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Building patterns and fuel features drive wildfire severity in wildland-urban 
interfaces in Southern Europe 
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H I G H L I G H T S  

• Burn severity decreases in WUIs proportionally to nearby building aggregation. 
• The combination of radar and multispectral variables is useful to predict burn severity. 
• Variables related to the amount of living vegetation are the most important to predict burn severity. 
• Burn severity is more predictable outside WUIs than inside them. 
• Knowledge of burn severity drivers serves to improve landscape planning in WUIs.  
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A B S T R A C T   

Fire danger analysis is crucial for landscape planning, which is particularly relevant in vulnerable areas such as 
the wildland-urban interface (WUI). The aim of our work is to investigate the capacity of fuel characteristics to 
predict burn severity in different WUI typologies classified according to nearby building density criteria. To 
achieve this goal, we selected 23 wildfires across Southern Europe, in which we differentiated non WUI areas, 
isolated, scattered, dense and very dense WUIs. Moreover, we spatialized burn severity and different fuel metrics 
using multispectral and radar satellite imagery. This information was used to analyze burn severity, and to 
identify its drivers in the different WUI typologies through analysis of variance, correlation analysis and machine 
learning models. Our results indicate that burn severity is lower in WUIs of clustered buildings than in non-WUI 
areas, which were also the most homogeneous in terms of vegetation cover. Moreover, we found that vegetation 
biophysical properties related to the amount of living fuel (fraction of vegetation cover and fraction of absorbed 
photosynthetically active radiation) showed the highest influence on burn severity in all WUI typologies. We also 
found that burn severity is less predictable in dense and very dense WUIs than in the rest, which can be attributed 
to their greater landscape complexity, presence of artificial structures and efficiency of extinction efforts. Our 
results serve to guide landscape management strategies, and impulse next-generation fire danger models, which 
should be based not only on synoptic fire weather indices but also on landscape-scale susceptibility to severe 
fires.   

1. Introduction 

Wildfires are part of the natural dynamics of most terrestrial eco-
systems on Earth. However, wildfires are usually considered as a threat 
that must be managed (Polinova, Wittemberg, Kutiel, & Brook, 2019; 
Ribeiro, Rodrigues, Lucas, & Viegas, 2020) because of their impacts on 

climate, vegetation, soil, fauna and especially on human lives and assets. 
In this sense, Southern Europe is one of the fire-prone regions where fire 
risk management arouses greater interest due to the current change in 
fire regimes mainly driven by the increased fuel amount and continuity 
(San-Miguel-Ayanz et al., 2012; Ganteaume, Barbero, Jappiot, & Maillé, 
2021), and to the high exposure of human lives and goods (Chuvieco, 
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Martínez, Román, & Pettinari, 2013), which is increasing by the urban 
sprawl into the wilderness and agricultural lands (Samara, Raptis, & 
Spanos, 2018; Elia, Giannico, Lafortezza, & Sanesi, 2019). 

One of the first steps to design environmental management strategies 
in fire-prone regions is the analysis of fire danger (Polinova et al., 2019). 
In general, fire danger analysis has focused on the knowledge of fire 
ignition probability at the synoptic scale (Jolly et al., 2015; Abatzoglou, 
Williams, & Barbero, 2019; Molina, Silva, & Herrera, 2017; Elia et al., 
2019) and fire spread models (Pugnet, Chong, Duff, & Tolhurst, 2013). 
However, the prediction of burn severity, defined as the damage caused 
by fire to ecosystems (Keeley, 2009), has been traditionally ignored, 
despite its influence on post-fire recovery trajectories and thus socio- 
economic impact (Key & Benson, 2006; Mitsopoulos, Chrysafi, Boun-
tis, & Mallinis, 2019). Burn severity is measurable after the fire through 
fieldwork or remote sensing. Field severity assessments are based on 
indicators of the loss of or change in biomass, such as the degree of 
vegetation consumption, tree mortality, char height, litter consumption 
or ash depth among others (Keeley, 2009; Safford, Schmidt, & Carlson, 
2009; Marcos et al., 2018). Moreover, remote sensing methods, which 
are essential for the assessment of large fires (Key & Benson, 2006; 
Keeley, 2009; Fernández-García et al., 2018), usually take advantage of 
the spectral changes caused by burn severity. In this context, the dNBR 
(difference of the Normalized Burn Ratio) is considered the reference 
remotely-sensed burn severity metric in Europe. This index shows a 
better relationship with field data than other common indices (Fernán-
dez-García et al., 2018), a higher consistency among sensors (Alonso- 
González & Fernández-García, 2021), and it is used by the European 
Forest Fire Information System (EFFIS) (https://effis.jrc.ec.europa. 
eu/about-effis) and by the US Monitoring Trends in Burn Severity pro-
gram (MTBS) (https://www.mtbs.gov/) for post-fire damage 
assessments. 

