cover, higher solar radiation, lower RH, higher temperature, and lower wind velocity. 

About 94% of all the heavy-fire days had cloud cover <30%, which were not in the KDHE 

recommended range of optimum burning conditions (30~50%). 
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 Results showed that less cloud cover demonstrated superior predictive power in 

landowner decisions for prescribed burning and largely resulted in elevated ambient 

ozone (O3). The analysis’s results revealed that 62% of the total burned area occurred 

with a cloud cover of less than 10+%. Conducting burns with a cloud cover of less than 

10+% can lead to higher fire related O3 concentrations. 

 Land management programs can play an important role in mitigating smoke pollution in 

the Flint Hills region. However, the safety of the prescribed burning procedure is more 

important to landowners than the environmental impact of smoke pollution. Landowners 

typically conduct fewer prescribed burns on cloudy days with anticipated rain. This 

preference may be due to the beneficial effects of moisture on fuel and soil, which can 

reduce fire intensity and enhance control, to mitigate the risk of uncontrolled burns. 

 The proposed optimum weather conditions, which are estimated to occur around six days 

per burning season, suggest a range of cloud cover from 10+% to 55%. This is a 

significant improvement to one day associated with current KDHE guidelines. If 

landowners were to opt for burning under these proposed optimal weather conditions, it 

has the potential to decrease the probability of O3 exceedance from 35% to as low as 9% 

on days with intensive fire activity. 

 Historical meteorological data from Riley County due to availability of long record of 

observations, were used to determine the fire weather pattern trend in the Flint Hills 

region. Additional meteorological data from Marion and Wabaunsee were analyzed at 

county level. We could not access long term meteorological data for other counties. 

Future work should focus on using accurate long term meteorological data from other 
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counties in the Flint Hills regions to identify preferred weather patterns for prescribed 

burning at county level.  

 Additional work should also focus on identifying key management factors that affect the 

timing and frequency of prescribed rangeland burning in the Flint Hills region through 

survey and interviews among land managers and extension agents. The results from such 

addition effort will be used to compare the historical daily burned area retrieved from 

satellite data for potential discrepancy and explanations. 

  

Key Conclusions and Limitations for Research Objective 3 

 The O3 levels were very sensitive to the previous day's O3, daily burned area, RH, and 

cloud cover. For every 0.1 million increase in daily burned hectares, maximum O3 level 

rose by 9 ppb on average. The daily O3 mixing ratio is less sensitive to fire activities 

under proposed optimum weather conditions for burning averaging 6 days in one spring 

burning season from March 8th to May 8th. 

 Another recommended weather conditions that are suitable for burning are when cloud 

cover = 10~30%, and RH = 40~80%. Burning under these conditions will not likely 

result in O3 exceedance if the O3 level on the previous day is at the average level (50.5 

± 10.9 ppb) or less. On average, there were 11 days available in one spring burning 

season from March 8th to May 8th, with these conditions and other weather variables 

also in the acceptable ranges for burning. However, when cloud cover = 10~30%, and 

RH = 20~40%, it is permissible to burn but heavy fire is not recommended. 

 When cloud cover = 0~10%, the O3 background is generally higher, and O3 is also most 

sensitive to fire activities, especially when RH is also low. Under these conditions, 
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burning should be managed not to exceed the maximum daily burned area, which can be 

determined by the O3 level on the previous day and the RH. 

 Future work should prioritize enhancing modeling analysis of the total daily burned area 

within a specified radius from O3 monitoring sites and its effect on daily O3 mixing 

ratios. By improving model performance, accurate estimate of the maximum allowable 

daily burned area within a certain distance from O3 monitoring sites can be achieved 

with greater confidence and reduced uncertainties to prevent O3 exceedance. 

 Mixing height plays crucial in determining both tropospheric O3 mixing ratio and the 

dispersion of air pollution in the atmosphere. It could be calculated by employing various 

meteorological data and atmospheric modeling techniques. Future work should focus on 

accurate calculations of mixing height in Flint Hills region as the method applied in this 

work might not accurate.  

