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Abstract: Mapping potential fire intensity is a fundamental tool for fire management plan-
ning. Despite the wide use of Fire Radiative Power (FRP) as an indicator of expected fire
intensity and fire emissions, very few studies have spatially analyzed the role of remotely
sensed proxies of vegetation productivity to explain FRP. The current study aimed at
modeling and mapping the relationships between aboveground biomass and Moderate
Resolution Imaging Spectroradiometer (MODIS) maximum FRP, at 1 km pixel, in 2011-
2020, for each of 46 fuel regions in the entirety of Mexico. Maximum FRP-biomass rela-
tionships supported a novel hypothesis of varying constraints of fire intensity. In lower-
productivity areas, such as semiarid shrub- and grass-dominated ecosystems, fine fuel
loads limited fire occurrence and FRP was positively related to biomass. In the more pro-
ductive areas, such as temperate or tropical forests, a humped relationship of FRP against
biomass was observed, suggesting an intermediate-productivity hypothesis of maximum
fire intensity within those regions. In those areas, the highest fire intensity was observed
in the intermediate biomass areas, where surface (timber understory) and crown fuel
availability, together with higher wind penetration, can result in crown fires. On the
contrary, within the most productive areas, the lowest intensity occurred, likely due to
weather and fuel (timber litter) limitations.
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1. Introduction

Understanding the role of vegetation type and fuel availability in the spatial
distribution of fire occurrence and fire intensity is a key component of fire management
decision making processes [1-3]. Spatially explicit fire occurrence and intensity prediction
can aid in prioritizing fuel treatment and prepositioning of fire suppression crews, and
can minimize associated environmental, economic and social impacts [3-5]. It is also
required to improve the effectiveness of the strategic allocation of resources for fire
prevention and suppression [6-8].

1.1. Fire Occurrence and Intensity Prediction

Fire risk spatial assessment generally comprises three components, fire occurrence,
fire intensity and fire impacts, sometimes including exposure and vulnerability in the
latter (e.g., [2,9,10]). Most previous statistical analyses at spatial scales have focused on the
first component, aiming to explain the most likely locations for fires to occur based on
climatic, anthropogenic and vegetation drivers (e.g., [11-13]). Of those spatial factors, the
biomass quantity and structure are the only physical parameter that can be managed to
reduce the negative impacts of intense forest fires (e.g., [14-16]). Some studies have
accordingly analyzed fire occurrence probability against proxies of biomass productivity
such as tree cover [17], aboveground biomass [18,19], leaf area index [20] or NDVI [21,22].
Some of those previous studies have observed maximum fire occurrence at intermediate
productivity levels [18-22]. Those observations seem to support the hypotheses of
maximum fire occurrence at intermediate productivity levels (e.g., [23,24]) or the varying
constraint theories of fire occurrence (e.g., [24-26]). However, to the best of our
knowledge, those hypotheses of fire occurrence have not been tested to examine the
spatial drivers of fire intensity related to vegetation productivity across varying fuel and
ecoregions.

Regarding fire intensity, most landscape-scale intensity mapping analyses have used
GIS tools applying field- or laboratory-calibrated [27-29] fire behavior simulation models
(e.g., [30-32]). However, those empirical simulation models are subject to several sources
of uncertainty (e.g., [10,33-35]) and are consequently the subject of ongoing research (e.g.,
[36,37]). Furthermore, some of the detailed surface and crown fuel characteristics used as
inputs in those models are also subject to uncertainty (e.g., [10,34]) and can be challenging
to map using remote sensing (e.g., [38,39]). While some pioneer studies have been able to
use multispectral imagery (e.g., [40,41]), airborne and terrestrial LIDAR [42] or tree
canopy density (e.g., [43,44]) to estimate and map surface fuel loads with varying levels
of accuracy, those relationships are likely ecosystem-specific and require large amounts
of field data for their development [40—44]. Furthermore, in contrast to a large number of
spatial studies analyzing the drivers of fire occurrence (e.g., [11-13,17-22,45,46]), studies
performing statistical spatial analyses of landscape-scale large datasets of observed fire
intensity against its fuel or climatic drivers are relatively more limited, partly driven by
previous scarcity of fire intensity data [47].

1.2. Remote Sensing of Fire Intensity and Severity

One alternative to overcome limitations inherent to fuel and fire field data scarcity is
to take advantage of the recent availability of large datasets of remotely sensed imagery,
which represent an unprecedented opportunity for improving our large-scale knowledge



Fire 2025, 8, 54

3 of 27

of the drivers of fire intensity and severity (e.g., [47-49]). In this sense, MODIS and VIIRS
active fires provide proxies of fire intensity that can be related to field-observed flame
length [50] and fuel consumption (e.g., [51,52]). In addition, coarse- to medium-resolution
multispectral indices have been largely validated against field-observed burn severity
(e.g., [53-55]).

Furthermore, in recent years, there has been an increasing availability of freely
available multispectral indices from medium- to coarse-resolution sensors and,
consequently, a growing availability of previously overlooked maps of vegetation
characteristics such as tree height [56], tree cover (e.g., [57,58]) and aboveground biomass
(e.g., [59]). In order to minimize some of the abovementioned uncertainties and potential
propagation errors [10], inherent to the more detailed approaches attempting to map
surface fuel loads from multispectral imagery or tree canopy density (e.g., [40,41,43,44]),
and then relate those hard-to map variables to limited samples of field-observed flame
length, some recent studies have explored alternative, remotely sensed approaches. In
particular, some recent studies have proposed to directly explore simple, empirical
landscape-scale relationships between easily observed vegetation indices or total
vegetation productivity variables (e.g., tree height, cover, aboveground biomass) and
remotely sensed proxies of fire severity (e.g., [48,49,60-62]) or intensity (e.g., [47,63-66]).

1.2.1. Relating Fire Severity to Vegetation Productivity

Based on field-validated maps of fire severity, some recent pioneer studies, generally
at the fire event scale, have successfully explained it from vegetation productivity
variables or proxies such as aboveground biomass [62], tree height [67,68], canopy cover
[61,69,70], NDWI [60,61,71], NDVI or EVI [48,49,71,72], AET [73], FAPAR [74] and Leaf
Area Index [75]. Depending on the heterogeneity in the assessed vegetation types and on
the range of variation in observed dendrometric characteristics and burn severity, those
previous studies have documented that the relationships of burn severity and the
analyzed proxies of total vegetation productivity were either positive (e.g., [48,67,68,71]),
negative (e.g., [69,70]) or humped (e.g., [61,74]).

