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Abstract 

Accurate quantification of wildfire risk is essential for balancing wildfire mitigation and 

prescribed fire management in grassland ecosystems, yet existing fire danger indices do 

not explicitly distinguish seasonal fuel dynamics from daily weather variability. This 

study presents a hierarchical framework for quantifying wildland fire risk by explicitly 

separating seasonal wildfire potential from daily weather-driven fire activity. The frame-

work introduces the Daily Burned Area Ratio (DBAR) as a quantitative measure of real-

ized wildfire risk and decomposes it into the Seasonal Burned Area Ratio (SBAR) and the 

Daily Burn Activity Index (DBAI). Wildfire records from the U.S. Forest Service Fire Pro-

gram Analysis Fire-Occurrence Database, Oklahoma Mesonet weather observations, and 

remotely sensed vegetation data collected between 1995 and 2020 were used to develop 

and evaluate the framework in the Flint Hills of Kansas and Oklahoma. SBAR was mod-

eled using grass curing and air temperature to characterize the seasonal baseline of wild-

fire activity, whereas DBAI was modeled using dead fuel moisture content (DFMC) and 

wind speed to quantify day-to-day departures from that seasonal baseline. The SBAR 

model accurately reproduced the characteristic bimodal wildfire regime of the Great 

Plains, whereas the DBAI model identified DFMC as the dominant control on daily wild-

fire activity, with wind speed providing an important secondary influence. Compared 

with the Burning Index (BI) and the Grassland Fire Danger Index (GFDI), the hierarchical 

framework achieved superior performance in discriminating fire days from non-fire days. 

Global sensitivity analysis further demonstrated that the framework provides a more bal-

anced representation of the influences of grass curing, relative humidity, air temperature, 

and wind speed than the conventional indices. By explicitly separating seasonal fuel dy-

namics from short-term weather variability, the proposed framework provides an ecolog-

ically interpretable, locally calibratable, and operationally practical approach to wildfire 

risk assessment. Because the seasonal and daily components can be calibrated inde-

pendently, the framework is readily transferable to other grassland ecosystems and pro-

vides a flexible foundation for adaptive wildfire and prescribed fire management under 

changing climatic conditions. 
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1. Introduction 

Wildfire activity has increased globally over recent decades, driven by climate 

change, fuel accumulation associated with long-term fire suppression, and expanding hu-

man development in fire-prone landscapes [1–4]. Wildfires pose significant threats to hu-

man life, infrastructure, air quality, ecosystem services, and biodiversity, while altering 

natural fire regimes in both forest and grassland ecosystems [5]. In the Great Plains of the 

United States, recurrent droughts, reduced fire use, and continued expansion of the 

wildland-urban interface have contributed to increasing wildfire activity during the past 

three decades [1,6,7]. At the same time, prescribed fire remains one of the most effective 

management practices for maintaining grassland ecosystems by reducing woody plant 

encroachment, improving biodiversity, sustaining forage production, and mitigating fu-

ture wildfire risk [8,9]. However, the application of prescribed fire is often constrained by 

concerns regarding fire escape, smoke management, and the limited availability of reliable 

tools for quantitatively assessing wildfire risk under grassland conditions [3,10–13]. 

Wildfire behavior in Great Plains grasslands is governed by interactions among fuel 

condition, weather, and vegetation phenology. Wind speed, air temperature, and relative 

humidity (RH) strongly influence ignition and fire spread through their effects on dead 

fuel moisture content (DFMC), which responds rapidly to changing atmospheric condi-

tions [14]. In contrast, grass curing reflects seasonal changes in vegetation phenology and 

determines the amount and continuity of combustible fine fuels. Because grass curing 

evolves gradually throughout the year whereas DFMC responds over periods of hours to 

days, wildfire risk in grasslands is controlled by processes operating at distinctly different 

temporal scales. This distinction is particularly important for prescribed fire management, 

where managers must simultaneously consider seasonal fuel availability and daily 

weather conditions when selecting suitable burn windows. Although prescribed burns in 

the Great Plains have traditionally been conducted within a relatively narrow spring win-

dow [10,11,15–17], a more quantitative understanding of both seasonal and daily wildfire 

risk is needed to safely expand prescribed burning opportunities while maintaining ac-

ceptable levels of fire risk. 

Many fire danger indices have been developed to support wildfire management, in-

cluding the Keetch–Byram Drought Index (KBDI), the Burning Index (BI), and McArthur’s 

Grassland Fire Danger Index (GFDI). These indices have substantially improved opera-

tional fire management but were generally developed for specific climatic regions, vege-

tation types, or management objectives. KBDI primarily represents cumulative drought 

conditions and does not adequately capture the rapid changes in fine-fuel moisture char-

acteristic of grasslands [18–21]. BI emphasizes fire intensity and suppression difficulty but 

relies on standardized fuel models and daily weather summaries that may not adequately 

represent the rapidly changing weather and heterogeneous fuel conditions of Great Plains 

prairies [22,23]. GFDI explicitly incorporates grassland fuels and has been widely applied 

in Australia, but previous evaluations have demonstrated reduced performance when ap-

plied without regional calibration [24–30]. Specifically, an attempted calibration of the 

Mark 4 GFDI in the Great Plains showed a tendency to underestimate fire danger under 

low RH and challenged wind parameterization [28]. The existing fire danger indices gen-

erally do not explicitly distinguish between slowly varying seasonal fuel dynamics and 

rapidly changing daily weather conditions, limiting their ability to represent wildfire risk 

in Great Plains grasslands. 