 

5.2 Recommendations for future research directions 

Complete prescribed burn data and modeling 

Prescribed burns are typically conducted on a small scale to maintain control, and the use 

of satellite-derived data can have considerable uncertainty to estimate the burned area (Moulliot, 

2014). Estimation of biomass burning emissions for air quality forecast and development of land 

and air shed management policies requires burned area data (Burling et al., 2011). Improved 

prescribed daily burned data in the Flint Hills region would enhance the management of prescribed 

fires and understanding of how to reduce the smoke pollution impact on ambient air quality. It is 

important to obtain complete daily data on prescribed burning activities through burn permit and 

updated ground truth data from field research to develop accurate regression models to simulate 



97 

O3 contributions from prescribed burning. Current satellite-derived products are limited in their 

ability to estimate the burned areas of prescribed fires (Huang et al., 2018). The availability of 

accurate daily prescribed burn permit record data will play a pivotal role in improving the mapping 

of daily burned area in the Flint Hills region. According to Huang et al. (2018), higher confidence 

is placed in permit records due to the limitations of satellite-derived products and the data gaps 

caused by cloudy days. However, high spatial and temporal resolution satellite-derived products 

to improve accuracy in detecting prescribed fires is needed to address the deficiencies and 

performance of current fire detecting satellite products. Satellite data can supplement existing fire 

data and assist with fire management initiatives (Morgan et al., 2001). The new GOES-R satellite, 

launched in November 2016, was designed to improve the detection of active fire activity by 

providing higher temporal resolution; therefore, it could be a better-quality product for monitoring 

prescribed fire burn scars after fire event (Xu et al., 2021). In addition, to improve and evaluate 

the performance of the O3 regression model, further accurate measurements of weather variables, 

soil properties, mixing heights, and pollutant concentrations are also needed. The integration of 

modeling and measurement endeavors would prove valuable in evaluating the capacity of 

emerging high-resolution satellite products to detect low-intensity and short-duration prescribed 

fires (Afrin, 2021). 

Development of risk index to assist planning of prescribed fires 

Current practices of prescribed burning are mainly based on experience. Landowners need 

more tools to identify possible improvements in prescription parameters to burn with optimal 

conditions and timing for improved burn efficiency and reduced smoke emissions. Burning at the 

right day with appropriate conditions is not only critical for fire safety but also the most practical 

way for reducing smoke impact. An innovative data-driven strategy to evaluating fire and 
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environmental risks under varied weather and fuel conditions should be developed to help 

landowners make sensible decisions about when to burn. An indexing method can help simplify 

complex scientific principles of theoretical and empirical models during the development of a tool 

to aid decision making (Koutsomarkos et al., 2021). Fire and environmental risk index should be 

developed to assist planning of prescribed fires to improve fire safety and minimize fire-associated 

risks through synthesis analysis fire danger indices from methods in the literature (Sharples et al., 

2009; Howard et al., 2020; Fujioka et al., 2008). Analyses focused on the associations between 

prescribed fire risk index and pollutants are a pressing research need, particularly for region like 

Flint Hills with intense prescribed burning activity.  

5.3 Practical Implications 

Prescribed burning is the dominant rangeland management tool used to sustain the tallgrass 

prairie ecosystem in the Flint Hills region. Rangeland prescribed fires are conducted during the 

spring season comprising of short-duration prescribed fires with low intensity fires to consume 

surface fuels. Landowners use fires as economically efficient practices on rangeland to maintain 

favorable grazing and enhance livestock performance. Despite the crucial role fire plays in the 

sustainability of the environmental system, the Flint Hills residents experience local smoke 

impacts during prescribed fire season by contributing to contributing to O3 exceedances and have 

affected several states downwind of Kansas. Continuous public acceptance of prescribed burning 

relies on following best practices to manage smoke impact of rangeland burning. 

The O3 exceedance may have been prevented if most of the prescribed burning had 

occurred on the right timing. Prescribed fire management and timing are hindered by the dearth of 

scientific knowledge among many landowners on the effects of smoke and how weather and fire 

behavior interact. To prevent ambient O3 standard exceedance, further smoke management 
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measures are required. Land managers can benefit from the comprehensive guidelines produced 

by this research by using them to better plan their burning operations and to continue burning in a 

way r that minimize adverse air quality. The goal of this initiative is to mitigate smoke effects as 

well as expand land management capabilities by enabling more burning under favorable 

conditions. Ultimately, this will result in safer, more efficient, and more sustainable prescribed 

burning. 

