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ABSTRACT

The obtention of wall-to-wall fire severity estimates through reliable remote sensing-based techniques that align
with management needs is a critical factor in post-fire decision-making processes. In this paper, we novelty pro-
posed a multi-date change detection framework based on the variation in fractional vegetation cover (FCOVER),
with enough ecological sense and physical basis to be generalizable across different plant communities and
burned landscapes with varying environmental conditions. This framework meets the definition of fire severity
operationally used in the field as a biophysical indicator when fire effects on the understory and overstory layers
are linked. The FCOVER was retrieved from Sentinel-2 surface reflectance scenes by inverting PROSAIL-D radia-
tive transfer model (RTM) simulations using the random forest regression algorithm. FCOVER retrievals were
validated in the field using burned and unburned control plots. We computed the FCOVERr metric as the ratio of
post-fire to pre-fire FCOVER. We tested the relationship of the FCOVERr and the most common bi-temporal spec-
tral indices in the literature, i.e. the differenced Normalized Burn Ratio (ANBR), the Relative dNBR (RdNBR) and
the Relativized Burn Ratio (RBR), with the Composite Burn Index (CBI) measured in field plots for validation pur-
poses in two case-study wildfires in the western Mediterranean Basin. We also calculated the transferability of
FCOVERr and the spectral indices between different plant communities within each site, as well as between sites.
The predictive errors of pre and post-fire FCOVER retrievals were found to be low (RMSE ~ 10%) for the two
study sites. Overall, the FCOVERr metric provided more accurate CBI estimations (R? = 0.87 + 0.04) than spec-
tral indices (R2 = 0.71 + 0.13). The CBI was linearly related with the FCOVERr metric for both sites, whereas
the type of relationship with spectral indices was not consistent, which translated into better transferability per-
formance of the FCOVERr metric (nRMSE = 14.27% =+ 3.75%) than that of the spectral indices
(nRMSE = 21.97% = 8.09%), not only between different Mediterranean plant communities within sites, but
also between the two sites. Spectral indices underestimated moderate to high fire severity to a greater extent than
FCOVERr in the CBI field plots, and misclassified fire severity in several areas with patchiness fire effects identi-
fied in the field. The FCOVERr product proposed in this study may be a sound choice for the operational identifi-
cation of priority areas for post-fire management.
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1. Introduction

Wildfires are one of the most important disturbance factors in the
terrestrial ecosystems of the Mediterranean Basin and in other Mediter-
ranean-type areas of the world (Welch et al., 2016; Fernandez-Garcia et
al., 2018). In the European Mediterranean region, wildfire disturbance
affects about half a million forest hectares annually (San-Miguel-Ayanz
et al., 2021), leading to massive atmosphere emissions in the form of
greenhouse gases, black carbon and aerosols (Migliavacca et al., 2013),
with important implications for land surface energy budgets (Ward et
al., 2012) and thus for the climate system (Arneth et al., 2010;
Archibald et al., 2018). At local scales, wildfires play an essential role
shaping the species composition, structure and dynamics of Mediter-
ranean plant communities (Diaz-Delgado et al., 2002; Tessler et al.,
2016; Fernandez-Guisuraga et al., 2019), as well as ecosystem function-
ing (Pérez-Valera et al., 2020; Sdenz de Miera et al., 2020), particularly
under unprecedented fire disturbance regimes in the European Mediter-
ranean Basin as a consequence of land use abandonment and extreme
fire-weather (Fernandes et al., 2014; Nolé et al., 2022). Wildfires may
also induce significant alterations in the soil properties (Certini, 2005),
depending on the time-temperature history at the first centimeters of
the soil (Santin and Doerr, 2016).

The magnitude of wildfire effects on the ecosystem can be measured
in terms of fire severity (Lentile et al., 2006). This parameter is defined
as the ecological changes on a burnt area regarding the pre-fire scenario
(Key and Benson, 2005), and operationally measured as the above and
belowground organic matter loss (Keeley, 2009). Although the terms
fire severity and burn severity are used interchangeably, the former in-
cludes only short-term post-fire effects on the ecosystem (up to one year
after fire), and the latter includes both short and long-term fire effects,
including vegetation recovery responses (Lentile et al., 2006;
Veraverbeke et al., 2010; Meng et al., 2017). In this study, the fire
severity definition will be considered since the assessment of wildfire
effects in the short term is essential for addressing on site stabilization/
emergency actions (De Santis et al., 2009; Quintano et al., 2013) aimed
at minimizing the most adverse ecological effects throughout the
burned landscape. Previous research has established reliable methods
for estimating fire severity in the field, based on the measurement of in-
dicators such as percent change in canopy cover and basal area (Barden
and Woods, 1976; Miller et al., 2009), height and depth of stem char
(Hood et al., 2008), canopy scorch and consumption (Thompson and
Spies, 2009), minimum tip diameter of remaining branches (Pérez and
Moreno, 1998), forest-floor burn depth (Lewis et al., 2011), ash cover
and depth (De Luis et al., 2003; Hudak et al., 2013), soil color and struc-
ture (Ketterings and Bingham, 2000; Vega et al., 2013) or soil chemical
properties (Rodriguez-Alleres et al., 2012). Other common field-based
assessments, such as the Composite Burn Index (CBI; Key and Benson,
2005), the Geometrically structured CBI (GeoCBI; De Santis and
Chuvieco, 2009) and their predecessors (Ryan and Noste, 1983) and
variants (Fernandes et al., 2010), are based on measuring several fire
severity attributes using a multi-strata approach, rather than a single in-
dicator. These indices score individual fire effects on four vegetation
strata and substrate (i.e. two understory and three overstory strata), us-
ing a semiquantitative scale from unburned to completely or severely
burned. The scores are linearly averaged by strata to produce a fire
severity metric for the substrate, vegetation, and plot (considering all
strata). The integrative nature of the (Geo)CBI is considered to provide
an overall perspective of the fire impact on the ecosystem and improved
feedback for land management (Fernandez-Garcia et al., 2018). Al-
though the CBI was originally developed for calibrating Landsat bi-
temporal spectral indices (Key and Benson, 2005), it has also been fre-
quently used in studies based exclusively on field experimental designs
(e.g. Kasischke et al., 2008). Nevertheless, methods based exclusively
on field-based measurements are highly labor-intensive for assessing
fire severity in large wildfires, do not allow wall-to-wall estimations,
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and often lack spatial thoroughness and representativeness (De Santis
and Chuvieco, 2007).

Remote sensing has become an important data source for evaluating
fire severity in extensive burned landscapes for its cost-effectiveness
and synoptic nature (Yin et al., 2020a). Conventionally, spectral indices
computed from passive optical data, such as the Normalized Burn Ratio
(NBR; Lopez-Garcia and Caselles, 1991), the differenced NBR (dNBR;
Key, 2006), the Relative dNBR (RANBR; Miller et al., 2009) or the Rela-
tivized Burn Ratio (RBR; Parks et al., 2014), have been extensively used
in recent years to estimate fire severity using empirical models in
Mediterranean ecosystems (e.g. Norton et al., 2009; Harris et al., 2011;
Fernandez-Garcia et al., 2018). However, spectral indices may show
non-linear relationships with field severity indicators as a function of
vegetation type, which hinders their transferability (Epting et al.,
2005), they were initially designed to delimit burned areas, not to as-
sess vegetation biophysical variability as a result of the fire (Roy et al.,
2006; Lentile et al., 2009), and they do not use the full available optical
spectrum in their formulation (De Santis et al., 2010). Strongly associ-
ated with the latter, spectral indices may not perform optimally at inter-
mediate fire severity levels because a mixture of fire effects, character-
ized by complex spectral responses (Rogan and Franklin, 2001; Mallinis
et al., 2018), is unlikely to be resolved in two discrete bands (Mitri and
Gitas, 2008).

