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A B S T R A C T

Fire severity is a function of dynamic interactions between vegetation and burning conditions. To understand the
factors that control it, accurate methods for estimating prefire vegetation structure and composition as well as
fire propagation conditions are required. Here we analyzed the spatial variability of fire severity in a mixed-
severity fire (3217 ha) that occurred in southeast Spain (Yeste, Albacete) from 27th July to 1th August 2017,
burning mostly a pine woodland, including part of an earlier fire in 1994. Fire severity was estimated using three
satellite-based indices derived from the Normalized Burn Ratio (NBR) using Sentinel 2 and Landsat 8 images
from the dates before and immediately after fire. The field-based Composite Burn Index (CBI) was used for
validation. Prefire vegetation conditions and fuel models were derived from LiDAR metrics and other vegetation
data. Fire propagation conditions were estimated based on a fire progression map provided by the Forestry
Services of Castilla-La Mancha. In addition, hourly fire weather and aligned (i.e., in the sense of the propagating
fire-front) slope and wind speed were calculated for each burning period. Regression models using different
spectral fire severity indices and their driving factors were obtained applying Boosted Regression Trees (BRTs).
Fire severity was highly predicted by both burning conditions and prefire vegetation (mean adjusted R2 [Adj.R2]:
86% ± 0.04 and 68% ± 0.05 for training and validation sets, respectively). Alone, burning conditions ex-
plained more variance than LiDAR metrics and vegetation separately. The single variables that contributed most
to the models were the rate of spread of the fire-front, biomass proxies (i.e., Leaf Area Index [LAI] and fraction of
Photosynthetically Active Radiation [fPAR]) and understory vegetation (i.e., density of LiDAR points 1–2m).
Higher fire severity occurred in areas burning uphill, with a high rate of spread driven by high velocity winds
and under high maximum temperature. Fire severity was high in wooded stands that were heterogeneous in
height, composed by scattered and small Pinus halepensis trees, with high and homogeneous understory cover. In
contrast, lower fire severity occurred in mature stands dominated by tall Pinus pinaster and Pinus nigra trees.
There were strong interactions between vegetation, weather, fire-aligned topography and rate of spread. Because
vegetation variables were important drivers of fire severity, even under extreme fire weather conditions, fuel
management treatments to limit fire severity and, potentially, fire size should be implemented.

1. Introduction

Fire severity, defined as the degree of environmental change caused
by fire (i.e., the loss of organic matter, both aboveground and below-
ground) (Keeley, 2009; Morgan et al., 2014), can have multiple eco-
logical implications. Fire severity is directly correlated with carbon
emissions (Conard et al., 2002; Meigs et al., 2009; Veraverbeke et al.,
2015; Harris et al., 2019), and it has significant impacts on vegetation

and soils and may greatly influence ecosystem response trajectories
(Moreno and Oechel, 1993; Holden et al., 2009; Clarke et al., 2013;
Shive et al., 2018), postfire soil erosion (Marion et al., 1991;
Robichaud, 2009), biodiversity (White et al., 2016; Miller et al., 2018)
and also water quality (Shakesby et al., 2003; Doerr et al., 2006).
Moreover, fire severity affects landscape heterogeneity (e.g., unburned
islands), with implications for biodiversity and multiple ecosystem
processes including future disturbances (e.g., Turner et al., 1994;
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Román-Cuesta et al., 2009; Steel et al., 2018; Collins et al., 2019). Given
the large damage of high-severity fires, accurately predicting the spatial
variability of fire severity within fire perimeters is essential for prior-
itizing areas of fuel treatments (e.g., Fernandes and Rigolot, 2007),
obtaining more precise quantification of fire‑carbon balance (e.g.,
Meigs et al., 2009; Veraverbeke et al., 2015), and predicting ecosystem
impacts (Welch et al., 2016; Shive et al., 2018), among other issues.
However, to understand the factors that control fire severity, accurate
methods for estimating prefire vegetation (i.e., structure, composition
and moisture content) as well as burning conditions – including fire
weather, topography and fire progression – are required. Fire severity
may exhibit considerable spatial variability within a fire perimeter
(Turner et al., 1994; Román-Cuesta et al., 2009; Collins et al., 2019)
and the degree to which variability is driven by differences in fuels,
topography or weather can vary, owing to complex interactions among
these factors (e.g., Bradstock et al., 2010; Price and Bradstock, 2012;
Viedma et al., 2015).

It has been shown that fire severity strongly depends both on the
dominant plant species and forest structure (González et al., 2007;
Fernandes et al., 2010; Miller et al., 2009, 2012; Mallek et al., 2013;
DeSiervo et al., 2015). However, it is common in studies focusing on the
spatial variability of fire severity to represent vegetation and fuels only
by coarse-scale maps of vegetation type or land cover (e.g., Hammill
and Bradstock, 2006; Lee et al., 2008), sometimes enhanced with a few
stand structural variables measured in the field (e.g., Broncano and
Retana, 2004; Fernandes et al., 2010; Collins et al., 2007; Thompson
and Spies, 2009; Viedma et al., 2015). The growing availability of Light
Detection and Ranging (LiDAR) data offers opportunities to obtain in-
formation on the horizontal and vertical structure of prefire vegetation,
which can help to greatly improve our understanding of how vegetation
and fuels may govern fire severity. Nonetheless, to this point few stu-
dies of fire severity have complemented coarse-scale vegetation in-
formation with LiDAR data, partly because such data – even when
available – are rarely collected at the right time for a particular fire
(e.g., Wulder et al., 2009; Fernández-Alonso et al., 2017; García-Llamas
et al., 2019).

Fuel moisture content (FMC) has a critical role in fire severity be-
cause the amount of water in fuels is directly related to fire intensity
(Agee et al., 2002). Estimations of FMC from weather variables are
reasonably well suited for dead fuels, because their water content is
highly related to atmospheric conditions. However, in live fuels, species
physiological characteristics and adaptation to drought imply greater
variability of moisture conditions with the same meteorological con-
ditions (Yebra et al., 2008). Nevertheless, when detailed temporal
weather data during the fire event and prefire vegetation type-biomass-
structure are known, FMC can be implicitly estimated by from such
proxies (Camia et al., 1999; Pereira et al., 2005).

Vegetation and fuels are also greatly affected by the fire history of a
site. The legacy of past fires may thus affect subsequent fire severity of a
new fire (e.g., Collins et al., 2007; van Wagtendonk et al., 2012; Price
and Bradstock, 2012; Parks et al., 2014; Clarke et al., 2014; Steel et al.,
2015; Coppoletta et al., 2016; Harris and Taylor, 2017; Barker and
Price, 2018), depending on the vegetation in question and the time
allowed for fuels to grow. However, detailed fire history mapping is
relatively new, and for much of the world only a few decades of digital
data are available.

Topographic effects on fire severity are complex and highly vari-
able, and have often given contradictory results, in part due to the
complex interactions of topography with fuels (e.g., Broncano and
Retana, 2004; Holden et al., 2009; Lentile et al., 2006; Coen et al.,
2018) and fire behaviour (e.g., Oliveras et al., 2009; Viedma et al.,
2015). Some studies have reported strong control of topography over
fire severity even under extreme fire weather conditions (e.g., Holden
et al., 2009; Bradstock et al., 2010; Dillon et al., 2011; Viedma et al.,
2015; Birch et al., 2015; Harris and Taylor, 2015, 2017; Fang et al.,
2015, 2018; Zald and Dunn, 2018), while others have shown that

extreme fire weather conditions can override or shift the relationships
between topography and fire severity (e.g., Collins et al., 2007; Clarke
et al., 2014; Fernández-Alonso et al., 2017; Zald and Dunn, 2018;
Fernandes et al., 2019). However, it can be difficult to determine the
robustness of some assessments because few studies to date have in-
corporated fire progression data, which would allow considering the
alignment between topographical features and the propagating fire-
front (see, e,g., Viedma et al., 2015). Precise maps of fire spread can
solve this problem, but they are either not available or only available
for recent fires in most parts of the world. Using topography without
considering how it interacts with fire propagation can produce spurious
results. Some recent studies have considered interactions between to-
pography and wind but not fire spread (Lecina-Diaz et al., 2014; Birch
et al., 2015; Fernández-Alonso et al., 2017).

