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Abstract

With wildfires becoming more frequent and severe in fire-prone regions affected by
warmer and drier climate conditions, reducing hazardous fuels is increasingly recog-
nized as a preventative strategy for promoting sustainability and safeguarding valued
resources. Prescribed fire is one of the most cost-effective methods for reducing haz-
ardous fuels and hence wildfire severity, yet empirical research on its effectiveness at
minimizing damage to highly valued resources and assets (HVRAs) remains limited.
The overarching objective of this study was to evaluate wildfire severity under differing
weather conditions across various HVRAs characterized by diverse land uses, vegetation
types, and treatment histories. The findings from this study reveal that wildfire severity
was generally lower in areas treated with prescribed fire, although the significance of this
effect varied among HVRAs and diminished as post-treatment duration increased. The
wildland–urban interface experienced the greatest initial reduction in wildfire severity
following prescribed fire, but burn severity increased more rapidly over time relative to
other HVRAs. Elevated drought conditions had a significant effect, increasing wildfire
severity across all HVRAs. The implications of this study underscore the role of pre-
scribed fire in promoting sustainable land management by reducing wildfire severity
and safeguarding both natural and built environments, particularly in the expanding
wildland–urban interface.

Keywords: burn severity; controlled burn; dNBR; fuel treatments; GAM; Landsat; MTBS;
prescribed fire; sustainability; wildland fire

1. Introduction
Wildfire is a natural phenomenon that occurs with differing frequencies and intensities

dependent on the biome and plays a crucial role in biodiversity and resource sustain-
ability [1]. In regions characterized by hazardous fuel loads, elevated wildfire severity
increases the risk of damage to highly valued resources and assets (HVRAs)—defined here
as cultural, natural, or economic assets with significant importance or worth to commu-
nities, ecosystems, or industries [2,3]. The expected increases in drought conditions and
potential subsequent increases in wildfire severity for many regions of the U.S. underscore
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the urgency of addressing escalating wildfire threats through enhanced resource and man-
agement strategies [4–6]. Such strategies are essential for mitigating the risk of high-severity
wildfires and promoting long-term sustainability in wildfire-prone landscapes [7]. Fur-
thermore, the expanding wildland–urban interface (WUI), where homes are interspersed
with wildland vegetation, is leading to an increasing number of people being affected by
wildfires [8]. As the potential for wildfire frequency, extent, and severity increases, there
is widespread demand for effective mitigation strategies to protect lives, property, and
natural resources [9].

Fuel reduction treatments are increasingly recognized as a cost-effective method
for mitigating wildfire risk and severity [10–12]. Such treatments aim to reduce
the amount of flammable vegetation in areas prone to wildfires, thereby decreasing
the likelihood of severe fires and their potential impacts [13]. For example, the In-
flation Reduction Act of 2022 and the 2021 Infrastructure Investment and Jobs Act
allocated an additional USD 2.87 billion and USD 2.56 billion, respectively, for fuel
reduction treatments [14,15]. In light of the millions of vegetated acres targeted by
fuel reduction, it is imperative to understand its mitigation potential and long-term
ecological consequences.

One of the most cost-effective fuel-reduction strategies for mitigating wildfire sever-
ity and subsequent impacts on valued resources is through the use of prescribed fire—the
intentional and controlled application of fire to achieve specific land management ob-
jectives [16–18]. The use of prescribed fire as a management strategy is grounded in
the recognition that numerous ecosystems naturally coexist with fire, playing a critical
role in shaping ecosystem structure and function [19,20]. These ecosystems are often
described as being either fire-dependent or fire-adapted, highlighting their reliance
on frequent fires to maintain ecological balance and health. By reintroducing fire in a
controlled manner to reduce hazardous fuel loads, land managers can promote sustain-
ability by reducing the risk of severe wildfires, improving wildlife habitat, and enriching
biodiversity [21].