Many wildfire prediction studies estimate fire occurrence or ignition probability, 

whereas operational fire danger indices generally characterize the potential for fire igni-

tion and spread. Burned area complements these approaches by integrating both wildfire 

occurrence and subsequent fire growth, thereby providing a quantitative measure of real-

ized wildfire activity. Wildfire activity in grassland ecosystems is governed by two 
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fundamentally different temporal processes: a slowly varying seasonal background estab-

lished by vegetation phenology and climatic conditions, and rapidly changing day-to-day 

variability driven by weather and fine fuel moisture. Explicitly separating these temporal 

components provides a more interpretable representation of wildfire risk while allowing 

the underlying ecological processes to be modeled independently. 

To better represent these distinct temporal processes, this study proposes a hierar-

chical framework for quantifying wildfire risk in Great Plains grasslands. The principal 

innovation of the framework is the explicit separation of wildfire risk into the Seasonal 

Burned Area Ratio (SBAR) and the Daily Burn Activity Index (DBAI), whose product de-

fines the Daily Burned Area Ratio (DBAR), a quantitative measure of realized wildfire 

risk. SBAR characterizes the seasonal baseline established by grass curing and climatic 

conditions, whereas DBAI quantifies day-to-day departures from that baseline resulting 

from short-term weather variability and fine fuel moisture dynamics. Using wildfire rec-

ords from the U.S. Forest Service Fire Program Analysis Fire-Occurrence Database, Okla-

homa Mesonet weather observations, and remotely sensed vegetation data collected from 

1995 to 2020, the objectives of this study were to: (1) develop a hierarchical framework for 

quantifying wildfire risk in Great Plains grasslands; (2) model seasonal and daily wildfire 

risk using locally calibrated fuel and weather variables; (3) evaluate the performance of 

the proposed framework against BI and GFDI; and (4) assess its potential application to 

prescribed fire management. 

2. Materials and Methods 

2.1. Study Area 

The Flint Hills ecoregion is located within the central Great Plains and extends across 

eastern Kansas into the Osage Hills of northern Oklahoma, centered near 37.3° N, 96.7° 

W. The region encompasses approximately 2.4 million ha and ranges in elevation from 

320 to 512 m above sea level [31]. Shallow, rocky limestone soils have limited agricultural 

cultivation, allowing one of the largest remaining expanses of native tallgrass prairie in 

North America to persist [32]. The Flint Hills experience a continental climate character-

ized by hot, humid summers and cold winters. Mean annual precipitation is approxi-

mately 800 mm, with the majority occurring during late spring and early summer [33]. 

The vegetation is dominated by warm-season perennial grasses, including big bluestem 

(Andropogon gerardii), little bluestem (Schizachyrium scoparium), Indiangrass (Sorghastrum 

nutans), and switchgrass (Panicum virgatum), together with a diverse assemblage of native 

forb species [32]. Owing to its ecological integrity and biodiversity, the Flint Hills repre-

sent the largest remaining tract of tallgrass prairie in North America and are recognized 

as a globally significant grassland ecosystem. 

Fire is the principal ecological process maintaining the structure and function of the 

Flint Hills grasslands. Prescribed burning, typically conducted during the spring, is 

widely used in combination with livestock grazing to maintain forage productivity, sup-

press woody plant encroachment, recycle nutrients, and preserve native prairie commu-

nities [10,13,34]. The Flint Hills provide an ideal landscape for developing and evaluating 

quantitative fire risk models to support prescribed fire management. Although the pro-

posed framework is generally applicable across the Great Plains, model development was 

conducted using Kay and Osage Counties in the Oklahoma Flint Hills because they pro-

vide continuous long-term wildfire, meteorological, and fuel condition datasets repre-

sentative of the region. 
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2.2. Wildfire Data 

Wildfire records were obtained from the U.S. Forest Service’s Fire Program Analysis 

Fire-Occurrence Database (FPA-FOD), Version 6, which contains standardized wildfire 

records from 1992 to 2020 [35]. The FPA-FOD is the most comprehensive publicly availa-

ble wildfire database in the United States and has been widely used for regional wildfire 

analyses. It consolidates incident reports from federal, state, local, tribal, and other partic-

ipating agencies using standardized reporting procedures established by the National 

Wildfire Coordinating Group (NWCG). Each wildfire record includes spatial coordinates 

with a minimum reported accuracy of the Public Land Survey System (PLSS) section, 

providing sufficient spatial resolution for regional-scale analyses. Although the FPA-FOD 

underwent extensive quality assurance and quality control during database development, 

additional preprocessing was performed to improve data consistency for this study. Du-

plicate records were identified and removed. Missing county information was assigned 

by spatially joining wildfire ignition locations to U.S. county boundaries using the tigris 

package [36] and spatial operations implemented in the sf package [37] within R (version 

4.3.1). After preprocessing, 6126 wildfire records were retained for the 17 counties com-

prising the Flint Hills study area, representing a cumulative burned area of 439,380 ha. 

From the 50 attributes available in the FPA-FOD database, wildfire size, discovery date, 

county, and fire size class were retained because they directly support quantification of 

wildfire occurrence and burned area for subsequent risk modeling. Fire size classes fol-

lowed the NWCG classification system: Class A (<0.1 ha), Class B (0.1 to <4 ha), Class C (4 

to <40 ha), Class D (40 to <120 ha), Class E (120 to <400 ha), Class F (400 to <2000 ha), and 

Class G (≥2000 ha). 