Synoptic patterns associated with large summer forest fires in the
western Mediterranean region are mainly related to anomalous ad-
vection of hot and dry air from Northern Africa (Pereira et al., 2005;
Trigo et al., 2006; Amraoui et al., 2015). Vegetation hydric and thermal
stress, particularly during severe heatwaves, are highly correlated with
the occurrence of the most devastating fires in the Mediterranean
(Lindner et al., 2010). Extreme fire weather (e.g., strong winds, high
temperature, low air humidity) – which increases the efficiency of heat
transfer and the rate of spread while reducing fuel moisture at the same
time (e.g., Fernandes et al., 2004; Cruz and Alexander, 2013) – is often
considered to have a predominant influence on fire severity (Bradstock
et al., 2010; Coen et al., 2018; Jones et al., 2009). Nevertheless, it is
difficult to assess what is extreme, as it is a qualitative concept that
varies across different regions (for example, Australian savannas vs.
boreal forests) (e.g., Bradstock et al., 2010; Thompson and Spies, 2009,
2010; Coen et al., 2018). As with vegetation and fire progression data,
the resolution of weather data can confound an analysis. Data quality-
related reasons for the low explanatory power of weather variables can
include coarse spatial (e.g., 4-km) (e.g., Birch et al., 2015) and temporal
resolutions (e.g., daily or 10-day) (Thompson and Spies, 2009, 2010;
Dillon et al., 2011), low variability in the data (Parks et al., 2015;
Whitman et al., 2018), and distant weather stations that poorly reflect
local conditions (Collins et al., 2007; Zald and Dunn, 2018). For a
highly credible understanding of the role of weather on fire severity it is
necessary to study the impact of different variables at high temporal
and spatial resolutions, with a marked attention to the wind speed and
direction (Viedma et al., 2015; Lahaye et al., 2018).

A rarely considered, but theoretically important, factor in de-
termining fire severity is the location of burning with respect to ad-
vancing fire front (head vs. flank vs. rear) (e.g., Ryan, 2002; Oliveras
et al., 2009) and the varying rate of spread of the fire-front (e.g.,
Viedma et al., 2015). Accordingly, it has been shown that heading fire
(i.e., with the wind) burns upslope with higher intensity than backing
fire (against the wind), that burns downslope, or flanking fire which
burns perpendicular to the wind's direction (Oliveras et al., 2009;
Andrews, 2018). In addition, it has been shown that fire intensity (and
subsequent fire severity) increased as the rate of spread of the fire-front
incremented (Viedma et al., 2015; Andrews, 2018).

Just as fire severity has myriads of ecological and management
impacts, it can also be measured in many ways (Safford et al., 2008;
Keeley, 2009). Field-based approaches have estimated fire severity
using consumption of organic horizons, ash color, biomass loss of
shrubs or trees, height of the scorch, canopy consumption and tree
mortality, among other metrics (e.g. Moreno and Oechel, 1989; Pérez
and Moreno, 1998; van Wagtendonk et al., 2004; Hammill and
Bradstock, 2006; Fernandes et al., 2010; Welch et al., 2016). Never-
theless, the relatively high cost of these field-based approaches has led
to the widespread use of remotely sensed images to analyze large
landscapes for fire severity (Parks et al., 2014). Recently, higher spec-
tral, temporal, and spatial resolution data have become available from
new sensors like the Sentinel 2 MultiSpectral Instrument (MSI) (e.g.,
Mallinis et al., 2018).
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There is an active discussion about which of the most oftenly used
spectral indices is best suitable to estimate fire severity and under what
conditions (Parks et al., 2018; Harvey et al., 2019). Several studies have
reported that the Normalized Burn Ratio (NBR) (NBR: [NIR-SWIR]/
[NIR+ SWIR]) and its derivatives, such as the differenced Normalized
Burn Ratio (dNBR), the Relative differenced Normalized Burn Ratio
(RdNBR), and the Relativized Burn Ratio (RBR), appear to be the most
appropriate standard spectral indices for estimating fire severity (Parks
et al., 2014). However, it has also been found that in heterogeneous
areas, with high presence of shrubs and grasses, dNBR can be a poor
preditor of field-based fire severity measures (e.g., Allen and Sorbel,
2008; Harvey et al., 2019). The dNBR as a metric of absolute change is
strongly correlated with pre-fire green biomass. Therefore, areas with
low pre-fire vegetation cover (i.e., low pre-fire NBR value) will gen-
erally have low dNBR values, regardless of the degree of fire severity
(Miller and Thode, 2007; Parks et al., 2014). Accordingly, when prefire
vegetation is spatially variable, RdNBR and RBR may offer an im-
provement over dNBR. Nevertheless, there is no strong consensus re-
garding the strengths and weaknesses of each index, owing mainly to
the variable performance of these metrics across different biophysical
gradients (Cansler and McKenzie, 2012; Parks et al., 2018).

In this paper we analyze the spatial variability of fire severity in a
large fire that occurred in southeastern Spain (Yeste, Albacete) in
summer 2017, using three sets of explanatory variables related to (1)
prefire vegetation, (2) LiDAR metrics and (3) burning conditions (fire
propagation, weather and topography). A main novelty in this work is
that we incorporate to our analytical framework a number of variables
that rarely combined together, including field-based fire severity mea-
sures as control, fire progression maps, LiDAR, and fire-weather data at
high spatial and temporal resolution. We also calculate 3 spectral in-
dices as estimates of fire severity, derived from the NBR (i.e., dNBR,
RBR and RdNBR) using Sentinel 2 MSI and Landsat 8 Operational Land
Imager (OLI) images. Using this unique dataset, we asked five ques-
tions: 1) Do the various fire severity indices derived from different sa-
tellites reflect field-based fire severity equally well? 2) How prefire
vegetation characteristics (including fuel models) affects fire severity?
3) Can LiDAR data help to more robustly determine the role of vege-
tation on fire severity? 4) How is fire severity related to burning con-
ditions? 5) In what ways do prefire vegetation and burning conditions
interact in driving fire severity?

2. Methodology

2.1. The study area

The study area was the Yeste fire (Albacete province, SE Spain), that
occurred in summer 2017 (Fig. 1a). The fire started on July 27th, one
day before of an incursion of warm tropical air from Africa, and was
controlled on August 1st, after burning 3217 ha. Prefire weather con-
ditions, characterized by the percentiles of the average air temperatures
(a proxy for thermal stress of forest fuels) and the Drought Code (DC) of
the Canadian Fire Weather System from of the previous 7 days, in-
dicated that at the start of the fire thermal stress was approximately the
60th percentile and increased to the 95th percentile by the time of fire
containment, whereas drought conditions were moderate 35th per-
centile before and during the fire. The Azores anticyclone with anom-
alous advection of hot and dry air from northern Africa was the dominat
synoptic pattern during the fire. Depending on the dominant spread
factor, this fire was the result of a combination of topography and wind.
Under wind dominated phases, the fire spread with high intensity as
both a surface fire and a passive crown fire, with spotting caused by
firebrands (personal communication by the personnel of the Forestry
Services of Castilla-La Mancha). Winds during the event came pre-
dominantly from the W-NW, shifting periodically to E-SE with sustained
maximum velocities between 50 and 80 km/h (Fig. 2a). Air temperature
was very high, with maxima 38–40 °C, and minima>20 °C (Fig. 2b).