However, several challenges are still the subject of ongoing research for mapping and
explaining burn severity [76], including the development of automated downloads of
medium-resolution imagery using tools such as Google Earth Engine (e.g., [53,77,78]),
together with its site- or ecoregion-specific validation (e.g., [53-55,78-80]). Because of
these challenges, with the notable exception of a few studies in the USA, such as [73,81],
the majority of the research on analyzing and mapping the vegetation drivers of burn
severity has been conducted at the scale of one (e.g., [62,68,71,75]) or several specific
wildfires (e.g., [60,61,74]).

1.2.2. Fire Intensity from Fire Radiative Power

The wide availability of a long time series of 1 km to 375 m resolution active fire
registers (e.g., MODIS and VIIRS) represents an unprecedented opportunity to monitor
the spatial patterns of fire intensity and associated fuel consumption and emissions (e.g.,
[51,52]). Active fires have been used to remotely monitor fire intensity through
measurements of Fire Radiative Power (FRP), which is available at near-real time (10-15
min) from geostationary satellites such as GOES [82], SEVIRI [83-86] and Himawarii [87]
and at daily time intervals from polar-orbiting satellites such as MODIS and VIIRS
[51,52,83,88]. Several studies have demonstrated the potential of active fires” FRP to
distinguish fire intensity differences between fire fronts or backfires, surface or crown fires
(e.g., [64,89]) and even to monitor levels of suppression difficulty registered in field
records (e.g., field-observed torching or extreme fire behavior) [90]. In addition, some
studies have successfully related field-observed flame length or fireline intensity to drone-
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measured FRP [50] or to active fire-based FRP at the fire front [86]. Furthermore, some
studies have suggested potential relationships between FRP-measured fire intensity and
dNBR-observed fire severity (e.g., [91-93]), while others have recently related FRP to field-
observed tree mortality (e.g., [94,95]).

Fire radiative energy (FRE), obtained as time-integrated FRP, has been related to fuel
consumption [51,52,88,96]. Furthermore, several studies have developed emission coeffi-
cients by relating FRP and particulate matter contents from aerosol optical depth meas-
urements (e.g., [52,97-100]). Based on those consumption and emission coefficients, FRE
has been largely used to estimate fire emissions at national to global scales (e.g., [51,52,99—
101]). Several operational systems rely on FRP observations to map fire emissions [52],
including the global fire assimilation systems (GFASs) [102], the Fire Energetics and Emis-
sions Research system from NASA [99], IS4FIRES [103] and the Blended Global Biomass
Burning Emissions (GBBEPs) [104]. While some studies have explored the potential of active
fires to monitor daily fire progression (e.g., [105-108]), to assess fire occurrence likelihood (e.g.,
[46]) and to evaluate and recalibrate the daily progress predicted by fire spread prediction
models (e.g., [36,37]), fewer studies have taken advantage of the Fire Radiative Power con-
tained in those active fires to analyze the driving factors of fire intensity (e.g., [47]).

1.2.3. Relating Fire Radiative Power to Vegetation Productivity

The vast majority of the literature has analyzed an average or range of FRP values by
vegetation types [109-112]. In contrast, studies analyzing the variation in FRP within those
vegetation types in relation to vegetation characteristics such as tree cover are still ex-
tremely scarce [47,63-66]. The results of those very few studies have varied depending on
the climatic and fuel constraints in the specific area studied. On the one hand, some stud-
ies have documented higher FRP values by increasing tree cover in some specific ecosys-
tems, such as in boreal forests [64] or in tropical forests subject to slash and burn activities
[63]. Contrarily, some others have documented negative effects of tree cover on FRP and
fire temperature in fuel-limited areas such as Southern Africa [65], possibly related to a
higher intensity being associated with areas with higher grass and shrub cover [66] in
those fine fuel-driven ecosystems [20]. In a global analysis, the study by [47] documented
that, while on average FRP increased positively with tree cover, complex and likely eco-
system-specific interactions between fuel availability and weather limitations to fire in-
tensity influenced those relationships. There is consequently a large knowledge gap on
the relationships between remotely sensed vegetation productivity and Fire Radiative
Power, and how it varies between and within different ecoregions with varying climatic
and human conditions.

Furthermore, the majority of those previous studies have been conducted using
coarse-scale analysis units, such as the temporal averages of FPR and NDVI over an entire
ecoregion (without considering the internal spatial variations in NDVI within ecoregions)
[113], the average observed FRP for 4-5 tree cover classes over an entire analysis region (e.g.,
[63]), or at coarse-scale (0.25-0.5°) grid scales (e.g., [47,66]). To the best of our knowledge,
there is no previous study that has attempted to analyze the spatial relationships of FRP
with aboveground biomass at the scale of 1 km, for a large variety of ecoregions.

1.3. Study Goals

The current study aimed at modeling and mapping the relationships between above-
ground biomass and remotely sensed fire intensity, in the period of 2011-2020, for the
entire country of Mexico. Specifically, we aimed at analyzing, for each of the 46 fuel re-
gions in Mexico, the relationships between aboveground carbon density (AGCD) and
MODIS maximum FRP kernel density (KFRP), at 1 km pixel, using percentile regression
(spline) models. Finally, the study aimed at mapping the resulting maximum expected
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fire intensity (KFRP, MW/km?) based on the fitted models for each fuel region and AGCD
(Mg C/ha) at 1 km for the entire country of Mexico. The resulting maximum fire intensity
map will be integrated into the Forest Fire Danger Forecast System of Mexico (SPPIF)
(https://forestales.ujed. mx/incendios2/ (accessed on 20t January 2025)) to support fire
management planning.

1.4. Study Hypotheses: Varying Constraints of Fire Intensity

The study area represents a wide range of vegetation and climatic conditions, rang-
ing from arid and semiarid shrublands and grasslands to temperate and tropical forests
[18], together with large variations in human influence between regions [19]. Because of
this ample variation in vegetation, climatic and anthropogenic conditions, our study al-
lowed us to propose and test a novel hypothesis to explain expected fire intensity as de-
termined by biomass productivity. This can be considered an expansion of the varying con-
straints hypotheses of fire occurrence [23-26], but now applied to fire intensity, as evaluated
by a large dataset of remotely sensed FRP in a variety of vegetation types and ecoregions.