The impact of smoke on air quality has been connected to prescribed rangeland fire. This 

research will increase public and land managers' understanding of smoke's impact from prescribed 

rangeland burning, promoting confidence in engaging in conversations and effectively 

collaborating to reduce smoke's social impact. 
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Appendix A : Additional materials for Chapter 2 
 

Appendix A: Analysis Procedures for MODIS Image on ENVI, R and ArcGIS 

 

Step 1: Download MODIS data 

a.) First Method: 

(i) Download MODIS images:  

Download the two files for Aqua (MYD) and Terra (MOD) for each day through: 

https://e4ftl01.cr.usgs.gov/MOLT/MOD09GQ.006/ 

https://e4ftl01.cr.usgs.gov/MOLA/MYD09GQ.006/ 

 

Aqua:  MYD09GQ.A2012037.h10v05.006.2012039051533.hdf 

Terra:  MOD09GQ.A2012037.h10v05.006.2012039053119.hdf 

 

(ii) Reprojection of MODIS data for Flint Hills, Kansas 

Download “MODIS Reprojection Tool” through: 
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https://lpdaac.usgs.gov/tools 

 

In the MODIS reprojection tool, enter the following information and run the tool: 

 Latitude and longitude (for Flint Hills): 

UL: 40.124 (latitude), -97.516 (longitude) 

            LR: 36.05 (latitude), -95.259 (longitude) 

 Output File: MYDxx.tif 

 Output File Type: GEOTIFF 

 Resampling Type: Nearest Neighbor 

 Output Projection Type: UTM 

 Datum: WGS84 

 UTM Zone: 14 

 Output Pixel Size: 250m 

 Click “Run” 

 Save the file in a folder for step 2 
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b.) Second Method:  

Download and Reprojection of MODIS data using MODIStsp 

MODIStsp specifically developed in the R language was used to download acquired MODIS 

images. We installed an open source the third-party tool, Geospatial Data Abstraction Library 

(GDAL) as part of the requirement. The source code was downloaded at the GitHub repository 

https://github.com/lbusett/MODIStsp . 

 

In the MODIStsp Graphical User Interface (GUI), enter the following information and run the tool: 

 Product: 250m MYD09GQ(Terra) or MOD09GQ(Aqua) 

 Starting date (choose) and Ending date (choose) 

 Required MODIS Tiles: 

Horizontal: Start (10), End (10) 

Vertical: Start (5), End (5) 

 Output Projection: Native 

 Output Resolution: Native 

 Resampling Method: near 

 Output Options: 

Output Format: GTiff 

Compression: No 

Save Time Series as: tick R rasterStack 

 Original MODIS Layers: 

Tick: 250m Surface Reflectance Band 1 (620 – 670nm) and 250m Surface Reflectance 

Band 2 (841 – 876nm) 

 Quality Indicators: 

Tick: band 1 data quality four-bit range and band 1 data quality four-bit range 

 Click OK and save the data in separate folder 
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Note: The two methods could be applied for downloading MODIS data, but we opted for the 

second method as it is automated, faster, and minimizes human labor costs. 

 

Step 2: Image processing on ENVI Classic 5.4 (64-bit) 

a.) Load and combine two TIFF files (MODIS data downloaded) on ENVI 

 File > Open Image Files to load two TIFF files 
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 Combine two bands on Envi:  File > Save File As > ENVI Standard > Import file > 

Choose 

 

b.) Load stacked image by selecting RGB: R (2), G (1), B (1) 



106 

 

 

c.) Load mask layer by File > Open Image Files 
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d.) Pick training data for classification 

 Tools > Region of Interest > ROI Tool 

 Pick burned (dark) and unburned (pink) pixels in Zoom Window 
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Training data picking. Red (burn scar) and green (unburn areas) 

  

e.) Classification 

 Classification> Supervised> Minimum Distance 
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Classified image. Red is burned areas. 
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f.) Edit classified image for wrongly classified pixels through “Spatial Pixel Editor” tool 