Relative humidity was generally low (< 5%, with some moister peaks
near 25%). The burned area primarily affected pine forests (i.e., Pinus
pinaster Ait., Pinus halepensis Mill. and, to a lesser extent, Pinus nigra
Arnold) (44%); open Pinus halepensis woodlands with dense understory
of grass and/or shrubs (40%); and shrublands (Juniperus oxycedrus L.
and Arbutus unedo L.) (16%) (Fig. 1b).

2.2. Spectral fire severity indices and field-based composite burn index
(CBI)

Two Sentinel 2 MSI images (10m pixel), captured on July 18th,
2017 (prefire), and August 14th, 2017 (immediately postfire), were
downloaded from the Copernicus open access hub server at the pro-
cessing level L1C. Correction of the images for surface reflectivity (level
L2A) (hereafter ‘Sentinel 2A’) was made using the Sen2Cor processing
tool in SNAP 6.0 software (https://step.esa.int/main/snap-6-0-
released/). All bands were resampled to 10m pixel resolution, using
the reference band B2, and a water and cloud mask, available for each
scene in SNAP 6.0, were overlaid. In addition, two Landsat 8 OLI
images (30m) from July 16th, 2017 and August 22th, 2017, corrected
for radiometric, geometric and terrain distortions with LaSRC system
algorithm, were obtained (https://earthexplorer.usgs.gov/). We used
the Normalized Burn Ratio (NBR) to calculate the following spectral fire
severity indices: dNBR=NBR prefire – NBR postfire, RBR= (dNBR/
(NBR prefire+ 1.001)) and RdNBR= (dNBR/(square root (abs(NBR
prefire /1000))) from Sentinel 2A and Landsat 8 OLI images, respec-
tively (see Miller and Thode, 2007 and Parks et al., 2014 for further
details). In addition, we calculated the ground-based Composite Burn
Index (CBI) (Key and Benson, 2006) that generates a score for burn
severity between zero and three (from lower to higher burn severity),
based on ratings of up to 23 biophysical variables, which were divided
into five sections based on forest strata level, herbs and low shrubs, tall
shrubs and saplings, intermediate trees and mature, tall trees. CBI was
estimated from field sampling in 57 plots (30m diameter) located in
proximity to major travel routes and within areas with homogeneous
fire severity levels, and related it with the spectral fire severity indices
using linear and 2nd order polynomial models (Fig. 1c). Finally, to
estimate the area covered by different levels of fire severity, we clas-
sified the spectral fire severity indices according to their statistical
distributions into CBI classes defined following standard thresholds
(Key and Benson, 2006; Fernández-Garcia et al. 2018): low-moderate
(≤ 2), moderate-high (> 2 to ≤2.5), high (> 2.5 to<3.0) and very
high (3).

2.3. Sets of explanatory variables

2.3.1. Vegetation data
Prefire vegetation composition (i.e., dominant and codominant

species) was derived from the latest National Forest Map (NFM)
(1996–2007) at 1:50.000 scale (https://www.miteco.gob.es) (Fig. 1b).
Prefire tree spacing and tree volume (m3/ha) were available from the
4th National Forest Inventory (NFI) (http://visores.castillalamancha.
es/ginfor/#/app) (SM Table 1 and SM Fig. 1 a-b). Finally, some bio-
physical variables (i.e., Leaf Area Index [LAI] and fraction of Photo-
synthetically Active Radiation [fPAR]) were estimated from the prefire
Sentinel 2A image (July 18th 2017) using SNAP 6.0 software (https://
step.esa.int/main/snap-6-0-released/) (SM Table 1 and SM Fig. 2). LAI
and fPAR were estimated using Neural Networks trained with simulated
leaf optical properties and the top of canopy reflectances derived from
the Radiative Transfer Models PROSPECT and the PROSPECT+SAIL,
respectively.

2.3.2. LiDAR metrics
LiDAR data were obtained from the 2nd Spanish National LiDAR

flight, carried out over the study area on 2016, and downloaded from
the Spanish Geographic Institute (SGI) (http://centrodedescargas.cnig.

O. Viedma, et al. Remote Sensing of Environment 247 (2020) 111891

3

https://step.esa.int/main/snap-6-0-released/
https://step.esa.int/main/snap-6-0-released/
https://earthexplorer.usgs.gov/
https://www.miteco.gob.es
http://visores.castillalamancha.es/ginfor/#/app
http://visores.castillalamancha.es/ginfor/#/app
https://step.esa.int/main/snap-6-0-released/
https://step.esa.int/main/snap-6-0-released/
http://centrodedescargas.cnig.es/CentroDescargas/index.jsp


es/CentroDescargas/index.jsp). There were up to 4 returns per pulse,
and the average point density per square meter was 1.29 for all returns,
and 1.11 for last returns (available at: http://pnoa.ign.es/
especificaciones-tecnicas). LiDAR points were filtered for noise using
LasTools (Rapidlasso, 2019) and CloudCompare software (http://www.
cloudcompare.org/), which considerably reduced the amount of noise
(Fig. 3).

After pre-processing LiDAR files, ground returns were classified
using LasTools (Rapidlasso, 2019), and a sensitivity analysis was car-
ried out using different settings, including the original classification of
ground points in LAS files, as well as the settings applied by Silva et al.
(2017) for assessing the accuracy of the derived Canopy Height Model
(CHM) (see accompaining Methods paper). After that, we used two
ground filters: a smooth one, using –town option and low spike and
offset values (called ‘town’ hereafter), and a rough one, using –wild-
erness option and high spike and offset values (‘wild’) for normalizing
the height of the points above the ground and calculating the Canopy
Height Models (CHMs) (Fig. 3).

The two CHMs derived from town and wild ground-classified points
showed deficiencies caused by Type I and Type II errors (SM Fig. 3),
which were corrected by applying a masking approach (SM Fig. 4),
resulting in a ‘composed’ CHM free of errors (Fig. 1d). We applied a
“spike-free” algorithm (Khosravipour et al., 2016) to build the CHMs at
2m pixel size using LidR package (Roussel and Auty, 2018) in R soft-
ware (R Core Team, 2017). This method solves the problem of empty
pixels and so called “pits”. Afterwards, we detected trees and

segmented their crowns from LidR package (Roussel and Auty, 2018),
and computed several metrics for crown area and maximum height
(mean, median, standard deviation, minimum and maximum) at 30m
pixel size and delineated crown contours using the raster package
(Hijmans and van Etten, 2012) from R software (R Core Team, 2017)
(Fig. 4 and SM Fig. 5).