2.3. Fire Weather Data 

Fire weather data were obtained from the Oklahoma Mesonet, a statewide environ-

mental monitoring network that provides standardized, quality-controlled meteorologi-

cal observations [38–40]. Weather records for Kay and Osage Counties from 1995 to 2020 

were retrieved and processed using the mesonet package in R [41]. The Skiatook (SKIA) 

and Blackwell (BLAC) Mesonet stations were selected to represent Osage and Kay Coun-

ties, respectively. Kay and Osage Counties were selected for model development because 

they provide the longest continuous records of wildfire occurrence, weather observations, 

and remotely sensed fuel condition data within the Flint Hills. Together, these counties 

span the northern and southern portions of the Oklahoma Flint Hills and accounted for 

37.1% of the recorded wildfires and 53.8% of the cumulative burned area in the Flint Hills 

during 1995–2020. They provide a representative case study for developing the proposed 

fire risk framework. Meteorological variables included air temperature, RH, sustained 

wind speed measured at a 10 m height, and precipitation, following the Oklahoma 

Mesonet observation protocols [40]. Five-minute observations were aggregated to hourly 

and daily time scales for subsequent analyses. Aggregation to daily summaries was per-

formed to match the temporal resolution of the wildfire occurrence records. Daily weather 

variables included mean and maximum air temperature, mean and minimum RH, mean 

and maximum wind speed, and total daily precipitation. Daily weather observations were 

linked to wildfire records by county and date. Day of year (DOY) was retained as a tem-

poral variable to characterize seasonal fire dynamics and facilitate subsequent fire risk 

modeling. 
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2.4. Fuel Moisture Data 

Fuel conditions were represented using two complementary indicators that capture 

distinct temporal scales of fire dynamics: DFMC, which reflects short-term variations in 

fuel flammability, and grass curing, which characterizes seasonal changes in fuel condi-

tion and phenology. Because DFMC responds rapidly to atmospheric conditions, it was 

used to represent short-term fuel moisture dynamics and served as a predictor of the 

DBAI. Calibrated DFMC was obtained from the Oklahoma Mesonet, and for missing data 

points, DFMC was estimated from air temperature and RH using a regional empirical 

model developed for the Great Plains [42]. Grass curing was used to characterize seasonal 

changes in fuel condition. It is defined as the proportion of dead material within the grass 

sward [43,44] and influences both fuel availability and combustibility over the growing 

season. Following Newnham et al. [45], grass curing was estimated from relative green-

ness, an NDVI-based metric scaled from 0 to 100% using a multi-year, pixel-specific his-

torical record, where higher relative greenness corresponds to lower levels of curing [46]. 

Relative greenness was calculated from temporally smoothed NDVI observations to re-

duce residual cloud contamination and short-term fluctuations unrelated to vegetation 

phenology. This approach has been widely adopted in remote sensing and fire ecology 

studies for monitoring seasonal fuel condition and assessing grassland fire potential [43–

46]. Together, DFMC and grass curing represent the short-term and seasonal components 

of fuel dynamics, respectively, and provide the fuel-related predictors used in the hierar-

chical fire risk modeling framework. 

2.5. Hierarchical Fire Risk Framework of the Daily Burned Area Ratio (DBAR) 

The proposed hierarchical framework decomposes wildfire risk into a seasonal com-

ponent representing slowly varying fuel dynamics and a daily component representing 

short-term weather variability. The framework assumes that seasonal vegetation phenol-

ogy establishes the baseline level of wildfire activity, whereas short-term weather condi-

tions determine day-to-day departures from that seasonal baseline. DBAR is expressed as 

follows: 

DBAR =  SBAR ×  DBAI (1) 

The multiplicative formulation reflects the assumption that seasonal background 

conditions establish the baseline level of wildfire activity, while daily weather conditions 

amplify or suppress fire activity relative to that baseline. This decomposition explicitly 

separates the ecological processes governing wildfire activity at seasonal and daily time 

scales, thereby improving both model interpretability and regional transferability. 

DBAR is defined as the ratio of daily wildfire burned area to the total persistent 

rangeland area and serves as a quantitative measure of realized wildfire activity. Unlike 

conventional fire danger indices, which primarily estimate the potential for fire occur-

rence or fire spread, DBAR integrates both wildfire occurrence and burned extent, and it 

provides a more comprehensive measure of realized wildfire risk than fire occurrence 

alone. SBAR is defined as the ratio of the seasonal baseline daily burned area to the total 

persistent rangeland area. SBAR represents the expected background level of wildfire ac-

tivity for a given season and primarily reflects the cumulative effects of vegetation phe-

nology and longer-term climatic conditions. DBAI is defined as the ratio of the observed 

daily burned area to the corresponding seasonal baseline daily burned area. DBAI quan-

tifies the day-to-day departure of wildfire activity from the seasonal baseline and primar-

ily reflects short-term variations in weather and fine fuel moisture. DBAI is a dimension-

less multiplier, where values greater than one indicate above-average fire activity relative 

to the seasonal baseline, whereas values less than one indicate below-average activity. 
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The hierarchical fire risk framework is summarized in Figure 1 and Table 1. In the 

framework, SBAR was modeled using grass curing and air temperature to characterize 

seasonal fuel dynamics and climatic variability, whereas DBAI was modeled using DFMC 

and wind speed to represent short-term meteorological controls on wildfire activity. These 

two components provide complementary representations of the seasonal baseline and 

daily variability in wildfire risk. 

 

Figure 1. The hierarchical fire risk framework. 

Table 1. Components of the hierarchical fire risk framework. 