 Tools > Spatial Pixel Editor 

 

 

 

 

 

g.) After editing, export classified image to TIFF file 

 File > Save File As > TIFF/Geo TIFF 

  

Step 3: Work on R program (this step also can be done with ArcGIS) 

 

 

a.) Install R program in a folder “r_modis” 

 

b.) Save Flint Hills shape file (Kansas county shp file) to the folder “r_modis” 

 

c.) Save exported TIFF files from step 2 to the folder “r_modis” 
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d.) Open R GUI window 

  

 

e.)        Open the word document below with R code “modis.r”. Copy the code and paste it to R 

GUI window 
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f.) After the running of R program, the individual TIFF files for Flint Hills counties will be 

saved in the folder “r_modis”>”out”>“rasters” 

 

g.)      The burning acreage for individual counties is saved in a spreadsheet “acres.cvs” which is 

in “out” folder 

 

The script to calculate burned acres using R:  

 library(raster) 

library(rgdal) 

library(date) 

#library(gplots) 

 

cnty <- 

c("kansas,butler","kansas,chase","kansas,chautauqua","kansas,coffey","kansas,cowley","kansas,

elk","kansas,geary","kansas,greenwood","kansas,lyon","kansas,marion","kansas,morris","kansas
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,osage","kansas,pottawatomie","kansas,riley","kansas,wabaunsee","kansas,wilson","kansas,wood

son","oklahoma,nowata","oklahoma,osage","oklahoma,washington","oklahoma,kay") 

#cnty <- sort(cnty) #a sort for yao 

.simpleCap <- function(x) { 

    s <- strsplit(x, ",")[[1]] 

    paste(toupper(substring(s, 1, 1)), substring(s, 2), 

          sep = "", collapse = " ") 

} 

shape_cnty <- readOGR("C:\\r_modis","cnty_new") 

shape_cnty <- spTransform(shape_cnty,CRS("+proj=utm +zone=14 +datum=WGS84")) 

 

 

#pdf(paste("C:/r_modis/out/acres.pdf",sep=""), width=8.5, height=11) 

files <- list.files(path=paste("C:\\r_modis",sep=""), pattern="tif") 

ans <- matrix(nrow=length(cnty), ncol=length(files)) 

rownames(ans) <- cnty 

colnames(ans) <- files 

 

### this code does the entire area and creates tif files 

pdf(paste("C:/r_modis/out/acres.pdf",sep=""), width=8.5, height=11) 

i <- 1 

mask3 <- raster(paste("C:\\r_modis\\",files[i],sep="")) 

tmp1 <- mask3 

tmp1[tmp1!=1] <- 0 

tmp1 <- mask(tmp1,shape_cnty) 

writeRaster(tmp1, filename=paste("C:/r_modis/out/rasters/",files[i],".tif",sep=""), 

format="GTiff",datatype='INT1U',overwrite=TRUE) 

plot(tmp1,zlim=c(1,1),col='red',legend=FALSE,main=paste("Burns as 

of",date.mmddyy(as.numeric(substr(files[i],4,6))+20088))) 

plot(shape_cnty, add=TRUE) 

for (j in 1:length(cnty)) { 
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ks_poly_utm <- shape_cnty[paste(shape_cnty$STATE_NAME,shape_cnty$NAME)== 

.simpleCap(cnty[j]),] 

text(mean(c(extent(ks_poly_utm)[1],extent(ks_poly_utm)[2])),mean(c(extent(ks_poly_utm)[3],e

xtent(ks_poly_utm)[4])),ks_poly_utm$NAME,cex=0.6) 