Physically-based methods applied to optical passive data, such as
spectral unmixing models and radiative transfer models (RTMs), may
be a sounder approach for estimating fire severity. Spectral unmixing
models, including multiple endmember spectral mixture analysis
(MESMA; Roberts et al., 1998), have been used to decompose re-
flectance signal of several ground components (i.e. endmembers) at
sub-pixel level and estimate ground fraction images to be used as an in-
put in fire severity classification (Meng et al., 2017). This approach is
easily scalable, accounts for within-class spectral variability of the con-
sidered endmembers and the pixels can be modeled using different end-
member combinations (Roberts et al., 1998). However, endmember col-
lection is site-specific (Edwards et al., 2018) and capturing the inherent
variability in the biophysical conditions of the species assemblage can
be a challenging task in large burned landscapes (Fernandez-Guisuraga
etal., 2021a). In addition, multiple scattering elements in multi-layered
or sparse canopies induces non-linear mixing that violates MESMA as-
sumptions (Lentile et al., 2009). RTMs such as the coupled PROSPECT
leaf model (Jacquemoud and Baret, 1990) and turbid-medium Kuusk
canopy model (Kuusk, 2001) have been used to simulate the reflectance
signal of fire effects in several forest strata (Chuvieco et al., 2006), be-
ing also inverted by De Santis and Chuvieco (2007) in a follow-up study
to retrieve fire severity in terms of CBI from Landsat imagery. De Santis
et al. (2009) and Yin et al. (2020a) inverted coupled PROSPECT and
geometric canopy models, GeoSAIL (Huemmrich, 2001) and FRT
(Kuusk and Nilson, 2000), respectively, which better represent the real
conditions of forest canopy structure, for retrieving GeoCBI from Land-
sat and Sentinel-2 imagery. Despite the good performance and general-
ization ability of these models to simulate the post-fire spectral signa-
tures of fire effects to retrieve the (Geo)CBI from optical data, their pa-
rameterization may be compromised immediately following the fire
since they require knowledge of a large number of biophysical parame-
ters per (Geo)CBI stratum from field data that sometimes are unavail-
able, particularly in the short-term after fire (Fernandez-Guisuraga et
al., 2021a).

In this paper, we aim to develop and validate a biophysical fire
severity indicator, the variation in fractional vegetation cover
(FCOVER), that can be used operationally because of its straightfor-
ward meaning and has enough ecological sense and physical basis to be
generalized across Mediterranean plant communities. Specifically, we
propose a bi-temporal or change detection framework, i.e. the post to
pre-fire FCOVER ratio (FCOVERY), retrieved from passive optical data
by inverting the PROSAIL-D RTM using a machine learning algorithm.
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Here, we also propose an improvement of the FCOVER retrieval method
(Fernandez-Guisuraga et al., 2021b) by complementing PROSAIL-D
simulations with representative endmember spectra of background ma-
terials in post-fire landscapes acquired from laboratory and field spec-
tral libraries, as well as from an Airborne Visible/Infrared Imaging
Spectrometer (AVIRIS) high spatial resolution image. This could ex-
pand the realism of the simulation scenarios to invert the RTM (Poulter
et al., 2023), rather than the conventional endmember extraction from
expected pure pixels of coarse satellite imagery (Verrelst et al., 2015),
which can induce notable retrieval errors in heterogeneous burned
landscapes (Fernandez-Guisuraga et al., 2021b). FCOVER, defined as
the vegetation fraction of a given ground extension (Gutman and
Ignatov, 1998), is considered as an essential biophysical property in
post-fire landscape assessments (Veraverbeke et al., 2012), and a reli-
able proxy for aboveground biomass and fuel loading in a wide variety
of ecosystems worldwide (e.g. Flombaum and Sala, 2009; Jiang et al.,
2017; Avitabile and Camia, 2018; Fernandez-Guisuraga et al., 2021b).
Although vegetation biophysical variables retrieved by the inversion of
RTMs, such as the FCOVER, provide a direct link with field-based de-
scriptors of fire severity because of the mechanistic relationship be-
tween the simulated reflectance by the models and the biophysical vari-
ation of the canopy as a consequence of the fire (Wang et al., 2022),
these variables have not yet been applied to assess fire severity, particu-
larly in bi-temporal or change detection frameworks. In this sense,
FCOVER variation within a burned area meets the definition of fire
severity to be used as a biophysical indicator (Verstraete and Pinty,
1996). Actually, the FCOVER retrieved from passive optical data quan-
tifies the top-of-canopy vegetation fraction in single and multi-layered
plant communities, also accounting in the latter case for the vegetation
fraction sensed through canopy gaps (Ferndndez-Guisuraga et al.,
2021a). However, we assume that understory and overstory fire effects
in Mediterranean plant communities are correlated (Tanase et al.,
2015). Under low-intensity surface fire scenarios, where such correla-
tion is non-existent, the fire likewise does not have a major impact on
the overall ecosystem function (Ubeda et al., 2006), and post-fire as-
sessment is less critical (De Santis and Chuvieco, 2007). The opposite
behavior, i.e. higher fire severities in the canopy than in the understory,
is not realistic (Chuvieco et al., 2006). The FCOVERr product was vali-
dated in two case-study wildfires of the western Mediterranean Basin
through a modified version of the CBI, considering the multi-strata fire
severity attributes more related with the range of vegetation cover vari-
ation in the burned areas. We chose the CBI because it has been exten-
sively and operationally used in fire severity assessments (e.g. in the
Monitoring Trends in Burn Severity -MTBS- program; Picotte et al.,
2020). In addition, it provides more reliable surrogates of post to pre-
fire FCOVER variation through attributes such as the foliage consump-
tion or percentage of green/black/brown foliage, than estimation using
unburned nearby areas as pre-fire surrogates (Lentile et al., 2009). We
expect that the FCOVERr metric will be more generalizable between the
considered Mediterranean plant communities and burned landscapes
than the most commonly used bi-temporal spectral indices (i.e. the
dNBR, RANBR and RBR) due to the physical basis of the RTM (De Santis
and Chuvieco, 2007) and the ecological meaning of the variation in
FCOVER (Roy et al., 2006).

2. Material and methods
2.1. Study sites and field-based fire severity measurements

Two case-study wildfires were selected in Spain (western Mediter-
ranean Basin) based on the availability of field fire severity assessments
and Sentinel-2 data: (i) Sierra de Cabrera site (Fig. 1A), in which
9940 ha of forest and shrubland burned in August 2017, and (ii)
Navalacruz site (Fig. 1B), affected by a wildfire that burned 22,444 ha
of forest, woodland and shrubland in August 2021. The study sites have
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Fig. 1. Sierra de Cabrera (A) and Navalacruz (B) wildfires in Spain (western
Mediterranean Basin), and location of the Composite Burn Index (CBI) field
plots within the wildfires. The background image is a Sentinel-2 false color

composite (R = band 12; G = band 8A; B = band 4).

rugged topography, with steep slopes, prominent crests and wide val-
leys, and altitudes ranging between 836 and 2157 m above sea level.
The climate is classified as Mediterranean temperate, with a mean an-
nual precipitation lower than 850 mm for a 50-year period (Ninyerola
et al., 2005). Extreme weather conditions before the fire dates were
recorded, i.e. a heat wave and severe drought episodes the weeks before
the wildfires, which together with high wind speeds promoted extreme
fire behavior.

