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Abstract 

Background  Detailed knowledge of the spatial distribution of vegetation fuels is essential for assessing wildfire haz‑
ard and behavior, as well as for planning effective management. In southern Europe, the Prometheus project has pro‑
posed the differentiation of seven fuel types, but their characterization using remote sensing techniques remains 
challenging. Here, we propose a two-phase, innovative methodology for high-resolution mapping of Prometheus 
fuel types, integrating complementary remote sensing data and physically based techniques. In the first phase, we 
estimated the fire-propagating element (grass, shrubs, and trees) through multispectral imagery and an advanced 
spectral unmixing technique (multiple endmember spectral mixture analysis—MESMA) to mimic the Prometheus 
classification system in the field. In the second phase, synthetic aperture radar data, together with a novel LiDAR 
workflow related to the distribution of leaf area density by fuel vertical strata, were used to classify the correspond‑
ing Prometheus fuel type (FT) within each fire-propagating element (grassland, shrubland, and woodland) by using 
a random forest classification algorithm.

Results  Field validation conducted across four sites in the Iberian Peninsula with markedly different environmen‑
tal conditions and vegetation types showed high performance in the classification of the fire-propagating ele‑
ment through MESMA (overall accuracy (OA) = 94.58%). The producer’s (PA) and user’s (UA) accuracy for each class 
(> 90.00%) was consistent with the OA. During the second phase, fuel types in shrublands (FT2 to FT4) and woodlands 
(FT5 to FT7), together with the fuel type in grasslands (FT1) retrieved directly from MESMA, were classified with high 
overall performance (OA = 90.27%) as depicted by the validation of the final Prometheus fuel type map from a set 
of independent field plots. The PA and UA for most individual FTs exceeded 80%.

Conclusions  The results of this manuscript provide an accurate characterization of the spatial variability of fuel types 
within the Prometheus classification system across heterogeneous landscapes. The generalizability of the remote 
sensing methodology proposed, grounded in physical and ecological principles, represents a significant advance 
for fuel planning in southern European countries.
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Resumen 

Antecedentes  El conocimiento detallado de la variabilidad espacial de los combustibles vegetales es esencial para 
determinar el riesgo y comportamiento de los incendios forestales, como así también para planificar estrategias 
de gestión efectivas. En el sur de Europa, el proyecto Prometheus ha propuesto la diferenciación de siete tipos de 
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combustibles, aunque su caracterización mediante el uso de técnicas de teledetección resulta todavía desafiante. En 
este trabajo, proponemos una metodología innovadora, en dos fases, para el mapeo en alta resolución de los tipos 
de combustible Prometheus, integrando datos de teledetección complementarios y técnicas con base física. En la 
primera fase, estimamos los elementos propagadores del fuego (pasto, matorral, y árboles) a través de imágenes mul‑
tiespectrales y una técnica de mezclas espectrales avanzada (multiple endmember spectral mixture analysis -MESMA-) 
para imitar la clasificación del sistema Prometeus en campo. En la segunda fase, usamos datos de radar de apertura 
sintética junto con un flujo de trabajo LIDAR novedoso, relacionado con la estimación de la distribución de la den‑
sidad del área foliar y los estratos verticales del combustible, para clasificar el correspondiente tipo de combustible 
del Prometheus (FT) dentro de cada elemento propagador del fuego, usando el algoritmo de clasificación Random 
Forest.

Resultados  La validación en campo realizada a través de cuatro sitios de estudio en la Península Ibérica, con 
marcadas diferencias en sus condiciones ambientales y tipos de vegetación, mostraron un alto rendimiento en la 
clasificación de los elementos de propagación del fuego a través de MESMA (precisión global o overall accuracy 
-OA- = 94.58%). La precisión del Productor (PA) y del Usuario (UA) para cada clase (> 90.00%) fue consistente con la 
OA. Durante la segunda fase, los tipos de combustibles de matorral (FT2 a FT4) y de arbolado (FT5 a FT7), junto con el 
tipo de combustible de pasto (FT1), estimado directamente de MESMA, fueron clasificados con un alto rendimiento 
(OA = 90.27%) como muestra en la validación final del mapa de tipos de combustible Prometheus a partir de un con‑
junto de parcelas de campo independientes. La PA y UA de cada FT excedió el 80%.

Conclusiones  Los resultados de este trabajo proporcionan una metodología para clasificar de forma precisa la vari‑
abilidad espacial de los tipos de combustibles dentro del sistema Prometheus a través de diferentes tipos de paisaje. 
La generalización de la metodología de teledetección propuesta, basada en principios físicos y ecológicos, representa 
un avance significativo para la planificación de las estrategias de gestión del combustible en los países del sur de 
Europa.

Introduction
Wildfires have become an increasingly global threat, 
driven by the interaction of climatic, ecological, and 
human factors, resulting in significant socio-economic 
and environmental resources losses (Abdollahi & Yebra 
2023). Terrestrial ecosystems in the Mediterranean Basin 
are highly vulnerable to wildfire disturbances due to their 
seasonal climate and the presence of highly flammable 
biomass (Moreira et  al. 2011; San Miguel-Ayans et  al., 
2013). These conditions, aggravated by rural land aban-
donment and climate change, have led to a high buildup 
and continuity of dry, flammable fuels conducive to fire 
ignitions and extreme fire behavior (Moritz et  al. 2012; 
Pausas & Keeley 2021; Hoffrén et al. 2024). The increas-
ing occurrence of extreme wildfires has raised concerns 
about the effectiveness of current management and pre-
vention strategies to address the hazard posed by altered 
fire regimes (Moritz et al. 2014).

Fuel load and structure across the landscape are the 
only components of the fire behavior triangle that man-
agers can actively manipulate—unlike fire weather and 
topography—to minimize the ecological impacts of wild-
fires, i.e., fire severity (Fernández-García et al. 2022), and 
to reduce the potential loss of biodiversity, ecosystem 
functions, and services (Keeley et  al. 2011; Hakkenberg 
et  al. 2024). In this regard, accurate characterization of 

the spatial variability of fuel types in fire-prone land-
scapes is critical for modeling fire behavior (Martin-
Ducup et  al. 2025). Fuel biophysical properties and 
structural characteristics are summarized within the con-
cept of fuel types (FTs), serving as classification systems 
that group plant community types with similar combus-
tion and fire behavior patterns (Pyne et  al. 1996; Benali 
et al. 2017). Fuel models, on the other hand, are specific 
numerical descriptions of FTs that include parameters 
necessary for calculating key fire behavior variables, such 
as rate of spread and fire intensity (Rothermel 1972). 
These parameters include fuel particle size, load, height, 
and bulk density (Aragoneses et  al. 2023). Several FT 
classification systems have been proposed, with the most 
commonly used developed in the USA and Canada, such 
as those by Anderson (Anderson, 1982), the Northern 
Forest Fire Laboratory (NFFL) classification by Albini 
(Albini 1976), and the Canadian Forest Fire Behavior 
Prediction (FBP; Van Wagner et  al. 1992). In Europe, 
researchers have developed a new fuel classification sys-
tem called Prometheus (European Commission, 1999), 
which simplifies and adapts the NFFL classification based 
on Rothermel’s fire spread model (Rothermel 1972) to 
the specific conditions of southern European ecosystems. 
The Prometheus system classifies fuels primarily by the 
type and height of the fire-propagating element (grass, 
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shrubs and trees), and divides them into seven FTs: grass-
lands (FT1), shrublands (FT2, FT3, FT4), and woodlands 
(FT5, FT6, FT7).