} 

for (i in 2:length(files)) { 

mask3 <- raster(paste("C:\\r_modis\\",files[i],sep="")) 

tmp <- mask3 

tmp[tmp!=1] <- 0 

tmp <- mask(tmp,shape_cnty) 

tmp1 <- tmp+tmp1 

tmp1[tmp1!=0] <- 1 

writeRaster(tmp1, filename=paste("C:/r_modis/out/rasters/",files[i],".tif",sep=""), 

format="GTiff",datatype='INT1U',overwrite=TRUE) 

plot(tmp1,zlim=c(1,1),col='red',legend=FALSE,main=paste("Burns as 

of",date.mmddyy(as.numeric(substr(files[i],4,6))+20088))) 

plot(shape_cnty, add=TRUE) 

for (j in 1:length(cnty)) { 

ks_poly_utm <- shape_cnty[paste(shape_cnty$STATE_NAME,shape_cnty$NAME)== 

.simpleCap(cnty[j]),] 

text(mean(c(extent(ks_poly_utm)[1],extent(ks_poly_utm)[2])),mean(c(extent(ks_poly_utm)[3],e

xtent(ks_poly_utm)[4])),ks_poly_utm$NAME,cex=0.6) 

} 

} 

dev.off() 

### end of entire area code... county by county next 

 

for (j in 1:length(cnty)) { 

i=1 

mask3 <- raster(paste("C:\\r_modis\\",files[i],sep="")) 
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ks_poly_utm <- shape_cnty[paste(shape_cnty$STATE_NAME,shape_cnty$NAME)== 

.simpleCap(cnty[j]),] 

tmp <- crop(mask3,ks_poly_utm) 

tmp <- mask(tmp,ks_poly_utm) 

tmp1 <- tmp 

tmp2 <- tmp 

tmp1[tmp1!=1] <- 0 

tmp1[is.na(tmp1)] <- 20 

ifelse(((freq(tmp1)[2,1])==1),(ans[j,i]=format(round(freq(tmp1)[2,2]*res(tmp1)[1]**2*0.000247

11,0),big.mark=",",scientific=F)),(ans[j,i]=0)) 

#plot(tmp,legend=FALSE,main=paste(files[i],.simpleCap(cnty[j]),ans[j,i],"acres burned")) 

#plot(tmp,legend=FALSE,zlim=c(1,1),col='red',add=TRUE) 

#plot(ks_poly_utm,add=TRUE) 

writeRaster(tmp1, filename=paste("C:/r_modis/out/rasters/",cnty[j],"_",files[i],".tif",sep=""), 

format="GTiff",datatype='INT1U',overwrite=TRUE) 

#text(mean(c(xmin(tmp),xmax(tmp))),mean(c(ymin(tmp),ymax(tmp))),paste(format(round(freq(t

mp)[1,2]*res(tmp)[1]**2*0.00024711,0),big.mark=",",scientific=F),"acres burned")) 

for (i in 2:length(files)) { 

mask3 <- raster(paste("C:\\r_modis\\",files[i],sep="")) 

ks_poly_utm <- shape_cnty[paste(shape_cnty$STATE_NAME,shape_cnty$NAME)== 

.simpleCap(cnty[j]),] 

tmp <- crop(mask3,ks_poly_utm) 

tmp <- mask(tmp,ks_poly_utm) 

tmp[tmp!=1] <- 0 

tmp1 <- tmp1+tmp 

tmp1[tmp1!=0] <- 1 

tmp1[is.na(tmp1)] <- 20 

ifelse(((freq(tmp1)[2,1])==1),(ans[j,i]=format(round(freq(tmp1)[2,2]*res(tmp1)[1]**2*0.000247

11,0),big.mark=",",scientific=F)),(ans[j,i]=0)) 

#plot(tmp2,legend=FALSE,main=paste(files[i],.simpleCap(cnty[j]),ans[j,i],"acres burned")) 

#plot(tmp1,legend=FALSE,zlim=c(1,1),col='red',add=TRUE) 
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writeRaster(tmp1, filename=paste("C:/r_modis/out/rasters/",cnty[j],"_",files[i],".tif",sep=""), 

format="GTiff",datatype='INT1U',overwrite=TRUE) 

#plot(ks_poly_utm,add=TRUE) 

#text(mean(c(xmin(tmp),xmax(tmp))),mean(c(ymin(tmp),ymax(tmp))),paste(format(round(freq(t

mp)[1,2]*res(tmp)[1]**2*0.00024711,0),big.mark=",",scientific=F),"acres burned")) 

}} 

#textplot(ans) 

write.table(ans,file="C:/r_modis/out/acres.csv",sep=",") 

#dev.off() 

 

Step 4: Work on ArcGIS 

 

a.) Load all TIFF files obtained from R program in step 3 for individual counties into 