Although prescribed fire usage has increased substantially in recent decades, particu-
larly in the southern U.S., where it functions as an important land management tool with
over 50,000 treatments annually, the body of quantitative research assessing its effectiveness
in mitigating wildfire severity to valued resources is relatively limited [22–24]. The scarcity
of such studies is partly due to logistical constraints associated with conducting prescribed
fire for research purposes, limited availability of spatially explicit prescribed fire data, and
the inherent challenges of studying wildfires, which rely on opportunistic data collection
rather than controlled experiments. Additionally, the unpredictable nature of wildfire
ignitions makes it difficult to isolate the effects of prescribed fire on wildfire behavior and
severity through empirical studies alone [25].

The utilization of remote sensing data, such as the Normalized Burn Ratio (NBR)
index, offers a valuable and cost-effective tool for assessing wildfire severity and eval-
uating the effectiveness of prescribed fire treatments [26]. Remote sensing enables the
analysis of large areas, providing a practical alternative to the intensive labor and finan-
cial resources required for field-based investigations [27]. The formula for calculating
NBR is similar to the Normalized Difference Vegetation Index (NDVI), but NBR com-
bines the use of both near-infrared (NIR) and shortwave-infrared (SWIR) wavelengths
to discriminate between green, dry-senesced, and charred vegetation or soil [28]. Sub-
sequent research has demonstrated that burn severity assessments can be enhanced
through the use of the differenced Normalized Burn Ratio (dNBR), which is calculated
by differencing pre-fire and post-fire NBR indices [29,30]. By accounting for pre- and
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post-fire conditions, dNBR provides an estimate of burn severity, with higher values
indicating more intense fire effects.

In a recent study, Ross et al. [31] utilized the 2017 West Mims wildfire as a case
study to assess Landsat-derived dNBR measurements of wildfire severity across ecosys-
tems with varying management histories within the Okefenokee National Wildlife
Refuge. Their findings revealed that on average, wildfire severity was reduced by
11% in areas that had undergone prescribed burning compared to those that had not.
Notably, the timing of prescribed fires played a crucial role in determining their ef-
fectiveness. Specifically, areas treated with prescribed fire one month before the West
Mims wildfire experienced an 80% reduction in burn severity. The study concluded
that a prescribed fire frequency of 1 to 2 years has the largest mitigating effect. While
these findings underscore the efficacy of prescribed fire as a tool for mitigating wildfire
severity, they raise questions about the generalizability of these outcomes across differ-
ent wildfire events, landscapes, and HVRAs. Consequently, this study aims to extend
the analysis conducted by Ross et al. [31] on a larger scale, incorporating multiple
wildfire incidents at a regional level to determine if the observed benefits of prescribed
burning are consistent across diverse landscapes and HVRAs. This broader approach
seeks to validate the role of prescribed fire as a key strategy in wildfire management
and severity reduction.

2. Materials and Methods
Data processing and analyses were conducted in R [32], primarily utilizing functions

from the packages tidyverse [33], sf [34], terra [35], and mgcv [36].

2.1. Study Site

Our analysis focused on Florida and Georgia, which together contribute roughly
two-thirds of the annual nationwide acreage treated with prescribed fire [37]. Pre-
scribed fire records for 11 National Wildlife Refuges (NWRs) were obtained by sub-
mitting a data request to the U.S. Fish and Wildlife Service (USFWS) Open Data
(https://gis-fws.opendata.arcgis.com/, accessed on 12 January 2024). The dataset
contained treatment records for Florida Panther, Lake Wales Ridge, Lake Woodruff,
Merritt Island, Okefenokee, Piedmont, Savannah, St. Johns, St. Marks, St. Vincent, and
Ten Thousand Islands NWRs (Figure 1). These records encompass both spatial and
temporal details of prescribed fire perimeters and treatment dates across burn units,
covering the period from 15 June 2013 to 29 June 2023. Consequently, our analysis
was limited to this ten-year period. We calculated the duration of time between the
treatment dates and the wildfire event dates in months, hereafter referred to as post-
treatment duration or months since prescribed fire (MSRX), utilizing functions from
the R lubridate package [38]. Following this, we converted the burn unit perimeters
into raster format, employing the MSRX data to assign values to each raster cell to
match the LANDFIRE resolution (30 m × 30 m).