The characterization of the spatial variability of FTs 
has been mainly addressed through three approaches: (i) 
field surveys, (ii) photointerpretation of aerial imagery 
obtained via photogrammetry workflows combined with 
field data, and, more recently, (iii) through the analysis of 
optical data and active sensors onboard satellites or air-
planes (Oswald et al. 1999; Chuvieco et al. 2003; Huesca 
et al. 2019; Viedma et al. 2020; Gale et al. 2021). Among 
these, remote sensing techniques have been established 
as a key tool in fuel assessments, enabling cost-effective 
observations and expanding their applicability in remote 
regions (Zhang et al. 2016; Gale et al. 2021). In contrast, 
methods based exclusively on field data and/or photoint-
erpretation are costly, time consuming, present a limited 
spatial representativeness for the analysis of large areas 
(Viedma et al. 2020; Chamberlain et al. 2021), and do not 
capture fuel dynamics over time (Aragoneses & Chuvieco 
2021). Several studies have implemented multispectral or 
hyperspectral satellite data with moderate-to-high spa-
tial resolution, linked to geographic information systems, 
to capture the spatial variability of plant communities, 
plant species or, more specifically, of FTs through pixel 
or object-based analyses (e.g., Arroyo et  al. 2006; Mall-
inis et al. 2014; Hościło & Lewandowska 2019). However, 
such data may perform suboptimally when character-
izing understory fuels and vertical fuel continuity under 
dense canopy cover (Jakubowksi et al. 2013; Marino et al. 
2016). The estimation of these fuel parameters, together 
with vegetation height, which are essential variables for 
distinguishing FTs and predicting fire behavior (Benali 
et  al. 2017), often relies on indirect correlations with 
optical signals.

This limitation can be overcome by active sensors such 
as light detection and ranging (LiDAR) and synthetic 
aperture radar (SAR) (Gale et al. 2021). Airborne LiDAR 
technology allows accurate characterization of three-
dimensional fuel structure across large areas (Hum-
mel et al. 2011; Chamberlain et al. 2021), even with low 
point cloud density datasets by leveraging an area-based 
approach (Fernández-Guisuraga et  al. 2022a). Indeed, 
low-density LiDAR data are anticipated to offer superior 
insights into understory fuel structure compared to sat-
ellite-based multispectral or hyperspectral observations 
(Morsdorf et al. 2006). Previous studies have shown that 
LiDAR can accurately capture relevant fuel structural 
attributes, including canopy base height (Engelstad et al. 
2019), canopy bulk density (Chamberlain et  al. 2021), 
canopy volume (Næsset et  al., 2005), vegetation height 
(Valbuena et al. 2017), and structure classes (Moran et al. 
2018), among others. Microwave backscatter data, such 

as those provided by the C-band SAR sensor onboard 
Sentinel-1, can provide reliable insights about the den-
sity and size distribution of stems, foliage, and branches 
in the canopy (Patenaude et al., 2005), providing informa-
tion about the vertical fuel structure complementary to 
LiDAR data (Fernández-Guisuraga et al. 2023a, b). How-
ever, the potential of SAR data for mapping FTs remains 
to be thoroughly explored (Solares-Canal et al. 2023).

Previous studies have leveraged the fusion of multi-
spectral data with LiDAR point clouds to capture the 
spatial variability of FTs in southern European countries 
using decision rules and/or machine learning algorithms 
(García et  al. 2011; Marino et  al. 2016; Domingo et  al. 
2020; Solares-Canal et al. 2023; Hoffrén et al. 2024). For 
instance, García et  al. (2011) implemented a two-phase 
classification approach where a support vector machine 
algorithm was first used to hard-classify the fire-prop-
agating element within the Prometheus system from 
high-resolution, airborne multispectral imagery in cen-
tral Spain. This initial classification served as the founda-
tion for a subsequent decision rule to assign FTs within 
each fire-propagating element by means of LiDAR data. 
The same procedure was leveraged by Solares-Canal 
et al. (2023) to classify Rothermel FTs in northwest Spain. 
Domingo et  al. (2020) used a single-phase approach to 
directly classify FTs within the Prometheus system using 
Sentinel-2 multispectral data and LiDAR point clouds in 
eastern Spain. The methods implemented in these studies 
are based, in some of their stages, on a hard-classification 
of remotely sensed data to estimate the fire-propagating 
element or directly the FT at the pixel level.

The distinction in the field of the fire-propagating ele-
ment in the Prometheus system is based on percentages 
of grass, shrub, and tree fractional cover (see section 
“Field sampling of fuel types”) (European Commission, 
1999). In homogeneous areas, a hard-classification 
approach may adequately adhere to the decision rules 
of the Prometheus system. However, in landscapes with 
high spatial heterogeneity within fire-propagating ele-
ments, this method may misclassify pixels by assigning 
them to the dominant endmember, even when its per-
centage cover is as low as 30% (Fernández-García et  al. 
2021; Fernández-Guisuraga et al. 2024a). Moreover, hard-
classifications lack physical significance, and while this 
has not yet been thoroughly evaluated, the generality and 
transferability of FT estimates are likely limited between 
landscapes dominated by dissimilar plant communities 
and with distinct environmental conditions (Feilhauer 
& Schmidtlein 2011). The retrieval of image fractions at 
sub-pixel level through spectral unmixing techniques 
can thus be a more robust alternative adapted to the Pro-
metheus system. Spectral mixture analysis (SMA) has 
been widely implemented in the fire ecology field for 
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assessing fire severity (Quintano et al. 2013, 2023) or eco-
system resilience (Fernández-Guisuraga et al. 2020). Par-
ticularly, multiple Endmember Spectral Mixture Analysis 
(MESMA; Roberts et  al. 1998) is an advanced spectral 
unmixing technique specifically designed to account for 
spectral variability within each endmember of interest 
(Dennison & Roberts 2003), such as the fire-propagat-
ing elements in Prometheus. This technique enables the 
incorporation of multiple spectra for each endmem-
ber and decomposes the reflectance signal of each pixel 
using various combinations of potential endmembers. 
This approach overcomes a key limitation of traditional 
SMA-based algorithms, which require a fixed number of 
endmembers to unmix each pixel, regardless of whether 
those endmembers are actually represented within the 
pixel (Quintano et  al. 2013). Although MESMA has 
not yet been applied to FT mapping, it provides a more 
physically meaningful approach with greater potential for 
estimating cover fractions of fire-propagating elements 
compared to conventional hard-classification methods. 
Moreover, recent advancements by Kamoske et al. (2019) 
and Viedma et al. (2024) introduced workflows leveraging 
LiDAR data to examine the distribution of the leaf area 
density (LAD) across vertical fuel layers. These methods 
provide critical insights into both horizontal and vertical 
fuel continuity, including the identification of fuel gaps 
and the characterization of fuel layer depth within forest 
stands. However, these approaches remain unexplored in 
the context of FT mapping.

Several studies have emphasized the need to evalu-
ate remote sensing-based approaches for mapping 
FTs at broad spatial scales to account for their poten-
tial under highly variable environmental conditions 
and diverse plant community types (Marino et al. 2016; 
Solares-Canal et  al. 2023), as well as their applicabil-
ity in decision-making processes (Cardil et  al. 2021). In 
this manuscript, the fusion of multispectral, LiDAR, 
and SAR data, as well as physically based remote sens-
ing techniques, is proposed to characterize the spatial 
variability of FTs within the Prometheus system using 
a two-phase classification method across four extensive 
study sites. These sites encompass a high diversity of 
plant community types and are located along an Atlantic-
Mediterranean climatic gradient in the Iberian Peninsula. 
In the first phase, the MESMA algorithm is applied for 
the first time to classify fire-propagating elements from 
Sentinel-2 scenes by mimicking the Prometheus decision 
rules in the field. In the second phase, a machine learning 
algorithm is trained to assign FTs within each propagat-
ing element by leveraging (i) novel voxel-based LiDAR 
metrics accounting for fuel density and LAD distribu-
tion across vertical strata, (ii) the fractional vegetation 
cover (FCOVER) retrieved from Sentinel-2 scenes, and 

(iii) a cross-polarization ratio of C-band SAR (Sentinel-1) 
backscatter data (SAR-CR) indicative of vegetation den-
sity and structural complexity. The proposed method was 
validated with an independent set of field plots across 
all study sites. The ecological and physical foundation of 
our approach aims to improve the estimation and classi-
fication of FTs in fire-prone ecosystems, offering a more 
generalizable tool for fire behavior modeling and fire risk 
management.

