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Satellite detection of active fires has contributed to advance our understanding of
fire ecology, fire and climate dynamics, fire emissions, and how to better manage
the use of fires as a tool. In this study, we use active fire data of 12 years
(2012–2023) combined with landcover information in the South-Central
United States to derive a monthly, open-access dataset of categorized fires.
This is done by calculating a fire predominance index used to rank fire-prone
landcovers, which are then grouped into four main landscapes: grassland, forest,
wildland, and crop fires. County-level aggregated analyses reveal spatial
distributions, climatologies, and peak fire months that are particular to each
fire type. Using the Standardized Precipitation Index (SPI), it was found that during
the climatological fire peak-month, the SPI and fires exhibit an inverse
relationship in forests and crops, whereas grassland and wildland fires show
less consistent inverse or even direct relationship with the SPI. This varied
behavior is discussed in the context of landscapes’ responses to anomalies in
precipitation and fire management practices, such as prescribed fires and crop
residue burning. In a case study of Osage County (OK), we find that largewildfires,
known to be closely related to climate anomalies, occur where forest fires are
located in the county and absent in areas of grassland fires. Weaker grassland fire
response to precipitation anomalies can be attributed to the use of prescribed
burning, which is normally planned under environmental conditions that facilitate
control and thus avoided during droughts. Crop fires, on the other hand, are set to
efficiently burn residue and are practiced more intensely in drier years than in
wetter years, explaining the consistently strong inverse correlation between fires
and precipitation anomalies. In our increasingly volatile climate, understanding
how fires, vegetation, and precipitation interact has become imperative to
prevent hazardous fire conflagrations and to better manage ecosystems.
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1 Introduction

The climatology of biomass burning in the United States points to the South-Central
United States as one of the locations with the highest fire density in the country, especially in
spring and fall (Lin et al., 2014; Kaulfus et al., 2017). In this region, fires are varied in nature.
They can be prescribed to manage ecosystems (White and Hanselka, 1994; Ford and Grace,
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1998; Baker et al., 2019; Kupfer et al., 2020; Bidwell et al., 2021), be
used to burn crop residue following harvest (McCarty et al., 2007;
Korontzi et al., 2008; McCarty, 2011; Pouliot et al., 2017), and occur
unintentionally as wildfires (Reid et al., 2010; Barbero et al., 2015;
Nagy et al., 2018; Burke et al., 2021). The type of fires on the ground
can be identified by direct observation, which might be limited by
the spatial range that a group of observers can cover. Conversely,
satellite-based remote sensing provides global coverage of active fires
in the form of points of high surface temperature (fires). One such
product is the Moderate Resolution Imaging Spectroradiometer
(MODIS), which provides daily active fire data points since
March 2000 (to current) at 1 km spatial resolution (Justice et al.,
2002). Similarly, the Visible Infrared Imaging Radiometer Suite
(VIIRS) (Schroeder and Giglio, 2017b) provides global
information of active fires beginning in January 2012 (to current)
at a more refined spatial resolution (375 m) than MODIS. Among
the advantages of using remote sensors is the availability of
information in locations where in situ fire monitoring is scarce
or absent, and the consistent methodology over an extended period
of time, which facilitates studies of climate and fires relationships
(Lin et al., 2014; Fernandes et al., 2017; Nogueira et al., 2017;
Abatzoglou et al., 2018; Kumari and Pandey, 2020).

However, remote sensors do not discern what is burning on the
ground during active fires. One strategy to overcome this limitation
is to pair active fire data with landcover information to determine, at
the pixel or administrative boundary levels, the landscape
overlapping the satellite-detected fire. This can be done by
evaluating fires in one landcover of interest (McCarty et al., 2007;
Baker et al., 2019; McGranahan and Wonkka, 2024) or various
landcovers in a particular area of study (Wiedinmyer et al., 2006;
Gutiérrez-Vélez et al., 2014; Saim and Aly, 2022). Datasets that
provide information of fires discriminated by landcover exist for
Brazil, yearly, since 1985 (Alencar et al., 2022) and daily for four
landcover types of the Amazon biome (Andela et al., 2022).
Classifying fires according to landcovers has numerous
applications, which include estimating carbon (Wiedinmyer et al.,
2006; Sleeter et al., 2018; Ramo et al., 2021; Zheng et al., 2021) and
particulate matter emissions from fires (McCarty, 2011; Pouliot
et al., 2017; Baker et al., 2019; Maffia et al., 2020), managing
ecosystems fires (Nyman and Chabreck, 1995; Knapp et al., 2009;
Bidwell et al., 2021; Wilcox et al., 2022; Jaime et al., 2023), and
advancing studies at the intersection of human activities, climate,
and fires (Uriarte et al., 2012; Lin et al., 2014; Kupfer et al., 2020;
Burke et al., 2021; Fernandes et al., 2022).