Height metrics for different vegetation strata (< 2m and≥ 2m)
were calculated at 10m and 30m pixel size using LasTools software
(Rapidlasso, 2019) (SM Table 2). We only show results from the 30m
data since they are very similar to the 10m data, and the 30m data
provided a better statistical fit. For vegetation< 2m, the normalized
‘Town’ ground points were used, whereas for vegetation ≥ 2m we used
the normalized ‘Wild’ ground points due to the Type I and Type II errors
that such filters had for classifying ground points separately (SM Fig. 3).
In addition, as a measure of the relative shape of the canopy (≥ 2m),
we used the Canopy Relief Ratio (CRR) (Parker and Russ, 2004), which
is defined as: [Hmean-Hmin/Hmax-Hmin], where Hmean, Hmin, and
Hmax are the mean, minimum and maximum canopy heights, respec-
tively. This ratio reflects the degree to which outer canopy surfaces are
in the upper (CRR > 0.5) or in the lower (CRR < 0.5) portions of the
height range. Then we obtained the density of different height bins
below 2m (< 0.6, 0.6–1, 1–1.99m) and above 2m (2–4, 4–6, 6–8,
8–10, 10–15, 15–20,> 20m) by dividing the points at each height
range by the total number of points and scaling them to a percentage
(Fig. 4). Finally, we calculated density of height bins at 0.5m until 2 m
and at 1m from that value to get several diversity metrics (i.e., Simpson

Fig. 1. Location of the Yeste fire (Albacete province, Spain); a) elevation map at 5m pixel size downloaded from the Spanish Geographic Institute (SGI) (www.ign.
es); b) map of dominant and co-dominant species: Au-Ph (Arbutus unedo–Pinus halepensis), Jox-Ph (Juniperus oxycedrus-P.halepensis), Ph-Oe (P. halepensis-Olea eur-
opea), Ph-Pp (P.halepensis-P.pinaster), Ph-Pn (P.halepensis-P.nigra) and Pp-Qi (P.pinaster-Quercus ilex) and other combinations based on those species downloaded from
the 4th National Forest Inventory (http://visores.castillalamancha.es/ginfor/#/app); c) location of field plots (n=57) in which the Composite Burn Index (CBI) was
estimated a few months after fire, and d) composed Canopy Height Model (CHM) derived from LiDAR using both “Town” and “Wild” ground-classified points after a
masking approach (see SM Figs. 1-2).
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and Shannon diversity indices, and evenness and Berger indices for
dominance indices) using Biodiversity R package (Kindt and Coe, 2005)
(SM Table 2 and SM Fig. 6).

Fuel models were based on the Prometheus fuel classification fra-
mework (PSP, 1999). These fuel types were defined for surface fire
modelling, considering fuel height and density. The main criterion of

classification is the propagation element, divided into three major
groups: grass, shrubs, or ground litter (Riaño et al., 2002). Fuel types
were determined using the LiDAR height metrics derived at 30m and
some compositional metrics (i.e., percentage covered by different
height ranges ([< 0.6 m, 0.6–1m, 1–2m, 2–4m and≥ 4m] at 30m
pixel size) derived from the ‘composed’ CHM (Fig. 4). Our approach

Fig. 2. Hourly weather data during the fire progression: a) wind speed (Km/h) and b) maximum air temperature in °C (left y-axis) and relative air humidity (%) (right
y-axis). The fire started on July 27th 2017 at 12;00 h, and it was controlled on August 1st at 17:15h.

Fig. 3. Flowchart of the methodology followed for processing LiDAR and obtaining the “composed” Canopy Height Model (CHM). See details in the accompaining
Methods paper
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consisted on assigning established thresholds covered by each vegeta-
tion layer, and the thresholds of vertical distance to each pixel (30m)
using LiDAR metrics (Marino et al., 2016) (Table 1). To the Prometheus
classification, we added other fuel model types that included the
variability of vegetation structures found in the study area (i.e., open
forests [< 30% trees] and medium dense forest [> 30% and < 50%
trees]) (Table 1 and SM Fig. 7). Vertical continuity was measured as the
difference between minimum height at the ≥4m stratum, and the
maximum height at 2–4m stratum. We defined any difference > 0.5m
as lacking vertical continuity, otherwise there was continuity.

2.3.3. Burning conditions
A fire progression map (isochrones) was provided by the Forestry

Services of Castilla-La Mancha as well as a map of the perimeter of a
previous fire that had occurred in 1994 (Fig. 5a). Based on the iso-
chrone map, the burned area was divided into 18 burning periods, each
corresponding to the areas/polygons outlined by two consecutive po-
sitions of the fire front (isochrones). The burning periods were not of
equal duration and they ranged from 1 h 30min to 10 h. From the fire
progression map, we calculated two fire propagation-related variables:
propagation direction (azimuth degrees) and rate of spread (mmin−1)
of the fire-front (Fig. 5b). We used the maximum distance between any
two points across the starting and ending fire perimeters of two con-
secutive burning periods to determine the compass direction and rate of

maximum spread of the propagating front (see Viedma et al., 2015 for
further details). In addition, the weather conditions for each burning
period were calculated using hourly data from an automated weather
station located next to the fire. These included maximum surface air
temperature (°C) and mean air relative humidity (%), which were as-
signed to every burning period (SM Table 3).

Additionaly, we used a 5m resolution Digital Terrain Model (DTM)
from the SGI (www.ign.es), derived from LiDAR data, to calculate
aligned winds and slopes to the propagation direction of the fire-front.
Hourly wind direction and wind speed data were spatially-explicit de-
rived (from the DTM resampled at 50m pixel scale to avoid spurious
results) to estimate local wind changes caused by topographic variation,
using the wind simulation program WindNinja (Forthofer, 2007). Using
spatially explicit wind variables and fire propagation data, a measure of
directional wind speed was derived (“fire-front direction vs. wind di-
rection and speed alignment”; see Viedma et al., 2015 for further de-
tails) (SM Table 3 and Fig. 5c). Positive and high values were related to
fast fire-aligned winds (i.e., wind blowing in the same direction, or
close it, of the fire propagation front) and low and negative values to
slower, non-aligned winds. Finally, we derived directional slope (i.e.,
fire-front direction-aspect alignment), based on the DTM at 5m and the
propagation direction of the fire-front. Negative values are given for
aspects opposite to the propagating direction of the fire-front (i.e.,
upslope-uphill), and positive values for downslope propagation (SM

Fig. 4. Flowchart of the methodology followed for processing LiDAR and obtaining several height metrics, tree properties and the fuel models according to the cover
and height thresholds established by Prometheus classification (PSP, 1999).

Table 1
Adaptation of the Prometheus fuel classification framework to the study area. Here, we have included the new fuel models 3b and
8–11.

Fuel models (LiDAR metrics and CHM)

Herbs-Grasslands (< 60 cm) FM 1–2: > 50% of vegetation < 60 cm and < 10% trees
Shrublands (< 4m)
Small-medium FM 3a: > 50% of vegetation 60 cm-2m and < 10% trees

FM 3b: > 60% vegetation <2m and < 10% trees
Tall shrubs / Small trees FM 4: > 50% of vegetation 2m–4m and < 10% trees

Forests (≥ 4m)
Open forests FM 8: < 30% trees and > 50% shrubs with vertical continuity

FM 9: < 30% trees and > 50% shrubs with no vertical continuity
Forest with medium density FM 10: > 30% and < 50% trees and > 50% shrubs with vertical continuity

FM 11: > 30% and < 50% trees and > 50% shrubs with no vertical continuity
Dense forest FM 5: > 50% trees and < 30% shrubs

FM 6: > 50% and and > 30% shrubs with no vertical continuity
FM 7: > 50% and and > 30% shrubs with vertical continuity
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Table 3 and Fig. 5d). We used the plugin Directional Slope (https://
plugins.qgis.org/plugins/tags/directional-slope/) in QGIS 2.18
(https://www.qgis.org/es/site/) to calculate directional slopes.