Material and methods
Study sites
The study sites are located within an Atlantic-Mediterra-
nean climatic gradient in the Iberian Peninsula (Fig. 1).

Bejís site is located in the Sierra de Andilla mountain 
range (eastern Iberian Peninsula) and covers an exten-
sion of 83,125 ha. The topography of the site is rugged, 
with prominent slopes. The altitude ranges between 550 
and 1600 m. Climate is Mediterranean, with more than 
3 months of summer drought. The mean annual precipi-
tation is 560 mm, and the mean annual temperature 15 
°C (Ninyerola et al. 2005). The site is dominated by Pinus 
halepensis Mill., P. pinaster Ait. and P. nigra Arnold for-
ests, Quercus ilex L. woodlands, and Q. coccifera L., Ulex 
parviflorus Pourr., Genista scorpius (L.) DC, and Junipe-
rus oxycedrus L. shrublands.

Culebra site is located in the Sierra de la Culebra 
mountain range (northwestern Iberian Peninsula). The 
study site covers 67,910 ha and is located at the tran-
sition between Mediterranean and Atlantic climatic 
regions. The region is characterized by 3 months of sum-
mer drought, with a mean annual temperature of 11 °C 
and a mean annual precipitation of 750 mm (Ninyerola 
et al. 2005). The topography is characterized by steep hill-
sides and broad valleys, with elevations ranging from 750 
to 1200 m. Plant communities are dominated by P. pin-
aster, P. sylvestris, and Q. pyrenaica Willd. forests, Q. ilex 
L. woodlands, together with shrublands of Pterospartum 
tridentatum (L.) Willk, Cistus ladanifer L., Halimium 
lasianthum subsp. alyssoides (Lam.) Greuter and Erica 
australis L., and Mediterranean grasslands.

Folgoso site is located within the Sierra do Courel 
mountain range (northwestern Iberian Peninsula) and 
covers an extension of 62,430 ha. The site has very com-
plex topographic conditions, with prominent crests and 
narrow valley bottoms in the northeastern side, and 
moderate slopes with wide valleys on the southwestern 
side. The altitude ranges between 400 and 1600 m. The 
climate has predominant Atlantic characteristics, with 
mean annual precipitation and temperature of 1700 
mm and 10 °C, respectively (Ninyerola et al. 2005). Veg-
etation types include mixed forests dominated by Cas-
tanea sativa Mill., Q. pyrenaica and Fagus sylvatica L., P. 
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pinaster and P. sylvestris forests, Q. ilex and Q. suber L. 
woodlands, and shrublands dominated by E. australis, U. 
europaeus L. and Cytisus scoparius (L.) Link.

Ladrillar site occupies 43,830 ha and is located between 
the Sierra de Gata and the Sierra de Francia mountain 
ranges (central-western Iberian Peninsula), with altitudes 
ranging between 400 and 1300 m. The site has a rugged 
topography with steep hillsides and wide valleys. The cli-
mate is Mediterranean, with more than 3 months of sum-
mer drought. The mean annual temperature is 13 °C and 
the mean annual precipitation 1000 mm. The dominant 
vegetation consists of P. sylvestris and P. pinaster forests, 
Q. ilex woodlands, and shrublands of E. australis, C. 
ladanifer and P. tridentatum.

Field sampling of fuel types
Between June and August 2024, a total of 215 plots of 
20 m × 20 m were established in the field following the 

Sentinel-2 pixel grid to identify the FT according to the 
Prometheus criteria described in Fig.  2. The plots were 
randomly distributed throughout the study sites within 
structurally homogeneous areas of each fire-propagat-
ing element (i.e., grass, shrub, and tree), located before-
hand with the aid of the Spanish Forest Map at 1:25,000 
(SFM25) derived from the fourth Spanish National For-
est Inventory (Alberdi et al. 2016). The number of plots 
within each fire propagating element (grass = 34, shrub 
= 70, tree = 111) was carefully chosen to ensure a bal-
anced representation of each class in the validation data 
partition (see section “Assignment of Prometheus fuel 
types and validation”) and considering the area occu-
pied by each of them within the study sites. We ensured 
a minimum distance of 200 m between plots, which were 
georeferenced using a GPS receiver in RTK mode. Four 
subplots of 2 m × 2 m were established within each plot, 
where all field measurements were conducted. For each 

Fig. 1  Location of the study sites along an Atlantic-Mediterranean climatic gradient in the Iberian Peninsula
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variable, the final value for the plot was calculated as 
the average of the values recorded in each subplot. The 
measured variables included (i) grass cover (%), (ii) shrub 
cover (%), (iii) tree cover (%), (iv) mean shrub height (m), 
(v) mean tree height (m), (vi) canopy base height (m), 
(vii) gap between canopy base and understory fuels (fuel 
gap; m), and (viii) total vegetation cover (%) in the verti-
cal strata of < 0.3 m, 0.3–0.6 m, 0.6–2 m, 2–4 m, and > 4 
m. Based on these measurements, the Prometheus FT 
was assigned for each plot.

Remote sensing data and processing
A workflow clarifying the methods used in this study is 
shown in Fig. 3. It includes field and remote sensing data 
collection, remote sensing data processing, and data 
analysis. The predictors of Prometheus FTs, derived from 
remote sensing data and techniques, are indicated in 
Table 1.

Remote sensing‑derived products
The estimation of the Prometheus FTs (Fig.  2) for each 
framework within the study sites integrated several 
remote sensing datasets: (i) Sentinel-2 multispectral 
imagery and (ii) Sentinel-1 C-band SAR data from the 
Copernicus program of the European Space Agency 
(ESA), as well as (iii) LiDAR data provided by the Spanish 
National Plan for Aerial Orthophotography (PNOA).

Sentinel-2 Level-2 A surface reflectance data, atmospheri-
cally corrected and with a spatial resolution of 20 m, were 
acquired through the Google Earth Engine (GEE) plat-
form ("COPERNICUS/S2_SR_HARMONIZED"product). 
The scenes were selected using a single-date approach, 
prioritizing the acquisition date closest to the field sam-
pling date in each site and free of invalid pixels defined as 
clouds, haze, cloud shadows, or acquisition errors, as indi-
cated by the Sentinel-2 quality band (QA60) and the GEE 
s2cloudless product. In cases where these conditions were 

Fig. 2  Prometheus classification system and criteria for identification of fuel types (FTs) in the field (adapted from Riaño et al. 2002)
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not met, a median composite from a maximum range of 30 
days around the field sampling date ensured high-quality 
acquisitions.

In addition to the retrieval of fraction images of each 
fire propagating-element using MESMA (see section 
“Characterization of the fire-propagating element”), 
Sentinel-2 data were used to estimate the fractional 
vegetation cover (FCOVER; %), i.e., the top-of-can-
opy photosynthetic vegetation fraction observed from 
nadir, serving as a proxy for horizontal fuel continuity in 
both the canopy and understory where sensed through 
canopy gaps (Fernández-Guisuraga et  al. 2021a). The 
FCOVER was retrieved from the inversion of the PRO-
SAIL-D radiative transfer model (RTM) (Fernández-
Guisuraga et  al. 2021a, 2021b; Fernández-Guisuraga 
et al. 2023a, b). Remarkably, RTMs elucidate the mecha-
nistic relationships between top-of-canopy reflectance 
and the variability in vegetation biophysical attrib-
utes, offering a robust physical and ecological founda-
tion (Wang et al. 2022). As a result, RTMs demonstrate 
superior generalization capabilities across diverse plant 
community types compared to empirical models (Yebra 
& Chuvieco 2009). A comprehensive description of the 
parameterization, forward simulation, and inversion of 
the PROSAIL-D RTM is provided in Fernández-Guisur-
aga et al. (2021a, b).