Component Time Scale Predictors Output Ecological Meaning 

SBAR Seasonal Grass curing, temperature Seasonal baseline Seasonal fire potential 

DBAI Daily DFMC, wind speed Daily modifier Daily weather effect 

DBAR Daily SBAR × DBAI Overall wildfire risk Realized fire risk 

2.6. Modeling of the Seasonal Burned Area Ratio (SBAR) 

Persistent rangeland area was delineated using the National Land Cover Database 

(NLCD) products for 2001, 2006, 2011, 2016, and 2019 [47]. Land cover classes representing 

shrub/scrub, grassland/herbaceous, and pasture/hay were considered rangelands. Pixels 

classified as rangeland in at least three of the five NLCD products were retained to gener-

ate a persistent rangeland mask, which was used to calculate the total rangeland area for 

each study region. Wildfire records were aggregated into daily burned area totals for each 

county by DOY. The seasonal baseline daily burned area was estimated as the multi-year 

mean daily burned area for each DOY. To separate seasonal trends from short-term vari-

ability, the multi-year average burned area, grass curing, and mean daily air temperature 

were independently smoothed using generalized additive models (GAMs) with Gamma 

distributions, log-link functions, and cyclic cubic regression splines (k = 7). A value of k = 

7 was selected because it adequately captured the annual seasonal cycle while avoiding 

overfitting. 

Previous studies have shown that wildfire activity in the grassland-dominated Great 

Plains exhibits a consistent bimodal seasonal pattern, with a primary peak in spring before 

green-up and a secondary peak in autumn after vegetation senescence [7]. Because sea-

sonal fire activity is largely governed by vegetation phenology and climatic conditions 

[43,48], grass curing and air temperature were selected as the primary predictors of SBAR. 

Other factors, including fuel load and continuity, land use change, wildland-urban 
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expansion, grazing, drought, prescribed fire frequency, and fire suppression, may also 

influence seasonal fire activity [8,49–53]. However, these variables are difficult to quantify 

consistently across large spatial and temporal scales and were therefore not explicitly in-

corporated into the model. The SBAR model was developed as a locally calibrated empir-

ical relationship. A case study SBAR model was developed using wildfire records from 

Kay and Osage Counties, Oklahoma, consistent with the data selection described above. 

The persistent rangeland area within the two counties totaled 465,928 ha. The two counties 

were broadly representative of regional fire activity. Separate power function models 

were developed for the first and second halves of the year to account for the distinct spring 

and autumn fire seasons. Model parameters were estimated using nonlinear least squares 

regression with the Gauss-Newton algorithm, and parameter uncertainty was quantified 

using nonparametric bootstrap confidence intervals. The objective of this study was to 

develop a transferable hierarchical modeling framework rather than a single region-wide 

empirical equation. Therefore, model development was conducted using two representa-

tive counties with complete long-term datasets, while the framework itself is designed to 

be recalibrated for other locations using local wildfire, weather, and fuel-condition data. 

2.7. Modeling of the Daily Burn Activity Index (DBAI) 

Daily wildfire and weather records from Kay and Osage Counties were merged by 

county and date to create a unified dataset for modeling daily fire activity. Exploratory 

analyses indicated that larger wildfires exhibited stronger and more consistent relation-

ships with dead fuel moisture content DFMC and wind speed than smaller fires. Accord-

ingly, the DBAI analysis was restricted to days with a total burned area exceeding 60 ha, 

thereby emphasizing environmental conditions associated with sustained wildfire growth 

and spread rather than fire ignition alone. Preliminary analyses indicated that relation-

ships between weather variables and wildfire activity became considerably more con-

sistent once fires exceeded approximately 60 ha, representing events dominated by spread 

rather than ignition processes. To further isolate fire-conducive conditions, the analysis 

was limited to observations with mean daily air temperature above 2 °C, no recorded pre-

cipitation, and an SBAR of at least 0.02%. The SBAR threshold prevented numerical insta-

bility in DBAI calculations when the seasonal baseline burned area approached zero. Be-

cause DBAI is calculated as the ratio of observed daily burned area to SBAR, very small 

SBAR values can produce disproportionately large and unstable DBAI estimates. After 

applying these screening criteria, the final dataset contained 106 daily observations. Ob-

served DBAI values were modeled using a generalized linear model (GLM) with a 

Gamma error distribution and a log-link function. DBAI was expressed as a function of 

DFMC and the square root of maximum daily wind speed, with the latter transformation 

accounting for the nonlinear influence of wind speed on wildfire activity reported in pre-

vious studies [24,54]. The DBAI model quantifies the short-term amplification or suppres-

sion of wildfire activity relative to the seasonally expected baseline represented by SBAR. 

2.8. Performance Evaluation and Comparison with Existing Fire Danger Indices 

The ability of DBAR, BI, and GFDI to discriminate fire days from non-fire days was 

evaluated using binary logistic regression following the approach of Andrews et al. [55]. 

BI values were obtained from the Oklahoma Mesonet, whereas GFDI values were calcu-

lated according to the formulation of Purton [26]. Daily wildfire records from Kay and 

Osage Counties were classified into two categories based on total daily burned area. Days 

with burned areas exceeding 20 ha were defined as fire days (1), whereas all remaining 

days were classified as non-fire days (0). Separate logistic regression models were fitted 

for DBAR, BI, and GFDI, with each fire danger index serving as the sole predictor of fire-

day occurrence. Model discrimination was evaluated using the area under the receiver 
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operating characteristic curve (AUC-ROC) [56] and the pseudo coefficient of determina-

tion (R2). The ROC curve was constructed by plotting the true positive rate against the 

false positive rate across all possible classification thresholds. The AUC summarizes the 

overall discriminatory ability of each index, where a value of 0.5 indicates no discrimina-

tion and a value of 1.0 indicates perfect discrimination between fire and non-fire days. 