With that in mind, we developed a method to produce a
monthly dataset of fires classified by the predominant landscape.
Then, we use the dataset to address the question of whether fires
respond differently to precipitation anomalies according to the
landscape they occur in. The steps to accomplish that consist of
combining 12 years (2012–2023) of high spatial resolution (375 m)
VIIRS active fires (Schroeder and Giglio, 2017b) with the
United States Department of Agriculture Cropland Data Layer
(CDL) annual product (Boryan et al., 2011) to derive a fire
predominance index in the south-central region of the
United States. Then, the fire predominance index is ranked, and
the top 10 landcovers with the highest fire incidence are combined
into four groups, namely, grassland, forest, wildland, and crop fires.
This reproducible numerical method and the resulting classification

facilitate the climate and fire relationship analyses in distinct
landscape groups. Last, fire sensitivity to variations of the
Standardized Precipitation Index (McKee et al., 1993) is
evaluated for each group’s climatological peak fire month and
discussed in the context of fires’ response to climate stress, and
fire use and management. We complement our analyses with a case
study for the Osage County in Oklahoma, where fires of two
categories, grasslands and forests, are common and relate
distinctively to precipitation anomalies.

2 Materials and methods

2.1 Study area

The focus area of our study comprises the south-central sector of
the United States, which is bounded by the coordinates
100oW–87oW and 29oN–42oN. We chose the domain of study to
include an area of high fire activity (Kaulfus et al., 2017; Hawbaker
et al., 2020), varied landcovers (Supplementary Figure S2), and
annual precipitation amounts driven by climate patterns
characteristic of the eastern side of the Rocky Mountains
(Supplementary Figure S1).

2.2 Data

2.2.1 VIIRS fires
Fire detection from the Visible Infrared Imaging Radiometer

Suite (VIIRS) instrument onboard of the Suomi National Polar-
orbiting Partnership (S-NPP) satellite is used in our study. The daily
VIIRS product at a resolution of 375 m pixel (VNP14IMG) consists
of a fire mask, in which three classes identify low, nominal, and high
confidence levels of active fire detection (Schroeder and Giglio,
2017b). The VIIRS dataset, publicly available from NASA FIRMS
(https://firms.modaps.eosdis.nasa.gov/), is obtained as a table in
which the latitudinal and longitudinal coordinates of a detected
fire is provided daily. The coordinates of an active fire represent the
center of the VIIRS pixel and are used to rasterize the point data into
a 375-m resolution grid over the entire domain of study. The daily
VIIRS raster file is then added to monthly totals from February
2012 to December 2023.

2.2.2 Cropland data layer (CDL)
The Cropland Data Layer (CDL) provides a geo-referenced, 30-

m spatial resolution crop and other landcover classifications for the
United States (Han et al., 2012). The CDL is updated annually since
1997 and contains 90 classes for different types of crops, natural
landscapes, and various levels of urban development. We use the
CDL resource in combination with the VIIRS active fires data to
derive an index describing which landscapes are most susceptible to
fires within our study area.

2.2.3 Standardized Precipitation Index—gridMET
The Gridded Surface Meteorological (gridMET) dataset is a

daily surface meteorological dataset covering the contiguous US
(Abatzoglou, 2013). It combines the PRISM gridded climate data
(Daly et al., 1994) and the regional reanalysis NLDAS-2 (Mitchell
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et al., 2004) to produce a spatially and temporally complete 4-km
gridded dataset beginning in 1979 and updated daily to current
dates. The daily precipitation from gridMET is first aggregated to
monthly totals and then the 1-month Standardized Precipitation
Index (SPI) is calculated (McKee et al., 1993). The SPI is the number
of standard deviations that the observed cumulative precipitation
deviates from climatology and can be used to assess equally positive
and negative anomalies, requiring only precipitation for its
calculation.

2.3 Methods

2.3.1 Landcover re-classification
Given the difference in spatial resolution between the CDL and

VIIRS active fires, we first calculate a histogram of the 30-m
resolution CDL classes within each VIIRS 375-m pixel. Then, we
retain only pixels in which one single CDL class covers at least 70%
of the VIIRS pixel area and make the assumption that if a fire was
registered within the said pixel, the most likely landscape burned is
the one covering 70% or more of the pixel area. This is done for every
year between 2012 and 2023, and the output raster consists of a CDL
375-m classification containing only pixels in which there was a
single class majority (Supplementary Figure S2). Our objective is to
evaluate vegetation fires; thus, we excluded classes that describe
development and water, as well as the CDL class “not defined.”