C-band SAR data from the Sentinel-1 ground range 
detected (GRD) product, with a spatial resolution of 10 

Fig. 3  Flowchart depicting field and remote sensing data collection, remote sensing data processing and data analysis

Table 1  Remote sensing-derived variables used as predictors of 
Prometheus fuel types (FTs) in this study

Source Variable Abbreviation Unit

Sentinel-2 Fractional vegetation cover FCOVER %

Sentinel-1 SAR cross-polarization ratio SAR-CR -

PNOA LiDAR Point cloud density < 0.3 m D<0.3 m %

Point cloud density 0.3–0.6 m D0.3–0.6 m %

Point cloud density 0.6–2 m D0.6–2 m %

Point cloud density 2–4 m D2–4 m %

Point cloud density > 4 m D>4 m %

95 th percentile height 
of the returns

p95 m

Vertical complexity index VCI -

Leaf area index LAI m2 m−2

Maximum LAD LADMAX m2 m−3

Height of maximum LAD LADMAXH m

Standard deviation of LAD LADSTD m2 m−3

Volume of empty voxels VOXEMPTY m3

Canopy rugosity CRUG​ -

Volume of the euphotic zone EUPHV m3

Total leaf area in the euphotic 
zone

EUPHLA m2

Depth of the euphotic zone EUPHD m

Volume of the oligophotic zone OLIGV m3

Total leaf area in the oligophotic 
zone

OLIGLA m2
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m, were acquired via the GEE platform ("COPERNICUS/
S1_GRD"product). Scene selection was based on their 
temporal proximity to the field sampling dates, ensuring 
no precipitation occurred within the 7 days prior to each 
acquisition. This criterion was established due to the sen-
sitivity of C-band SAR backscatter behavior to variations 
in soil and vegetation moisture, which can obscure the 
influence of vegetation structure (Belenguer-Plomer et al. 
2019). The condition was verified using the ERA5-Land 
Daily Aggregated product from the ECMWF Climate 
Reanalysis, available on GEE ("ECMWF/ERA5_LAND/
DAILY_AGGR"product). The SAR cross-polarization 
ratio (SAR-CR) was derived from backscatter data of 
VH and VV polarizations of the Sentinel-1 GRD prod-
uct (Meyer 2019). This metric can complement LiDAR 
data for characterizing the spatial variability of vegetation 
density and the structural complexity of plant communi-
ties (Fernández-Guisuraga et al. 2024).

LiDAR data were collected between 2017 and 2021 in 
the study sites with a mean density of 2–4 points m−2 and 
a vertical accuracy (RMSEZ) of the point cloud less than 
0.2 m as reported by PNOA. Although there is a tempo-
ral gap between LiDAR acquisition and the field sampling 
dates (June–August 2024), LiDAR data were considered 
representative of the fuel type and structure prior to sam-
pling, as no significant natural or anthropic disturbances 
were identified between both dates. This was confirmed 
based on the temporal trend of the normalized differ-
ence vegetation index (NDVI) calculated from monthly 
composites of valid pixels from Sentinel-2 Level-1 C data 
in Google Earth Engine (GEE) for each field plot in the 
study sites between January 2016 and September 2024. 
No abrupt changes in NDVI were observed throughout 

the time series beyond the intra-annual variability associ-
ated with the phenology of the species (Fig. 4).

To classify the LiDAR point clouds into ground and 
non-ground returns, several algorithms were evaluated: 
(i) the Multiscale Curvature Classification (MCC; Evans 
& Hudak 2007), (ii) the Progressive Morphological Filter 
(PMF; Zhang et  al. 2003) and (iii) the Cloth Simulation 
Filter (CSF; Zhang et  al. 2016) using the lidR package 
(Roussel et al. 2020) in R (R Core Team 2023), as well as 
(iv) a progressive triangulated irregular network (TIN) 
densification algorithm (Axelsson 2000) implemented in 
LAStools (rapidlasso GmbH, Germany). Since these algo-
rithms require extensive parameterization to maximize 
accuracy in areas with varying vegetation types, topogra-
phy, and soil patchiness, multiple batch runs were con-
ducted with different input parameters. The performance 
of each algorithm was evaluated visually by inspecting the 
classified point clouds in heterogeneous test areas against 
high-resolution RGB orthophotographs (20–50 cm) from 
PNOA. This widely adopted approach is recommended 
for parameterizing and evaluating the performance of 
LiDAR ground filtering algorithms (Hillman et  al. 2021; 
Fernández-Guisuraga et  al., 2024b). Ultimately, the pro-
gressive TIN algorithm from LAStools was selected and 
executed in the lowest points of a 5-m grid.

Ground returns were interpolated to generate a 
digital terrain model (DTM) with a spatial resolution 
of 2  m. The DTM was used to normalize point cloud 
heights and subsequently calculate a set of common 
area-based LiDAR metrics with ecological relevance. 
The metrics were derived at a spatial resolution of 
20 m × 20 m and aligned with the grid of Sentinel-2 
Level-2 A scenes. The calculated metrics included 
the point cloud density (%) across height bin intervals 

Fig. 4  Temporal trend of the normalized difference vegetation index (NDVI) for each field plot in the study sites between January 2016 
and September 2024
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(D<0.3 m, D0.3–0.6 m, D0.6–2 m, D2–4 m, and D>4 m) to repre-
sent the vertical distribution of fuels by mimicking the 
strata of the Prometheus system for plots dominated 
by shrubs or trees as the primary fire-propagating ele-
ment. Density metrics were calculated as the propor-
tion of returns within a specific stratum relative to the 
total number of aboveground returns (Woods et  al. 
2011). The 95 th percentile height of the returns (p95; 
m) was used as an estimate of the canopy height in the 
grid (Kwak et al. 2014). The vertical complexity index 
(VCI) proposed by van Ewijk et al. (2011) was derived 
using uniform 0.5-m height bins to evaluate the even-
ness of fuel distribution along the vertical profile 
(Fernández-Guisuraga et  al. 2022a). Lastly, a canopy 
height model (CHM) with the same grid size as that of 
the DTM (2 m) was calculated from the interpolation 
of the highest normalized LiDAR returns with a TIN 
(Fernández-Guisuraga et  al. 2022a), to be included 
in the decision rule for the classification of the fire-
propagating element (see Sect. 2.3.2) and assist in dis-
tinguishing between shrub and tree (Woolley 2016) 
fire-propagating elements.

Additionally, we considered several LiDAR metrics 
not yet explored in the context of FT mapping and 
related to the LAD (m2 m−3) distribution across verti-
cal fuel layers. These metrics were calculated using the 
canopyLazR package (Kamoske et al. 2019) in R for 1-m 
deep voxels aligned to the Sentinel-2 grid. The LAD 
distribution may play a critical role in representing the 
horizontal and vertical arrangement of fuel within the 
stand, thus influencing potential fire behavior, such as 
crown fire initiation. Indeed, these metrics provide val-
uable insights into the vertical continuity of fuel layers 
(e.g., ladder fuels) as well as their fuel depth and spacing 
in the canopy (Viedma et  al. 2024). Among the calcu-
lated metrics were the (i) leaf area index (LAI; m2 m−2), 
(ii) maximum LAD (LADMAX; m2 m−3), (iii) height of 
maximum LAD (LADMAXH; m), (iv) standard devia-
tion of LAD (LADSTD; m2 m−3), (v) volume of empty 
voxels (VOXEMPTY; m3), (vi) canopy rugosity (CRUG​) as 
an indicator of LAD vertical heterogeneity (Hardiman 
et al. 2011), (vii) volume of the euphotic zone (EUPHV; 
m3), (viii) total leaf area in the euphotic zone (EUPHLA; 
m2), (ix) depth of the euphotic zone (EUPHD; m), (x) 
volume of the oligophotic zone (OLIGV; m3), and (xi) 
total leaf area in the oligophotic zone (OLIGLA; m2). 
The euphotic zone comprises all filled voxels of the 
vertical profile that are within the uppermost 65% of 
plant material within the column (Lefsky et  al. 1999; 
Kamoske et  al. 2022), and thus may be representative 
of the density and continuity of canopy fuels. The oli-
gophotic zone represents the bottommost 35% of plant 
material (Lefsky et  al. 1999; Kamoske et  al. 2022) and 

thus may be indicative of the density of understory and 
ladder fuels in the stand.