Burn severity is influenced by multiple variables (Birch et al., 2015; 
García-Llamas et al., 2019a), but the analysis of those easily manageable 
is essential to design planning actions aimed at reducing wildfire asso-
ciated hazards, as well as to develop generalizable predictive models for 
identifying target areas for pre-fire management. The environmental 
variables most suitable for pre-fire management are those related to fuel 
amount and characteristics (García-Llamas et al., 2019b; Walker et al., 
2020). In this sense, it has been demonstrated that high fuel loads and 
continuities favour severe fires, whereas fuel humidity increases the 
energy required for fuel preheating (Lee, Choi, & Lee, 2018) and con-
strains wildfire intensity (Dillon et al., 2011). Fuels can be characterized 
worldwide through remote sensing (Polinova et al., 2019) thanks to 
constellations such as Sentinel, which provide multispectral imagery 
(Sentinel-2) and C-band radar data (Sentinel-1) at temporal (<1 week) 
and spatial scales (generally ≤ 20 m) appropriate for landscape man-
agement (Key & Benson, 2006). The most common approach to exploit 
multispectral imagery is by calculating spectral indices. However, 
radiative transfer models such as those based on PROSAIL, have the 
advantage over spectral indices of providing more meaningful and 
generalizable measurements of fuel characteristics (Fernández-Guisur-
aga, Suárez-Seoane, & Calvo, 2021), such as the fraction of vegetation 
cover (FCOVER), the fraction of absorbed photosynthetically active ra-
diation (FAPAR), the leaf area index (LAI), or the canopy water content 
(CWC) (Weiss & Baret, 2016). Less common is the use of radar imagery, 
notwithstanding the known relationship between radar signals and 
vegetation amount and moisture (Vreugdenhil et al., 2018), conse-
quence of the influence of roughness and dielectric constants on radar 
backscatter (Meyer, 2019; European Space Agency, 2021). Despite the 
potentiality of multispectral and radar data to accomplish broad-scale 
studies that would result in generalizable models to predict burn 
severity, most investigation has focused on specific areas (Birch et al., 
2015; García-Llamas et al., 2019a; García-Llamas et al., 2019b) with 
consequently expected site-dependent results. 

Apart from fire regimes, fire risks are greatly augmented in the 
wildland-urban interface (WUI), defined as the area where human 

settlements and constructions meet or intermix with wildland fuels 
(Ribeiro et al., 2020; Ganteaume et al., 2021; Bento-Gonçalves & Vieira, 
2020). In general, WUIs are critical areas were fatalities and economic 
losses concentrate, because of the exposure of population and goods to 
severe wildfires difficult to handle (Molina-Terren et al., 2019), higher 
ignition (Chas-Amil, Touza, & García-Martínez, 2013) and burning 
probability (Modugno, Balzter, Cole, & Borrelli, 2016). In Southern 
Europe, urban settlements are continuously growing towards forests and 
shrublands, shaping an interface characterized by fuel types, vegetation 
structures, microscale scenarios, fire suppression policies and manage-
ment actions different from those in wildland areas (Molina-Terren 
et al., 2019; Vacca, Caballero, Pastor, & Planas, 2020), which require the 
use of fine-grained approaches for risk planning (Nielsen-Pincus, Ribe, & 
Johnson, 2015). The different characteristics of WUI and non-WUI areas 
unavoidably lead to differences in burn severity and difficulties in 
obtaining accurate and generalizable predictive models of burn severity. 
Also, within WUIs, building distribution patterns influence not only fire 
behaviour, but also constrain firefighting strategies, since building 
clustering decreases the perimeter to protect, facilitating the defence 
against fire (Lampin-Maillet, Jappiot, Long, Morge, & Ferrier, 2009). To 
account for this fact, WUIs have been classified by several authors ac-
cording to building spatial configurations (Lampin-Maillet et al., 2009; 
Lampin-Maillet et al., 2010; Chas-Amil et al., 2013; Bento-Gonçalves & 
Vieira, 2020). These classifications have served to demonstrate that fire 
ignitions increase proportionally to building clustering (Chas-Amil et al., 
2013). However, no study has attempted to relate WUI typologies to 
burn severity, or to analyse the capacity of predictive models to be 
transferred among WUI and non-WUI typologies. 