2.4. Statistical analysis

We determined the relationships between the spectral fire severity
indices and the sets of explanatory variables (i.e., prefire vegetation,
LiDAR metrics and burning conditions) (see SM Tables 1–3) using
Boosted Regression Tree (BRT) models (Elith et al., 2008). Moreover,
we used additional BRT models to explain the underlying factors that
were behind the most important drivers of fire severity (apart from
explaining fire severity) to increase our understanding about fire be-
haviour. The BRT approach is a nonparametric machine-learning
technique that uses the technique of boosting to adaptively combine
large numbers of relatively simple Regression Tree (RT) models to op-
timize predictive performance (Elith et al., 2008). Optimal settings for
these parameters were set by examining the cross-validated residual
deviance over a range of tree complexity (4–8 nodes) and learning rates
(0.1, 0.01, and 0.001) (Viedma et al., 2015). The combination of the
parameter settings with the lowest cross-validated residual deviance
was then selected to produce the final BRT models. A variable was
considered important if its relative importance for model improvement

was ≥ 5%, and the interaction between variables was considered sig-
nificant when the Friedman's H-statistic (scaled between 0 and 1) was
≥ 0.3 (see Viedma et al., 2015 for further details). The predictive
performance of all BRT models was assessed for training (n=800),
stratified by the different burning periods, and independent validation
(n=220) at points sampled> 60m apart (SM Fig. 8). Performance
measures were: i) coefficient of determination R to evaluate the quality
of model fit for cross-validated training data (one-third of the samples
were randomly assigned for the training set and the remained as the
learning samples in BRT models), ii) adjusted R2 between observed and
predicted data for training and validation points, iii) the autocorrela-
tion in residuals, measured by the Moran's index, and iv) a jackknife
estimator of the importance of each set of variables. The jackknife ap-
proach consisted of removing sets of predictor variables (i.e., vegeta-
tion, LiDAR metrics and burning conditions) from the full model, one at
a time, as well as using only one set of variables at a time. The differ-
ences in performance measures (i.e., cross-validated R [CVR], adjusted
R2 and Moran's index) between the full- and partial-models (with and
without any set of variables), for training and validation data, indicated
the honest contribution of each set of variables to the model (Bar
Massada et al., 2012). Standard deviation of each performance measure
is given between spectral severity indices. BRT models were fitted using
a Gaussian data distribution of the response variable (i.e., dNBR, RBR

Fig. 5. a) Map of the progression of the fire-front at various times, and perimeter of the previous fire from 1994 (blue line) provided by the Forestry Services of
Castilla-La Mancha; b) rate of spread of the fire-front (mmin−1) for each burning period; c) directional wind speed (i.e., aligned to the fire-front propagation
direction); and d) directional slope (i.e., aligned to the fire-front propagation direction). (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)
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and RdNBR severity indices for Sentinel 2A and Landsat 8 OLI) by
applying the gbm package (Ridgeway, 2007) and R code provided by
Elith et al. (2008).

3. Results

3.1. Spectral fire severity indices vs ground-based composite burn index
(CBI)

The CBI fitted RBR (linear models [R2= 0.79 and 0.72], and 2nd
order polynomial models [R2=0.86 and 0.81]) better than dNBR
(linear models [R2=0.63 and 0.56], 2nd order polynomial [R2= 0.78
and 0.75]) and RdNBR (linear models [R2= 0.56–0.51], 2nd order
polynomial [R2= 0.84 and 0.77]), for Sentinel 2A and Landsat 8 OLI,
respectively (Fig. 6).

Concerning the area supporting different levels of fire severity, CBI
classification indicated that the low and moderate fire severity classes
were slightly different but non-significantly in the median values of the
spectral fire severity indices, the same was true for the high and very
high classes (SM Fig. 9). Grouping the four CBI classes into two (≤ 2.5
and > 2.5), all spectral fire severity indices were significantly dif-
ferent, especially those derived from Sentinel 2A (SM Fig. 10). This

classification produced a similar spatial pattern of fire severity among
indices, and a more comparable statistical distribution than standard
thresholds (SM Fig. 11). Overall, RdNBR produced a higher proportion
of area burned with high fire severity (35%) than dNBR (23%) and RBR
(17%) (Fig. 7).

3.2. Fire severity explanatory models

The full BRT models based on all sets of variables (i.e., prefire ve-
getation, LiDAR metrics and burning conditions) showed high ex-
planatory power (mean cross-validated regression coefficient [CVR]:
76% ± 0.05; mean adjusted R2 [Adj.R2]: 86% ± 0.04 and
68% ± 0.05, for training and validation data, respectively, and
Moran's index 0.14 ± 0.02). Deviations refer to the three spectral in-
dices for the two satellites (n=6 models) (Table 2).

Fire severity increased greatly in areas with medium-high LAI va-
lues (c.a. 1.5) for dNBR and RBR, and in areas with low fPAR values
(c.a. 0.2) for RdNBR (Fig. 8 and Table 2). For all spectral indices and
both satellites, the vegetation types which burned with highest fire
severity were scattered trees of Pinus halepensis with shrubs (i.e., Jox-Ph
and Ph-Jox), followed by mixed forests of pines (i.e., Ph-Pp and Pp-Ph)
and treeless shrublands; forest stands dominated by Pinus pinaster and

Fig. 6. 2nd order polynomial models used to fit the Composite Burn Index (CBI) to the three spectral fire severity indices used: a-b) difference Normalized Burn Ratio
(dNBR) for Sentinel 2A and Landsat 8 OLI; respectively, c-d) Relative Burn Ratio (RBR) and e-f) Relative difference Burn Ratio (RdNBR).
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Pinus nigra tended to support lower fire severity (Fig. 8 and Table 2).
Structurally speaking, heterogeneous stands (i.e., medium-high even-
ness of height bins), dominated by small-medium trees (maximum
height≥ 2m below 5m and trees with small crown area), with a high
proportion of homogeneous tall shrubs (high density of LiDAR points
between 1 and 2m with a P90 < 2m greater 1.5 m and homogenous
intensity values) burned with high fire severity. Furthermore, stands
that also included a high proportion of medium shrubs (60 cm to 1m)
were severely affected by fire, mainly according to RdNBR (Fig. 8 and
Table 2). Concerning fuel models, they were relevant only for ex-
plaining fire severity derived from RdNBR Landsat 8 (in full and partial
BRT models), being hidden by prefire vegetation and LiDAR metrics in
the case of the other spectral fire severity indices. We found that
medium shrubs (FM 3), tall shrubs and/or small trees (FM 4), and open

forests with shrub understory (FM 8) had high density of points be-
tween 1 and 2m and low values of Hmax ≥ 2m, crown area and LAI;
all of these properties were linked to high fire severity (Table 2 and SM
Fig. 12).

Regarding burning conditions, and for all spectral indices and both
satellites, higher fire severity values were found where the rate of
spread of the fire-front was high (c.a. 15mmin−1, which was above the
3rd quartile), fire spread upslope (high and negative directional slopes),
and when high winds blew windward and also leeward to the fire-front
(especially for the RdNBR). Fire severity was also high under high
maximum temperature (> 35 °C) (Fig. 8 and Table 2). Recent fire his-
tory (i.e., areas burned or not in 1994) played a minor role in full
models, mainly because it was hidden by other variables related to
vegetation composition and structure. When only variables related to

Fig. 7. Maps of fire severity classes applying a customized classification after modelling CBI with spectral fire severity indices: a) dNBR from Sentinel 2 MSI; b) dNBR
from Landsat 8 OLI; c) RBR from Sentinel 2 MSI; d) RBR from Landsat 8 OLI; e) RdNBR from Sentinel 2 MSI, f) RdNBR from Landsat 8 OLI and g) percentage of
occupation of the fire severity classes for each spectral index.