https://gis-fws.opendata.arcgis.com/
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Figure 1. Map showing centroids of wildfire perimeters that overlapped with prescribed fire records
on seven National Wildlife Refuges (NWRs) in Florida and Georgia. These sites—Florida Panther
(FPR), Lake Woodruff (LWR), Merritt Island (MIR), Okefenokee (OKR), St. Johns (SJR), St. Marks
(SMR), and Savannah (SVR)—were selected based on the availability of spatial fire records from the
U.S. Fish and Wildlife Service. A total of 18 wildfire events were identified from 2013 to 2023.

2.2. Burn Severity Data

Burn-severity data were downloaded from the Monitoring Trends in Burn Severity
(MTBS) program (https://www.mtbs.gov/direct-download, accessed on 12 January 2024),
which was established to provide a consistent methodology for assessing and documenting
the effects of large wildland fires at the national scale [39]. This program utilizes Landsat
imagery to create one of the most sophisticated satellite-based fire datasets available,
focusing on fires larger than 4.04 km2 in the western U.S. and 2.02 km2 or larger in the
eastern U.S., as reported by state or federal agencies. Prescribed fires on non-federal lands
typically fall outside its purview [39].

Landsat images are processed to produce top-of-atmosphere reflectance visuals, in-
corporating both geometric and radiometric corrections, at a spatial resolution of 30 m2.
The process involves checking pre- and post-fire imagery for precise co-registration, with
adjustments made to address any spatial discrepancies. The key metric derived from this
imagery is the Normalized Burn Ratio (NBR), which estimates burn severity from both
near-infrared and shortwave-infrared (SWIR) reflectance (Equation (1)).

NBR =
(NIR − SWIR)
(NIR + SWIR)

(1)

where NIR is near infrared, and SWIR is shortwave infrared.
Pre- and post-fire NBRs are used to calculate a differenced NBR (dNBR) according to

Equation (2) [40].
dNBR = NBRprefire − NBRpostfire (2)

dNBR values range between −2000 and 2000, but generally fall within −500 to 1200 [26].
The threshold distinguishing burned and unburned areas varies from −100 to 100, de-
pending on the land cover (Table 1). However, there is considerable uncertainty regarding
the biological and physical responses detected by NBR-derived indices [29,41]. Negative

https://www.mtbs.gov/direct-download
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values beyond −100 typically correspond to vegetation regrowth, whereas positive values
beyond 100 indicate loss or change in organic matter or more exposure of dry, rocky soils.

Table 1. Proposed burn severity levels obtained by calculating dNBR [41].

Burn Severity Thresholds dNBR

Enhanced Regrowth, high (post-fire) −500 to −251
Enhanced Regrowth, low (post-fire) −250 to −101

Unburned −100 to +99
Low Severity +100 to +269

Moderate–low severity +270 to +439
Moderate–high severity +440 to +659

High severity +660 to +1300

2.3. Burned Area Delineation and Data Pre-Processing

MTBS provides fire perimeters as shapefiles for each fire, delineated by analyzing
reflectance and NBR-derived images. Analysts outline the perimeter to encompass all
detectable burnt areas. Clouds, shadows, water, snow, and anomalies within the fire
perimeter are also delineated to create a shapefile mask for later use. MTBS fire perimeters
were employed to reclassify dNBR data outside of the fire perimeter to NA, and the
shapefile masks were used to convert areas contaminated by cloud cover or areas with
water to NA. The masked dNBR image was then reclassified to exclude regrowth and
unburnt areas by reclassifying all pixels with values less than 100 to NA. This method,
which excludes areas without detectable change, has been shown to enhance predictive
relationships between wildfire severity and external drivers [42].