AUC values between 0.7 and 0.8 indicate acceptable discrimination, whereas values ex-

ceeding 0.8 indicate excellent performance [57,58]. 

2.9. Global Sensitivity Analysis Methodology 

A global sensitivity analysis was conducted using the delta moment-independent 

method [5, 59] and implemented using the open-source Python package SALib (version 

1.4.7) [60]. This approach quantifies the influence of each input variable on the entire out-

put distribution rather than only on its variance, making it well suited for nonlinear fire 

danger models. The delta sensitivity measure (δi) is defined as 

δi =
1

2
𝐸 [∫ |fY(y) − f(Y|Xi)(y)| dy] (2) 

where Y denotes the output of the fire danger index (DBAR, BI, or GFDI), Xi represents an 

individual input variable (RH, air temperature, maximum sustained wind speed, or grass 

curing), fY(y) is the unconditional probability density function of the model output, and 

f(Y|Xi)(y) is the conditional probability density function when Xi is fixed. The expectation E[·] 

is taken over the full range of Xi. The delta index quantifies the average change in the 

output distribution caused by fixing an individual input variable. Values range from 0, 

indicating no influence on the model output, to 1, indicating complete determination of 

the output by that variable. Larger δi values indicate greater sensitivity of the fire danger 

index to the corresponding input. Uncertainty in the sensitivity estimates was quantified 

using 100 bootstrap resamples. 

3. Results 

3.1. Seasonal Wildfire Patterns 

Wildfire activity in the grassland-dominated regions of the Great Plains exhibited a 

distinct bimodal seasonal pattern, with a primary peak in spring and a secondary peak in 

autumn (Figure 2). Across Kansas and Oklahoma, the spring peak generally occurred in 

late March before grass green-up, whereas the autumn peak occurred in late October after 

vegetation senescence. This seasonal pattern is consistent with previous studies of wildfire 

occurrence in Great Plains grasslands [7]. 

Pronounced spatial variation in SBAR was observed across the study region (Figure 

2). In general, southern regions exhibited higher SBAR values than northern regions 

throughout the year. The timing of both the spring and autumn SBAR peaks also followed 

a clear south-to-north progression. The primary spring peak occurred on DOY 60 in south-

ern Oklahoma, DOY 63 in northern Oklahoma, DOY 70 in southern Kansas, and DOY 73 

in northern Kansas. In contrast, the autumn SBAR peak was negligible in southern Kansas. 

The observed spatial and temporal differences in SBAR indicate that seasonal wildfire ac-

tivity varies systematically across the Great Plains, with both the magnitude and timing 

of peak fire activity changing along the north-south climatic gradient. These spatial and 

temporal patterns define the seasonal baseline of wildfire activity that the SBAR model 

seeks to quantify. 
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Figure 2. Seasonal wildfire pattern across the Flint Hills region. 

3.2. Modeling the Seasonal Burned Area Ratio (SBAR) 

SBAR was modeled as a power-law function of smoothed grass curing (0–100%) and 

smoothed air temperature (T, °C): 

SBAR = α × Curingβ1 × Tβ2 (3) 

Separate models were developed for the first (H1, DOY ≤ 182) and second (H2, DOY 

> 182) halves of the year. Estimated model parameters are presented in Table 2. 

Table 2. Estimated parameters (mean ± SE) of the power-law model relating SBAR to smoothed 

grass curing and smoothed air temperature. 

Season Period α (×10−6) β1 (Grass Curing) β2 (Temperature) 

H1 DOY ≤ 182 9.76 ± 0.49 6.45 ± 0.10 1.90 ± 0.03 

H2 DOY > 182 2.09 ± 0.29 1.02 ± 0.06 1.34 ± 0.08 

The fitted SBAR model reproduced the characteristic bimodal seasonal wildfire pat-

tern in the Flint Hills (Figure 3), with a primary peak of 0.034% in late March and a sec-

ondary peak of 0.010% in mid-October. Across the annual cycle, the smoothed air temper-

ature ranged from 2.9 to 27.5 °C. The exponent for grass curing (β1) was substantially 

larger during H1 than during H2, indicating that SBAR was considerably more sensitive 

to grass curing during the first half of the year. This result suggests that grass curing is the 
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dominant driver of seasonal wildfire risk before peak green-up, whereas its influence be-

comes much weaker during the second half of the year. In contrast, the temperature ex-

ponent (β2) differed only modestly between the two seasonal models. Overall, the SBAR 

model provided an excellent representation of the seasonal fire regime in the Flint Hills, 

explaining 97% of the variation in the smoothed seasonal burned area ratio (R2 = 0.97) with 

a cross-validated root mean square error (RMSE) of 0.001%. 

 

Figure 3. SBAR as affected by grass curing and temperature in Osage and Kay counties in Oklahoma 

based on historical wildfire burned area and fire climatology from 1995 to 2020. DOY is the day of 

year. 

3.3. Modeling the Daily Burn Activity Index (DBAI) 

DBAI was modeled as an exponential function of DFMC (%) and maximum sus-

tained 10 m wind speed (U, km h−1): 

DBAI = exp(α + β1√U + β2DFMC)    (4) 

Estimated model parameters are presented in Table 3. 

Table 3. Estimated parameters (mean ± SE) of the exponential model relating the DBAI to DFMC 

and maximum sustained 10 m wind speed. 