2.3.2 Fire predominance per landcover class
To calculate a fire predominance index per landcover class, an

annual VIIRS layer that consists of a mask identifying any number of
fires within the year as “1” and no-fire as “0” is created. The pixels
marked as “1” are combined with the reclassified landcovers to
produce a spatial predominance of fire occurrence according to the
landcover. In other words, when the VIIRS mask layer is multiplied
by the reclassified CDL layer, only classes in which fires occurred
(CDL class multiplied by 1) are retained. Then, the “landcover-
classified fires” are counted annually (number of pixels with at least
one fire in class, NPx(1FC), in Eq. 2) over the 2012–2023 period.

Simply ranking the CDL classes in which fires occurred, as
described above, may be misleading due to the relative prevalence of
a certain landcover class. For instance, more fires may be observed in
a certain landcover (e.g., corn compared to watermelon) just because
that landcover class occurs more often in our domain. Thus, instead
of a simple count of fire pixels by class, we calculate a fire spatial
predominance (FSPC in Eq. 2) as the number of fire pixels in a class
(NPx(1FC)) divided by the total number of pixels in that class
(TNPxC in Eqs 2, 3) within the domain of study. Thus, the total
number of fire pixels classified as occurring in corn fields (for
example) is divided by the total number of pixels (at the 375-m
resolution) classified as corn. This provides a relative metric that
accounts for how many “corn-fire pixels” were detected in a year in
relation to the predominance of the corn area.

One final weighting is necessary to reduce the influence of fires
in landcovers that are uncommon in the area of study. For example,
if one single fire is classified as occurring in a watermelon pixel and
the total number of pixels classified as watermelon is four, the above
adjustment would point to a 25% predominance of fires in
watermelon fields, which would suggest that every fourth

watermelon pixel will experience a fire in a given year. However,
this high incidence rate is more likely due to the instability of rate
calculations with small sample sizes, and fires in such an uncommon
landcover are not the focus of this study. Another adjustment is
therefore applied, in which the fire spatial predominance in a class
(FSPC) is multiplied by the overall prevalence of that landcover class
in the domain of study (CPDomain). CPDomain (Eq. 3) is calculated as
the total number of pixels in a class (TNPxC) divided by the total
number of pixels in all classes (TNPx in Eq. 3) that registered fires
(excluding “not-defined” CDL classes). The final metric resulting
from these calculations becomes a fire predominance index (FPI in
Eq. 1), which is used to describe the landcovers with the highest fire
occurrence over the 12 years of VIIRS data. In our initial approach,
we adjusted FPI for multiple fires in one pixel by multiplying it by
the ratio between the annual total number of fires in a class and
NPx(1FC). The ratio resulted mostly in values of 1 (only one fire
detected in a pixel) and an occasional value of 1.3, indicating that in
some years, up to 30% of pixels will report multiple fires in specific
landcovers. The resulting FPI ranking was not different from that
reported in Section 2.3.3, and we chose to eliminate this step for
simplicity.

FPI � FSPC XCPDomain, (1)
FSPC � NPx 1FC( ) /TNPxC( )*100, (2)
CPDomain � TNPxC/TNPx( )*100, (3)

where FPI is the fire predominance index, FSPC is the fire spatial
predominance, NPx(1FC) is the number of pixels with at least one fire
in class, TNPxC is the total number of pixels in class, CPDomain is the
class predominance in the domain of study, and TNPx is the total
number of pixels in all classes that registered fires. The 100 factor is
introduced for scaling purposes only.

2.3.3 Fire predominance groups
The fire predominance index above is averaged among the

2012–2023 period and ranked to determine the landcovers with
the highest fire occurrence. The ranking highlights 10 main
landcovers in terms of fire occurrence that are then grouped into
categories, namely, “grassland,” “forest,” “wildland,” and “crop”
(Table 1). The category “wildland” groups fires that occur in
native landcovers other than grasslands and forests. Once the
groups are determined, the original annual CDL landcover layer
(at 30-m resolution) is processed to eliminate the landcovers that
were not significant concerning fire predominance (classes not in
Table 1) or were of a non-vegetation category such as developed
(cities), water, and not-defined classification. Then, the classes
identified by the fire predominance index are assigned a group
number. Grassland becomes “1,” forest “2,” wildland “3,” and
crop “4.”