2.4. Highly Valued Resources and Assets

To classify landscape features based on their ecological and socio-economic importance,
we utilized LANDFIRE Existing Vegetation Type (EVT) data [43]. This dataset, derived
from decision tree models, field data, Landsat imagery, biophysical data, and elevation,
provides information on the type of vegetation, structural stages, and canopy cover. For
example, the study area included more than 30 unique EVT classes, such as Pine Flatwoods,
Inland Marshes and Prairies, Managed Tree Plantations, and various types of developed
and agricultural land uses. Rather than focusing solely on vegetation, we reclassified the
data area into highly valued resources and assets (HVRAs) to better assess fire impacts on
both natural and developed landscapes. To assess whether prescribed fire reduces wildfire
severity across a range of highly valued resources and assets (HVRAs), we reclassified
the LANDFIRE EVT classes into categories representing both natural and developed
landscape features.

We applied pattern matching to reclassify each EVT into one of four HVRA categories:
Habitat, Agricultural, WUI-Intermix, and WUI-Interface. The wildland–urban interface
(WUI) was subdivided into WUI-Intermix and WUI-Interface based on vegetation presence
and development intensity. For this study, WUI-Intermix was defined by EVT classes
that included “Developed—” followed by a vegetation type (e.g., “Developed—Upland
Evergreen Forest”), representing areas where human development is interspersed with
substantial vegetative cover. WUI-Interface consisted of EVT classes labeled as Developed—
High, Medium, or Low Intensity, as well as Roads. All EVT classes containing “Agricultural”
and “Managed Tree” were classified as Agricultural. The remaining classes in this study,
including natural ecosystems such as grasslands, forests, and wetlands, were reclassified as
Habitat. This classification scheme provided a framework for evaluating fire impacts in a
way that integrates both ecological and socio-economic considerations.
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2.5. Evaporative Demand Drought Index

Weekly Evaporative Demand Drought Index (EDDI) data were obtained from the
National Oceanic and Atmospheric Administration (NOAA) data portal and matched to
the ignition dates and matched to the ignition dates to model evaporative demand effects
on wildfire severity (https://psl.noaa.gov/eddi/, accessed on 12 January 2024). EDDI was
developed for drought monitoring and characterizes atmospheric evaporative demand for
a specified location and duration of time, spanning from 1 week to 12 months [44,45]. In
our study, EDDI values ranged from 0 to 2.1.

2.6. Data Integration

All data, including dNBR, prescribed fire frequency, post-treatment duration, LAND-
FIRE EVT, and EDDI, were projected to Albers Equal Area (EPSG:5070) and converted
and merged into a single data frame using the spatial coordinates (X, Y) of each pixel for
one-to-one joins. Comparisons of wildfire severity between treated and untreated areas
were derived from these data, while the 90th percentile of dNBR was utilized for model
training to characterize the upper limits of burn severity in areas treated with prescribed
fire. A 70/30 split was used to create training and validation sets using the R sample
package [46], resulting in 4386 observations for the training set and 1880 for the test set.

2.7. Model Development and Evaluation

Following Ross et al. [31], we developed a generalized additive model (GAM) to char-
acterize burn severity using the upper limits (i.e., 90th percentile) of dNBR due to the highly
heterogeneous nature of Landsat-derived dNBR data. GAMs are non-parametric extensions
of generalized linear models (GLMs) that use smoothing functions (e.g., splines) to model
non-linear relationships, allowing the model to fit the data rather than transforming data to
fit a model [47]. GAMs are additive models such that the impact of covariates is captured
using non-parametric smooth functions (e.g., thin plate regression splines). We used the R
package Version 1.9-3 mgcv to construct our model, which incorporates Bayesian principles
in its implementation [36]. The smoothness of the splines is determined by a penalty on the
curve’s flexibility, reflecting a prior belief that predictive relationships should be smooth.
The data then update the flexibility of the resulting curve, akin to how data would update a
prior in Bayesian analysis. The model was fitted using the Restricted Maximum Likelihood
(REML) method, which provides robust estimates of model parameters. The smooth term
for post-treatment duration was selected using generalized cross-validation, ensuring an
optimal balance between model complexity and goodness of fit. Our model was used
to assess the relationship between dNBR and post-treatment duration (MSRX), existing
vegetation types (evt), atmospheric demand (EDDI), and the spatial structure (X, Y) of
dNBR, according to Equation (3):