Table 2
Native variable importance (in percentage) derived from full Boosted Regression Trees (BRT) based on prefire vegetation, LiDAR metrics and burning conditions for
explaining different spectral fire severity indices. Explanatory variables (in bold) were those present in the full BRT models of all fire severity indices. Explanatory
variables (in italics) showed relative importance< 5% in the full BRT models but overpassed that thresholds in partial BRT models (jaccknife approach). Explanatory
variables with a relative importance< 5% in the full BRT models are not shown.

Full models dNBR-S2 dNBR-L8 RBR-S2 RBR-L8 RdNBR-S2 RdNBR-L8

LAI/fPAR 27.52 13.28 15.66 9.42 11.37 5.66
Dominant species 4.85 6.01 5.65 7.42 7.69 15.91
Tree volume (vcc) 3.78 3.06 3.93 3.28 3.39 3.69
Tree spacing (s) 2.52
Intensity sd < 2m 4.88 5.00 5.77 7.01 9.06 9.97
Hmax≥ 2m 5.34 3.49 6.41 4.49 11.27 8.22
Density points 1–2m 8.72 11.51 14.62 14.17
Evenness wilderness 9.12 11.31 4.71 4.45
Median crown area 2.35 3.28 3.20 3.88 3.10
P90 < 2m 4.24 2.90
Vegetation cover 60 cm- 1 m (CHM) 4.36
Vegetation cover > 4m (CHM) 12.79
Fuel models 5.12
Rate of spread of the fire-front 18.65 27.70 17.85 22.04 9.11 13.75
Max. surface air temperature 7.57 6.69 9.77 9.18 8.70 12.48
Directional wind speed 4.23 4.12 5.93 5.84 8.76 7.16
Directional slope 5.35 5.48 6.43 6.80 5.37 5.56
Relative air humidity 4.00
Cross validated regression coefficient (CVR) 0.79 0.81 0.74 0.78 0.68 0.76
Adjusted R2 Predicted vs Observed (Training) 0.85 0.90 0.81 0.92 0.85 0.83
Adjusted R2 Predicted vs Observed (Validation) 0.72 0.68 0.71 0.71 0.63 0.60
Residuals autocorrelation (Moran's Index) 0.14 0.13 0.15 0.13 0.11 0.16
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burning conditions were included in the BRT models, reburning was a
significant predictor of all indices. When the set of prefire vegetation
variables were included alone in BRT models, reburning was significant
for RBR and RdNBR, but when considering only LiDAR variables, re-
burning was significant only for RdNBR. Nevertheless, reburned areas
showed higher fire severity than areas not burned prior to the current
fire (SM Fig. 13), having a high density of points between 1 and 2m and
low values of Hmax ≥ 2m, crown area and LAI; all of these properties
were linked to high fire severity (SM Fig. 14).

According to the native variable importance derived from BRT
models, the average contribution of burning conditions to the full BRT
models was 39.7% ± 4.9, the average contribution of LiDAR metrics
was 28.7% ± 5.4 and the contribution of prefire vegetation was
21.7% ± 5.5 (Fig. 9). There were significant differences between the
contribution of burning conditions and prefire vegetation, but there
were not significant differences between satellites, nor among spectral
fire severity indices (Fig. 9). The single variables that most contributed
to the full BRT models were rate of spread of the fire-front
(18.2% ± 6.4), LAI-fPAR (13.8% ± 7.5) and density of points at

1–2m (12.2% ± 2.7).
Based on the jaccknife approach, variables related to burning con-

ditions were the strongest predictors of fire severity, being slightly
better (mainly in the Adj. R2 [56% ± 0.06] for validation data and
Moran's index [0.24 ± 0.03]) than prefire vegetation and LiDAR me-
trics alone (Fig. 10). BRT models including only prefire vegetation or
LiDAR metrics explained less variance (Adj. R2: 45% ± 0.05 and
35% ± 0.03 for training and validation data; respectively), and there
were not significant differences between them in any performance
measure (Fig. 10). In addition, models including vegetation or LiDAR
data plus burning conditions produced significantly higher fitting
(Adj.R2: 71% ± 0.04 and 61% ± 0.02 for training and validation
data; respectively) than models that did not include burning conditions
(i.e., models with vegetation plus LiDAR data) for all performance
measures (Fig. 10). Finally, there were not significant differences be-
tween satellites neither among fire severity indices in any measure of
models´ performance (not shown).

Moreover, there were significant interactions among the best pre-
dictor variables, especially for dNBR and RdNBR (SM Table 4).

Fig. 8. Partial dependence plots of the most significant explanatory variables derived from full BRT models based on all sets of variables (i.e., prefire vegetation,
LiDAR metrics and burning conditions). The y-axis represents the z score of the spectral fire severity index and the x-axis the original explanatory variables.
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According to the full BRT models, vegetation composition, biomass
(i.e., LAI/fPAR) and vegetation structure interacted so that stands
which burned at higher fire severity were those characterized by

medium-high LAI or low fPAR (depending on the spectral fire severity
index); small trees of Pinus halepensis and open-canopy stands with high
and homogeneous understory cover (SM Table 4 and Fig. 11).

Fig. 9. Native variable importance of each set of variables (i.e., prefire vegetation, LiDAR metrics and burning conditions) in the full Boosted Regression Trees (BRT)
models for explaining the spatial variability of different spectral fire severity indices. In the inset it is shown a box-plot of the native relative importance of each set of
variables joining all indices and satellites. Letters indicated their separability according to the Dunn Test (non-parametric post hoc test).

Fig. 10. Box-plots of main performance measures derived from BRT models joining all indices and satellites. From upper left to right bottom: cross-validated R,
Adj.R2 for training and validation data, and autocorrelation in residuals (Moran's index). Letters shown significant differences using the Dunn Test (non-parametric
post hoc test).
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Vegetation biomass (i.e., LAI/fPAR) interacted with burning conditions,
especially in the RdNBR models. Hence, for burned stands with LAI/
fPAR held constant, fire severity was higher in sites where the rate of
spread of the fire-front was higher and fire spread upslope under high
air temperature (Fig. 11).

There were several important interacions among burning condition
variables (SM Table 4 and Fig. 12). Directional slopes interacted with
aligned winds and maximum air temperature. Accordingly, areas that
burned under higher fire severity were those located uphill of the fire-
front, under high fire-aligned winds and high air temperature. Also, the
rate of spread of the fire-front interacted with maximum air tempera-
ture, as well as with the density of points 1–2m and intensity standard
deviation of points < 2m. Hence, fire severity increased in areas
dominated by high and homogeneous understory vegetation where the
rate of spread of the fire-front was high (Fig. 12).

4. Discussion

4.1. Do the various severity indices derived from different satellites reflect
field-based fire severity equally well?

Our results demonstrate that spectral fire severity indices derived
from Sentinel 2A were slightly more accurate in reflecting CBI than
indices derived from Landsat 8 OLI, probably due to the higher spatial
resolution of Sentinel 2A. This is an important issue for increasing our
knowledge about the inter-comparability among satellites. More so
given that Sentinel 2 is considered an improvement and a continuity of

the Landsat family. Other issue that has attracted some attention lately
is what kind of models are used to relate spectral indices and field data.
We found that 2nd order polynomial models produced better fits than
linear ones, due to the non-linear behaviour and saturation of CBI's
highest values (e.g., van Wagtendonk et al., 2004; Veraverbeke et al.,
2010; Parks et al., 2014). When we applied the 2nd order polynomial
models, they were better predictors of RBR and RdNBR than dNBR,
although differences among them were small.

From the classification of spectral fire severity indices based on
standard CBI thresholds, we could assess the sensitivity of such indices
to different vegetation properties. Here, we observed that RdNBR esti-
mated a larger fractional area at high fire severity than the other in-
dices, mainly because RdNBR was better able to capture biomass loss
where pre-fire vegetation cover was low (mainly areas covered by
shrubs and herbs) than RBR or dNBR (Parks et al., 2014).