Characterization of the fire‑propagating element
Two steps were followed to implement the MESMA pro-
cedure and retrieve the subpixel image fractions of each 
fire-propagating element in Prometheus from Sentinel-2 
Level-2 A surface reflectance scenes.

The first phase of the MESMA procedure requires the 
extraction of endmember spectra that capture the inher-
ent spectral variability of the plant communities within 
each fire-propagating element. In this work, endmem-
ber spectra were obtained through the Sentinel-2 image 
itself (i.e., image endmembers; Settle & Campbell 1998). 
The process began with the identification of candidate 
endmembers (spectra of land cover components) to con-
struct a spectral library, which was subsequently used 
in the spectral unmixing process. A structured spectral 
library was developed at multiple hierarchical levels fol-
lowing Quintano et al. (2023). The most general level of 
the spectral library (level 1) comprised the fire-propagat-
ing element (non-fuel, grass, shrub, tree). For example, 
within forest communities, level 2 would include conif-
erous, broadleaf, or mixed stands, and within coniferous 
forests, level 3 would encompass endmember spectra 
of species such as P. pinaster, P. sylvestris, or P. nigra, 
among others. This hierarchical structure allows for the 
establishment of multiple levels of complexity, which 
can be applied concurrently to unmix the Sentinel-2 
scene through a multilevel fusion approach (Roberts 
et al. 1998). This process was supported by orthophoto-
graphs from the PNOA, the SFM25, and true (B4-B3-B2) 
and false (B12-B8 A-B4) color composites of Sentinel-2 
scenes. Spectral signatures were verified to ensure their 
correspondence with targeted land cover classes by 
expert knowledge (Quintano et  al. 2020). The final set 
of candidate endmembers represented the variability 
of land cover types within the study sites, including the 
different types of non-fuel areas. The definitive spectral 
library was constructed using the Iterative Endmember 
Selection (IES) algorithm (Roth et  al. 2012) to identify 
the most relevant endmembers that maximize the Kappa 
index to unmix Sentinel-2 scenes according to the frac-
tional cover of fire-propagating elements (level 1) within 
each pixel. The allowable endmember fractions were con-
strained within a range of 0 to 1, while the maximum per-
missible root mean square error (RMSE) for the spectral 
unmixing process was limited to 0.025.

The second phase involved the spectral unmixing of 
Sentinel-2 scenes using a multi-level fusion procedure 
covering simultaneously several levels of complexity 
arising from the hierarchical organization of the defini-
tive spectral library (Roberts et  al. 2003). The MESMA 
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modeling process was iterative, adjusting the maximum 
number of endmembers considered in each model and 
optimizing their spectral signatures until the imposed 
constraints were met. These constraints included fraction 
values between 0 and 1, a maximum shadow fraction of 
0.8, a maximum RMSE of 0.025, and no more than 5% of 
unclassified pixels (Quintano et al. 2013, 2023). Fraction 
images representing the subpixel cover of level 1 end-
members (non-fuel, grass, shrub, tree) were shade-nor-
malized using the endmember derived from photometric 
shade. In addition to including a level 1 endmember rep-
resenting non-fuel areas, a mask based on layers from the 
Spanish National Topographic Base was applied to the 
fraction images to reduce errors in identifying this land 
cover class. For further specification of the process, see 
the paper by Quintano et al. (2023).

We used a decision rule to assign each pixel to the 
dominant fire-propagating element by considering 
the MESMA fraction images and the variability of the 
LiDAR-derived CHM within each pixel of the fraction 
images. The assignment was made according to the estab-
lished criteria in the Prometheus system (Fig. 2). Specifi-
cally, pixels with a grass cover fraction exceeding 0.6 were 
directly classified as the grass propagating element (FT1). 
If the shrub fraction was greater than 0.6 and the per-
centage of CHM pixels (2 m grid) higher than 4 m within 
each pixel of the MESMA fraction images (20 m grid) is 
less than 50%, the pixel was assigned to the shrub propa-
gating element. Finally, we assigned the pixels with fuel 
taller than 4 m covering more than 50% of the landscape 
as the tree propagating element. This approach would 
presumably avoid most of the errors associated with the 
exclusive use of either multispectral data or a CHM for 
landscape segmentation in this context. The classification 
of the fire-propagating element of the Prometheus sys-
tem was initially evaluated using all field plots (n = 215) 
as they have not been seen by the MESMA algorithm. An 
additional randomly selected set of 25 photointerpreted 
plots derived from PNOA orthophotographs, corre-
sponding to non-fuel areas, were used in the validation 
process. From the confusion matrix, we calculated the 
overall accuracy (OA; %) and the Kappa index, as well as 
the producer’s (PA; %) and the user’s (UA; %) accuracy for 
each class.

The MESMA procedure was implemented in the 
Visualization and Image Processing for Environmental 
Research (VIPER) tools 2.1 software (Roberts et al. 2019).

Assignment of Prometheus fuel types and validation
After classifying the fire propagating element for each 
pixel in Sentinel-2 scenes, the specific assignment of each 
Prometheus FT within shrubland (FT2, FT3, FT4) and 
woodland (FT5, FT6, FT7) pixels was addressed. The FT1 

model was directly assigned to the grass-type propagat-
ing element. We randomly selected 70% of the field plots 
in shrubland and woodland areas (training dataset) to 
calibrate an independent Random Forest (RF; Breiman 
2001) classification algorithm for each fire propagating 
element pooling data from the four study sites follow-
ing Marino et  al. (2016). A stratified random sampling 
was used to ensure that the training and validation sets 
had approximately the same percentage of samples of 
each target class as the complete dataset. Therefore, two 
independent RF models were calibrated: one for plots 
in which the fire-propagating element was classified as 
shrub, and another for plots classified as tree. The cat-
egorical dependent variable was the FT of each field plot 
of the training dataset. Predictors, aggregated at the plot 
level (20 m × 20 m), were the FCOVER, SAR-CR, and 
LiDAR metrics, excluding the CHM. These variables 
were extracted by averaging data from a systematically 
distributed 20-m grid of points within each plot, spaced 
2  m apart. This approach was designed to minimize 
potential discrepancies between the pixel grids and the 
actual boundaries of the field plots (Picotte & Robertson 
2011).

The Boruta feature selection algorithm (Kursa & Rud-
nicki 2010), a wrapper method built around RF, was used 
in this study to minimize the dimensionality of predic-
tors in each RF model, while enhancing model robust-
ness and predictive performance (Speiser et  al. 2019). 
Boruta evaluates variable importance using Z-scores 
derived from a holdout approach and classifies predictors 
as “unconfirmed,” “tentative,” or “confirmed” by compar-
ing their importance against shadow variables (Kursa & 
Rudnicki 2010). The variables categorized as “confirmed” 
by Boruta were included in the final RF predictor subset. 
The optimal value for the RF mtry hyperparameter was 
determined through fivefold cross-validation, while the 
ntree hyperparameter was set to 2000 to ensure predic-
tion stability (Probst & Boulesteix 2018). Each RF model 
object was then applied alongside raster layers of the pre-
dictors to generate wall-to-wall FT maps within each fire 
propagating element determined by MESMA. Finally, the 
FT maps for shrubland (FT2, FT3, FT4) and woodland 
(FT5, FT6, FT7) areas were merged with those for grass-
land areas (FT1) to procure the final FT maps for each 
study site. The remaining 30% of field plots in shrubland 
(n = 21) and woodland (n = 33) areas (independent vali-
dation dataset), along with the total number of grassland 
plots (n = 34), unseen by RF, were used to evaluate the 
map accuracy through a confusion matrix and the OA 
and the Kappa index, together with the PA and UA for 
each FT. The 25 photointerpreted non-fuel plots were 
also used in the independent validation process.
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All analyses were implemented in R (R Core Team 
2023) using the RandomForest (Liaw and Wiener 2002), 
Boruta (Kursa & Rudnicki 2010), and caret (Kuhn 2020) 
packages.