dNBRi = β0 + f1(MSRXi; EVTi) + β1EVTi + β2Firei + β3EDDIi + f2(xi, yi) + εi (3)

where dNBRi is the expected value of the response for the ith observation, β0 is the inter-
cept term, f1(MSRXi; EVTi) represents the by-factor smooth function of MSRX adjusted for
different levels of LANDFIRE EVT; β1EVTi, β2Firei, and β3EDDIi represent the linear ef-
fects of EVT, fire frequency, and evaporative demand; and f2(xi, yi) represents the bivariate
smooth function for x and y, and εi is the error term.

3. Results
Our analysis identified 16 wildfires from the MTBS database that spatially and tem-

porally overlapped with prescribed fire records provided by USFWS. In this subset, the
majority (88%) of wildfires occurred in Florida, and more than 1/3rd (35%) occurred in

https://psl.noaa.gov/eddi/
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the spring of 2017. Average burn severity of the reclassified dNBR data ranged from low
(158 ± 51, mean ± 1 standard deviation) to high severity (661 ± 276). Most wildfires were
classified as moderate (50%) and low severity (44%), with one high severity event, the West
Mims wildfire (Figure 2).

Figure 2. The severity and variability of 16 wildfire events that intersected with the prescribed fire
treatment records. The y-axis represents the dates of wildfire events; the x-axis corresponds to dNBR.
Burn severity classes correspond to the classification scheme proposed by Keely et al. [41] in Table 1.

The burned area calculations derived from the reclassified dNBR data, which varied
from 236 to 153,773 acres with an average of 10,734 ± 38,165 acres, were on average 72%
smaller than the wildfire perimeters provided by MTBS. These MTBS perimeters ranged
from 506 to 166,737 acres, averaging 39,179 ± 69,061 acres. The large deviation in wildfire
size observed in our study was primarily attributed to the West Mims wildfire, which was
atypically large for the southern region. The total area affected by the 16 wildfires was
171,744 acres, of which 12% (18,233 acres) had been previously treated with prescribed
fire. The burn units (N = 69) that intersected with wildfires ranged from 45 to 5425 acres,
averaging 950 (±1520) acres. Across the 18,233 treated acres, mean burn severity was
28% lower compared to untreated areas. Reductions in mean burn severity among the
individual fires varied considerably, ranging from 1% to 74% lower in treated areas.

3.1. Burn Severity Across Vegetation and HVRAs

Our analysis revealed that wildfires impacted a diverse range of HVRAs, catego-
rized into Agricultural, Habitat, WUI-Intermix, and WUI-Interface. Habitat was the most
common (585.0 km2), followed by Agricultural (101.0 km2), WUI-Interface (5.4 km2), and
WUI-Intermix (3.4 km2), respectively accounting for 84.2%, 14.6%, 0.8%, and 0.5% of the
total area affected by wildfires. Among these HVRA classes, Atlantic Swamp Forests
(411.0 km2), Managed Tree Plantations (99.8 km2), Developed Roads (5.2 km2), and Devel-
oped Upland Evergreen Forests (1.5 km2) were the most prevalent for Habitat, Agricultural,
WUI-Interface, and WUI-Intermix, respectively. Burn severity exhibited substantial vari-
ability between areas treated with prescribed fire for fuel reduction and untreated areas.
Treated areas generally exhibited lower median dNBR, although this pattern was not consis-
tent across all HVRAs or vegetation classes. Within LANDFIRE-defined vegetation classes,
the greatest reductions in median burn severity for each HVRA were observed in Atlantic
Coastal Marsh, Orchards, Developed—Upland Mixed Forest, and Developed—Medium
Intensity (Figure 3).
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Figure 3. Boxplot showing the percentage difference in dNBR between treated and untreated areas
across various LANDFIRE-defined vegetation classes, grouped according to Highly Valued Resources
and Assets (HVRAs). Negative values correspond to areas where wildfire severity was lower in
prescribed fire-treated areas relative to untreated areas. The HVRAs are categorized into Agricultural
(red), Critical Habitat (green), WUI-Interface (cyan), and the WUI-Intermix (purple).