Specifically, we hypothesized that fire intensity will be subject to varying constraints,
such as fuel availability or weather (moisture and/or wind) limitations, which are directly
or indirectly related to vegetation productivity. In fuel-limited ecosystems (arid or semi-
arid climates and low-productivity regions), higher intensity is expected with increasing
biomass, caused by increasing fine fuel availability. On the other hand, lower intensity is
expected in the highest biomass, very dense and very tall, wetter and most productive
forests. This is expected because of weather limitations to fire intensity (higher moisture
and lower wind penetration) and fuel bed properties that constrain fire behavior (timber
litter fuel types, lower grass and shrub loads, and lower vertical continuity). Accordingly,
we propose that, within the more productive ecosystems, the maximum fire intensity is
expected to be at intermediate productivity levels (an intermediate-productivity hypoth-
esis, applied to fire intensity). Note that this humped behavior of the FRP-biomass rela-
tionship is expected only in the more productive vegetation types and regions, where con-
straints to fire intensity are expected to exist at both extremes of the curve. Finally, we also
hypothesize that the biomass—FRP relationships (the value at which maximum FRP will
be reached, and the maximum FRP value reached) will vary between vegetation types and
regions because of our hypothesized theory of varying constraints of fire intensity.

2. Materials and Methods
2.1. Study Area: Fuels and Forest Regions

The study area was the entire country of Mexico. We used the classification of forest
fuel types proposed for Mexico by [18], obtained from the fuel beds map in [114] and the
vegetation and land use map (1:250,000, Series VI) from the National Institute of Geogra-
phy and Statistics (INEGI) [115]. Figure 1 shows the fuel types map at the national level.
The regionalization of the fuels (Figure 2) was based on the regions proposed by [19] and
[18], following the Level 3 Ecoregions map of North America (North American Level 3
Ecoregions Map, EPA, https://www.epa.gov/eco-research/ecoregions-north-america (ac-
cessed on 20 January 2025)) and considering the observed spatial patterns of MODIS FRP
kernel density (Section 2.3). A description of the human and climatic characteristics of the
analyzed regions can be found in [19].
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Figure 1. Forest fuels map of Mexico. POF: pine-oak forest; PF: pine forest; OF: oak forest; WTF: wet
tropical forest; DTF: dry tropical forest; SAF: semiarid forests; CHAP: chaparral; WET: wetland;
DSH: desert (arid) shrubland; PAS: natural pasture land (grassland); AG: agriculture or not forested.
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Figure 2. Regions of analysis, based on the ecoregions of Mexico from [18,19]. NB]J: Northern Baja
California; NW: Northwest; NW2: Northwest 2; NW3: Northwest 3; NW4: Northwest 4; NC: North-
Central; NE1: Northeast 1; NE2: Northeast 2; C1: Central 1; C2: Central 2; WC1: West-Central 1;
WCQC2: West-Central 2; WE_NC: Western North-Central; SE1: Southeast 1; SE2: Southeast 2; SC1:
South-Central 1; SC2: South-Central.

2.2. Total Aboveground Carbon Density Data (AGCD)

The aboveground carbon density (AGCD) from the study in [59] was used. This map
was obtained from Landsat images and ALOS PALSAR radar data of 2010-2011, cali-
brated against ground biomass data from 16,906 plots of Mexico’s national forest and soil
inventory. The AGCD map was resampled to a 1 km resolution to match the pixel size of
the MODIS sensor.

2.3. Active Fires

For the analysis of fire intensity, FRP values (MW/km?) from active fires were used,
derived from the MODIS sensor (Moderate-Resolution Imaging Spectroradiometer, 1000
m) for the period 2011-2020; these were downloaded from the Fire Information for Re-
source Management System (FIRMS) (Table 1).



Fire 2025, 8, 54 7 of 27
Table 1. Characteristics of the remote sensing data used from the MODIS sensor.
Remote Sensing Data Utilized
Sensor MODIS (Moderate-Resolution Imaging Spectroradiometer)
. Terra: November 2000—present
Satellite
Aqua: July 2002—-present
Resolution 1000 m
Fire intensity data Active fires’ FRP values (Fire Radiative Power, MW)
Analyzed period 2011-2020
File format Shapefile

https://firms.modaps.eosdis.nasa.gov/

f the fil
Source of the file (accessed on 20 January 2025)

2.4. FRP Normalization and Kernel Density of Normalized FRP

Active fires FRP was normalized in order to minimize the effects of pixel size (bow-
tie) on observed fire intensity, based on Equation (1) [116]:

FRP
FRPy = — 1
N=Ta M

where FRPn = normalized FRP (MW/km?); FRP = Fire Radiative Power (MW); and PA =
Pixel Area (km?), calculated following Equation (2):

PA=Sx*T )

where S = Scan; T = Track.

For each 1 km pixel of the Mexican Republic, the maximum FRPx value in the study
period was calculated. Subsequently, a kernel density was calculated at a 5 km bandwidth
for each 1 km cell using ArcGIS 10.6.1 software. This process generated the map of the
kernel density of maximum observed FRPn (KD FRPn). We intersected the KD FRPxwith
active fire-based perimeters from the Mexican Fire Danger System (SPPIF)
(http://forestales.ujed.mx/incendios2/ (accessed on 20t January 2025)). Active fire perim-
eters available in the SPPIF were calculated from MODIS and VIIRS active fires based on
the convex hull algorithm in [105]. Fire perimeter-intersected KD FRPxand 1 km AGCD
and fuel region values were extracted to each MODIS active fire observed during the
study period (Figure 3).

2.5. Modeling the Relationship Between AGCD and KD FRP~

For each of the analyzed 46 fuel regions, we calculated percentiles 90 to 99 of KD
FRPx, and the number of active fire observations, for each AGCD value. The focus of our
analysis on the higher percentiles, 90-99, was justified by the two fire management appli-
cations of the expected maximum fire intensity map. First, in order to support the spatial
planning of fire prevention activities, we aimed to spatially map the maximum fire inten-
sity for fuel type and AGCD that can be expected under the highest fire danger conditions,
in order to represent the maximum expected hazard for each 1 km pixel, under a worst-
case scenario. Secondly, ongoing research in Mexico, beyond forecasting the expected
daily number of fires (e.g., [117,118], http://forestales.ujed.mx/incendios2/ accessed on 20t
January 2025), is also aiming to develop spatio-temporal daily predictions of maximum
expected fire intensity from daily weather, fuel types and forest biomass. Under this on-
going research, MODIS fire intensity is expected to be explained by multiplicative regres-
sion models, combining a spatial variable (the maximum expected fire intensity by fuel
and biomass, as modeled in the current study) multiplied by reducing factors (fitted re-
gression models based on daily weather against FRP), with the latter accounting for the
lower fire intensities expected on wetter, less windy days.
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In order to spatially model the maximum expected fire intensity in the current study,
we fitted a spline function, weighted by the number of observations of each AGCD
category, to predict the KD FRPN percentiles from AGCD, for each fuel type and region.
The optimum smoothing parameter (A) and number of knots (k) of the spline function
were selected for each model based on maximizing the value of the R%q; statistic, and
minimizing the value of GCV (Generalized Cross-Validation) [119], based on Equations
(3) and (4):

DI, (iy)?