4.2. What are the relative roles of prefire vegetation and burning conditions
in determining fire severity?

Our work documents that the use of fire progression maps, fire-
aligned slopes and winds, together with high resolution biophysical
data can greatly increase the predictability of fire severity derived from
spectral indices. Our full BRT models (Adj. R2: 86% ± 0.04 and
68% ± 0.05 for training and validation data, respectively) were better
at predicting fire severity than even the most accurate published models
using non-aligned data (e.g., Collins et al., 2007; Fernandes et al., 2010;
Birch et al., 2015; Barker and Price, 2018; García-Llamas et al., 2019).

Fig. 11. Main interactions among prefire vegetation (LAI) and LiDAR metrics (a-c), and among LAI and burning conditions (d-f) in the full Boosted Regression Trees
(BRT) models for explaining different spectral fire severity indices: a) LAI and density of points 1–2m (for dNBR Landsat 8); b) LAI and Hmax (maximum
height)≥ 2m (for dNBR Sentinel 2A); c) LAI and tree volume (for dNBR Sentinel 2A); d) LAI and rate of spread of the fire-front (for dNBR Landsat 8 OLI); e) LAI and
directional slope (for RdNBR Sentinel 2A) and f) LAI and maximum air temperature (for dNBR Sentinel 2A).
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Our best full BRT models were those based on all sets of variables, in-
dependently of both the spectral fire severity index and the satellite
type. Nevertheless, predictive models of dNBR and RBR were slightly
better than those of RdNBR, mainly due to the presence of very extreme
pixel values. Summaries of the spectral fire severity indices indicated
that RdNBR showed very extreme maximum values (21 and 14, for
Sentinel 2 and Landsat 8 respectively), which were much higher than
RBR (0.71 and 0.65; respectively), and dNBR (1.13 and 1.05; respec-
tively) values. Although such extreme values were not considered in
BRT models, RdNBR continued having very high values that were not
well accounted for by the models.

We also found that, according to the importance of native variable
derived from BRT models, the mean contribution of the variables in-
cluded under burning conditions was higher than the contribution of
both LiDAR metrics and prefire vegetation alone (39.7% vs. 28.7% and
21.7%; respectively). This was especially the case for fire severity in-
dices derived from Landsat 8 OLI possibly due to its coarser spatial
resolution. The single variables that most contributed to the full BRT
models of all spectral indices were: rate of spread of the fire-front, LAI-
fPAR and understory vegetation (i.e., density of points at 1–2m).
Moreover, using the jaccknife approach, we could honestly assess that
burning conditions were the strongest predictor of fire severity followed
by LiDAR metrics. From these results, we can infer that even under
extreme weather conditions, landscape features can play an important
role in determining fire severity.

4.3. What vegetation properties were most closely related to high fire
severity? Did the incorporation of LiDAR data significantly improve
prediction of fire severity?

Vegetation composition (i.e., dominant and co-dominant species)
and vegetation biomass (i.e., based on LAI and fPAR) were very im-
portant drivers of fire severity. Scattered trees of Pinus halepensis with
shrubs, followed by mixed forests of pines (but always including P.
halepensis) and treeless shrubs were the vegetation types most severely
burned. Pinus pinaster and Pinus nigra were, in contrast, the least se-
verely burned. Moreover, areas with medium-high LAI values (c.a. 1.5)
and low fPAR (< 0.2) burned with higher severity. Our results concur
with works that found that scattered trees with shrubs and treeless
shrubs burn at very high severity (e.g., Oliveras et al., 2009; Harris and
Taylor, 2015; Estes et al., 2017; Fang et al., 2018; García-Llamas et al.,
2019). For example, high severity (RdNBR) areas in the disastrous
Portuguese fires of 2017 were mostly constituted by shrublands
(Fernandes et al., 2019). Fuel models played a secondary role, mainly
because they were overshadowed by other variables related to vege-
tation composition and structure. These results have important im-
plications, as most current fire behaviour models use fuel models and
not actual vegetation data as inputs. The fuel types that burned with
higher fire severity were mainly tall shrubs and/or small trees (FM 4),
followed by medium shrubs (FM 3) and open forests (FM 8).

In addition, vegetation structure derived from LiDAR data con-
tributed greatly to help explaining how vegetation composition and

Fig. 12. Interactions among different variables related to burning conditions in Boosted Regression Trees (BRT) models for explaining different spectral fire severity
indices: a) directional slope and directional wind speed (for dNBR Landsat 8 OLI); b) directional slope and maximum air temperature (for RdNBR Landsat 8 OLI); c)
rate of spread of the fire-front and maximum air temperature (for RBR Landsat 8 OLI); d) rate of spread of the fire-front and intensity of LiDAR points≤ 2m (for
RdNBR Landsat 8 OLI); and d) rate of spread of the fire-front and maximum height of LiDAR points > 2m (for RdNBR Landsat 8 OLI).
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biomass interacted to influence fire severity. BRT models including only
prefire vegetation or LiDAR metrics did not show significant differences
in any performance measure. However, when both sets of variables
were included, model performance increased and was significantly
better than models including one set of variables at a time. Stands that
burned at high fire severity were typically those with highly hetero-
geneous tree-height distributions, with high densities of small trees of
low volume and crown area, around 5m in height, and wide tree spa-
cing. These stands supported a dense understory of shrubs but a patchy
overstory (i.e., poor horizontal fuel continuity in the canopy layer) and
were less likely to burn as tree-crown fires but readily supported passive
crowning (torching) and spotting under low humidities (Ryan, 2002).
Accordingly, we found that stands dominated by smaller-diameter
trees, with small basal areas and low height supported high severity
burning (Alexander et al., 2006; Jain and Graham, 2007; Fernandes
et al., 2010; Miller et al., 2012; Viedma et al., 2015). These results were
supported by the BRT model based on the underlying factors explaining
the spatial variability of LAI (not shown), which was rather well ex-
plained by vegetation structure derived from LiDAR metrics (Adj.R2:
96% and 88% for training and validation data; respectively). Higher
LAI values – which tended to burn at lower severities – were found in
stands with high crown relief ratio (CRR) (i.e., tall canopies), with high
numbers of trees between 20 and 25m tall and low cover of understory
of forbs and shrubs.

4.4. How is fire severity related to burning conditions?

BRT models based only on burning conditions were the most ac-
curate partial BRT models based on only one set of variables. Moreover,
when burning conditions were included together with prefire vegeta-
tion or LiDAR metrics, the performance of the models considerably
increased. Fire spread rate was the single most important driver of fire
severity (18.2% ± 6.4). The fire spread rate depends on three main
factors: fuel biomass, fire weather conditions, and topography (e.g.,
Moritz et al., 2012; Cruz and Alexander, 2013). Fireline intensity is
directly related to rate of spread and fuel load available, which is re-
lated to fuel consumption (Andrews, 2018). These results were sup-
ported by the BRT model based on the underlying factors explaining the
rate of spread of the fire-front (not shown) that was mainly explained
by fire weather conditions (i.e., low air relative humidity and high wind
speed), directional topography (i.e., uphill slopes), and fuel conditions
(i.e., heterogeneous stands [i.e., medium-high Shannon's diversity of
height bins] with medium-high LAI and stand dominance by small-
medium trees [6–8m]). The accuracy of the explanatory models of the
rate of spread of the fire-front were very high (Adj. R2: 94% and 78%
for training and validation data; respectively).