Given the premises mentioned above, we aim to investigate the ca-
pacity of multispectral and radar proxies of easily manageable variables 
(i.e., fuel characteristics) to predict burn severity outside WUIs and in 
different WUI typologies. Specifically, we aim (i) to characterize burn 
severity and fuel-related variables in different typologies of WUI, (ii) to 
analyze the capacity of combined Sentinel-1 and Sentinel-2 variables 
related to fuel properties to predict burn severity in the different WUI 
typologies, identifying the most important predictors, and (iii) to study 
the transferability of predictive models based on easily manageable 
variables among different WUI typologies, as well as the predictability of 
burn severity in the different WUI typologies. We hypothesize that burn 
severity will be lower and less predictable in WUIs of clustered buildings 
than in the rest of WUIs and non-WUI areas, because of lower fuel 
amount, higher presence of elements breaking fuel continuity and the 
potential concentration of extinction efforts in these WUI types. More-
over, we hypothesize that multispectral variables related to fuel amount 
and structure will be more important than radar fuel-related variables in 
predicting burn severity. 

2. Methods 

2.1. Study sites 

We selected 23 wildfires (131490 ha of burned area) across Southern 
Europe between 2017 and 2020: 4 wildfires were in Portugal, 11 in 
Spain, 2 in France, 2 in Italy and 4 in Greece (Fig. 1). The wildfires were 
identified by visualizing Sentinel-2 RGB false color composites (8,4,3) in 
the EO Browser (https://apps.sentinel-hub.com/eo-browser/), and the 
selection was made according to the following criteria: (I) they occurred 
during the fire season (June-October), as those often led to the highest 
potential severities; (II) they were large fires (>500 ha), as those capture 
a wider variety of fuel conditions than small fires; (III) they affected 
urban settlements or their proximities (<100 m); (IV) there were 
available pre- and post-fire Sentinel-2 satellite images free of clouds with 
a maximum time lapse of 3 months; (V) they showed a balanced dis-
tribution across Southern Europe in relation to the burned area reported 
by EFFIS during the study period, (VI) if the prior requirement was not 
fulfilled, additional fires of <500 ha were selected. The main vegetation 
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types in the selected burned areas were coniferous forests and planta-
tions, shrublands, heathlands, schlerophyllous vegetation, transitional 
woodland-shrub communities, eucalyptus plantations, other broad-
leaved forests, mixed forests, pastures, croplands and olive groves. The 
selected burned areas comprise an elevation range from 5 m to 1958 m, 
annual precipitations from 433 mm to 1763 mm and mean annual 
temperatures from 8.46 ◦C to 17.36 ◦C, representing the diverse envi-
ronmental conditions of Southern Europe (See Fernández-García et al., 
2022 for further details of the 23 study sites). 

2.2. Data sources and processing 

We based the present study on Sentinel-1 and Sentinel-2 data 
downloaded from the Copernicus Open Access Hub (https://scihub. 
copernicus.eu/) (Fig. 2). We used the fire scars of the European Emer-
gency Management Service (https://emergency.copernicus.eu/) and the 
SRTM 1 sec Global digital elevation model (downloaded from 
https://earthexplorer.usgs.gov/) as ancillary data. To spatially define 
WUIs as well as to classify them in different typologies, we used the 
European Settlement Map (ESM) from the year 2015 (released in 2019), 
and the imperviousness High Resolution Layer (HRL) from the year 2015 
as ancillary data. Both, the ESM and HRL were downloaded from the 
Copernicus server (https://www.copernicus.eu/). The ESM is a 2 m 

spatial resolution raster derived from Copernicus Very High Resolution 
optical imagery taken from 2014 to 2016 with an overall accuracy > 98 
% when compared against LUCAS dataset (Sabo, Corbane, Politis, & 
Kemper, 2019. To remove this small classification error, a visual in-
spection of the ESM was done using high resolution orthophotography 
(≤50 cm) provided by Esri in ArcGis 10.7, and those pixels not corre-
sponding to buildings (e.g. wind turbines) were removed before con-
verting the ESM layer to vector. The imperviousness HRL is at 20 m 
spatial resolution raster based on supervised classifications of multi- 
temporal seasonal image composites from different high-resolution 
satellite images, which informs on the percentage of impervious cover 
in each pixel with a minimum accuracy of 90 % (European Environment 
Agency, 2018). 