ArcGIS 
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b.) Calculate new accumulated burned area by “Spatial Analysis Tools”>” Map Algebra”>” 

Raster Calculator”. The base image (the first image) is subtracted from a new image 

  

c.) The accumulated burn acreage for individual images can be calculated from spreadsheet 

which is saved in “r_modis” folder 



119 

 

 



120 

 

 

 

Acknowledgment 

I would like to acknowledge Ms. Yao Tang from the Kansas Department of Health and 

Environment’s Bureau of Air for generously sharing essential materials crucial to the mapping of 

daily burns in this dissertation. Yao Tang’s valuable contributions significantly enriched the 

research methodology and outcomes, enhancing the overall quality of this work. 

 

 

 

 

 

 

 



121 

Appendix B : Additional materials for Chapter 4 
 

Appendix B: Derivation of Mixing Height 

 

We calculated mixing height from equation (1) in section 4.2.2. The method involves incorporation 

of angular velocity of the Earth, Coriolis parameter and dew point temperature into the equation 

which are described in detail below:  

The angular velocity of the Earth can be used to determine its rotational speed in radians per 

second (rad/s). The Earth undergoes a complete revolution in a time span of about 24 hours, 

corresponding to a total angular displacement of 2π radians.  

The angular velocity may be determined by use the following mathematical expression: 

 

The angular velocity (Ω) = 2π radians / (24 hours * 3600 seconds per hour) 

 

To begin, the conversion from hours to seconds may be achieved by multiplying it by 3600.  

Therefore, angular velocity can be calculated as: 

The angular velocity (ω) = 2π radians / (24 * 3600 seconds). 

Ω = 7.272 x 10-5 radians per second. 

 

The Earth's rotational velocity is estimated to be roughly 7.272 x 10-5 radians per second. 

 

The Coriolis parameter, denoted as "f," is defined by: 

 

f = 2 Ω sin(φ). 

 

The Coriolis parameter, denoted as f, is measured in units of s-1 (per second). 

The Earth's angular velocity, denoted by the symbol Ω, is estimated to be roughly 7.272 x 10-5 

radians per second. 

The symbol φ represents the latitude measured in radians. 

In order to determine the Coriolis parameter of the Flint Hills region, it is necessary to convert the 

latitude from degree to radians.  
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The latitude of Flint Hills region is approximately 38° (degrees) 

Therefore, to determine the Coriolis parameter at a latitude of 38 degrees, we converted the latitude 

into radians first: 

 

φ = 38 degrees * (π/180) ≈ 0.663 radians, where π = 3.142 

 

Next, compute the Coriolis parameter: 

 

f = 2Ωsin(φ) = 2 * 7.292 x 10-5 s-1 * sin (0.663) ≈ 0.0001223 s-1 

At the Flint Hills region, latitude of 38 degrees, the Coriolis parameter is estimated to be roughly 

0.0001223 s-1. 

 

Dew point temperature was derived from: 

 𝑡ௗ = 𝑡 −  ቀ
ଵ଴଴ି

ହ
ቁ         (Lawrence, 2005).                        

Where td is daytime average dew point temperature, t is daytime average air temperature and RH 

is the average day time relative humidity.  

 

Finally, mixing height (MH) is derived from:  

𝑀𝐻 = ቀ
ଵଶଵ

଺
ቁ (6 − 𝑠)(𝑡 − 𝑡ௗ ) + ቆ

଴.ଵ଺ଽ௦(௏ା଴.ଶହ଻)

ଵଶ௙ூ௡( 
೓

೗
 )

ቇ          (Di Virgilio et al., 2018)                                

ƒ =  2𝛺𝑠𝑖𝑛𝜃                                                                     (Di Virgilio et al., 2018)                                                          

where s is a stability class that estimates lateral and vertical dispersion, t is daytime average air 

temperature and td is daytime average dew point temperature, V is daytime average wind speed, h 

is wind speed altitude in m, ɭ is the weather monitoring station’s estimated surface roughness index, 

ƒ is the Coriolis parameter in s−1, Ω is the earth’s rotational speed (rad/s) and θ is the station 

latitude.  
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