By replacing the 30-m resolution CDL layer with the fire
predominance index groups, we reduce the landcovers to retain
only those we identify as most fire prone in our domain of study.
Then, the CDL layer with reduced classes is again processed to result
in a histogram to determine the predominant group within the 375-
m VIIRS pixel. The pixels in which a single fire group class (among
the four described in Table 1) covers at least 50% of the pixel area are
retained, and the predominant group class is recorded. Pixels where
there is no clear majority among the four defined classes are coded as
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no data. The reason for retaining pixels with a clear single majority is
to reduce misclassification, as we assume that an active fire that
overlays a pixel classified as 50% forest (for example) is more likely
than not to have occurred over a forest. This approach is likely to
result in some misclassification, but a 100% exact classification is
also limited by the fact that the VIIRS product provides the
geographical coordinates of an active fire (a point), and those
coordinates correspond to the center of a pixel of 375-m by 375-
m, but the actual fire could have occurred anywhere within that pixel
area. Another caveat of the reduced classification is that some active
fires detected by VIIRS will overlap with vegetation classes that were
not identified by our method as the most fire prone. We calculated,

annually, the percentage of VIIRS active fires that overlap vegetation
pixels other than those in Table 1 and determined that between 9%
and 13% of active fires in any given year are not accounted for. The
final classification of fire predominance groups is shown in
Supplementary Figure S3 for 2022, and the methodology
workflow is shown in Figure 1.

The final step combines each year’s CDL classification
identifying the four main fire groups (Supplementary Figure S3)
with same year monthly VIIRS active fires to produce a dataset
consisting of four layers per month. For example, for December
2023, a raster layer with pixel fire count was available for grassland,
forest, wildland, and crop separately. By providing separate layers,

TABLE 1 Fire predominance according to landscape.

Landcover Fire predominance index average 2012–2023 Fire index groups

“176” Grassland/rangeland 18.0 1. Grassland

“141” Deciduous forest 9.9 2. Forest

“142” Evergreen forest 7.9

“195” Herbaceous wetlands 2.4 3. Wildland

“152” Shrubland 1.8

“190” Woody wetlands 1.3

“5” Soybean 3.1 4. Crop

“1” Corn 2.6

“3” Rice 2.3

“45” Sugarcane 1.6

FIGURE 1
Workflow of the methodology to obtain the fire predominance index, landcover fire groups, and monthly fire typology layers.
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users can take advantage of evaluating only the type of fire of interest
and obtain the total monthly fire count (for each type) detected by
VIIRS at the pixel level. Alternatively, users can combine the layers
to obtain monthly (or derived time aggregates) fire counts for the
four types of fires. An example for the entire year of 2022 (Figure 2)
in southern Louisiana shows an area of forest fires to the north, crop
fires to the east along the Mississippi River Delta, and wildland fires
to the south along the coastal wetlands.

2.3.4 Fire and climate characterization at the
county level

We evaluate the climatological characteristics and spatial
distribution of fires by aggregating the fire count to the county
administrative level for each type of fire and all 975 counties in the
domain of study. For example, if in a county there are 10 pixels
identified as forest fires and each had 2 fires in January 2022, those
data will be stored as January 2022 = 20 forest fires. If that same
county had another 10 pixels with one grassland fire each in January
2022, then those data will be stored separately as January 2022 =
10 grassland fires. From the time series, we calculate the monthly
climatology for each type of fire and determine the month with the
highest (peak) climatological count for each type separately. Then,
for each fire type, the 10% (98 counties—Supplementary Table S1)
counties with the highest fire count during their respective peak-
month are retained and correlated with the peak-month SPI. The
peak-month SPI is averaged over pixels that overlap the fire type of
interest. We are also interested in comparing correlations between
each type of fire and the SPI with correlations between all-fires and
the SPI. To do that, all VIIRS active fire pixels are counted within a
county, then the climatological peak month is defined, and
correlations with the peak-month SPI (averaged over the entire

county domain) are performed. Correlation significance is described
as p-value performed with a two-tailed t-test and reported as non-
significant for P-value greater than 0.1.

3 Results

3.1 Grassland fires

The counties with the highest incidence of grassland fires are
located mainly in central-eastern Oklahoma and Kansas, where the
peak activity months are March and April. The average all-fires count
(Figure 3A) during the peak month is very similar to that of grassland
(Figure 3B), indicating that this is the main type of fire occurring in
most of the displayed counties. There are a few counties where the all-
fires count is clearly higher than the grassland fires count, Osage County
in Oklahoma (darkest shade in Figure 3A) being one that stands out
with an average all-fires count of 1,015 and grassland fires count of
606 during the climatological peak (month of April).Wewill discuss the
results of Osage County in more detail in Section 3.5.

When evaluating fires and climate, a general synchronous
inverse relationship between fires and precipitation is expected
(Reid et al., 2010; Morton et al., 2013; Saim and Aly, 2022).
However, human-related activities such as fire ignition and
management can make this relationship less straightforward
(Hawbaker et al., 2013; Baker et al., 2019; McGranahan and
Wonkka, 2024). In counties where grassland fires are most
prominent, correlations between all-fires and the peak-month SPI
(Figure 4A) show clusters with both direct and inverse relationships
between the variables. In eastern Kansas, fires and the peak-month
SPI are positively correlated, and in southern Oklahoma and

FIGURE 2
VIIRS active fires classified by type in southern Louisiana in 2022. The shades represent the type of fire as per our fire predominance index at pixels
with any number of fires within the year. The southern Louisiana sector zoomed in is marked with a red box in the United States map.
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southeastern Kansas, all-fires and the SPI are negatively
correlated. Grassland fires (Figure 4B) and SPI correlations
show a similar pattern, suggesting that all-fires and SPI
relationships generally represent those of grassland fires and
the SPI. In southern Oklahoma, grassland fires and SPI

correlations tend to be weaker than all-fire and SPI
correlations, suggesting that other types of fires are observed
during the peak month. In this region, some of the counties in
which grassland fires are common are also among the counties in
which forest fires also occur.