Sentinel-1 Interferometric Wide (IW) swath mode Ground Range 
Detected (GRD) high resolution Synthetic Aperture Radar (SAR) prod-
ucts at dual polarization (VV + VH) were acquired for all study sites, 
selecting the closest date prior to the wildfires (Table A1). Sentinel-1 
products were processed in SNAP according to the routine described 
by Meyer (2019) by applying precise orbit files, thermal noise removal 
to reduce noise effects mainly in the inter-sub-swath texture, a removal 
of GRD-border noise considering a border margin of 500 pixels, and then 
by applying a calibration to convert digital pixel values to radiometri-
cally calibrated SAR backscatter. Our calibrated products were beta0 VV 

Fig. 1. Map showing the location of the 23 wildfires used in the present study across Southern Europe.  

Fig. 2. Data sources (grey background) and processing flowchart. EMS: European Management Service; SRTM: Shuttle Radar Topography Mission; DEM: Digital 
Elevation Model; ESM: European Settlement Map; HRL: Imperviousness layer from High Resolution Layers. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.) 
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and VH backscatter bands, which were subsequently multilocked to 20 
m square pixels. Then, we reduced speckle effects by applying a refined 
Lee filter, and we applied a terrain flattening correction using the SRTM 
1 digital elevation model. Finally, we implemented a range doppler 
terrain correction using the SRTM digital elevation model, obtaining 
gamma0 radar backscatter products. Finally, we converted the unitless 
gamma0 backscatter values to dB units using a logarithmic 
transformation. 

Pre- and post-burn Sentinel-2 level 1C images were selected for each 
study wildfire (Table A1). The images closest to the date of the fire 
event, and free of clouds, were selected by visually checking the scenes 
in the Sentinel Hub EO Browser (https://apps.sentinel-hub.com/eo- 
browser/). Then, we used the Sen2Cor 280 processor with the SRTM 
digital elevation model to obtain topographically and atmospherically 
corrected Sentinel-2 level 2A images. The 10 m resolution bands of 
Sentinel-2 level 2A images were downsampled to 20 m spatial resolution 
by aggregating the pixels to the mean value. In the cases where more 
than one Sentinel-2 scene was necessary to capture the entire study 
wildfire, we mosaicked the contemporary scenes using the SNAP 
mosaicking tool. 

To delimit the study burned areas, we used the fire perimeters from 
the European Emergency Management Service (EMS) (https://emer-
gency.copernicus.eu/). In the cases where fire perimeters were not 
available in the EMS, we delineated them over immediate post-fire 
Sentinel-2 scenes visualized as false color composites (RGB 547) at a 
scale of 1:10,000. 

2.3. Wildland-urban interface classification 

WUIs are defined as the area where human settlements and con-
structions meet or intermix with wildland fuels, but there is not a clear 
consensus regarding its identification and delineation (Bento-Gonçalves 
& Vieira, 2020). In this study we have spatially defined the WUI as the 
100 m area around buildings, which is the distance used by the legis-
lation of France and Portugal, and falls within the distance range 
considered for the definition of WUI by the regional legislation of other 
more decentralized countries such as Spain or Italy (Modugno et al., 
2016). Moreover, we followed the method proposed by Lampin-Maillet 
et al. (2009) to differentiate WUI typologies according to building 
configurations (Fig. 3). Specifically, we applied 100 m distance buffers 
to the buildings from the depurated ESM in ArcGIS 10.7. Then, we 
defined the non-WUI areas as those outside these buffers (those further 
than 100 m from buildings) and WUIs as those inside this 100 m buffer 

(Modugno et al., 2016). WUIs were classified into different types ac-
cording to distance buffers and building density criteria following three 
steps. First, we grew 50 m and 15 m distance buffers from buildings, and 
counted the number of buildings within each buffer differentiating (i) 
isolated, ≤3 buildings were located less than 100 m apart; (ii) scattered, 
when there were clusters of 4–50 buildings located less than 100 m 
apart; (iii) dense clustered, when > 50 houses were located less than 
100 m apart and ≤ 10 houses were located less than 30 m apart; and (iv) 
very dense clustered, when > 50 houses were located less than 100 m 
apart and > 10 houses were located less than 30 m apart. Second, we 
augmented the buffer distance from these four classes to 100 m from the 
buildings. Third, we applied a prevalence criterion in those areas that 
overlapped more than one type of WUI, maintaining the most clustered 
class. 