RZ,. =1
adj (-p) I, -2 ©)
LIy Gi-¥)?
_ pn&i=1ViTn
GCV(D) = ey (4)

where: y; and 3, are the observed and estimated values of the dependent variable, re-
spectively; ¥ is the average value of the dependent variable; n is the total number of ob-
servations used to fit the model, p is the number of model parameters and va is the trace
of the smoothing matrix.

2.6. Mapping Maximum Expected Fire Intensity

Figure 3 summarizes the flowchart of the data creation, analysis and mapping meth-
odology. Predicted KD FRPn~ values were obtained based on the fitted spline function of
each fuel region for every AGCD level. Predicted values were plotted against the full ob-
served KD FRP~ dataset and against the observed KD FRPn percentile. Also, plots were
generated for every fuel region of the AGCD against the relativized predicted KD FRPn
(%), obtained by dividing predicted KD FRP~ values by the maximum KD FRPx predicted
for every fuel region analyzed. Predicted KD FRP~ values were mapped in ArcGis 10.6.1
based on the AGCD [59], fuel (Figure 1) and region (Figure 2) maps by applying each fuel
region-specific fitted spline percentile models (Figure 3).

‘ i
I 4) Input dataset creation: |
| 2) Input dataset creation. Forest fire MODIS o |
} perimeters Active Fires O SIS | \faximum FRPN |
| (SPPIF) (2011-2020) by 1km pixel by 1km pixel :
| (FIRMS) |
I— ! L ] |
Kernel density
H : Intersection l ernel denstp J :
Il - | |
t 1| Extrac alies [ \MODIS Active Fires (2011-2020) N Kernel density of | |
\: Aboveoround | 0 pounts within forest fire perimeters E)‘f"f[f valies | aimum FRPN :
Abovegroun, i 10 poins
1 Carbon | with extracted values of: (KD FRPN) |
H Density : Fuel type and region (MW /km?) :
i AGCb | AGCD (Mg C/ha) - |
! ¢ ) i KD FRPN (MW/km?) Vom pixel i
L I
‘L 1km pixel |
____________________________________________________ 1
‘r iz) Predicting Fire Intensity (KD FRPN): :
|
. . |
} For each fuel type R Observed percentiles of Spline neighted | Aboveground |
| and region : KD FRPN (MW/km?) regression Carbon :
| for every AGCD level Density |
} (Mg C/ha) (Mg C/ha) I
- |
} Dependent variable Independent variable |

i1i) Mapping Predicted Fire Intensity: Predicted tiles of
redicted percentiles o

KD FRPN (MW /km?)
by AGCD level (Mg C/ha)

for each fuel and region

|
|
|
|
|
| I
|
|
|
|

National wall-to wall map of
Expected Maximum Fire Intensity

(KD FRPN, MW/km?)
| 1km pixel

Figure 3. Flowchart of the methodology for dataset creation, analysis and mapping of maximum

fire intensity by fuel type-region and aboveground biomass.
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3. Results
3.1. Fuel-Specific Relationships Between KD FRP~ and AGCD

The goodness of fit of the spline models to predict percentiles of KD FRP~ from
AGCD for the 46 fuel regions analyzed is shown in Table 2. Most best-fit models were
obtained with 99th percentiles, while some models performed better using the 95th per-
centiles (Figure 3 and Supplementary Figures S1-S6). The maximum predicted KD FRPx,
based on the fitted model, is also shown in Table 2.

Table 2. Goodness of fit and maximum predicted KD FRPn for each of the 46 analyzed fuel regions.

. Max.

Fuel Region R2agj GCV KD FRPx
PF_SC2 0.46 80.497 242.70
PF_C2 0.52 113.1 390.00
PF_NW 0.68 66.56 513.91
PF_WC2 0.53 37.627 272.49
PF_SC1 0.50 685.08 804.27
CHAP_NB]J 0.74 963.1 1289.19
OF_SC1+5C2 0.60 19.22 291.57
OF_WC(C1 0.45 66.33 418.19
OF_NW 0.80 7.55 248.00
OF_WCQC2 0.20 963.23 348.36
OF_C2 0.65 47.79 418.65
POF_WC1 0.84 51.63 598.58
POF_C1 0.68 37.747 306.00
POF_SE1 0.61 308.45 612.00
POF_NEI1 0.52 431.79 664.80
DTF_NE1 0.41 123.68 240.90
DTF_SC2 0.44 176.79 482.35
DTF_WC1 0.20 150.09 251.95
DTF_C2 0.58 314.54 842.00
DTF_WC2 0.83 369.77 1023.00
DTF_SE1 0.37 115.53 446.00
DTF_NB]J 0.58 1525 630.00
DTF_WE_NC 0.81 54.763 271.64
DTF_SE2 0.26 997.63 1306.88
DTF_NW 0.75 18.87 204.00
WTF_SE1 0.58 202.67 473.39
WTF_SE2 0.32 368.22 549.74
SAF_WC1 0.56 366.11 579.22
SAF_C2 0.26 197.14 250.00
SAF_C1 0.35 102.57 184.00
SAF_WE_NC 0.50 52.56 198.00
SAF_NW4 0.65 16.70 317.08
SAF_NE2 0.45 128.94 323.13
SAF_NW2 0.61 28.41 209.08
SAF_NW3 0.64 22.06 360.03
SAF_NC 0.84 239.21 645.41
PAS_SC1 0.50 1449.2 769.05
PAS_SC2 0.80 155.72 499.22
PAS_C2 0.54 432 664.62

PAS_C1 0.27 66.784 150.13
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PAS_ WE_NC 0.68 42.35 147.00
DSH_C1 0.73 61.00 167.50
DSH_NC 0.97 448 191.00
DSH_NB]J 0.61 421.57 153.00
DSH_NE 0.13 480.91 306.35
WET_SE1+2 0.22 79.82 475.00

GCV: Generalized Cross-Validation; Max. KD FRP~: maximum predicted KD FRPn; “X_Y” repre-
sents fuel X (Figure 1) and region Y (Figure 2).