FIGURE 3
Climatological (2012–2023) peak-month fire count for VIIRS (A) all-fires and (B) grassland fires. Peak month, defined as the month with the highest
climatological fire count, is shown as a number at the center of the county.

FIGURE 4
Correlation between peak-month VIIRS (A) all-fires and (B) grassland fires with 1-month SPI. Peak-month SPI is averaged over the counties’ entire
domain for the correlations in (A) and averaged over pixels that overlap grassland fires for correlations in (B). Correlation values greater than absolute
0.5 are statistically significant (P < 0.1, two-tailed t-test). The counties shown represent the 10% with the highest grassland fire count during the peak
month. Osage County (OK) is marked with a red circle.
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3.2 Forest fires

Similar to grassland fires, forest fires’ peak activity months are
concentrated in early spring. The counties with the highest incidence
extend from eastern Oklahoma to central Arkansas and southern

Missouri. Some other clusters are found in Louisiana, Texas,
Mississippi, and Alabama. In eastern Oklahoma, some of the
counties that are among the top 10% for forest fires incidence
(Figure 5B) are also among the top 10% highest grassland fires
(Figure 3B). The all-fires climatological count (Figure 5A) is very

FIGURE 5
Climatological (2012–2023) peak-month fire count for VIIRS (A) all-fires and (B) forest fires. Peak month, defined as the month with the highest
climatological fire count, is shown as a number at the center of the county.

FIGURE 6
Correlation between peak-month VIIRS (A) all-fires and (B) forest fires with 1-month SPI. One-month SPI is averaged over the counties’ entire
domain for the correlations in (A) and averaged over pixels that overlap forest fires for correlations in (B). Correlation values greater than absolute 0.5 are
statistically significant (P < 0.1, two-tailed t-test). The counties shown represent the 10% with the highest forest fire count during the peak month. Osage
County (OK) is marked with a white circle.
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similar to the forest fires peak-month count, except in eastern
Kansas and northern Oklahoma, whereas in some counties, the
all-fires count includes forest (Figure 5B) and grassland (Figure 3B)
fires. The all-fires peak months coincide with the forest peak
months, except for a couple of parishes in western Louisiana,
indicating that forest fires are not the main driver of the high
fire count.

All-fires and peak-month SPI correlation (Figure 6A) shows a
predominance of negative correlation values, which generally
become more widespread and more robust for forest-only fires
and the SPI (Figure 6B). This behavior is distinct to that
observed between grassland fires and the SPI, suggesting that in
counties where forest fires predominate, the response to
precipitation anomalies are more direct and possibly more closely
related to wildfires than to controlled burns that are typical of
grasslands in our domain. We will discuss this argument further
in Section 3.5.

3.3 Wildland fires

As per our fire predominance index, wetlands and shrublands
(Table 1) are among the landcovers with high fire frequency. Even
though wetlands and shrublands are normally found in different
climate regimes (wet and dry), the spatial distribution of our reduced
classification would allow for an identification of the main landcover
according to its location. Thus, we group these landcovers in one
category and call “wildland” fires to classify fires in native vegetation
that are not grasslands or forests.

The distribution of the counties with the 10% highest fire count
in this category highlights the wetlands along the Gulf of Mexico and
shrubland in central Texas. Other clusters are located along the

Mississippi River plains and central-western Louisiana (Figure 7B).
By evaluating the all-fires count during the climatological peak-
month (Figure 7A), we can visually determine that wildland fires co-
occur with other types of fires in some areas. For example, the all-
fires count in Mississippi County, Arkansas (darkest shaded county
in Figure 7A), shows an average of 311 fires during its climatological
peak (month of September), but only a fraction of it is wildland fires,
suggesting other types of fires dominate the fire regime in
this location.

Although it may seem counterintuitive to observe fires in
wetlands, they are in fact common due to the seasonality of
precipitation regimes with distinct dry periods, anthropogenic
interventions (dams, canals, and levees) that change the natural
flooding cycle of rivers, and climate change that impacts sea level rise
and, consequently, ecosystems, health, and/or precipitation regimes
of wetlands (Williams-Jara et al., 2022). Wetland fires tend to be
inversely correlated with the peak-month SPI, as seen along the Gulf
of Mexico coast and interior Louisiana (Figure 8B). A weaker
coupling between all-fires and the SPI (Figure 8A) is observed in
some of the counties in this sector, suggesting that fires in a
landcover other than wetlands are also contributing to the
general fire response to precipitation anomalies.