2.4. Burn severity 

In this study we performed an initial assessment of burn severity 
(<50 days after fire; Table A1) to avoid inferences in our results of 
ecosystem responses and human activities that are usual after fires, such 
as salvage logging. Specifically, we assessed burn severity in all WUI 
typologies within the fire perimeters (No WUI, Isolated, Scattered, Dense 
and Very dense) using pre- and post-fire Sentinel-2 images through the 
difference of the Normalized Burn Ratio (dNBR) index (Key & Benson, 
2006). This index is the most accepted way of measuring burn severity 
through satellite data (Alonso-González & Fernández-García, 2021) and 
its performance has been largely validated with field data or through 
photointerpretation in Mediterranean Europe (e.g., Veraverbeke, Lher-
mitte, Verstraeten, & Goossens, 2010; Fernández-García et al., 2018), 
including several of our study sites (García-Llamas et al., 2019b; 
Fernández-Manso, Quintano, & Roberts, 2020). 

The dNBR was calculated using the processed Sentinel-2 imagery 
according to García-Llamas et al., (2019c) using bands 8A (narrow near 
infrared) and 12 (shortwave infrared). dNBR values increase propor-
tionally to burn severity, usually up to 1200 in the most severely burned 
areas, whereas unburned or slightly burned areas show dNBR values 
close to 0. Areas with dNBR values lower than − 100, which usually 
corresponded to small, unburned patches within the fire perimeter, were 
removed from the analysis. 

2.5. Environmental predictors 

We selected 9 pre-burn environmental variables related to fuel 

Fig. 3. Map showing an example of the wildland-urban interface (WUI) types used in this study in the wildfire of Carballeda de Avia. ESM: European Settlement Map.  
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properties to predict burn severity (Table 2). The selected set of vari-
ables maximizes the retrieval of fuel characteristics with a reasonable 
number of Sentinel-2 and Sentinel-1 variables, by indicating vegetation 
cover, photosynthetic activity, leaf density, canopy water, vegetation 
and soil moisture, and vegetation horizontal continuity. 

Pre-burn Sentinel-2 pre-processed imagery was used to compute four 
fuel biophysical variables: the pre-burn fraction of vegetation cover 
(FCOV), the pre-burn fraction of absorbed photosynthetically active 
radiation (FAPAR), the pre-burn leaf area index (LAI), and the canopy 
water content (CWC). These four variables were computed using the 
biophysical processor embedded in SNAP, which applies an artificial 
neural network pre-trained with a database (lookup-table) generated 
using a radiative transfer model based on PROSAIL (Weiss & Baret, 
2016). Moreover, the biophysical processor is presumed to be applicable 
to any type of vegetation with reasonable performances, as the RTM is 
configured to accurately simulate canopy reflectance as observed within 
Sentinel-2 bands and geometry over most vegetation types and condi-
tions across the globe (Xie et al., 2019). 

Pre-burn Sentinel-1 IW GRD dual polarization (VV + VH) pre- 
processed images were used to compute three radar metrics: C-band 
synthetic aperture radar cross ratio (CR), C-band synthetic aperture 
radar VH backscatter (VH), and C-band synthetic aperture radar VV 
backscatter (VV). The VH and VV were directly obtained from images as 
backscatter in dB, both being sensitive to vegetation canopy, soil 
roughness and dielectric constant of the materials, which is principally 
influenced by water content (Vreugdenhil et al., 2018; European Space 
Agency, 2021). In general, VH values are more sensitive to volume 
scatterers such as vegetation, whereas VV is more related to rough 
surface scattering and double bounce scattering typical from buildings 
(Meyer, 2019). The CR was calculated as the ratio between VH and VV 
and thus CR increases with vegetation and also with vegetation water 
content (Vreugdenhil et al., 2018). 

Fuel continuity was measured using one metric related to fuel 
amount and structure (FCOV homogeneity) and another related to fuel 
amount and moisture (CWC homogeneity). Both were computed as the 
homogeneity of FCOV and CWC biophysical variables in the ENVI 5.3 
program (Exelis Visual Information Solutions, 2015). Homogeneity is a 
second-order texture based in a gray co-occurrence matrix, from which 
we set 64 Gy levels. The analysis was performed using a kernel of 5 × 5 
pixels, moving in four directions (0◦, 45◦, 90◦ and 135◦). The values 
obtained for the four directions were then averaged to obtain 

directionally invariant FCOV and CWC homogeneities (Fernández-Gui-
suraga et al., 2019), with values ranging from 0 (completely heteroge-
neous) to 1 (completely homogeneous). 