Slopes aligned with the fire-front direction played an important role
in explaining fire severity in both partial and full BRT models. Higher
fire severity was found on steep slopes where fire spread upslope
(Viedma et al., 2015). These results indicated that fire behaviour dy-
namically interacts with topography to influence fire severity. Some
other studies have found that the alignment of slopes with wind,
without including the fire-front direction, poorly explains fire severity
(Lecina-Diaz et al., 2014; Birch et al., 2015; Fernández-Alonso et al.,
2017), mainly because slopes aligned with the wind direction are more
related to the dominant fire-front direction (Barros et al., 2013) and fire
extent (Moritz et al., 2010; Mansuy et al., 2014) than with fire severity.
Here, in a further analysis (not shown) we found that standard topo-
graphical variables alone (i.e., elevation and slope) explained lower
variance than models based on burning conditions alone. Furthermore,
full BRT models including standard topography instead of burning
conditions explained less variance than those including burning con-
ditions (Adj. R2: 73% vs 86% and 46% vs 68% for training and vali-
dation data, respectively and Moran's index 0.25 vs 0.14). Hence, the
role of burning conditions (mainly, the rate of the spread of the fire-
front) was greater than topographical variables alone.

Fire weather conditions (i.e., high winds and high temperature)
were major factors in determining fire severity. The alignment of wind
direction and speed to the fire-front direction (i.e., directional wind
speed) was a relevant driver of fire severity. It was found that high
winds blowing both windwad and leeward (this latter especially for
RdNBR) increased fire severity. Accordingly, it seems that wind speed
was more relevant than wind alignment to the fire-front direction for
producing high fire severity. Moreover, a maximum air temperature
above 35 °C was a threshold that produced a significant rise in fire se-
verity (Bradstock et al., 2010). Overall, for fires that are not definitively
wind-driven or plume-driven, there can be high variability in the ways
and situations that fire weather interacts with topography and vegeta-
tion to drive fire severity (Lahaye et al., 2018). For such fires, it would
be ideal to have a complete and detailed reconstruction of the fire
progression. When high resolution fire progression data are available
and hourly weather conditions (including aligned wind speed and di-
rection) can be matched with burning periods, the relative importance
of weather conditions in explaining fire severity will likely increase
considerably.

As in other studies, fire history played a minor role in explaining fire
severity (e.g., Miller et al., 2012; Harris and Taylor, 2015, 2017;
Whitman et al., 2018; but see García-Llamas et al., 2019), mainly be-
cause it was hidden by LiDAR metrics related to vegetation structure,
which better represented the effects of the earlier fire. Nevertheless, we
found that areas which burned previously (with a time since the last fire
of 23 years), tended to burn with higher severity than areas that did not
burn previously (e.g., Clarke et al., 2014). This is largely due to re-
burned sites having more open spaces, shrubs and young pinus (P.
halenpensis) trees. Information on the fire severity of the previous fire
would probably have made the assessment of fire history effects more
robust (see, e.g., Coppoletta et al., 2016).

Our findings are obviously limited by the fact that we studied a
single fire. However, over the last 10 years detailed maps of fire-front
advance for large fires have started to become available for some
countries. This important temporal information will allow revisiting
relationships between environmental controls (fuels, topography and
weather) and fire spread rates across different ecosystems, contributing
to improved fire behaviour models (Veraverbeke et al., 2014).

4.5. How do prefire vegetation and burning conditions interact in driving
fire severity?

Our study area is very complex topographically with great spatial
variability in the vegetation and corresponding fuels, and fire weather
was extreme. In this case we determined that fire weather, instead of
overriding or reducing the influence of fuels and topography, interacted
with local controls to influence fire severity (e.g., Bradstock et al.,
2010). We found strong interactions among the drivers of fire severity,
mainly between vegetation, fire weather and topography, in accordance
with Lee et al. (2008) and Viedma et al. (2015). For stands with
medium-high biomass and composed by small trees with homogeneous
understory, fire severity was highest where burning occurred upslope
with high rate of spread of the fire-front and under high wind and high
air temperature. Finally, we found interactions between aligned topo-
graphy and weather (i.e., directional wind speed and maximum air
temperature) such that the same topographic position could have dif-
ferent effects on fire severity under different weather conditions.

4.6. Management implications

Fuel management strategies designed to mitigate fire spread may
also be successful at decreasing fire severity (Thompson and Spies,
2009; Fernandes et al., 2010; Safford et al., 2012). However, some
suggested that under extreme fire weather conditions fuel modifications
may be ineffective because burning conditions overwhelm the fuel
portion of the fire behaviour triangle (e.g., Bessie and Johnson, 2011;
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Schoennagel et al., 2004). Although such extreme conditions certainly
exist, some of this science is based on static and coarse-scale data that
may not realistically represent vegetation or burning conditions. Our
work found that although burning conditions were more important
than vegetation (composition, structure and fuel types) in driving fire
severity, prefire vegetation continued being significant in explaining
fire severity even under the extreme fire weather of this fire. We concur
with studies that suggest that vegetation manipulation can play an
important role in determining the outcome of even extreme wildfires. In
forested landscaspes, fire-smart silviculture should be oriented to de-
crease the accumulation of surface fuels, raising the canopy base by
pruning trees and reducing the density of ladder fuels while mantaining
large trees, and promoting canopy characteristics that reduce con-
tinuity but also maintain sufficient shade to limit understory fuels (Agee
and Skinner, 2005; Fernandes and Rigolot, 2007; Fernandes, 2013). Of
course, the effects of fuel treatments on fire behaviour are only tem-
porary, due to fuel accumulation and long-term changes in fuel-bed
structure, and the ability of treatments to influence fire severity will be
reduced in the absence of continued management (Fulé et al., 2001).

5. Conclusion

We found that the Sentinel 2A satellite better explained field fire-
severity metrics (i.e., CBI) than Landsat 8 OLI. Additional, second order
polynomial models better explained these relationships than linear re-
gression models. RBR fitted field-based fire severity metrics slightly
better than RdNBR, and particularly, than dNBR. RdNBR was more
sensitive than RBR and dNBR to biomass loss in shrublands and to areas
with low vegetation cover, thus measuring a higher proportion of areas
burned at high fire severity than the other indices. Full BRT models
used to explain the spatial variability of the three indices showed that
there were not significant differences among indices or satellites in
performance measures, although RdNBR had the lowest accuracy due to
the presence of very extreme pixel values. When each set of variables
were considered separately in BRT models, burning conditions alone
explained the largest proportion of the fire severity variance followed
by LiDAR metrics. When all sets were combined, a large fraction of the
variance could be explained (mean Adj. R2= 86% and 68% for training
and validation data, respectively). This suggests that in areas with
complex topography or large spatial variability in vegetation, fire
weather, instead of overriding or reducing the influence of vegetation
and topography, interacts with local controls to influence fire severity.
Additional models used to explain the underlying factors that are be-
hind the main drivers of fire severity (i.e., LAI and rate of spread of the
fire-front) confirmed strong interactions among variables and gave us a
better understanding of fire behaviour. Fire severity greatly increased
when the rate of spread of the fire-front was high and the fire spread
uphill, with high winds blowing in alignment with or against the fire-
front and under high air temperature. Moreover, fire severity increased
in areas with medium biomass, composed by scattered trees of Pinus
halepensis with shrubs, followed by mixed forests of Pinus and treeless
shrubby areas. Here we have shown that the use of higher resolution
satellite imagery (spatial), LiDAR (structural), and fire progression
(temporal) information can greatly enhance our ability to predict fire
severity on the landscape. As these and other higher resolution datasets
are incorporated into fire simulations and forecasting, our ability to
modify fuels and make fire-safe landuse decisions on fire-prone land-
scapes will be notably improved.
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