3.4 Crop fires

Fires are used as an inexpensive and labor-saving method to
burn crop residue following harvesting, as a form of pest control,
and to clear land for planting. The practice is commonly used in the
Southeastern US (McCarty et al., 2007; McCarty, 2011; Lin et al.,
2014), especially along the Mississippi River Alluvial Plain from
southeastern Missouri to Louisiana (Korontzi et al., 2008), and most

FIGURE 7
Climatological (2012–2023) peak-month fire count for VIIRS (A) all-fires and (B)Wildland fires. Peak month, defined as the month with the highest
climatological fire count, is shown as a number at the center of the county.
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of the top 10% fire count counties in the crop category are found
along this region (Figure 9). The main crops identified with high fire
predominance are rice, corn, and soybeans mainly in Arkansas and
sugarcane in Louisiana. Consistent with the timing of the main
harvest in the southeast, crop fires occur mainly in September and
October in the counties among the 10% with highest crop fire count

(Figure 9B). The all-fire climatology (Figure 9A) reveals a very
similar picture of timing (peak month) and count, indicating that
fires in these counties are dominated by crop fire regimes.

Among the four fire types, fires in crops show the most robust
and inverse relationship with the SPI across the various counties.
The all-fire correlation with the SPI is very similar to correlations

FIGURE 8
Correlation between peak-month VIIRS (A) all fires and (B) wildland fires with 1-month SPI. One-month SPI is averaged over the counties’ entire
domain for the correlations in (A) and averaged over pixels that overlap wildland fires for correlations in (B). Correlation values greater than absolute
0.5 are statistically significant (P < 0.1, two-tailed t-test). The counties shown represent the 10% with the highest wildland fire count during climatological
peak month.

FIGURE 9
Climatological (2012–2023) peak-month fire count for VIIRS (A) all-fires and (B) crop fires. Peak month, defined as the month with the highest
climatological fire count, is shown as a number at the center of the county.
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calculated for crop fires only and the SPI, indicating that in the
majority of counties shown in Figure 10, the climate–fire
relationship is dominated by the sensitivity of crop fires to
precipitation anomalies during the peak month.

3.5 Case study: Osage County, OK

The county with the highest all-fire climatological fire count in
our domain of study is Osage County in Oklahoma, where grassland
and forest fire types predominate (Figures 3, 5) with the peak month
in April. Active fires in spring are consistent with the practice of
prescribed burns being carried out when high moisture content in
new vegetation makes it easier to control the burning (Weir et al.,
2009). Prescribed fires in Oklahoma are used every year with the goal
of controlling invasive woody species, conserve and/or restore native
ecosystems, and reduce the risk of large wildfires in overgrown
prairies and forests (Bidwell et al., 2021). Spring is also the season
with a high risk of wildfires caused by lighting and greater (or lower)
potential for uncontrolled spread according to precipitation
anomalies during the life of a wildfire event (Weir et al., 2009;
Reid et al., 2010). Thus, we chose Osage County for a case study to
illustrate the potential for evaluating fires according to landcover,
given the varied nature of fires in the county. Grassland fires occur
almost twice as much as forest fires; thus, we standardize the fire
count (subtract each fire type climatology and divide by standard
deviation) to depict a time series of April grassland and forest fire
anomalies in Osage County (Figure 11).

The correlation between April (2012–2023) all-fires and the
county-averaged April 1-month SPI is negative (R = −0.55, P <
0.06, two-tailed t-test), as expected in a response of more fires
associated with deficient precipitation (Figures 4A, 6A). Figure 11

shows the time series of April standardized grassland and forest fire
anomalies along with the SPI averaged over pixels corresponding to
each type of fire within Osage County. The time series shows more
clearly the correlations shaded in Figures 4B, 6B, whereOsage County is
marked with a circle. April grassland fires and the SPI correlate
negatively, but the strength of this relationship is weaker (R = −0.4,
P < 0.2, two-tailed t-test) than that obtained from all-fires and the SPI.
For instance, April of 2018, 2022, and 2023 were dry in Osage County
and yet, grassland fires show an anomalously low count. This weaker
grassland fires response to droughts is likely related to the use of
prescribed fires, which is carried out in a wetter environment,
weakening or possibly reversing the typical negative correlation
between drought and fires. It is also important to recognize that
vegetation may respond to climate conditions with a time lag (Littell
et al., 2009; Morton et al., 2013; Barbero et al., 2015), which is an effect
that is not explored here. Other studies attribute the poor precipitation
and fires relationship to fire–grazing interactions, as in dry conditions,
grazed areas will take longer to recover, leading to a reduced fuel load
(Bekker and Taylor, 2001; McGranahan and Wonkka, 2024) and
reduced fire occurrence, regardless of the climate.