In general, very high predicted KD FRP~ maximum values were observed for the dry
tropical forests in the South-Central region (Table 2), with the highest values in the Yuca-
tan peninsula (region SE2, with a maximum KD FRP~ of 1307 MW/km?), in the Central-
Western region of the country (with values of 1023 and 842 MW/km? for WC2 and C2),
Southeast-Central area (SE1 and SC2 with 446 and 482 MW/km?) and in the NBJ region
(630 MW/km?). Wet tropical forests in the SE2 region also showed high maximum KD
FRPn values (550 MW/km?), but these were lower than those observed for DTF within the
same region (Table 2). High KD FRPn~ values were also observed for pine and chaparral
forests in Northern Baja California (1298 MW/km?), pine forests in the regions SC1 and
NW (804 and 514 MW/km?, respectively), pine-oak forests in the WC1 and SE1 regions
(599 and 612 MW/km?), and semiarid forests in the NC, NE1 and WC1 regions (579-645
MW/km?) (Table2). Oak forests showed intermediate to high maximum KFRP values
(248-419 MW/km?). Conversely, desert shrublands in regions NC, NBJ and NE showed
low maximum KD FRPx values (generally <300 MW/km?) compared to maximum values
of >600 MW/km? for temperate, semiarid and chaparral forests within the same regions
(Table2).

Plots of observed and predicted KD FRP~ against AGCD are shown in Figure 4 and
Supplementary Figures S1-56. For some of the analyzed fuels, such as chaparral of Northern
Baja California or semiarid forests in the West-Central region (Figures 4a and 4b, respec-
tively), a positive relationship was observed (i.e., increasing fire intensity with increasing
biomass). On the contrary, for many of the analyzed fuels, a humped relationship between
fire intensity and biomass was observed (Figure 4c,d and Supplementary Figures S1-56).
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Figure 4. Observed against predicted fire intensity for selected fuel regions. (a): chaparral forest in NBJ;
(b): semiarid forest in WC1; (c): pine forests in NW; (d): dry tropical forest in C2 region; AGCD: above-
ground carbon density (Mg C /ha); KD FRPx: kernel density of FRPn (MW/km?); OBS: observed KD
FRPn; PRED_Pi: predicted KD FRP~with fitted spline for the specified i percentile (99th or 95th, se-
lected based on goodness of fit for each fuel region). OBS_Pi: observed i percentile of KD FRPx.
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The AGCD at which the maximum KD FRP~ was observed varied largely between
regions as shown in the relativized (maximum-normalized) comparison of fitted models
(Figure 5; plots for each fuel region are shown in Figure 4 and Supplementary Figures S1-
S6). For example, for oaks, semiarid forests and desert shrublands, the maximum KD FRPx
was observed for lower AGCD (15 Mg C/ha) values in regions such as NC, WE_NC, NW2
and NW3, compared to higher AGCD (>15-30 Mg C/ha) FRP peaks in the same fuels in
Western and Central regions (Figure 5). In pine—oak forests in region WC1, and in tropical
forests in region SE2, the maximum KD FRP~was observed at AGCD > 30 Mg C/ha.
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Figure 5. Predicted relativized KD FRPn (%) against AGCD (Mg/ha) for the 46 studied fuel regions.
AGCD: aboveground carbon density (Mg C /ha); KD FRPn: kernel density of FRPn (MW/km?);
“X_Y” represents fuel X (Figure 1) and region Y (Figure 2).

3.2. Mapping Maximum Predicted Fire Intensity

The predicted map of maximum kernel density of FRPn for Mexico, based on the
models adjusted for each fuel region, is shown in Figure 6-1. A good agreement can be
observed between the predicted maximum KD FRPn values on the map and the distribu-
tion of historical FRP records from active fire data across the country (Figure 6(2)).
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Figure 6. Maps of predicted (1) and observed and predicted (2) fire intensity. (1): predicted maxi-
mum kernel density of FRPN; (2): observed MODIS kernel density of FRPn during the study period
(2011-2020). Letters (a—e) in Figure 6(2) and black squares indicate the five regional windows which
are analyzed in detail in Figure 7. KFRPN: kernel density of FRPn (MW/km?); Very low = 1-50
MW/km? Low = 100-150 MW/km? Medium = 150-250 MW/km? High = 250-300 MW/km?; Very
high = 300-550 MW/km?; Extreme: >550 MW/km?.

Detailed regional examples of the mapped intensity are shown in Figure 7. For the
arid, shrub-dominated NBJ (7a) and NE1 regions (7b), the highest KD FRP~ values were
observed in areas with relatively low AGCD levels (up to 15 Mg C/ha), for which the max-
imum fire intensity was predicted. In the NW region (7c) and the C1-2 and WC1-2 regions
(7d), the highest fire intensity was predicted for intermediate AGCD levels (from 15 to 35
Mg C/ha), with a decrease in KD FRP~ values towards the higher biomass levels (>35 Mg
C/ha). In the SE2 tropical forest region (7e), the highest KD FRP~ values were observed
and predicted at intermediate levels of 20 to 35 Mg C/ha.
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Figure 7. Local window maps of aboveground biomass (1), aboveground biomass against MODIS
observed kernel density of FRPx (2); predicted maximum kernel density of FRPx (3); and predicted
against observed kernel density of FRPn (4). Letters (a—e) after numbers 1 to 4 denote the location of
the local detail windows as shown in Figure 6(2). KFRPN: kernel density of FRPx; Very low = 1-50
MW/km?; Low = 100-150 MW/km? Medium = 150-250 MW/km? High = 250-300 MW/km?; Very
high = 300-550 MW/km?; Extreme: >550 MW/km?.