3.2. Predictors Influencing Burn Severity

The model revealed significant, non-linear relationships between post-treatment dura-
tion (MSRX) and dNBR, with prescribed fire having a negative effect on wildfire severity
across all HVRAs (Figure 4). In Agricultural areas, wildfire severity increased with post-
treatment duration, showing signs of leveling off after approximately 36 months, while
Habitat areas exhibited a similar upward trend but with a less pronounced plateau effect.
Wildfire severity in the WUI-Intermix exhibited a sharp positive increase after approxi-
mately 24 months, diverging notably from the more gradual trends observed in Agricultural
and Habitat areas. The relationship between MSRX and dNBR in WUI-Interface was less
pronounced, following a gentle curvilinear increase, though substantial residual variability
likely influenced the slope and overall trend. Five-fold cross-validation on the training
set showed strong model performance (mean R2 = 0.913, mean RMSE = 59.6), indicating
good generalization. The final model explained 91.6% of the variance in the training set
and 89.1% of the variance in the validation set, indicating that the model generalizes well
to unseen data.

The parametric coefficients from the model (Table 2) represent the linear effects of
different HVRA classes and evaporative demand (EDDI). Habitat served as the reference
category, with a baseline intercept for dNBR of 682.0. According to the parametric coeffi-
cients, the largest initial reductions in wildfire severity following prescribed fire occurred
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in WUI-Interface (−244.6, p < 0.001) and WUI-Intermix (−206.9, p < 0.001), followed by
Agricultural (−20.1, p < 0.001). Evaporative demand (EDDI) had a significant positive
effect on wildfire severity (p < 0.001), increasing dNBR by 76.5 units for each unit increase
in EDDI, underscoring the role of drought conditions in amplifying wildfire severity. The
smooth terms for MSRX within each HVRA class in Table 2 revealed significant, non-linear
relationships, highlighting the interplay between post-treatment duration and HVRA on
wildfire severity. The significance of the smooth term for geographic coordinates (p < 0.001)
indicates the spline effectively captured the spatial structure, accounting for localized
environmental heterogeneity and spatial autocorrelation that influence wildfire severity.

Figure 4. Partial effects subset of LANDFIRE-defined vegetation classes from the fitted generalized
additive model. The x-axis indicates months since prescribed fire treatment. The zero line on the y-axis
represents the model intercept (overall mean response); negative values indicate a reduction in dNBR
relative to the mean, while positive values indicate an increase, conditional on other model terms.

Table 2. Summary of the results from the generalized additive model analyzing the relationship
between dNBR, vegetation types, Evaporative Drought Demand Index (EDDI), fire frequency, and
spatial coordinates (X, Y). The model explains 83.9% of the deviance, with an adjusted R-squared of
0.829, based on 4385 observations.

Family Link Function Formula Adjusted R2 Deviance
Explained

Gaussian Identity 0.829 83.9%

Parametric
coefficients

Estimate Std. Error T-value Pr(>|t|)

(Intercept) 682.0 14.9 45.5 <0.001
Agricultural −20.1 2.6 −7.6 <0.001

WUI-Interface −244.6 9.3 −26.1 <0.001
WUI-Intermix −206.9 17.3 −11.9 <0.001

EDDI 76.5 10.3 7.3 <0.001
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Table 2. Cont.