Conversely, forest fires and SPI correlation is the strongest
(R = −0.68, P < 0.01, two-tailed t-test) among the three. This
behavior can be seen in Figure 11, as the negative SPI (dry) tends to
be more consistently related to positive anomalies in forest fires (2014,
2018, 2021, 2022, and 2023) and neutral (−0.3< SPI <0.3) to the positive
SPI are related to less forest fires (2012, 2013, 2015, 2017, and 2020).
Our results are consistent with those of Lin et al. (2014), who used
potential evaporation (PE) as a metric of atmospheric dryness (high
PE = dry; low PE = wet). The authors found a weak negative correlation
between prescribed fires and PE and a more robust positive correlation
between large wildfires and PE in northern Oklahoma. Larger wildfires
have been found to show a more robust response to precipitation

FIGURE 10
Correlation between peak-month (A) VIIRS all-fires and (B) crop fires and peak-month SPI. SPI is averaged over the counties’ entire domain for the
correlations in (A) and averaged over pixels that overlap wildland fires for correlations in (B). Correlation values greater than absolute 0.5 are statistically
significant (P < 0.1, two-tailed t-test). The counties shown represent the 10% with the highest wildland fire count during climatological peak month,
shown at the center of the county.
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anomalies (Reid et al., 2010; Barbero et al., 2015; Nagy et al., 2018), and
we checked whether the more robust correlation between forest fires
and precipitation is related to the nature and size of fires in the county.
To accomplish that, we overlaid the Monitoring Trends in Burn
Severity (Eidenshink et al., 2007) (MTBS) burned area for wildfires
greater than 500 acres with the total grassland and forest fire counts for
April (2012–2023). The burned areas obtained fromMTBS correspond
to wildfires with ignition in the last week of March or in April from
2012 to 2023. The reasoning for retaining burned areas with ignition in
the last week of March is that a large wildfire will likely burn for a few
days, thus persisting into April. Most large wildfires indeed occurred in
the eastern sector of the county, where forest fires pixels (blue shades in
Figure 12) either predominate or aremixedwith grassland fires. In other
words, conflagrations that occur in areas of forests in Osage County are
more likely to become large in a more direct response to droughts, in
contrast to grassland fires that show a weaker response to
precipitation anomalies.

4 Discussion

When evaluating the effects of climate on vegetation fires, one
important ally comes in the form of remote sensing fire detection,

assessed as thermal anomalies at the surface (Justice et al., 2002;
Schroeder and Giglio, 2017a). In our study, we combined active fires
from the VIIRS sensor with landcover to determine four main fire
type groups in the south-central United States: “grassland,” “forest,”
“wildland,” and “crop” fires. Other studies have evaluated active fires
according to landcovers but at coarser spatial resolution and with
pre-determined classes of interest (McCarty et al., 2007; Lin et al.,
2014), whereas our method objectively ranks the landcovers where
fires predominate at a spatial resolution of 375-m. The main
motivation to produce this fire typology dataset was to answer
the question of whether fires occurring in varied landscapes
demonstrate different sensitivity to precipitation anomalies
assessed by the Standardized Precipitation Index. The fire
typology dataset was then processed to provide the climatological
characteristics of each of the four types and an analysis of SPI and
fires correlations aggregated to the county administrative levels.

We report our main results for the counties that were among the
10% (98) with the highest fire count during the climatological peak
month for each type of fire (Supplementary Table S1). Fires in
grasslands become a category on their own, as they emerged as the
landcover with the highest fire incidence in our area of study. The
top 10% grassland fire count counties show the fire peak month in
spring in a cluster distributed over Kansas and Oklahoma.

FIGURE 11
Osage County (OK) April standardized fire anomalies (bars) in grassland and forests. The lines represent April 1-month SPI for each type of fire
obtained by averaging SPI over pixels that overlap forest and grassland fires. The correlations (R) between fires and SPI for both forest and grassland are
shown at the bottom.
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Correlations of peak-month grassland fires and the SPI show a
statistically non-significant positive relationship in a large sector of
Kansas. This is consistent with grassland/rangeland fire
management in the Flint Hills region, where prescribed fires are
set under environmental conditions that minimize the risk of
uncontrolled spread, leading to a partial decoupling between
droughts and fires (Baker et al., 2019). Areas of negative
correlation, although mostly statistically non-significant, are
observed in Oklahoma, where grasslands are found in mosaics
with other types of vegetation such as crops and forests. This
becomes evident from our case study in Osage County in
Oklahoma, where grassland fires are more weakly coupled to
precipitation anomalies than forest fires, likely due to the greater
accumulation of dry fuel in forests and greater susceptibility to
climate (Littell et al., 2016).