4. Discussion

The Discussion is divided in two sections, the first one dealing with observed varia-
tions in the maximum fire intensity between vegetation types and regions and the second
one focusing on the spatially explicit modeling of variations in fire intensity within each
vegetation type and region. First, we performed an evaluation of remotely sensed fire in-
tensity covering an ample variety of forest ecosystems, ranging from desert shrublands,
semiarid and temperate forests to tropical forests. These observations expand our previ-
ous knowledge of FRP variations between vegetation units (e.g., [98,120,121]), considering
an ample variety of human and climatic conditions [19]. Second, but most importantly,
our study goes beyond characterizing differences in FRP between vegetation types (e.g.,
[109-112,120,121]) to analyze how the 1 km spatial variation in fire intensity within each
of those fuel types and regions is related to internal variations in vegetation productivity
(aboveground biomass).
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In ecological terms, this supports our proposed expansion of the previously sug-
gested ecological hypothesis regarding varying constraints of fire occurrence (e.g., [24-
26]) and maximum fire occurrence at an intermediate productivity (e.g., [23,24]). This
novel hypothesis is spatially analyzed and demonstrated by modeling the finer-scale var-
iation in fire intensity within vegetation types for a large variety of forest ecosystems and
climatic areas. These findings expand our knowledge of within-fuel fire intensity varia-
tions, and how they can be affected by finer-scale vegetation characteristics that had been
generally overlooked in the previous research on FRP characterization and prediction.

4.1. Variations in Fire Intensity Between Fuel Types and Regions

Our study corroborates that FRP values can vary not only between vegetation types
but can also largely vary between regions with different climatic and human conditions
(e.g., [98,112,120,121]). In particular, our study expands previous analyses of fire intensity,
covering an ample geographical area with a large variety of forest ecosystems, as well as
climatic and human conditions, that had been scarcely investigated in terms of remotely
sensed fire intensity (e.g., [122-124]).

Our observed high intensity in Mexican temperate to semiarid pine and pine—oak
forests supports previous observations of higher FRP in conifer forests than in shrubs in
the USA, Australia and Brazil by [110] or in Boreal Alaska, by [125]. It also corroborates,
based on a 1 km national scale analysis for Mexico, the results of [112], who observed,
based on MODIS FRP at 0.25°, that temperate forests globally generally showed a fire re-
gime with high FRP and a high average burned area. The high FRP values observed in
semiarid forests in Northern Mexico also agree with observations of high FRP in areas
with sparse tree canopies in dry climates, such as the open woodlands of Australia [109]
or West Africa [66], or in areas of sparse tree vegetation globally by [112,120,121,126].

On the other hand, our lower observed fire intensity in lower-productivity fuel types
such as pasture-dominated grasslands agree with the observations in [65,66] of higher FRP
in woodland-dominated savannas than in grass savannas in Africa, or those of higher FRP
in shrubs than grasses in the USA, Australia and Brazil in [110]. Furthermore, the very
low observed lower intensity in highly fuel-limited vegetation types such as desert shrub-
lands corroborates previous observations of lower FRP values in areas of low fuel loads
in desertic shrub and grasslands in Africa [111] and previous observations of low fire oc-
currence in those ecosystem types in Mexico (e.g., [12,18,117,127]). In addition, these ob-
servations confirm the potential of remotely sensed FRP to distinguish between fuel types
where higher or lower fire intensity is expected (e.g., [29,34]), supporting the challenge of
mapping fuel models and expected fire potential (e.g., [38,39,114]).

Finally, the high intensities observed in tropical forests and, particularly, dry tropical
forests in the South-Central region by our study corroborate the previous fire emissions
observations in those ecosystems in Mexico from [122,123]. Mexican tropical forests were
documented by [123] to provide the largest C emissions (close to one-third of the national
total), out of which 70% originated from dry tropical forests. Our observed higher fire
intensity in dry tropical forests than in wet tropical forests corroborates similar previous
observations of fire emissions by [122], who observed that dry tropical forests represented
50% of fire emissions in their study area in Central and Southern Mexico, while wet trop-
ical forests only contributed to less than 1% of fire emissions. Based on potential fire re-
gimes, Mexican tropical forests are characterized by fire-sensitive species (e.g., [128,129]),
since they had not frequently burnt intensely by natural causes prior to human interven-
tion. Nevertheless, human pressure by agricultural activities such as agricultural expan-
sion or hunting has resulted in frequent, intense fires in tropical forests in Central and
Southern Mexico (e.g., [19,130,131]) and in other tropical areas (e.g., [132-134]).
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4.2. Variations in Fire Intensity Within Fuel Types
4.2.1. Fire Intensity Within Semiarid Forests, Shrublands and Pasture

Our observed lower intensity values in the lowest biomass range of the majority of
the biomass-fire intensity curves can possibly be attributed to fuel limitation in areas
where both fuel loads and connectivity [135] are limited (e.g., [136-139]). Therefore, our
observations of lower intensities in fuel-limited areas suggest that, beyond explaining fire
occurrence, the varying constraints hypothesis (e.g., [24-26,140,141]) can be expanded by
our proposed ecological hypothesis of expected limitations to fire intensity under lower
fuel biomass loads and continuity, as corroborated here by a very large sample of remotely
sensed FRP values in a large number of semiarid ecosystems.

Some of our models showed increasing FRP in the full range of observed productiv-
ity, such as chaparral forests in Northern Baja California (Figure 4a) or semiarid forests in
the Western-Central region (Figure 4b). In those regions, the highest FRP likely corre-
sponded to either the shrubs with the highest biomass (Figure 4a) or to adjacent semiarid
forests that experienced crown fire (Figure 4b). These observations of increasing FRP with
aboveground biomass in these fuels, and also in the lower productivity range of all semi-
arid forests (Supplementary Figure 52), seem to agree with the previous observations of
higher FRP with increasing precipitation (a likely proxy of fine fuel load) and percentage
of grass cover in fuel-limited ecosystems in West Africa by [66]. Also, for the lower bio-
mass areas of semiarid regions, where vegetation is dominated by shrub and grass fuels,
our observed increase in fire intensity with increasing biomass seems to suggest that the
expected increasing flame length with increasing fine fuel load observed by laboratory
(e.g., [29]) and field studies (e.g., [27]) can be monitored and modeled using remotely
sensed FRP and biomass. Further, our results might also support previous observations
of the potential of remotely sensed fire radioactive power to explain flame length in shrub-
lands (e.g., the study in [50] using UAV FRP), by relating MODIS observed fire intensity
with expected increasing flame length with increasing biomass in these shrub-dominated
fuel types.

On the other hand, several semiarid shrub- and grass-dominated regions displayed
some limitation to fire intensity in the higher biomass regions (Supplementary Figure S2).
Considering the relatively high biomasses at which these FRP limitations were observed,
these areas possibly corresponded to adjacent denser-tree forests, possibly with limited
vertical continuity because of their expected high crown base height (e.g., [18,41,138,139]),
resulting in weather (surface wind and moisture) and fuel limitations to fire intensity. This
would support our proposed hypothesis of both fuel and weather limitations to fire in-
tensity in those more productive areas (i.e., a varying constraints or intermediate-produc-
tivity hypothesis to explain fire intensity).