Results
The classification of the fire-propagating element within 
the Prometheus system using the MESMA algorithm 
achieved a very high accuracy (OA = 94.58% and Kappa 
= 0.92) when assessing all four study sites together 
(Table 2). The PA and UA for each fire-propagating ele-
ment showed values consistent with the OA, exceeding 
90% in all cases. Therefore, no fire-propagating element 
was under- or overestimated across the landscape.

Wall-to-wall estimates of the fire-propagating element 
in the four study sites are shown in Fig.  5. Woodlands 
dominated the Culebra study site (48% of the surface), 
particularly in the central strip, while the northern and 
southern regions presented a much higher landscape 
spatial heterogeneity. Similarly, woodlands were the pre-
dominant landscape feature in the Ladrillar study site 
(51%), clearly serving as the dominant fire-propagating 
element in the central and southeastern regions. In con-
trast, the Bejís and Folgoso study sites displayed a much 
finer-scale spatial patchiness compared to the previous 
sites. In Bejís, grasslands (58%) and shrublands (27%) 
were the dominant fire-propagating elements, whereas 
in Folgoso, shrublands predominated (46%), followed by 
woodlands (35%).

In the training dataset corresponding to field plots 
where shrubs were the dominant fire-propagating ele-
ment, the Boruta wrapper algorithm around RF identi-
fied the following LiDAR-derived metrics as important 

FT predictors: (i) fuel density in the 0.6–2 m and 2–4 m 
strata (D0.6–2  m and D2–4 m), (ii) the vertical complexity 
index (VCI), and (iii) the leaf area index (LAI). SAR-CR 
and FCOVER, retrieved from Sentinel-1 and Sentinel-2 
data, respectively, were also identified as important 
predictors (Fig.  6A). In field plots where trees were the 
dominant fire-propagating element, the Boruta wrap-
per algorithm also identified LiDAR-derived metrics as 
the most important predictors. These included (i) fuel 
density in the 0.3–0.6 m, 0.6–2 m, and 2–4 m strata 
(D0.3–0.6 m, D0.6–2 m, and D2–4 m), (ii) LAI, (iii) volume of 
empty voxels (VOXEMPTY), (iv) height of maximum leaf 
area density (LADMAXH), (v) depth of the euphotic zone 
(EUPHD), and (vi) total leaf area in the oligophotic zone 
(OLIGLA). SAR-CR and FCOVER were also consistently 
selected as relevant predictors (Fig.  6B). Remarkably, 
most of the variables selected by the Boruta algorithm 
for the datasets corresponding to each fire-propagating 
element demonstrated a strong physical and ecological 
alignment with fuel distribution criteria within the verti-
cal profile used to assign Prometheus FTs. This suggests 
a high generalization capability of the wall-to-wall FT 
estimates.

Validations with the independent set of plots in the 
four study sites showed high accuracy in classifying FTs 
(OA = 90.27% and Kappa = 0.88; Table 3), confirming the 
robust generalization capability of the physically based 
approach proposed in this study. The accuracy for most 
individual FTs exceeded 80%. The PA and UA of non-fuel 
areas and the grass FT1 were directly associated with the 
accuracy of the MESMA-based classification. Shrub FTs 
were predominantly classified with PA and UA values 
exceeding 70%. Some confusion was noted between FT2 
and FT3, with FT2 exhibiting a UA of 62.50%. This error 
was caused by the misclassification of three field plots 
as FT2, which actually correspond to one grass FT1 plot 
and two FT3 plots. The UA of FT3 was 100%. The accu-
racy of the FT4 classification was markedly high, with PA 
and UA equal to 87.50%. Forest FTs were also classified 
with very high accuracy (PA and UA > 80%). In particular, 
the PA of FT5 was 100%. A slight overestimation of FT5 
was observed due to its assignment to some field plots 
belonging to FT6.

Wall-to-wall estimates of Prometheus FTs for each 
study site are shown in Fig. 7. In the Bejís study site, FT1 
was the most prevalent class, covering 62% of the area, 
followed by FTs associated with highly hazardous poten-
tial fire behavior, such as FT4 (16%) and FT7 (10%), which 
were distributed in strips along the northeast-southwest 
axis. The Culebra study site was equally dominated by 
FT1 (28%) and FT7 (28%). FT7 exhibited significant spa-
tial continuity across the landscape, primarily along the 
central axis of the study framework, accompanied by FT5 

Table 2  Confusion matrix and accuracy metrics (OA = overall 
accuracy; PA = producer’s accuracy; UA = user’s accuracy) for 
the classification of the dominant fire-propagating element 
in the Prometheus system using as reference the pooled field 
plots from the four study sites (n = 215). An additional 25 
photointerpreted plots, corresponding to non-fuel areas, were 
used in the validation process

Fire-propagating element Reference data

Tree Shrub Grass (FT1) No-fuel

Classified data Tree 105 3 0 0

Shrub 6 66 1 0

Grass (FT1) 0 1 33 2

No-fuel 0 0 0 23

PA (%) 94.60 94.29 97.06 92.00

UA (%) 97.22 90.41 91.67 100.00

OA (%) Kappa
94.58 0.92
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(10%). The distribution of FTs in the Folgoso study site 
revealed high spatial heterogeneity. FT3 was the most 
dominant class (30%), particularly along the northwest-
southeast axis, followed by FT4 (16%) and FT7 (19%), 
which were more broadly distributed across the study 
frame. In the southeastern portion of the Ladrillar study 
site, forest stands of FT5 (13%) and FT7 (32%) predomi-
nated, whereas the northwestern area was characterized 
by the dominance of FT1 (32%) and FT3 (14%), both dis-
playing notable spatial continuity.

Discussion
The development of accurate fuel type maps is increas-
ingly critical for addressing the growing risks posed by 
unprecedented extreme wildfire events (Moreira et  al. 
2020; Abdollahi & Yebra 2023). These maps provide 
essential information to support preventive measures, 

fire management strategies, and fire behavior modeling 
(Aragoneses et  al. 2023). In this study, we proposed a 
novel methodology to characterize both fuel propagation 
elements and fuel types within the Prometheus system. 
The methodology was designed for broad applicability 
by relying exclusively on freely accessible remote sens-
ing data and integrating a comprehensive set of comple-
mentary data sources, including multispectral, LiDAR, 
and SAR, as well as physically based approaches. These 
elements, along with the accuracy and generalizability 
demonstrated by validations in four contrasting sites, 
reveal a significant advancement in this research field. 
Although the present study focused on classifying dis-
crete fuel types following the Prometheus system, the 
physically based methods implemented here could be 
readily extended to predict continuous fuel attributes 
such as canopy base height, canopy fuel load, or canopy 

Fig. 5  Wall-to-wall estimates of the fire-propagating element in the Prometheus system across the four study sites. Black pixels labeled “None” 
indicate locations where no fire-propagating element was assigned by MESMA. White pixels correspond to non-fuel areas masked using layers 
from the Spanish National Topographic Base