In the Sierra de Cabrera site, the wildfire mainly affected forests
dominated by Quercus pyrenaica Willd. (Pyrenean oak) and Pinus
sylvestris L. (Scots pine), and shrublands dominated by Genista hystrix
Lange (gorse) and Erica australis L. (Spanish heath). According to the
Harmonized World Soil Database (Nachtergaele et al., 2010), soils in
this site are classified as Lithic and Distric Leptosols, and Distric and
Humic Cambisols (Fernandez-Guisuraga et al., 2021b). The burned veg-
etation in the Navalacruz site comprised Scots pine forests, woodlands
dominated by Quercus ilex L. (holm oak), and shrublands dominated by
Cytisus oromediterraneus Rivas Mart. et al. (black broom). Soils are clas-
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sified as Umbric Leptosols and Umbric Gleysols. The fire severity ob-
served in the field was highly heterogeneous at both sites, with a
marked patchy pattern probably arising from the variability in stand
age, topography and local fire weather patterns.

Fire severity was assessed in the field within one month after each
fire using a modified version (Table SM1 of the Supplementary Mater-
ial) of the CBI defined by Key and Benson (2005) applied to plots of
20 m X 20 m georeferenced using a GPS receiver with sub-meter accu-
racy. We established 53 plots in Sierra de Cabrera and 63 plots in
Navalacruz. We ensured a minimum distance of 100 m between plots.
The plots were equally stratified within each site using the dominant
plant communities as strata, both in burned and unburned control ar-
eas. We located the plots in homogeneous patches regarding vegetation
structure and fire effects by visual inspection in the field to ensure a
uniform spectral response (e.g. De Santis and Chuvieco, 2007; De Santis
et al., 2009; Veraverbeke et al., 2010; Schepers et al., 2014; Fernandez-
Guisuraga et al., 2021a). In the understory layer, we recorded the fine
fuel consumption for the substrate, and the percent foliage altered for
the strata consisting of herbs, low shrubs and trees <1 m tall, as well as
for the strata consisting of tall shrubs and trees between 1 and 5 m. In
the overstory layer (i.e. intermediate trees with 5-20 m and trees taller
than 20 m), we recorded the percentage of green/black/brown foliage.
We did not consider ecosystem responses (e.g. new sprouts or seedlings)
as an attribute because they were negligible (%cover <0.1 x 10-3) in
the study sites one month after fire. The scores for the attributes in each
stratum were obtained by the consensus of at least two observers (De
Santis and Chuvieco, 2007). The plot-level CBI was then computed as
the average of the attribute scores across all strata (where present). The
remaining indicators of the original Key and Benson (2005) CBI proto-
col were also recorded in the field to compute the plot-level CBI from
the original protocol and ensure that differences in the used CBI proto-
col are not responsible for the results of the FCOVERr metric and spec-
tral indices comparison. The plot-level CBI did not significantly differ
between the original and modified CBI protocols for both study sites (p-
values > 0.27 of paired sample t-tests), being the score differences
lower than 0.05 (CBI units) in all plots. This is expected since most of
the CBI attributes per strata are ecologically correlated. Although the
differences between the scores of the two protocols are minimal, the
modified CBI protocol has more physical and ecological sense to be use
in the validation of the FCOVERr metric. Also, the adaptation of field-
based indicators to new remote sensing products is reasonable, since
the CBI has been subject to frequent refinements that remain within the
CBI conceptual framework (Lentile et al., 2006).

We considered the CBI thresholds proposed by Miller and Thode
(2007): low (CBI < 1.25), moderate (1.25 < CBI < 2.25) and high
(CBI > 2.25), which provided comparable fire effects in the plant com-
munities at both study sites and were also used in modified CBI proto-
cols (e.g. Fernandez-Guisuraga et al., 2021a; Huerta et al., 2022). In
low fire severity areas, the shrub foliage was partially consumed but the
tree canopy was largely unaffected, whereas in the high fire severity ar-
eas, understory and overstory foliage consumption was nearly total.
Moderate fire severity areas featured incomplete canopy foliage loss,
but the degree of understory vegetation consumption was high.

2.2. Remote sensing data

Sentinel-2A Level 1C scenes for Sierra de Cabrera and Navalacruz
sites were retrieved from the Open Access Hub of Copernicus in imme-
diate pre and post-fire conditions for evaluating fire severity through
the FCOVERr metric and bi-temporal spectral indices (Fig. 2). Scenes
from one year after fire were also acquired to validate FCOVERr re-
trieval through contemporaneous field data. Acquisition dates were
chosen based on the availability of cloud-free Sentinel-2 scenes as close
as possible to the dates of interest (Table 1).
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The ATCOR-3 algorithm (Richter and Schlédpfer, 2018) was used to
atmospherically and topographically correct Sentinel-2 scenes, obtain-
ing a surface reflectance product (Level 2A). Ancillary data were used
to set ATCOR-3 input parameters, including the MODIS water vapor
product (MODO5), weather data from the State Meteorology Agency of
Spain (AEMET) and the National Oceanic and Atmospheric Administra-
tion (NOAA), and a digital terrain model (DTM) at 5 m spatial resolu-
tion from the Spanish National Plan for Aerial Orthophotography
(PNOA). The aerosol model type was set to rural and the visibility value
was fixed to 40 km (clear weather conditions) for each Sentinel-2 scene.
A mid-latitude summer MODTRAN model (water vapor content of
2.92 g cm~2) was selected for scenes #1, #3, #4 and #6, and a sub-
arctic summer MODTRAN model for scenes #2 and #5 (Table 1). Fi-
nally, the nearest neighbor interpolation algorithm was used to resam-
ple Sentinel-2 10 m bands to 20 m (Dérnhofer et al., 2016; Fernandez-
Guisuraga et al., 2021b), whereas Sentinel-2 bands at 60 m spatial reso-
lution were discarded from subsequent analyses since they are affected
by atmospheric effects and are unable to deliver top-of-canopy re-
flectance interpretable by RTMs (Fernandez-Guisuraga et al., 2021b).

2.3. FCOVER retrieval

A simulation dataset of matched FCOVER values and top-of-canopy
reflectance was generated through the PROSPECT-D leaf model (Féret
et al., 2017) and the 4SAIL canopy reflectance model (Verhoef et al.,
2007), coupled in the PROSAIL-D RTM. PROSPECT-D was used to simu-
late leaf hemispherical transmittance and reflectance in the optical do-
main (400-2500 nm with a spectral resolution of 1 nm) using known
ranges of several physiological and biochemical parameters at the leaf
level in the plant communities (Féret et al., 2017): structure parameter
(N), chlorophyll a and b (C,,), carotenoid (C.,), and anthocyanin
(Cant) concentration, brown pigments fraction (Cp,own), dry matter con-
tent (C,,) and equivalent water thickness (C,,). The simulated leaf trans-
mittance and reflectance served as input to the 4SAIL model, together
with the following variables related to known canopy structure and
viewing geometry conditions, to simulate turbid-medium, top-of-
canopy spectral reflectance (Verhoef et al., 2007): leaf area index (LAI),
average leaf angle (ALA), ratio between diffuse and direct radiation
(diff/dir), hot spot effect (hspot), soil background reflectance, soil
brightness factor (ay,), and satellite viewing geometry conditions (so-
lar zenith angle -0;-, observation zenith angle -6,- and sun-sensor az-
imuth angle -¢-). The fixed values or ranges of the RTM input variables
(Table 2) were established on the basis of field knowledge regarding the
biophysical conditions variability of the target plant communities in the
study sites, the TRY database, literature review and satellite metadata
(Baret et al., 2007; Kattge et al., 2011; Campos-Taberner et al., 2018;
Fernandez-Guisuraga et al., 2021a, 2021b, 2022a).