In semiarid- to Mediterranean-climate environments, shrub and grass fuel accumu-
lation is related to plant age and potential productivity determined by climatic and
edaphic constraints and is largely influenced by fire frequency (e.g., [136,137,142,143]).
Shrub- and grass-dominated semiarid regions in Mexico are expected to have a natural
regime of infrequent, severe fires, often leading to stand replacement from the self-regen-
eration of shrub- and fire-adapted species (e.g., [129,138]). Although our results confirm
the occurrence of high-intensity fires, human activities such as agricultural or urban ex-
pansion have possibly increased fire frequency compared to historical natural regimes in
these semiarid regions in Mexico (e.g., [18,19]), similar to what has been observed in West-
ern US shrublands (e.g., [143,144]) or in many semiarid grassland and shrubland regions
globally (e.g., [145,146]). On the other hand, frequent fire suppression (e.g., [18,19]), limit-
ing fire spread to permit the natural renovation of grasses and shrubs, might paradoxi-
cally lead to increased potential burn intensity because of fuel accumulation. These chal-
lenges highlight the need for the development and application of fire policies supporting
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ecosystem-specific fire management decisions based on expected fire intensity and species
fire adaptations as a consequence of fire regimes (e.g., [2,3,139,147]).

4.2.2. Fire Intensity Within Pine and Oak Forests

Our observations of the highest intensity at intermediate productivity levels in tem-
perate ecosystems are likely related to fuel and moisture limitations to fire intensity at
extreme (lowest and highest) biomass values. This would support our proposed expan-
sion of the intermediate productivity (e.g., [23,24]) and varying constraints hypotheses of
fire occurrence (e.g., [24-26]) for also explaining fire intensity within temperate ecosys-
tems. In transition areas from semiarid shrubby to temperate woody vegetation, higher
fuel dryness can be expected (e.g., [117,148]). In addition, high surface and crown fuel
availability is also expected in those areas, characterized by secondary wood vegetation,
and low and medium tree heights with timber understory fuel models with a low crown
base height and small fuel gap (e.g., [41,138,139]). Stands comprising smaller trees are
more prone to high-intensity crown fires due to high vertical continuity (e.g., [75,149,150])
This high surface and crown fuel availability, combined with high fuel dryness and wind
penetration (e.g., [151,152]), has resulted in the national documentation of larger and more
intense fires in those transition areas [123,124]. In addition, our higher observed intensity
with increasing biomass in the low- to medium-productivity range of temperate forests
might support previous observations in other fuel-limited ecosystems of increased burn
severity with increasing indicators of total vegetation productivity such as aboveground
biomass [62], canopy cover [68] and NDWI [71]. This also could support those positively
relating burn severity to crown biomass [153], crown bulk density [60], tree height heter-
ogeneity [71,75] and surface and crown fuel density [68].

Contrarily, in the denser, high-productivity old-growth temperate forests, our ob-
served lower intensity suggests both fuel and weather influences in limiting intense fire
spread. On the one hand, very dense, old-growth temperate forests have higher fuel mois-
ture and lower wind penetration than more open stands (e.g., [18,117,148]), conditions
that are conducive to lower expected fire intensity (e.g., [29,150]). In addition, in the tem-
perate forests with the highest tree density, the surface fuel load comprises timber litter,
which, because of its higher compaction compared to fine fuels such as shrubs and pas-
ture, results in a lower expected flame length ([29,139]). Finally, the very high crown base
height of old-growth temperate Mexican forests is expected to result in a resilient structure
in those fire-adapted ecosystems (e.g., [18,154]). This latter hypothesis would support pre-
vious observations of lower burn severity with higher values of crown base height (e.g.,
[60,68,149]).

The observed maximum intensity at intermediate biomass levels in pine and oak for-
ests agrees with the expected burn severity based on potential fire regimes for those areas
in Mexico (e.g., [129,138]) and the conceptual fire regimes proposed elsewhere (e.g.,
[131,155]). For example, the conceptual model of fire regimes by [155] proposes that stand-
replacing fires are expected at intermediate site productivity, while predictable surface
and stand-thinning fires are expected at the lowest and highest productivity levels, re-
spectively. In Mexico, Jardel et al. [129,138] also proposed that frequent, low-severity fires
are expected in timber litter-dominated denser stands in wetter, more productive climates
(classified as fire-dependent temperate ecosystems). Contrarily, more severe fires are ex-
pected in the dry-temperate to semiarid pine and oak forests (termed fire-influenced eco-
systems), where surface and crown fuel potential is higher and species are adapted to
infrequent, stand-replacing severe fire events [129,138].

Although, to the best of our knowledge, this is the first study documenting those
variations in remotely sensed active fire intensity (MODIS FRP) against aboveground bi-
omass, our observed tendencies seem to support previous studies that, using medium-
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resolution sensors in relatively ample ecoregion areas under temperate to Mediterranean
climates, have found a humped relationship of burn severity and proxies of forest produc-
tivity (e.g., [61,74]).

4.2.3. Fire Intensity Within Tropical Forests

In the case of dry tropical forests, high vertical continuity and total fuel availability
can be expected in medium-biomass areas, where available fuel comprises shrubby vege-
tation and low-height trees (e.g., [129,138,139]). Although fire behavior as a function of
vegetation height has been less documented in the field for tropical Mexican ecosystems
(e.g., [156]), our remotely observed FRP tendencies suggest that, under dry conditions,
areas of intermediate biomass in dry tropical forests and wetlands are likely to have a
large fuel availability that can support very intense fires. This is aggravated by the previ-
ously documented correlation between years of high fuel moisture stress with high fire
activity (e.g., [117,118]) and high fire intensity and emissions in Mexican dry tropical for-
ests [122,123].

Tropical woody forests are mainly composed of fire-sensitive species [128] that can
suffer high mortality after wildfires. Fire-affected areas become more susceptible to recur-
rent fires as tree cover decreases, which results in increased fuel dryness and load in more
open areas (e.g., [133,134,157]). The deforested and disturbed habitat provides spaces for
the invasion of exotic grasses that makes the native plant species more vulnerable to fre-
quent and potentially more intense fires (e.g., [133,158]). In this sense, intermediate-bio-
mass areas are possibly connected to agricultural expansion into already fire-degraded
tropical forests by human causes, including slash and burn agriculture, which has been
documented to cause frequent fires in Mexican ecosystems (e.g., [130,131]) and in other
tropical areas (e.g., [134,159,160]).