Page 13 of 21Fernández‑Guisuraga et al. Fire Ecology           (2025) 21:30 	

Fig. 6  Variable importance to FT mapping assessed by the Boruta algorithm in training datasets corresponding to field plots where shrubs (A) 
and trees (B) were dominant fire-propagating elements. Predictors are sorted by the median of the Z-score importance measure. Green boxes 
correspond to variables deemed to be important by the Boruta algorithm (Z-score higher than that of shadowMax internal variable). Variable codes 
correspond to those shown in Table 1

Table 3  Confusion matrix and accuracy metrics (OA = overall accuracy; PA = producer’s accuracy; UA = user’s accuracy) for the fuel 
type (FT) maps using as reference the independent set (30%) of field plots in shrubland (n = 21) and woodland (n = 33) areas, along 
with the total number of grassland plots (n = 34). An additional set of 25 photointerpreted plots, corresponding to non-fuel areas, were 
used in the validation process

Prometheus FT Reference data

No-fuel FT1 FT2 FT3 FT4 FT5 FT6 FT7

Classified data No-fuel 23 0 0 0 0 0 0 0

FT1 2 33 1 0 0 0 0 0

FT2 0 1 5 2 0 0 0 0

FT3 0 0 0 5 0 0 0 0

FT4 0 0 0 0 7 0 0 1

FT5 0 0 0 0 0 12 2 0

FT6 0 0 0 0 0 0 8 1

FT7 0 0 0 0 1 0 0 9

PA (%) 92.00 97.06 83.33 71.43 87.50 100.00 80.00 81.82

UA (%) 100.00 91.67 62.5 100.00 87.50 85.71 88.89 90.00

OA (%) Kappa
90.27 0.88
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bulk density building on previous studies (García et  al. 
2012; Chamberlain et  al. 2021; Aragoneses et  al. 2024, 
2025). This would provide complementary insights into 
fuel structure that are critical for enhancing the integra-
tion with fire behavior models (Gale et al. 2021).

Our classification of fire propagation elements based 
on MESMA fraction images and LiDAR metrics has 
shown to be more accurate (OA = 94.6 and Kappa = 0.9) 
compared to other classifications methods in previous 
studies applied to the same (García et al. 2011) or simi-
lar (Aragoneses et  al. 2023) categories. While previous 
studies have attained accurate results in single study sites 
(e.g., OA = 92.8% and Kappa = 0.9 in García et al. 2011), 
our analysis provides evidence of a high generalization 
capacity, with a strong performance across four exten-
sive study sites with markedly different plant communi-
ties and environmental conditions. The outperformance 

of the method proposed here can be attributed to the 
intrinsic characteristics of the applied spectral unmixing 
technique (MESMA), which provide the fraction of each 
propagation element within each pixel, in contrast to 
hard classification methods that fully assign each pixel to 
a single class or propagation type (e.g., Maximum Likeli-
hood, support vector machine -SVM-, k-Nearest Neigh-
bors). This sub-pixel differentiation in fraction images 
offers several advantages when determining fire propa-
gation elements. First, (i) sub-pixel differentiation is 
particularly relevant in landscapes with a high spatial het-
erogeneity, where different propagation elements may co-
exist at a spatial scale lower than the usual resolution for 
multispectral satellite images. This is common in moun-
tainous ecosystems, including Mediterranean, Atlan-
tic, and transition zones (Fernández-García et  al. 2021), 
and in European landscapes in general where 27% of 

Fig. 7  Wall-to-wall estimates of fuel types (FTs) within the Prometheus system in the four study sites. White pixels correspond to non-fuel areas 
masked by the Spanish National Topographic Base
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land is composed of patches of < 0.02 km2 due to human 
influence over millennia (Antrop 2004). Alternative 
approaches to deal with these fine-grained landscapes 
might be the use of very high-resolution data, which are 
less accessible and computationally costly (García et  al. 
2011). Second (ii), fraction images allow a subsequent 
process to align the classification of propagation ele-
ments with Prometheus thresholds, which are not fixed 
to the same value for all classes. For instance, thresholds 
of cover fraction can be set in 0.6 or 0.5 depending on 
the target propagation element (e.g., to define FT1 grass, 
or others, respectively), contrary to hard classifications 
where classes are invariantly defined according to the 
predominant class (Fernández-García et al. 2021). Third, 
the outstanding results of MESMA in differentiating fire 
propagation elements can be also attributed to its foun-
dation in physically based methods, which differentiate 
classes departing from an optimal set of spectral signa-
tures. The development of a method grounded in physi-
cal basis not only provides logical robustness, but also 
typically yields more generalizable results, as supported 
by our accuracy metrics across the four study sites. 
Nonetheless, the MESMA approach may present several 
limitations. First, the selected image endmembers for 
constructing the spectral library must be representative 
of the spectra of the different classes to be modeled in the 
scene, as well as spatially generalizable (Quintano et  al. 
2013), which can pose a significant challenge, especially 
when high-resolution data for endmember collection 
are unavailable (Fernández-Guisuraga et al. 2021b). Sec-
ond, the ability of MESMA to accurately model a large 
number of land cover classes (e.g., plant communities) 
remains limited, particularly when accounting for the 
inherent spectral variability at lower hierarchical levels 
within the spectral library (Fernández-García et al. 2021; 
Compains-Iso et  al. 2022). These MESMA constraints 
have not posed a limitation for the Prometheus system, 
which operates with a limited number of fire-propagat-
ing element classes. However, they could present a sig-
nificant challenge for more detailed fuel classification 
schemes (e.g., Scott & Burgan 2005; Marino et al. 2016), a 
topic that warrants further investigation.

After classifying fire propagation data using multi-
spectral imagery and MESMA, a more detailed differ-
entiation of FTs for shrubs and trees was performed to 
distinguish the seven Prometheus FT categories. In this 
second stage, both passive and active remote sensing 
data proved essential, as demonstrated in our analyses, 
with LiDAR metrics showing the highest importance. 
Numerous studies have employed a combination of mul-
tispectral and LiDAR data (Abdollahi & Yebra 2023), 
underscoring their complementarity and joint efficacy in 
accurately mapping FTs, whether within the Prometheus 

system (e.g., García et  al. 2011; Alonso-Benito et  al. 
2016; Domingo et  al. 2020; Hoffrén et  al. 2023) or in 
other classification frameworks (e.g., Mutlu et  al. 2008; 
Marino et al. 2016). Our results indicate a high accuracy 
in mapping Prometheus FTs (OA = 90.27% and Kappa 
= 0.88) and, in general, meeting or exceeding the lev-
els reported in previous studies. For example, Domingo 
et  al. (2020) documented an OA of 59% in estimating 
Prometheus FTs using an SVM algorithm, calibrated with 
spectral indices from Sentinel-2 and a battery of metrics 
derived from low-density LiDAR data. Their study cov-
ered three areas in eastern Spain, spanning over 200,000 
ha. By integrating high-spatial resolution WorldView-2 
multispectral imagery with low-density LiDAR data, 
Alonso-Benito et  al. (2016) implemented a geographic 
object-based image analysis (GEOBIA) methodology to 
map Prometheus FTs in the Canary Islands, achieving an 
OA ranging from 76 to 85% in a 15-km2 study site. Hof-
frén et al. (2023) used RF and SVM algorithms to classify 
Prometheus FTs in a regional-scale study in northeast 
Spain, excluding FT5 and FT6. Using GEDI L2 A, L2B, 
and L4 A data combined with Landsat-8 multispectral 
imagery, they achieved an OA ranging from 82 to 84%. 
García et  al. (2011) achieved an OA of 88% in mapping 
Prometheus FTs within a 2.7-km2 region in central Spain. 
Their approach involved an initial SVM classification 
using 2-m resolution optical data, followed by a sec-
ond phase applying decision rules based on LiDAR data 
with point densities ranging from 1.5 to 6 points m−2. 
Although similar accuracy was achieved in that study 
using higher-resolution optical and LiDAR data, the 
commercial nature and associated costs of these datasets, 
combined with the relatively small study area, make the 
generalizability of the results to large-scale FT mapping 
less evident (Marino et al. 2016). Indeed, greater environ-
mental heterogeneity promotes the existence of a broader 
spectrum of habitats, which often translates into a wider 
range of plant communities and differences in their 
structure (Begon et al. 2006).