The entire PROSAIL-D variable space, defined by all the possible
combinations of the model input variables, was sampled through the
Latin Hypercube Sampling algorithm (McKay et al., 1979) to select
2000 reflectance simulations, which are typically enough to obtain reli-
able results in RTM approaches (Fernandez-Guisuraga et al., 2021a).
Following turbid-medium assumptions, FCOVER for each PROSAIL-D
sample was computed from LAI, ALA and viewing geometry conditions
using the classical gap fraction calculation (Jia et al., 2016). Then, PRO-
SAIL-D samples were run in forward mode to obtain a simulation
dataset of top-of-canopy reflectance values from 400 to 2500 nm with a
spectral resolution of 1 nm and the corresponding FCOVER. PROSAIL-D
execution in forward mode took less than two minutes to complete in
an Intel Core i7 processor with 128Gb RAM. The dataset was expanded
with 20% of soil, non-photosynthetic vegetation (NPV), char and ash
representative spectra for our study sites. The ECOSTRESS (Meerdink et
al., 2019) and European LUCAS Topsoil 2015 (Jones et al., 2020) labo-
ratory spectral libraries were used as a resource of soil and NPV end-
member spectra. Char and ash endmembers were collected from field-
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Fig. 2. Methodology flowchart of the present study.

Table 1
Acquisition dates of the Sentinel-2A Level 1C scenes.

Site Scene #  Acquisition date Date regarding fire

Table 2
Fixed values or ranges of PROSPECT-D leaf model
flectance model.

[ Leaf reflectance and transmittance I Field fiﬂTﬂ,
TRY...
Ammospheric and i i
topographic correction [ 4SAIL canopy reflectance model
| Background
v spectra

and 4SAIL canopy re-

Sierra de Cabrera 13th August 2017 Immediately pre-fire

2nd September 2017
14th July 2018

9th August 2021

8th October 2021
25th July 2022

Immediately post-fire
One year after fire

Immediately pre-fire
Immediately post-fire

1
2
3
Navalacruz 4
5
6 One year after fire

based spectral libraries (Morgan et al., 2005), as well as from an Air-
borne Visible/Infrared Imaging Spectrometer (AVIRIS) image acquired
at a spatial resolution of 7.5 m following a wildfire that burned several
Mediterranean ecosystems of western United States in summer 2009
(Quintano et al., 2013). See Roberts et al. (2012) for details of the
AVIRIS image processing. The performance of this approach (hereafter
reference endmember) in the FCOVER retrieval was benchmarked with
the original method developed by Ferndndez-Guisuraga et al. (2021b)
that involves the complementation of PROSAIL-D simulations with end-
member spectra acquired from expected pure pixels of the immediately

Leaf RTM (PROSPECT-D) Symbol  Unit Fixed value or range
Structure parameter N unitless 1.5-2.5
Chlorophyll a and b concentration Catb pg em=2  10-90
Carotenoid concentration Cear pg cm2  5-40
Anthocyanin concentration Cant pg cm2  0-50
Brown pigments fraction Chrown unitless 0-1
Dry matter content Cn gem=2  0.001-0.02
Equivalent water thickness Cy gem2  0.001-0.02
Canopy RTM (4SAIL) Symbol  Unit Fixed value or range
Leaf area index LAI m?m—2 0.1-6
Average leaf angle ALA 20-90
Diffuse/direct radiation diff/dir  unitless 0.1
Hot spot effect hspot unitless  0.001-1
Soil brightness factor soil unitless  0-1
Solar zenith angle 65 Scene metadata
Observation zenith angle 0, Scene metadata
Sun-sensor azimuth angle [ Scene metadata

post-fire Sentinel-2 image itself (hereafter image endmember). End-
member extraction from satellite images was based on image inspection
and expert knowledge of the spectral signature shape of the candidate
targets (Quintano et al., 2020). The updated reflectance datasets were
resampled to match the band configuration of Sentinel-2 using its spec-
tral bandwidth and relative spectral response. Gaussian noise of 2% was



J.M. Ferndndez-Guisuraga et al.

added to the reflectance dataset to account for the uncertainty in the
topographic and atmospheric corrections performed to satellite im-
agery (Garcia-Haro et al., 2018).

The parameterization and execution of PROSAIL-D in forward mode
were performed in Automated Radiative Transfer Models Operator
(ARTMO) software (Verrelst et al., 2012).

The random forest regression (RFR; Breiman, 2001) algorithm was
used to build the relationships between PROSAIL-D top-of-canopy re-
flectance simulations in the Sentinel-2 band configuration and the cor-
responding FCOVER for both study sites. The ntree RFR model parame-
ter were set to 2000, which balances a stable out-of-bag error rate (Fig-
ure SM1 of the Supplementary Material) with computational efficiency
(Probst and Boulesteix, 2018). The mtry parameter was tuned using 10-
fold cross-validation (10-fold-CV) ten times repeated. The optimum
mtry value according to the RMSE; o r,14.cy Was three, which matched the
default value, i.e. one third of the number of Sentinel-2 bands (exclud-
ing the 60 m bands). These values maximized RFR model performance
as measured by the out-of-bag error. The RFR model object was then
applied to the actual surface reflectance of the Sentinel-2 Level 2A
scenes (Table 1) for obtaining wall-to-wall FCOVER predictions for
each pixel (i.e. FCOVER retrieval). The runtime of this procedure was
about three minutes for each wildfire with the same computer setup
than that used for PROSAIL-D execution in forward mode.

The FCOVER retrieval through the RFR algorithm was implemented
in R 4.0.5 (R Core Team, 2021) using RandomForest (Liaw and Wiener,
2002), raster (Hijmans, 2021) and rgdal (Bivand et al., 2021) packages.

2.4. FCOVER retrieval validation

The FCOVER retrievals from Sentinel-2 imagery were validated us-
ing a set of field plots of 20 m X 20 m established one year after wild-
fire in Sierra de Cabrera (50 plots in burned areas and 10 plots in un-
burned control areas) and Navalacruz (65 plots in burned areas and 15
plots in unburned control areas) sites. A minimum distance of 100 m
between plots was ensured. We assumed a similar FCOVER retrieval
performance one year after fire as in the immediate post-fire situation.
This is supported by the generalization ability of biophysical parame-
ters' retrieval between different post-fire time scenarios in the same
communities through adequately parametrized RTMs to reflect the bio-
physical settings of the target vegetation assemblages (Fernindez-
Guisuraga et al., 2021a), as in this study. Also, the unburned control ap-
proach supports the premise that the FCOVER retrieval from the pre-
fire Sentinel-2 scenes would feature similar performance (Diaz-Delgado
etal., 2002). The field plots were stratified into the dominant communi-
ties within each site, with the same number of plots for each commu-
nity. By visual inspection in the field, the plots were located in homoge-
neous patches in terms of vegetation legacies in burned areas, and vege-
tation structure in control areas, to ensure a uniform spectral signal in
the plots. The plots were geolocated similarly to the CBI plots. FCOVER
was measured by at least two experienced observers as the vertical pro-
jection occupied by the existing vegetation strata using a visual estima-
tion method at 5% intervals (Fernandez-Guisuraga et al., 2022b) in four
2 m X 2 m subplots nested within 20 m X 20 m plots. The subplots
were located 7 m away from the plot center at azimuths of 45°, 135°,
225° and 315°. In multi-layered communities, i.e. forest and woodland,
a bottom-up FCOVER estimation was used for the overstory layer using
a quadrat held by long sticks, whereas the FCOVER of the understory
was estimated in a top-down direction through canopy gaps
(Fernandez-Guisuraga et al., 2021a). The FCOVER at the 20 m X 20 m
plot level was obtained by averaging the FCOVER estimation in the four
subplots. The performance of FCOVER retrievals for the two sites was
evaluated through the coefficient of determination (R?), the mean ab-
solute error (MAE), the mean bias error (MBE) and the root mean
squared error (RMSE) for the linear relationship between FCOVER mea-
sured in burned and in control field plots.
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2.5. Remote sensing-based fire severity metrics and data analyses