Parameter Estimate (Mean ± SE) Interpretation 

α 1.314 ± 1.323 Intercept 

β1  0.368 ± 0.183 Positive effect of wind speed 

β2  −0.183 ± 0.071 Negative effect of fuel moisture 

Both maximum sustained wind speed and DFMC were statistically significant pre-

dictors (p < 0.05). The fitted model explained 20.3% of the day-to-day variation in DBAI. 

During the study period, DFMC ranged from 5% to 17%, whereas maximum sustained 10 

m wind speed ranged from 14 to 55 km h−1 (9–34 mph). Compared with SBAR, DBAI rep-

resents short-term weather-driven variability and therefore exhibits substantially greater 

day-to-day variation. The negative coefficient for DFMC indicates that daily fire activity 

increased as fine fuels became drier, whereas the positive wind speed coefficient indicates 

that stronger winds further amplified wildfire activity under dry fuel conditions. The 

model indicates that DFMC exerted a stronger influence on DBAI than wind speed over 

the observed range of conditions. 
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3.4. Performance of the Hierarchical DBAR Framework and Comparison with BI and GFDI 

The hierarchical framework was evaluated by comparing its ability to discriminate 

fire days from non-fire days with two widely used fire danger indices: BI and GFDI, using 

receiver operating characteristic (ROC) analysis (Figure 4). All three indices produced 

ROC curves above the diagonal reference line representing random classification (AUC = 

0.50), indicating meaningful discrimination between fire and non-fire days. Among the 

three indices, DBAR achieved the highest area under the ROC curve (AUC = 0.923), fol-

lowed by BI (0.848) and GFDI (0.831), demonstrating superior discriminatory perfor-

mance. Consistent with the ROC analysis, DBAR also explained the greatest proportion 

of variation in fire-day occurrence (pseudo-R2 = 0.316), compared with 0.258 for BI and 

0.207 for GFDI. These results demonstrate that explicitly separating seasonal fuel dynam-

ics from short-term weather variability improves discrimination of fire days relative to 

conventional fire danger indices. 

 

Figure 4. ROC curve comparison for fire prediction using DBAR, BI and GFDI. 

The cumulative distribution functions of DBAR, BI, and GFDI are presented in Figure 

5. For all three indices, the cumulative distribution for fire days was consistently shifted 

toward higher index values relative to those for non-fire days and all days, indicating that 

increasing index values were associated with greater wildfire activity. Among the three 

indices, DBAR exhibited the greatest separation between the fire day and non-fire day 

distributions. In particular, the wider spacing among the 70th, 80th, and 90th percentile 

thresholds indicates that DBAR provides greater discrimination across moderate, high, 

and extreme fire conditions than either BI or GFDI. 

 

Figure 5. Cumulative distribution curves for DBAR, BI and GFDI. 
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Overall, the DBAR framework consistently outperformed BI and GFDI in both dis-

crimination and explanatory power, demonstrating its potential as a quantitative fire risk 

metric for operational fire danger assessment and prescribed fire planning in the Great 

Plains. Given its superior predictive performance, the relative influence of the meteoro-

logical and fuel variables contributing to DBAR was further examined through global sen-

sitivity analysis. 

3.5. Global Sensitivity Analysis of Wildfire Risk Predictors 

The results of the delta moment-independent sensitivity analysis for DBAR, BI, and 

GFDI are presented in Figure 6. The three indices exhibited distinct sensitivity profiles 

with respect to the four input variables: RH, grass curing, wind speed, and air tempera-

ture. Among the three indices, BI exhibited the greatest sensitivity to RH, whereas GFDI 

was most sensitive to grass curing and showed comparatively little sensitivity to RH un-

der Great Plains conditions. In contrast, DBAR exhibited substantially greater sensitivity 

to RH while maintaining strong sensitivity to grass curing. DBAR also remained respon-

sive to wind speed and air temperature, indicating that all four input variables contrib-

uted meaningfully to the model response. Overall, DBAR exhibited a more balanced sen-

sitivity profile across the four input variables than either BI or GFDI. 

 

Figure 6. Delta moment-independent sensitivity analysis of input variables for DBAR, BI, and GFDI. 

4. Discussion 

4.1. Seasonal and Daily Controls on Wildfire Risk 

Wildfire activity in Great Plains grasslands is governed by ecological processes oper-

ating at different temporal scales. Seasonal fuel dynamics establish the background level 

of wildfire potential, whereas short-term weather conditions determine the extent to 

which wildfire activity deviates from that seasonal baseline. The proposed hierarchical 

framework was developed to explicitly represent these two complementary processes by 

separating wildfire risk into a seasonal component (SBAR) and a daily component (DBAI). 

The SBAR model demonstrated that grass curing and air temperature accurately re-

produced the characteristic bimodal wildfire regime of the Great Plains. Grass curing re-

flects seasonal vegetation phenology and directly controls the amount and continuity of 

combustible fine fuels. Previous studies have shown that fires rarely sustain when curing 

is below 20%, and sustained fire spread in grasslands generally requires more than 50% 

curing, with spread rate and flame height increasing rapidly above 60 to 70%, as vegeta-

tion becomes increasingly dormant [61,62]. The higher sensitivity of SBAR to grass curing 

during the first half of the year indicates that vegetation phenology is the dominant con-

trol on seasonal wildfire activity before peak green-up, whereas its influence becomes 

weaker during the latter half of the year. The earlier spring and autumn SBAR peaks 
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observed in southern Oklahoma are also consistent with earlier grass curing and warmer 

temperatures associated with the regional climatic gradient. 