Family Link Function Formula Adjusted R2 Deviance
Explained

Approximate Significance of Smooth Terms

edf Ref.df F p-value

s(Habitat) 1.9 1.9 157.7 <0.001
s(Agricultural) 1.9 1.9 140.8 <0.001

s(WUI-Interface) 1.6 1.8 6.8 <0.001
s(WUI-Intermix) 1.8 1.9 23.4 <0.001

s(X, Y) 28.6 28.9 462.7 <0.001

4. Discussion
In this study, we assessed the effectiveness of prescribed fire in mitigating wildfire

impacts on HVRAs, comparing treated and untreated areas across multiple wildfires
that burned across various HVRAs, allowing for a broad assessment of prescribed fire
effectiveness across a mix of natural and built resources. Our results support those of Ross
et al. [31], showing that prescribed fires significantly reduced wildfire severity in treated
areas, with the greatest reductions occurring within one year post-treatment, particularly
in the WUI. These findings underscore the immediate benefits of prescribed fire in high-
risk areas where wildfire threats intersect with human development. The variation in
wildfire severity across HVRAs in response to post-treatment duration reflects differences
in the physical environment, vegetation productivity and flammability, and treatment
histories [48].

Consistent with previous research, our findings also demonstrate that fire severity
is highly variable across the landscape, occurring in patches of low, moderate, and high
severity, with the size and proportion of the patches varying from fire to fire [49,50]. This
spatial variability reflects underlying differences in fuels, weather, and other environmental
factors [21]. Given the heterogeneous nature of wildfire severity, which is often exacerbated
by sensor noise, misregistration, and other factors [51], we trained our model using data
from the areas that burned most severely (i.e., the top 10% dNBR) to better characterize
wildfire impacts on HVRAs most affected by wildfire.

Our model was able to capture the inherent variability of wildfire across the land-
scape by incorporating the spatial structure (X and Y coordinates) of the data. This spatial
component, influenced by topography, vegetation type, and fuel distribution [52,53], en-
abled better characterization of localized fire–environment interactions, aligning with
studies that emphasize the importance of spatial analysis in understanding and manag-
ing fire regimes [54,55]. Utilizing LANDFIRE data, despite their inherent uncertainties,
allowed us to differentiate the mitigating effects of prescribed fire across various landcover
classes and HVRAs, showing reduced wildfire severity in all four HVRAs identified in this
study [43,56].

The influence of drought and atmospheric conditions on fire behavior was character-
ized with evaporative demand, or EDDI, which reflects atmospheric “thirst” for moisture
and serves as a proxy for drought intensity, with higher EDDI values corresponding to
increased evaporative stress on vegetation. Increased drought exacerbates wildfire sever-
ity by reducing live fuel moisture, drying surface fuels, and increasing the likelihood of
ignition and sustained burning. The model results indicate that under conditions of higher
EDDI, wildfire severity was amplified across all HVRAs, reinforcing the role of atmospheric
drought as a critical driver of fire behavior and burn severity. These findings highlight the
importance of incorporating drought metrics into fire risk and severity models to better
understand how environmental stressors amplify fire impacts.
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Our findings also support the views of southeastern fire managers reported by Kobziar
et al. [22], indicating that prescribed fire, which is often applied every two to three years
in the southern region, is well suited to balance hazardous fuels reduction and habitat
management for sustainability efforts and wildlife conservation, primary objectives of the
National Wildlife Refuge System. The trends observed in this study regarding wildfire
severity and post-treatment duration are specific to the Southeastern U.S., one of the most
ecologically productive regions in the country. In less productive environments—such as
those at higher latitudes, elevations, or in more arid regions—the effects of prescribed fire
may persist longer than the two- to three-year window documented here. This suggests
that prescribed fire strategies may need to be regionally adapted to account for differences
in ecological productivity.

Comparing our findings with similar studies in other regions of the United States,
such as the western US, shows consistent patterns in the effectiveness of prescribed fire. For
instance, studies in California have shown that prescribed fires significantly reduce wildfire
severity in chaparral and mixed conifer forests [57,58]. Other studies have demonstrated
the benefits of prescribed fire in reducing fuel loads and mitigating wildfire severity in
ponderosa pine and other fire-adapted ecosystems [59,60]. In Canada, prescribed fire has
been employed in boreal forests to reduce fuel accumulations and prevent large, high-
severity wildfires [61,62]. Globally, prescribed fire is used as a management tool in various
ecosystems to reduce wildfire severity and promote ecological sustainability [63,64]. These
studies highlight the importance of prescribed fire in creating fire-resilient landscapes and
reducing the intensity of subsequent wildfires.