The integration of multispectral data with LiDAR met-
rics is crucial due to LiDAR’s capability to character-
ize the three-dimensional structure of fuels, providing a 
viable alternative for addressing the main shortcomings 
associated with mapping FTs solely by means of opti-
cal data (Domingo et al. 2020; Abdollahi & Yebra 2023). 
These tri-dimensional variables are critical for distin-
guishing FTs in most classification systems, as they often 
rely on fuel height and fuel continuity criteria (Chuvieco 
et al. 2003). Specifically, the most important variables in 
differentiating shrub and tree FTs among the traditional 
LiDAR metrics were D0.6–2 m and D2–4 m, which closely 
resemble understory fuel load and, additionally, ladder 
fuel density in forest stands (Fernandez-Guisuraga & 
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Fernandes, 2023) effectively mimicking the Prometheus 
fuel strata system. In spite of the foregoing, the present 
study advances the characterization of the three-dimen-
sional structure of fuels and FTs by demonstrating, for 
the first time, the importance of metrics related to the 
LAD distribution across vertical fuel layers in FT char-
acterizations. LAD-derived metrics were especially valu-
able for differentiating tree-dominated FTs (FT5, FT6, 
and FT7). LAD-related variables may complement tradi-
tional LiDAR metrics by capturing more functional char-
acteristics related to forest structure (Detto et al. 2015), 
including the variability in fuel load distribution across 
the vertical profile and interactions between fuel layers, 
such as the vertical connectivity between understory and 
canopy fuel or the density and continuity of canopy fuel 
(Kamoske et  al. 2019; Viedma et  al. 2024; Fernández-
Guisuraga, under review). For example, the interaction 
between LAD metrics representing the total leaf area in 
the oligophotic zone (OLIGLA), the height of maximum 
LAD (LADMAXH), and the depth of the euphotic zone 
(EUPHD) align well with the Prometheus criteria, which 
distinguish FT6 and FT7 based on the fuel gap between 
shrubs and trees. Accurate differentiation of fuel types in 
treed areas, particularly between FT6 and FT7, is critical, 
as recent studies suggest that ladder fuels are stronger 
determinants of burn severity than canopy volumes in 
Mediterranean forests (Hakkenberg et al. 2024).

The incorporation of SAR cross-polarization ratio 
(SAR-CR) computed using C-band data, and the 
FCOVER retrieved from multispectral data, further 
enhanced the model’s performance in predicting shrub 
and tree FTs. On the one hand, the capacity of SAR-CR 
to improve FTs mapping may be a consequence of its 
relationship with vegetation amount and structural com-
plexity across the vertical profile of the plant community, 
as demonstrated in previous studies (Fernández-García 
et  al. 2023; Fernández-Guisuraga et  al. 2024). On the 
other hand, the FCOVER as a biophysical variable adds 
value by distinguishing patterns in the ratio of photosyn-
thetic and non-photosynthetic material within the com-
munity (Fernández-Guisuraga et  al. 2021a) either at the 
top-of-canopy in shrub and tree FTs, or through canopy 
gaps in tree-dominated FTs. We suspect that the synergy 
between LiDAR and SAR data in characterizing the ver-
tical profile of the plots, along with the incorporation of 
a vegetation biophysical variable, likely contributed to 
the reduced confusion between FT7 and FT5 compared 
to previous studies that relied solely on higher-density 
LiDAR data in the second phase of the FT estimation 
(e.g., García et  al. 2011). Nonetheless, this synergy may 
not have been sufficient to adequately sample through a 
dense forest canopy the lower fuel load in the understory 
of FT6 plots compared to FT7 due to the low density of 

the LiDAR point clouds (Marino et al. 2016) and the sig-
nal attenuation of C-band SAR, hence the misclassifica-
tion of several FT6 plots as FT5. In connection with the 
above, the confusion evidenced in the classification of 
shrub FTs, particularly between FT2 and FT3, may be 
partly explained by the well-documented underestima-
tion of shrub height when using low-density LiDAR data 
(Mitchell et al. 2011; Li et al. 2015; Fernández-Guisuraga 
et al. 2022b), and by the similar roughness of low shrub 
canopies as to cause a differential SAR backscatter behav-
ior (ESA 2007; Meyer 2019; Fernández-Guisuraga et  al. 
2023a, b).

Despite the high accuracy in the estimation of FTs 
within the Prometheus system in this study, there is 
still room for improvement by leveraging cutting-edge 
remote sensing data. For example, very high-density 
LiDAR data acquired from sensors onboard unmanned 
aerial vehicles (UAVs) have been shown in previous stud-
ies to characterize very accurately the fine-scale commu-
nity structure in forest stands (Hyyppä et  al. 2020) and 
shrublands (Sankey et  al. 2018; Fernández-Guisuraga 
et al., 2024b). While this approach may have limited spa-
tial coverage for mapping FTs at broader spatial scales, 
combining UAV-LiDAR data with airborne LiDAR and 
multispectral data through hierarchical model-based 
inference has been demonstrated to provide more accu-
rate estimates than methods relying on a single data 
source (Puliti et  al. 2018; Saarela et  al. 2018). Similarly, 
the use of L- and P-band SAR data may enhance the pre-
diction of FTs due to their greater canopy penetration 
compared to shorter wavelengths (i.e., C-band) (Tan-
ase et  al. 2014). Indeed, Saatchi et  al. (2007) found that 
P-band data provided highly accurate estimates of indi-
vidual fuel parameters in mature forests, whereas L-band 
data proved more effective for estimating fuel parameters 
in shrublands and young forests.

Conclusions
The development of accurate FT maps is crucial to 
address the increasing risks posed by extreme wildfire 
events, providing essential information for manage-
ment strategies and fire behavior modeling. This study 
introduces a novel methodology for FT characteriza-
tion within the Prometheus system, leveraging freely 
available remote sensing data sources, including multi-
spectral, LiDAR, and SAR datasets, supported by physi-
cally based approaches. The proposed methodology 
demonstrated high accuracy and generalizability across 
four extensive and contrasting study sites, reflecting 
its potential for broad-scale applications. Our find-
ings highlight the effectiveness of MESMA in accurately 
mapping fire propagation elements, with sub-pixel differ-
entiation offering significant advantages over traditional 
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hard-classification methods. This was particularly rel-
evant in heterogeneous landscapes, where the coexist-
ence of propagation elements occurs at scales below the 
resolution of standard multispectral satellite imagery. 
Furthermore, the integration of multispectral and active 
remote sensing data proved critical for the detailed dif-
ferentiation of Prometheus FTs, achieving a high accu-
racy and surpassing the performance of previous studies 
in generalization capacity. LiDAR metrics were identified 
as the most influential variables for differentiating shrub 
and tree FTs, particularly those related to understory and 
ladder fuels. Importantly, this study advances the field by 
demonstrating, for the first time, the relevance of LAD-
derived metrics in FT characterization, providing a more 
functional and detailed understanding of the vertical 
fuel structure. These metrics effectively capture verti-
cal connectivity and the spatial variability of fuel loads, 
aligning well with the Prometheus system’s criteria and 
addressing key limitations of traditional LiDAR metrics. 
Additionally, the inclusion of SAR-CR and biophysical 
variables such as FCOVER enhanced the classification 
performance, with SAR-CR reflecting vertical structural 
complexity and FCOVER distinguishing photosynthetic 
and non-photosynthetic material across vegetation types. 
However, some challenges remain, including the misclas-
sification of certain FTs due to the limitations of low-
density LiDAR data and C-band SAR signal attenuation.
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