The subdued autumn SBAR peak observed in southern Kansas is likely associated 

with the intensive spring prescribed burning practiced throughout the central Flint Hills. 

Frequent spring burning reduces fine fuel accumulation during the subsequent growing 

season, thereby limiting fuel continuity and wildfire potential later in the year [8,53]. Alt-

hough additional factors such as grazing intensity, drought, land use change, and fire 

suppression also influence seasonal wildfire activity [63,64], the SBAR model captures the 

dominant seasonal controls using variables that are readily available across broad geo-

graphic regions. 

Daily wildfire activity exhibited substantially greater variability than seasonal wild-

fire activity, reflecting the inherently stochastic nature of wildfire occurrence. The DBAI 

model identified DFMC as the dominant predictor of day-to-day wildfire activity, with 

wind speed acting as an important secondary control by enhancing fire spread under dry 

fuel conditions. DFMC integrates the combined effects of atmospheric conditions and veg-

etation moisture status and has long been recognized as a primary determinant of ignition 

probability and flame persistence [65,66], whereas wind promotes fire spread through en-

hanced convective heat transfer and flame attachment to fine fuels [46,67]. Compared with 

the SBAR model, the lower explanatory power of the DBAI model was expected because 

daily wildfire activity is governed not only by meteorological conditions but also by un-

predictable ignition events and other fine-scale processes, including localized weather 

variability, fuel continuity, grazing, and suppression response, that are difficult to quan-

tify consistently at regional scales. This contrast highlights the hierarchical nature of wild-

fire risk, in which relatively predictable seasonal fuel dynamics establish the baseline fire 

potential, while stochastic daily processes determine the timing and magnitude of indi-

vidual wildfire events. 

4.2. Advantages of the Hierarchical Framework 

The principal contribution of this study is the development of a hierarchical frame-

work that explicitly separates seasonal wildfire potential from daily weather-driven fire 

activity. Unlike conventional fire danger indices, which generally combine multiple me-

teorological and fuel variables into a single empirical metric, the proposed framework 

decomposes wildfire activity into a seasonal baseline represented by SBAR and a daily 

modifier represented by DBAI. This decomposition closely follows the ecological pro-

cesses governing wildfire activity in grasslands, where vegetation phenology evolves 

gradually over weeks to months, whereas weather and fine fuel moisture fluctuate over 

hours to days. Explicitly separating these temporal scales provides several scientific and 

practical advantages. First, it improves model interpretability because each component 

corresponds to distinct ecological processes rather than representing a purely empirical 

relationship. Second, the framework allows seasonal and daily components to be cali-

brated independently, facilitating regional adaptation while maintaining a common con-

ceptual structure. Third, the multiplicative formulation provides a straightforward inter-

pretation of wildfire risk, in which seasonal fuel conditions establish the expected baseline 

level of wildfire activity and daily weather conditions either amplify or suppress wildfire 

activity relative to that baseline. 

Although the empirical coefficients developed in this study are specific to the Flint 

Hills, the hierarchical framework itself is not region specific. The same conceptual ap-

proach may be applied to other grassland ecosystems by recalibrating the seasonal and 

daily component models using locally available wildfire, weather, and vegetation data. 

The framework therefore provides a flexible foundation for quantitative wildfire risk as-

sessment across diverse fire-prone landscapes. 
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4.3. Comparison with Existing Fire Danger Indices 

The hierarchical DBAR framework consistently outperformed both BI and GFDI in 

discriminating fire days from non-fire days. The improved performance of DBAR is at-

tributable not only to the hierarchical separation of seasonal and daily wildfire processes 

but also to the selection of predictors that more directly represent the underlying controls 

on wildfire activity. 

One important distinction between the proposed framework and many conventional 

fire danger indices is the use of DFMC rather than individual meteorological variables to 

represent short-term fuel conditions. DFMC integrates the combined effects of air temper-

ature and RH on fine fuel flammability and therefore provides a more direct representa-

tion of the physical processes governing fire ignition and spread. In this study, the DFMC-

based DBAI model explained substantially more variation in daily wildfire activity than 

a weather-only model using air temperature, RH, and wind speed. Adding air tempera-

ture and RH to the DFMC model produced only negligible improvement, with neither 

variable remaining statistically significant. These results indicate that DFMC effectively 

captures the information contained in the individual meteorological variables while rep-

resenting the underlying fuel condition more directly. Using DFMC simplifies the model 

without sacrificing predictive performance. 

The global sensitivity analysis provides additional insight into the differences among 

the three fire danger indices. BI was strongly influenced by RH, reflecting its emphasis on 

short-term atmospheric conditions. In contrast, GFDI was dominated by grass curing and 

exhibited comparatively little sensitivity to RH under Great Plains conditions. Previous 

evaluations have similarly reported that GFDI underrepresents the influence of atmos-

pheric moisture when applied outside the Australian grasslands for which it was origi-

nally developed, highlighting the need for regional calibration [28]. Unlike BI and GFDI, 

DBAR exhibited a balanced sensitivity profile across RH, grass curing, wind speed, and 

air temperature. The increased sensitivity of DBAR to RH, while maintaining strong sen-

sitivity to grass curing, is particularly important because RH strongly influences DFMC 

and, consequently, fire ignition and spread in Great Plains grasslands. Rather than de-

pending predominantly on a single environmental driver, the hierarchical framework in-

tegrates both slowly varying seasonal fuel dynamics and rapidly changing atmospheric 

conditions. This balanced representation of fuel and weather controls provides a more 

realistic characterization of wildfire activity than conventional approaches. 