Caveats and Considerations

One of the primary goals of this study was to evaluate the efficacy of prescribed fire
for mitigating wildfire severity within HVRAs. To achieve this, we categorized LANDFIRE
EVT data into HVRAs, which included agricultural land, wildlife habitat, and areas residing
within the wildland–urban interface and intermix. While this classification was guided
by the framework established by Scott et al. [3], it is crucial to acknowledge the inherent
uncertainties within LANDFIRE EVT data, which can influence the accuracy and reliability
of our assessments [43,56]. The relatively small sample size of the 16 wildfires—combined
with the limited number of high-severity events—may also limit the generalizability of our
findings, particularly in regions where large, high-intensity wildfires are more prevalent.
While terrain is unlikely to influence outcomes in the relatively flat landscapes of the
Southeast, other unmeasured variables such as wind speed and local management practices
may have affected fire severity and contributed to the variability in our findings.

Furthermore, our study highlights a critical gap in the availability of a comprehensive
and standardized database for HVRAs, which presents significant challenges for developing
effective wildfire management and risk assessments [65]. The development of such a
database is imperative for a myriad of reasons. For instance, it would enable land managers
and policymakers to easily identify and prioritize areas that require protection based on
their ecological and socio-economic value. This would facilitate more targeted and efficient
allocation of resources for prescribed burns and other fire management practices. It would
also enable wildland firefighters to quickly locate and protect HVRAs, ensuring timely
and effective response efforts. A comprehensive HVRA database would also enhance the
ability to quantify and model the impacts of wildfires and prescribed fires on these assets,
leading to more robust and evidence-based decision making [66]. Finally, it would serve as
a valuable tool for public awareness and education, emphasizing the role of proactive fire
management in promoting sustainability and protecting both natural and built resources.
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While significant progress has been made in developing prescribed fire databases, a
comprehensive, standardized database that includes both large and small fires conducted
on public and private lands at the national scale is still needed [24,39]. Such a database
would complement the HVRA database by providing detailed information on the locations,
extents, and frequencies of prescribed burns, which is particularly critical as efforts to
increase both the pace and scale of prescribed fire implementation continue to grow [67].
This synergy would allow for more precise modeling and analysis of the interactions
between prescribed fire treatments and HVRAs. While our study underscores the benefit of
prescribed fire in reducing wildfire damage to HVRAs, it also highlights a critical gap in the
availability of detailed and accessible data on these resources. Addressing this gap through
the creation of comprehensive HVRA and prescribed fire databases would enhance the
effectiveness of wildfire mitigation strategies and contribute to the long-term resilience
and sustainability of vulnerable landscapes and communities for the benefit of society and
future generations.

5. Conclusions
This study reinforces the role of prescribed fire in reducing hazardous fuel loads to

mitigate wildfire severity, with the most pronounced benefits observed within one to two
years post-treatment. Areas within the WUI experienced the greatest initial reductions
in wildfire severity following prescribed fire, highlighting its effectiveness in protecting
human communities and infrastructure. However, burn severity in these areas increased
more rapidly over time compared to other HVRAs, suggesting that shorter, more frequent
treatment intervals may be necessary—especially as increasing drought conditions further
exacerbate wildfire severity and alter fire behavior. By reducing wildfire severity, prescribed
fire plays a vital role in broader wildfire risk reduction strategies, helping to protect both
natural and built environments. These findings emphasize the importance of integrating
prescribed fire into long-term land management practices, particularly in the WUI, where
fire risks continue to escalate. Through adaptive fire management, land managers can
enhance wildfire resilience and promote sustainability across fire-prone landscapes.
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