The fire severity metric proposed in this paper, i.e. FCOVERL, is cal-
culated as the ratio of post-fire to pre-fire FCOVER retrievals from Sen-
tinel-2 scenes (Eq.1).

FCOVER, = FCOVER p5,_re/ FCOVER v, 1)

The FCOVERr index ranges between 0 and 1. The higher the index
value, the lower the FCOVER variation with respect to the pre-fire sce-
nario and the lower the fire severity. The most commonly used bi-
temporal spectral indices in the literature, i.e. the dNBR, RANBR and
RBR (Eq.5), were used as a benchmark method of the FCOVERr metric
and calculated from Sentinel-2 surface reflectance bands according to
Eq.2-Eq.5.

NBRSentinel—Z = (Band 8A — Band 12)

/(Band 8A + Band 12) 2

dNBR = 1000 (NBR,,, — NBR ;) 3)
0.5

RANBR = dNBR/ <|NBRP,.e_ﬁm ) )

RBR = dNBR/ (NBR,,, + 1.001) (5)

The relationship between field estimates of fire severity (i.e. plot-
level scores of the modified CBI protocol) and each remote sensing-
based fire severity retrieval (i.e. FCOVERr metric and spectral indices)
was evaluated through univariate ordinary least squares (OLS) models
calibrated for each study site. We considered linear, quadratic and cu-
bic predictor terms in the models to account for potential non-linear re-
lationships, selecting the univariate model that featured the highest fit
assessed by means of the R2. The same analyses were conducted for the
plot-level scores of the original CBI protocol to discard potential biases
in the results.

The transferability of univariate OLS models (external model valida-
tion) was assessed between different plant communities within each
site and between sites using data from all plant communities. For in-
stance, the CBI-FCOVERr model output in one of the plant communities
of Sierra de Cabrera site was applied to predict CBI in each of the other
two plant communities of the site, iteratively. This process was re-
peated iteratively for all remote sensing-based fire severity retrievals
between communities/sites. Model transferability performance was as-
sessed using the normalized RMSE (nRMSE) from the maximum and
minimum CBI observed value in the target community/site, with errors
higher than 25% considered as unacceptable (De Santis and Chuvieco,
2007; Fernandez-Garcia et al., 2018).

The CBI thresholds suggested by Miller and Thode (2007) (section
2.1) and OLS model equations were used to define three fire severity
categories (low, moderate and high) in the FCOVERr metric and in the
spectral indices (i.e. thresholding approach) and generate wall-to-wall,
categorized fire severity maps. These maps were qualitatively assessed
through field observations, and quantitatively validated at landscape
scale by means of high spatial resolution aerial/satellite remote sensing
data following Quintano et al. (2013). Specifically, we used 2017 and
2020 pre-fire 25-cm resolution orthophotos provided by the PNOA as
pre-fire reference data in Sierra de Cabrera and Navalacruz sites, re-
spectively. Since post-fire orthophotos were not available for
Navalacruz, we used immediately post-fire GEOSAT-2 (former Deimos-
2) satellite pansharpened images to a spatial resolution of 75 cm for
that purpose in both sites. We established a minimum of 50 sampling
plots of 20 m x 20 m per fire severity class (low, moderate and high)
and site following a random design. The plots were matched with the
Sentinel-2 grid. A minimum separation of 100 m between CBI field
plots and imagery reference plots was ensured. We assigned a fire sever-
ity class for each plot using a visual assessment of pre- and post-fire
high spatial resolution imagery. We followed the criteria of Botella-
Martinez and Ferndndez-Manso (2017). Low fire severity was assigned
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to the plots in which the tree canopy remained mostly unaffected and
the shrub areas were scorched. If more than half of the tree canopy
layer was scorched and the shrub areas were mostly charred, the plots
were classified as moderate severity. High-severity burned plots were
characterized by almost total consumption of canopy and shrub foliage.
We recognize that the photointerpretation process is subjective, but,
following these criteria, fire severity classes assigned to the imagery ref-
erence plots were coherent with the categorized CBI scores of the field
plots observed in the imagery. The classification performance of wall-
to-wall, categorized fire severity maps (FCOVERr and spectral indices)
was evaluated through the overall accuracy (OA) and the kappa index,
as well as the producer's (PA) and user's (UA) accuracy for each fire
severity class. We also computed patch description metrics at the class
level to analyze the sensitivity of categorized fire severity maps in rela-
tion to the spatial patchiness of fire severity. We focused on two metrics
that are commonly used in landscape assessments of burned areas (e.g.
Farris et al., 2008; Nogueira et al., 2017; Skowronski et al., 2020):
patch density (PD) and perimeter-area Fractal Dimension Index (p-a
FDI) of each fire severity class. PD is an aggregation class metric that
describes the fragmentation of each class in the landscape (McGarigal et
al., 2012); p-a FDI describes the patch complexity of each class irrespec-
tive of scale, and high values correspond to more irregular shapes
(McGarigal et al., 2012).

These metrics were computed in R 4.0.5 (R Core Team, 2021) using
raster (Hijmans, 2021) and landscapemetrics (Hesselbarth et al., 2019)
packages.

3. Results

The FCOVER retrieval from Sentinel-2 scenes one year after fire us-
ing reference endmembers to expand PROSAIL-D simulations with post-
fire background spectra featured high overall fit and low predictive er-
ror for Sierra de Cabrera (R2 = 0.80 and RMSE = 9.71%) and
Navalacruz (R2 = 0.86 and RMSE = 10.02%) sites in burned and con-
trol scenarios (Fig. 3). The retrievals were closely tailored to the 1:1
line, and only a slight underestimation was observed in the Sierra de
Cabrera site throughout the whole FCOVER range (MBE = —4.61%).
The retrieval performance was higher than that procured from PRO-
SAIL-D simulations expanded with image endmembers (Figure SM2 of
the Supplementary Material). The FCOVER estimated from the refer-
ence endmember approach was then considered for further analyses.

In the Sierra de Cabrera site, the mean FCOVER within the wildfire
scar was equal to 53.79% = 27.73% and 25.86% * 10.61% in the im-
mediate pre and post-fire situations, respectively (Fig. 4). The highest
FCOVER values corresponded to valley-bottom areas dominated by
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Pyrenean oak forests burned at low and moderate fire severities. In
Navalacruz site, the mean FCOVER in the immediate pre-fire conditions
was equal to 45.60% = 15.43% (Fig. 4), with the highest FCOVER ob-
served in Scots pine forests and broom shrublands along a west-east axis
in the central area of the wildfire scar. In post-fire conditions, with a
mean FCOVER of 19.05% =+ 11.77% (Fig. 4), the highest values were
recorded in the north and south sections of the wildfire scar.