4.4. Implications for Prescribed Fire Management 

The proposed framework provides practical decision support for both strategic fire 

planning and day-to-day prescribed fire operations. The SBAR model identifies periods 

of elevated seasonal wildfire potential, allowing land managers to anticipate seasonal re-

source requirements, wildfire preparedness, and smoke management needs. In the Flint 

Hills, the primary SBAR peak in late March corresponds to the period of greatest dormant-

season wildfire potential, suggesting that prescribed burning conducted outside this peak 

may reduce the probability of escaped fires while maintaining desired ecological out-

comes. 

The DBAI model complements the seasonal assessment by quantifying daily wildfire 

activity under prevailing weather conditions. Because DFMC can be estimated from rou-

tinely measured air temperature and RH [42], together with observed wind speed, the 

framework can be implemented operationally without requiring continuous field meas-

urements of fuel moisture. Daily monitoring of DBAI therefore provides an objective basis 

for evaluating burn day suitability, estimating escape potential, allocating suppression 

resources, and communicating wildfire risk among land managers and regulatory agen-

cies. 
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Growing evidence indicates that expanding prescribed burning beyond the tradi-

tional spring burn window can achieve many of the same ecological objectives while dis-

tributing fire activity more evenly throughout the year [11,68]. The hierarchical frame-

work provides a quantitative basis for identifying such opportunities by simultaneously 

considering both seasonal fuel conditions and daily weather variability. 

4.5. Limitations and Future Research 

The hierarchical framework was developed using wildfire, weather, and vegetation 

data from Kay and Osage Counties because these counties provide long-term, high-qual-

ity datasets that are representative of the Flint Hills region. Although the empirical coef-

ficients reported here are intended for local application, the framework itself is broadly 

transferable through regional calibration. Future studies should incorporate additional 

factors influencing wildfire activity, including fuel continuity, grazing intensity, pre-

scribed fire history, vegetation structure, drought severity, and human ignition patterns. 

Emerging remote sensing products capable of monitoring live fuel moisture, biomass ac-

cumulation, and vegetation structure at increasingly high spatial and temporal resolu-

tions provide additional opportunities for improving seasonal wildfire risk estimation. 

The hierarchical framework also offers a suitable foundation for integrating process-based 

fire behavior models and machine learning approaches while retaining the ecological in-

terpretability that is often lacking in purely empirical models. Although this study fo-

cused on the Great Plains, the conceptual framework is applicable to any ecosystem in 

which wildfire activity is jointly controlled by slowly varying seasonal fuel conditions and 

rapidly changing weather. Explicitly separating these temporal processes provides a sci-

entifically interpretable and operationally practical approach for wildfire risk assessment 

that can be adapted to a wide range of fire-prone landscapes. 

5. Conclusions 

This study presents a hierarchical framework for quantifying wildland fire risk by 

explicitly separating seasonal wildfire potential from daily weather-driven fire activity in 

Great Plains grasslands. The framework introduces DBAR as a quantitative measure of 

realized wildfire risk and decomposes it into SBAR, representing the seasonal baseline of 

wildfire activity, and DBAI, representing day-to-day departures from that baseline. This 

decomposition reflects the ecological processes governing wildfire activity, in which veg-

etation phenology establishes the seasonal background level of fire potential while short-

term weather and fine fuel moisture regulate daily fire activity. 

The results demonstrate that the hierarchical framework successfully captures wild-

fire dynamics across complementary temporal scales. SBAR accurately reproduced the 

characteristic bimodal seasonal wildfire regime of the Great Plains using grass curing and 

air temperature, whereas DBAI quantified daily wildfire variability using DFMC and 

wind speed. Together, these two components provide a process-informed representation 

of wildfire activity that is both ecologically interpretable and operationally relevant. 

Compared with BI and GFDI, the hierarchical framework provided more accurate 

discrimination of fire days and a more balanced representation of the meteorological and 

fuel-related controls governing wildfire activity. These findings demonstrate that explic-

itly separating seasonal fuel dynamics from short-term weather variability offers a more 

realistic characterization of wildfire risk than conventional approaches. 

Beyond improving wildfire risk assessment, the proposed framework provides a 

practical foundation for prescribed fire management by supporting both seasonal plan-

ning and day-to-day operational decision-making. Because the seasonal and daily com-

ponents can be calibrated independently, the framework is readily transferable to other 

grassland ecosystems using locally available wildfire, weather, and vegetation data. 
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Future research should incorporate additional drivers of wildfire activity, including graz-

ing, fuel continuity, prescribed fire history, drought severity, and high-resolution remote 

sensing products. More broadly, the hierarchical framework establishes a flexible and sci-

entifically interpretable foundation for quantitative wildfire risk assessment that can sup-

port adaptive fire management under changing climatic conditions. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

AFDRS Australian Fire Danger Rating System 

API Application programming interface 

BI Burning Index 

DBAI Daily Burn Activity Index 

DBAR Daily Burned Area Ratio 

DFMC Dead fuel moisture content 

DOY Day of year 

GFDI Grassland Fire Danger Index 

ha Hectares 

KBDI Keetch–Byram Drought Index 

NDVI Normalized Difference Vegetation Index 

RH Relative humidity 

RMSE Root mean square error 

SBAR Seasonal Burned Area Ratio 
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  DBAR   =   SBAR   ×   DBAI


   δ i =  1 2 E  [ ∫  |  f  Y  ( y ) −  f   ( Y |   X i )  ( y ) | dy ]


  SBAR = α × Curin  g   β 1 ×  T   β 2


  DBAI = exp  ( α +  β 1  U +  β 2 DFMC )      