The third ranked group of fires derived from our index was
labeled wildland fires, and it represents two main types of
landcovers: wetlands and shrublands. In the wetlands of
Louisiana, the main fire season is fall, and correlations with the
SPI, mostly statistically significant, follow the expected inverse
relationship of more fires during dry years. In the shrublands of

Texas, the main fire season is late winter and spring, and SPI and fire
correlations during the peak fire month describe a weak coupling.
This behavior is similar to that reported in grasslands, where the use
of prescribed fires in the eastern sector of the Edwards Plateau and
the Rolling Plains helps manage the encroaching of woody species,
such as shrubs and trees, into the natural grassland ecosystem of the
region (Brown and Smith, 2000; Wilcox et al., 2022; Jaime et al.,
2023). The less than straightforward relationship between fires and
climate results from prescribed burns being carefully set to prevent
unintended spread, leading to a decoupling with droughts (Barbero
et al., 2015; Nowell et al., 2018).

Crop fires represent the fourth type derived from our
methodology. The 10% counties with the highest fire count
during the peak month align along the Mississippi River Alluvial
Plain extending from Arkansas to Louisiana. The peak crop fire
season is fall, which is consistent with the practice of crop residue
burning following harvest. Wildland fires are also frequent in some
coastal Louisiana counties where crop fires are common, but the
peak fire month occurs instead in late winter. Of all four groups,
inverse and statistically significant correlation is observed most
consistently between the SPI and crop fires. In contrast to

FIGURE 12
Total fire count for themonth of April (2012–2023) in OsageCounty, OK. The red shades represent pixels classified as grassland fires and blue shades
represent pixels classified as forest fires. The contour areas mark the burned areas of large wildfires (>500 acres) that occurred between 2012 and
2023 during the month of April.
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prescribed burnings in native vegetation that are avoided in years of
drought (Baker et al., 2019), our results suggest that crop fires are
managed to take advantage of dryer conditions, as the main
objective is to optimize the task and reduce costs, leading farmers
to burn more in dry years and less in wet years (Lovett, 2022).

Our approach is not free from limitations: the non-inclusion of
vegetated landcovers that registered fires but were not among the
classes we ranked as the most relevant in our domain. In addition, a
fire pixel is classified if a minimum of 50% of the area within the said
pixel is covered by one of the four groups identified in our ranked
index. Thus, at any given year, there is between 9% and 13% of fire
pixels that remain unclassified and are not included in our analyses.

Last, the results presented in this study illustrate only one example of
various analyses that can be conducted with an active fire dataset
classified by landcover types. Some other applications include
modeling the effects of socioeconomic variables on different types of
fires, combining the fire typology dataset with prescribed and wildfire
data to better understand the effectiveness of fires used as a natural
disaster prevention and ecosystem management tool in different
landscapes, determining the relationship of fire types to climate
variables beyond that discussed in this study and other timescales of
interest, and estimating fire emissions (particulate matter and carbon), as
they are dependent on the type of vegetation burned. In addition, our
straightforward methodology can be replicated in other sectors of the
United States to rank the main types of landcovers in which fires, due to
either natural processes or fire practices, occur. Our approach adds a layer
of comprehension regarding the fire–climate–human intersection that is
becoming increasingly necessary for hazardous fire prevention and
management under current and future climate variability and change.

5 Conclusion

Satellite-based fire estimates provide essential information for fire
and climate studies, especially in areas where other types of fire records
are insufficient. By combining satellite-based active fires with landcover
layers, we derived a dataset that provides monthly fire estimates
identified by one of the four main groups, namely, grassland, forest,
wildland, and crop fires, in the south-central sector of the United States.
Not all active fire pixels are matched with one of the four types defined
here, given the mismatch between the spatial resolution of the CDLs
(30-m) and the VIIRS fire pixel (375-m), resulting in 9%–13% of active
fire pixels annually that are left unclassified. This could be overcome by
pairing higher spatial resolution fire datasets, such as Landsat (30-m
resolution) hotspots (Schroeder et al., 2016), with the CDL layers.
Landsat fires, however, have the disadvantage of a short time series as
the product is available since June 2022. As our primary objective was to
evaluate year-to-year variability of landscape fires and the SPI, we
traded-off higher spatial resolution in favor of a longer time series. In
doing so, we were able to characterize the four groups of vegetation fires
in terms of their seasonality and climatological values. We also show
that fires and climate relationships are not always straightforward as
they can be modulated by human activities carried out in each
landscape. Our method, dataset, and approach can support further
studies to advance our understanding of the current and future climate
impacts on fires in particular landscapes, and how we can adapt our
practices to mitigate the risk of uncontrolled fires and their potential
negative impacts on ecosystems.
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