The relationship between the FCOVERr metric and the plot-level
scores of the modified CBI protocol showed higher fit than the bi-
temporal spectral indices in Sierra de Cabrera (R2 = 0.89 vs
R2 = 0.76-0.84) and Navalacruz (R2 = 0.84 vs R2 = 0.50-0.68)
through OLS models (Fig. 5). The best performing spectral indices were
the dNBR and the RBR in both sites. The FCOVERr metric varied lin-
early with the CBI in both sites, whereas the type of relationship with
spectral indices was not consistent between sites, even for the same
spectral index (Fig. 5). For instance, dNBR and RBR indices featured a
linear relationship with the CBI in Sierra de Cabrera site, but a qua-
dratic relationship in Navalacruz site. The relationship between CBI
and RANBR was linear at both sites, but the RANBR was the worst-
performing index for retrieving fire severity. Similar results were evi-
denced for the plot-level scores of the original CBI protocol (Figure SM3
of the Supplementary Material).

As expected, this differential behavior translated into better trans-
ferability performance of the FCOVERr metric
(mRMSE = 14.27% =+ 3.75%) than for spectral indices
(nRMSE = 21.97% =+ 8.09%) between different plant communities
within Sierra de Cabrera and Navalacruz sites, and also between the
two sites (Fig. 6). Only for the model between Spanish heath shrublands
(reference system) and Pyrenean oak forests (target system) transfer-
ability was higher using spectral indices (specifically dNBR) than using
the FCOVERr metric (1 of 14 transferability cases analyzed). None of
the transferability cases analyzed using the FCOVERr metric presented
errors >25%, considered unacceptable, whereas five of the cases using
spectral indexes did.

The wall-to-wall fire severity maps as estimated using the Miller and
Thode (2007) CBI thresholds from the FCOVERr metric and the dNBR
index fire severity retrievals are provided in Fig. 7. We chose the dNBR
index because it showed the best performance in the field fire severity
retrieval and is the most used operationally in programs such as the
Monitoring Trends in Burn Severity (MTBS) project and the Rapid Dam-
age Assessment (RDA) module of the European Forest Fire Information
System (EFFIS). In the Sierra de Cabrera site, 41% of the surface was
burned with high fire severity according to the FCOVERr metric, and
30% according to the dNBR. In contrast, fire severity retrieval using the
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Fig. 3. Relationship between field-measured and retrieved FCOVER in burned (red) and control (green) plots one year after fire for Sierra de Cabrera and Navalacruz
sites using reference endmembers to expand PROSAIL-D reflectance simulations with representative, post-fire background spectra. The dotted line represents the 1:1
line and the solid line the fit of the linear model. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this ar-

ticle.)
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Sierra de Cabrera
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Fig. 4. Wall-to-wall FCOVER maps (20 m spatial resolution) in immediate pre and post-fire scenarios for Sierra de Cabrera and Navalacruz sites.
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Fig. 5. Relationship between plot-level scores of the modified CBI protocol and remote sensing-based fire severity retrievals (i.e. FCOVERr metric and spectral
indices) for Sierra de Cabrera and Navalacruz sites. The solid line represents the fit of the univariate ordinary least squares model evaluated through the coeffi-

cient of determination (R2).

FCOVERr metric estimated a smaller burned area with high fire severity
(30%) than the dNBR index (36%) in the Navalacruz site.

We found that the dNBR index did not adequately capture the spa-
tial patterns of high vegetation damage in certain areas observed in the
field and burned at high fire severity, for example some Scots pine
stands in the Sierra de Cabrera site (Fig. 8A). This is consistent with the
higher dNBR underestimation of moderate to high fire severity as com-

pared to FCOVERr in the CBI field plots (Figure SM4 of the Supplemen-
tary Material). We also found by inspecting wall-to-wall maps and field
observations that the FCOVERr metric captured better the variation in
the spatial patchiness of low, moderate and high fire severity levels, es-
pecially in respect to narrow bands of moderate fire effects, for example
in Pyrenean oak forests in Sierra de Cabrera (Fig. 8B). These observa-
tions were further confirmed by the quantitative assessment of catego-
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Fig. 6. Model transferability performance between different plant communities within Sierra de Cabrera and Navalacruz sites, and between the two sites, assessed
through the normalized RMSE (nRMSE) from the maximum and minimum CBI observed value in the target community/site. The percentages in green represent
the nRMSE corresponding to FCOVERr metric, and in red to the nRMSE of the best-performing spectral index in the transferability scheme. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version of this article.)

rized fire severity maps through fire severity reference data acquired
from high spatial resolution aerial/satellite imagery, as well as by patch
description metrics of each fire severity class. All classification accuracy
metrics of FCOVERr were higher than those of the dNBR index, except
for the PA of the low fire severity class in Navalacruz, which was higher
for the dNBR index. The underestimation of high fire severity by the
dNBR index was remarkable in both study sites, as well as the confusion
of moderate fire severity class. Although present, both effects were less
noticeable with the FCOVERr metric (Table 3). In addition, the density
and shape complexity of patches for each fire severity class were higher
in the FCOVERr maps than in dNBR maps, thus indicating that the cap-
ture of fire effects patchiness was improved (Table 4). This result is co-
herent with the relatively low misclassification of fire severity classes,
particularly the moderate class, in the FCOVERr maps. For both fire

severity metrics, patch density decreased in the high fire severity class
(Table 4).

4. Discussion

Fire severity assessment through remote sensing-based techniques is
not only a critical factor in post-fire management strategies (Morgan et
al., 2014; Fernandez-Garcia et al., 2018) through wall-to-wall estimates
that align with management needs (Keeley, 2009), but also has substan-
tial implications for understanding the feedbacks of post-fire vegetation
recovery dynamics (Meng et al., 2018; Yin et al., 2020a; Fernidndez-
Guisuraga et al., 2021a). Indeed, satellite optical data have become a
widely-used tool to assist in the identification of ecological changes in-
duced by wildfires (Miller et al., 2009). The multi-date change detec-
tion framework novelty proposed in this study, i.e. the post to pre-fire
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Fig. 7. Fire severity maps as estimated using the Miller and Thode (2007) CBI thresholds from the FCOVERr metric and the dNBR index fire severity retrievals.

FCOVER ratio retrieved from passive optical data by inverting the PRO-
SAIL-D RTM, can be a sound choice as an operational metric for map-
ping fire severity from a remote sensing-based approach.