Our remotely sensed observations of lower intensity in denser, higher-biomass trop-
ical forests provides evidence that the varying constraints [24-26] or intermediate-produc-
tivity hypotheses (e.g., [23,140]) can be expanded beyond occurrence to also explain the
observed lower fire intensity in denser, wetter tropical forests. In those areas, fire intensity
is likely limited by a higher fuel moisture, lower wind penetration and lower fuel availa-
bility, both in terms of available fine fuel load and lower vertical continuity (e.g.,
[18,138,139]). This is even more marked in wet tropical forests, which not only have a
comparatively lower fire intensity, possibly linked to their evergreen nature and lower
moisture stress [117,118], but also showed higher fire intensity limitations under denser
canopy conditions in this study.

In addition, lower fire intensities in denser, less degraded areas are possibly linked
to lower human accessibility. One example is the low intensity observed in our study in
the interior of the Calakmul natural protected area in the Yucatan peninsula (Figure 7(4e)),
which is away from populations and road access (e.g., [18,19,123]). On the other hand,
human activities such as slash and burn activities might be related to the observed maxi-
mum FRP at very high biomass values in regions such as WC1 temperate forests and SE2
tropical forests. In those areas, the high observed fire intensities might be related to defor-
estation, which has been documented in Mexico for those regions (e.g., [22,130,161]). This
would agree with the observed highest FRP values in the densest tropical forests of Brazil,
which are subject to harvesting and burning of the entire harvested biomass (e.g., [63]).

While the current study represents a useful, first step towards the spatial characteri-
zation and prediction of remotely sensed fire intensity across and within a large variety
of vegetation and climatic types, future studies should expand this initial effort by con-
sidering additional sources of vegetation and fire intensity data. Regarding vegetation,
the recent availability of a global vegetation height map at 30 m (e.g., [56]) could be ex-
plored to more clearly differentiate varying situations of open against closed and tall
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against low plots, and how they influence fire intensity. The recent global availability of
satellite LIDAR data such as GEDI, which has been successfully used to map not only tree
height (e.g., [56]) but also crown base height [162], should be explored to better improve
our understanding of the role of vertical fuel continuity in facilitating crown fires. Current
ongoing research projects in Mexico, funded by NORTHCOM-USEFS and World Bank to
support CONAFOR fire management capacities, are aiming to use UAV with LIDAR and
field surface and crown fuel inventory in GEDI footprints towards this goal. Finally, fu-
ture studies will aim to predict daily FRP from MODIS, VIIRS and GOES sensors, com-
bining the observed role of biomass with wind and moisture forecasts (e.g., [90]), to sup-
port fire management decision making.

5. Conclusions

The current study analyzed and mapped, for the first time, the relationships between
remotely sensed fire intensity (MODIS FRP) and aboveground biomass at 1 km for a large
variety of vegetation types and ecoregions, ranging from arid and semiarid shrublands to
temperate and tropical forests. The results reveal the potential of MODIS FRP, combined
with remotely sensed biomass, to spatially identify the most hazardous areas, where high
intensities and crown fires are expected. The resulting expected wall-to-wall maximum
fire intensity, obtained for the entire country, can be fundamental in guiding fire manage-
ment decision making, including a more efficient prioritization of fire prevention, sup-
pression and post-fire monitoring and restoration planning.

Furthermore, the observed tendencies in the fuel- and region-specific biomass—fire
intensity relationships confirmed our novel proposed hypothesis of varying constraints
of fire intensity. On the one hand, in the ecosystems with lower productivity, such as
chaparral fuels or some semiarid forests, where fine fuels dominate the fuel complex, fire
intensity was confirmed to be limited by fuel availability. In the lower-productivity range
of those fuel-limited ecosystems, as hypothesized, we observed a positive, non-linear re-
lationship between fire intensity and aboveground biomass (mainly comprising grasses,
shrubs and, occasionally, some small trees). On the other hand, in more productive eco-
systems, such as temperate or tropical forests and in the highest biomass range of semiarid
forests, as expected, a humped relationship of fire intensity and biomass was observed.
Maximum fire intensity in those more productive ecosystems was observed at intermedi-
ate biomass levels, where fuels are expected to comprise a timber understory which, com-
bined with a low tree crown base height and higher wind penetration than denser stands,
results in the highest intensity, possibly associated with crown fires. On the contrary, in-
creasing biomass above this intermediate biomass threshold results in lower fire intensity,
likely caused by a higher fuel gap (lower vertical continuity), weather limitations (less
wind penetration, higher moisture) and decreased loads of fine fuels (understory shrub
and grasses), which are replaced by more compacted, less hazardous fuels (timber litter).

In summary, these results support our novel proposed hypothesis of varying con-
straints to fire intensity: fine fuel loads limit fire occurrence in lower-productivity ecore-
gions dominated by grasses and shrubs; maximum fire intensity is observed in medium
to high-productivity areas (with timber understory fuel models and low crown base
height); and, finally, weather (wind and moisture) and surface and crown fuel limit fire
intensity in the denser areas of the most productive ecoregions.

These results suggest that analyzing the FRP-biomass relationships can provide use-
ful information to map expected fire hazards at a national level (1km resolution), by de-
lineating spatial units based on maximum expected fire intensity. This can aid in the com-
plex task of mapping fuel types and fire potential and might benefit from future studies
examining further fuel variables such as tree crown base height or fuel gap, to expand our
knowledge of the driving mechanisms of fire behavior and consequently improve fire
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management planning. The approach demonstrated in this study can be applied in other
countries to support fire intensity and hazard forecasting. Finally, future studies will eval-
uate the spatio-temporal prediction of FRP considering both the examined role of biomass
combined with dynamic moisture and wind forecasts, to support in the daily prediction
of fire intensity and suppression difficulty to support fire management decision making.

Supplementary Materials: The following supporting information can be downloaded at
www.mdpi.com/10.3390/fire8020054/s1. Figure S1: Observed against predicted kernel density of
FRPN for pine and pine—oak forests; Figure S2: Observed against predicted kernel density of FRPN
for semiarid forests; Figure S3: Observed against predicted kernel density of FRPN for oak forests and
natural pasturelands; Figure S4: Observed against predicted kernel density of FRPN for dry tropical
forests; Figure S5: Observed against predicted kernel density of FRPN for wet tropical forests and wet-
lands; Figure S6: Observed against predicted kernel density of FRPN for desert shrublands.
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