Previous remote sensing studies demonstrated that FCOVER is an es-
sential biophysical property in the assessment of post-fire landscapes
for its connections with the driving processes of the response of plant
communities to fire disturbance (Fernandez-Guisuraga et al., 2021a;
Ferndndez-Guisuraga et al., 2022a). In this paper, we evidenced that
the FCOVERr metric, estimated from a relative change perspective and
considering the range of biophysical variation of heterogeneous vegeta-
tion communities within a burned landscape (Lentile et al., 2009), was
consistent as a remote sensing descriptor of fire severity from an ecolog-
ical standpoint (Miller and Thode, 2007) to be used as a biophysical in-
dicator of fire damage. The basis of the proposed change detection ap-
proach in heterogeneous burned landscapes relied on the accurate char-
acterization of FCOVER variability from optical data in burned and un-
burned scenarios. The inversion of the PROSAIL-D RTM featured accu-
rate FCOVER estimates (RMSE <10%) in Mediterranean burned land-
scapes of the Iberian Peninsula, considered as a performance standard
to be used as an operational product by end-users (Verrelst et al., 2016).
The improvement of the FCOVER retrieval method introduced here, re-
lated to the expansion of PROSAIL-D reflectance simulations with post-
fire background spectra from reference endmembers, may have led to a
better spectral diversity characterization of the burned landscape
(Hauser et al., 2021; Poulter et al., 2023) and thus to the observed per-
formance increment with regard to the extraction of image endmem-
bers for regulating the inversion scheme (Verrelst et al., 2015;
Fernandez-Guisuraga et al., 2021b). The FCOVER retrieval perfor-
mance from satellite optical data at moderate spatial resolution using
turbid-medium RTMs was consistent with previous research worldwide
(Jia et al., 2016; Wang et al., 2018; Fernandez-Guisuraga et al., 2021a).
First, the physical basis inherent to RTMs allows high generalization
ability in the retrieval scheme (De Santis et al., 2010), which can be ex-

10

ploited to estimate vegetation biophysical variability in heterogeneous
landscapes comprising multiple vegetation communities with distinct
species assemblages, as in our case-study sites (Fernandez-Guisuraga et
al., 2021b). Second, we simulated the relationship between canopy re-
flectance and FCOVER using the full available spectra in the optical im-
ages, contrary to local calibration using empirical models based on in
situ data and spectral indices (Yin et al., 2020a). Third, the observed
variability in the physiological and biochemical traits of the species as-
semblage in the plant communities at both sites may be translated into
inconsistent reflectance spectra, even within a specific community
(Asner, 1998). In this sense, PROSAIL-D RTM parametrization from a
priori knowledge of the ranges of the model input variables for the
plant communities of the sites would have adequately encompassed the
vegetation biophysical variability in the reflectance simulation dataset
(Fernandez-Guisuraga et al., 2021a). And fourth, the PROSPECT-D leaf
model within PROSAIL-D simulates leaf reflectance and transmittance
incorporating the contribution of brown pigments and anthocyanins
(Féret et al., 2017), which play an essential role in the vegetation leaf
optical signal in post-fire plant communities under environmental stress
and senescence conditions (Jacquemoud and Baret, 1990; Gould,
2004), particularly in the visible region of the spectrum (Yin et al.,
2020b). Indeed, we determined through internal testing (not shown)
that the consideration of brown pigments and anthocyanins in the re-
trieval scheme improved the FCOVER estimation under these condi-
tions. The slight FCOVER underestimation evidenced in Sierra de Cabr-
era site may be attributed to a land cover aggregation effect of mixed
pixels at the spatial resolution of Sentinel-2 (Fernandez-Guisuraga et
al,, 2020) and the high ground spatial heterogeneity at this site
(Fernandez-Guisuraga et al., 2021b).

Overall, our results evidenced that the FCOVERr metric provided
not only more accurate field fire severity retrievals than bi-temporal
spectral indices in several Mediterranean plant communities of the case
study sites, but also was more transferable between these plant commu-
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Fig. 8. Detail view of the magnitude of ecological change in a Scots pine forest from pre and post-fire orthophotos (A) and the variation in spatial patchiness of fire

severity in a Pyrenean oak forest (B).

nities and sites. This could be explained by the analogous meaning of
the variation range in photosynthetic or senesced vegetation estimated
through FCOVERr metric to the fire severity definition operationally
used in the field (Lentile et al., 2009), together with the lack of physics
deemed in the fire severity retrieval using spectral indices, featuring
low generalization ability in heterogeneous landscapes comprising mul-
tiple plant communities (De Santis and Chuvieco, 2007). In addition,
background reflectance of exposed soil and burned legacies can affect
the discrimination of fire effects using spectral indices (Meng et al.,
2017). Although the shortwave infrared band of traditional broadband
spectral indices is often considered to be highly sensitive to ash, char
and exposed soil fractions (Miller and Quayle, 2015), it actually is sen-
sitive to a lesser extent than the near infrared band to the vegetation
fraction variability (Hudak et al., 2007; Lentile et al., 2009). Therefore,
background spectra expansion through reference endmembers of PRO-
SAIL-D reflectance simulations may have been essential to produce
more realistic estimates of FCOVER ranges of variation between pre and
post-fire scenarios under sparse vegetation canopies (Garcia-Haro et al.,
2018).

The complex structure of Mediterranean plant communities does
not usually meet the model assumptions for using turbid-medium
canopy RTMs as boundary conditions (De Santis et al., 2009), despite
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being widely used in these types of vegetation for retrieving their bio-
physical variables with high confidence (Fernandez-Guisuraga et al.,
2021b). Even so, the version of the selected SAIL canopy RTM, i.e.
4SAIL, can estimate multiple scattering effects inside the canopy and
thus describe non-uniform vegetation canopy characteristics (Verhoef
et al., 2007; Liang et al., 2015) as compared to previous SAIL model
versions. The use of geometric RTMs may be more appropriate and pro-
vide better performance in the FCOVER retrieval in Mediterranean
plant communities that match such model assumptions (Yebra et al.,
2008). De Santis et al. (2009) and De Santis et al. (2010) used the Geo-
SAIL geometric RTM to simulate spectral reflectance for a range of
GeoCBI values which were retrieved from optical reflectance data,
achieving a R? of 0.91 * 0.08 in a site with a wide range of measured
GeoCBI values in the field, as in our case-study sites, and a R2 of
0.56 = 0.18 in two sites with GeoCBI values between 2 and 3. These re-
sults slightly improved the performance of the FCOVERr metric for re-
trieving field-measured fire severity, but at the expense of more com-
plex parameterization for the continuum range of (Geo)CBI values to be
used operationally.

The linear relationships between FCOVERr metric and CBI for the
Mediterranean plant communities of both case-study sites were also
consistent with the results of studies involving reflectance simulations
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Table 3

Classification performance of categorized fire severity maps (FCOVERr and
dNBR) evaluated through the confusion matrix. We computed the overall ac-
curacy (OA; %), the kappa index, and the user's (UA) and producer's (PA) ac-
curacy (%) of each fire severity class.

Reference fire severity

Sierra de Cabrera Navalacruz
Low  Moderate High Low  Moderate High
Classified fire Low 57 6 2 65 7 4
severity
FCOVERr Moderate 4 41 7 8 38 6
High 0 3 58 2 5 44
PA (%) 93.44 82.00 86.57  86.67 76.00 81.48
UA (%) 87.69 78.85 95.08  85.53 73.08 86.28
OA (%) 87.64 82.12
Kappa 0.81 0.73
index
Low  Moderate High Low  Moderate High
Classified fire Low 51 10 6 67 9 5
severity
dNBR Moderate 7 34 12 8 28 9
High 3 6 49 0 13 40
PA (%) 83.61 68.00 73.13 89.33 56.00 70.37
UA (%) 76.12 64.15 84.48 81.71 60.87 74.51
OA (%) 75.28 74.30
Kappa 0.63 0.61
index
Table 4

Patch density (PD) and perimeter-area Fractal Dimension Index (p-a FDI) of
each fire severity class in Sierra de Cabrera and Navalacruz sites.

Sierra de Cabrera Navalacruz
Low Moderate  High  Low Moderate  High
FCOVERr PD 31.10 35.00 23.20 37.30 37.20 27.60
p-aFDI 1.51 1.62 1.51 1.54 1.62 1.51
dNBR PD 14.60 14.50 13.60 13.20 12.80 11.40
p-aFDI 1.44 1.54 1.40 1.40 1.45 1.42

of fire effects on several multi-strata CBI attributes (De Santis et al.,
2009, 2010), which enhanced FCOVERr metric transferability. The gen-
eralization power of biophysical variables retrieved from RTM simula-
tions minimized scaling challenges (Fernidndez-Guisuraga et al.,
2021a). In contrast, the type of relationship (i.e. linear or quadratic) be-
tween CBI and dNBR/RBR spectral indices was not consistent between
sites, which led to transferability issues as expected. These inconsisten-
cies were previously evidenced (Soverel et al., 2010) and may arise
from signal saturation of these spectral indices at high fire severities
measured in the field (van Wagtendonk et al., 2004; Soverel et al.,
2010) and the suboptimal sensitivity of these indices to changes in
field-measured fire severity (Roy et al., 2006). This may explain the low
transferability performance of ANBR/RBR spectral indices, with errors
sometimes exceeding 25% of the CBI range, considered unacceptable to
be operationally used as a scalable post-fire assessment product (De
Santis and Chuvieco, 2007). It should be noted that the relationship be-
tween CBI and RANBR was linear in both case-study sites, as in some
previous studies (e.g. Holden et al., 2009; Stambaugh et al., 2015).
However, other studies evidenced non-linear rather than linear correla-
tions (e.g. Miller and Thode, 2007; Parks et al., 2018), or found only
marginal improvements in model performance (e.g. Karau et al., 2014;
Fernandez-Garcia et al., 2018). In this study, the RANBR performance
in the fire severity retrieval scheme was limited (R? = 0.50-0.76), and
thus its transferability analysis was not considered.

The well-known underestimation of moderate to high fire severities
using bi-temporal spectral indices, mainly the dNBR (e.g. Murphy et al.,
2008; van Gerrevink and Veraverbeke, 2021), but also the relativized
versions (Soverel et al., 2010), were evident not only in the CBI field
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plots of this study (Figure SM4 of the Supplementary Material), but also
through the qualitative assessment of wall-to-wall maps/field observa-
tions (Fig. 8), and the quantitative assessment of severity reference data
acquired from high spatial resolution aerial/satellite imagery (Table 3).
This behavior could be attributed to signal saturation of spectral indices
at high fire severity (e.g. van Wagtendonk et al., 2004), a phenomenon
that is dependent on vegetation type (Epting et al., 2005; Lentile et al.,
2009). Likewise, the patchiness of fire effects, particularly with the oc-
currence of narrow bands of moderate fire severity levels where a com-
posite of low and severe fire effects combines (Miller et al., 2009), were
not properly captured by spectral indices in several areas identified in
the field and wall-to-wall estimates (Fig. 8). The low density and shape
complexity of patches in the dNBR maps may not be enough to opti-
mally capture the higher landscape heterogeneity and patchiness char-
acterizing burned areas at low and moderate severities as compared to
high-severity burned areas (e.g. Harvey et al., 2016; Skowronski). In
this sense, the mixed spectral responses of burned canopies at moderate
fire severity (i.e. partially scorched) may not be adequately resolved by
the limited spectral information used by spectral indices (Rogan and
Franklin, 2001; Mallinis et al., 2018). This effect was largely mini-
mized, but still evident, in the FCOVERr estimates probably because of
the optical nature of both remote sensing techniques and the potential
decoupling of fire severity in the under- and overstory (Miller et al.,
2009). The misclassification of fire effects by spectral indices, particu-
larly the confusion between moderate and high fire severity classes in
Navalacruz (Table 3), could be a plausible explanation for the differen-
tial stand-replacing areas detected in both study sites through wall-to-
wall estimates. The higher surface burned at high fire severity detected
by the dNBR index in Navalacruz site is mainly registered in the central
strip of the wildfire, dominated by Scots pine forests where mixed fire
effects in the field tended to concentrate. Indeed, Scots pine is classified
in the moderate-severity fire regime and is considered as moderately
fire resistant (Granstroem, 2001). Therefore, Scots pine forests are char-
acterized by multi-aged stands, being some individuals of the stand con-
sidered as fire-avoiders due to increased crown base height (Fernandes
et al., 2008), which may contribute to a markedly mixed fire severity
pattern. Despite the ecological sense of this argument, this should be
further investigated.

We evaluated fire effects by means of the variation of top-of-canopy
vegetation fraction in single and multi-layered plant communities, also
accounting in the latter case for the lower strata sensed through canopy
gaps. This approach may be inappropriate when understory and over-
story fire effects are not linked and the overstory layer partly occludes
the more severely affected understory layer. Fire severity as assessed in
the field would thus be underestimated in these cases, even if they
would not be a priority for post-fire rehabilitation (De Santis et al.,
2009).

Future research should be focused on validating the FCOVERr met-
ric in a wider variety of Mediterranean plant communities and non-
Mediterranean biomes. Although the physical basis of the FCOVERr
metric procured an adequate transferability performance between sev-
eral Mediterranean plant communities and burned landscapes, the ap-
plication to other Mediterranean communities not considered here, and
especially those from other biomes, will require an adequate RTM para-
meterization to reflect the biophysical settings (i.e. plant traits) of the
target vegetation assemblages (Wang et al., 2017). For this purpose, the
TRY database (Kattge et al., 2011) exploitation may provide the base-
line for a realistic RTM parametrization regarding the leaf and canopy
trait variability of the known dominant species in the target communi-
ties (Kattenborn et al., 2017). Despite prior plant trait data acquired in
the field may provide more realistic RTM simulations by alleviating the
ill-posed nature of the models (Yebra and Chuvieco, 2009), highly accu-
rate biophysical estimates can be procured using generic training simu-
lation datasets (e.g. Campos-Taberner et al., 2018). In addition, the
broad availability of laboratory and field spectral libraries to expand
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RTM simulations with representative background endmember spectra
also constitutes the baseline for this approach (Poulter et al., 2023). We
must emphasize that we have not included ecosystem responses in the
modified CBI protocol because they were negligible in our study sites
the month following the fires. Including ecosystem responses into the
CBI protocol should be a priority if these are noticeable in the very
short-term following fire (De Santis and Chuvieco, 2009) when using
our approach in other study sites, or when performing extended fire
severity assessments, and the RTM should be parametrized accordingly.

Large-scale fire severity assessments would also benefit from the in-
direct RTM inversion considered here because of the straightforward
and efficient parallel processing framework of the RFR algorithm in
cloud-computing platforms (Campos-Taberner et al., 2018). Future re-
search should also compare the performance of the FCOVERr metric re-
trieved using turbid-medium RTMs with that estimated from geometric
models, providing a more comparable scenario than the RTM ap-
proaches previously used in the literature.

5. Conclusions

We propose a novel approach with sound ecological and physical
sense to assess fire severity through a change detection framework
based on the post to pre-fire FCOVER ratio retrieved from passive opti-
cal data by inverting the PROSAIL-D RTM. Accurate fire severity re-
trievals in terms of field-measured CBI were obtained with the FCOV-
ERr metric, and proved to be more transferable than spectral indices in
several Mediterranean plant communities because of the generalization
power of biophysical variables retrieved from RTM simulations. The
FCOVERr metric effectively captured the distribution of moderate to
high fire severity areas throughout the heterogeneous patchiness of fire
effects, which implies that this product may be a sound alternative for
operational use in the identification of priority areas for post-fire man-
agement.
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