2.6. Data extraction and analysis 

Data of burn severity and all environmental predictors was extracted 
from the fire perimeters considering only wildland and other natural 
areas (i.e., pixels with > 1 % of impervious area were removed from the 
analysis in accordance with the Imperviousness HRL). To define the 
sampling design, we analyzed the spatial autocorrelation for the 
response variable (dNBR) by correlograms and the Moran’s I test per-
formed with the sp.correlogram and moran.test functions from the spdep 
package (Bivand & Wong, 2018), finding 100 m as an appropriate dis-
tance between samples with a Moran’s I < 0.1, which indicates lack of 
significant spatial autocorrelation patterns (Diniz-Filho et al., 2012). 
Consequently, we distributed 6250 points (1250 per WUI type) within 
the 23 wildfire perimeters with a minimum distance between points 

Table 1 
Characteristics of the 23 wildfires used in the present study.  

Study site Country Area (km2) Non-WUI (%) Isolated WUI (%) Scattered WUI (%) Dense WUI (%) Very dense WUI (%) 

Predógão Grande Portugal  456.55  87.65  1.63  3.39  1.36  5.97 
Vila de Rei Portugal  96.46  92.76  1.13  1.83  1.15  3.13 
Sertã Portugal  55.54  94.58  1.79  2.54  0.25  0.83 
Oliveira de Frades Portugal  21.09  90.30  1.11  3.91  0.48  4.20 
Ponte Caldelas Spain  94.40  92.45  0.63  1.59  0.97  4.36 
Carballeda de Avia Spain  59.55  87.39  1.27  3.07  1.77  6.50 
Cualedro Spain  13.34  95.14  1.90  0.30  1.44  1.21 
Medeiros Spain  15.17  96.81  0.80  0.47  0.33  1.60 
Monterrey Spain  7.40  97.84  1.22  0.00  0.95  0.00 
Villardevos Spain  12.92  98.43  0.47  0.71  0.24  0.16 
Cabrera Spain  99.39  99.28  0.09  0.20  0.10  0.32 
Aliste Spain  17.69  98.90  0.29  0.35  0.29  0.17 
Malpartida de Plasencia Spain  4.70  97.18  1.06  0.53  0.00  1.23 
Cabezuela del Valle Spain  39.58  99.66  0.26  0.08  0.00  0.00 
Zalamea la Real Spain  145.00  98.83  0.61  0.44  0.04  0.08 
Martigues France  10.40  69.32  3.39  3.98  2.59  20.72 
Fos sur Mer France  0.89  52.44  2.44  4.88  3.66  36.59 
Cascina Italy  11.32  84.09  7.82  5.69  0.80  1.60 
Altofonte Italy  8.08  93.94  1.14  0.46  2.75  1.72 
Drosopigi Greece  22.60  91.07  4.82  2.90  0.45  0.76 
Galataki Greece  39.77  93.57  3.09  2.55  0.54  0.26 
Kineta Greece  67.70  90.45  1.53  1.31  0.53  6.18 
Mati Greece  15.41  35.70  2.82  2.55  11.01  47.92 
Total   1314.90  91.31  1.37  2.14  0.99  4.19  

Table 2 
Environmental variables used as predictors of burn severity. The table shows the 
abbreviations, the units for each variable and the ecological meaning.  

Environmental variable Abbreviation Units Ecological meaning 

Pre-burn fraction of vegetation 
cover 

FCOV – Vegetation cover 

Pre-burn fraction of absorbed 
photosynthetically active 
radiation 

FAPAR – Photosynthetic 
activity 

Pre-burn leaf area index LAI m2 

m− 2 
Density of leaves 

Pre-burn canopy water content CWC g m− 2 Canopy water content 
Pre-burn C-band synthetic 

aperture radar cross ratio 
CR – Vegetation, moisture, 

soil roughness 
Pre-burn C-band synthetic 

aperture radar VH 
backscatter 

VH dB Volume scatterers 

Pre-burn C-band synthetic 
aperture radar VV 
backscatter 

VV dB Rough surface and 
double bounce 
scatterers 

Homogeneity of pre-burn 
FCOV 

FCOV 
homog 

– Horizontal continuity 
of FCOV 

Homogeneity of pre-burn CWC CWC homog – Horizontal continuity 
of CWC  
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fixed to 100 m (5 pixels of Sentinel processed images), following a 
stratified random design with an equal number of points sampled for 
each WUI type. 

The mean values of burn severity and each predictor were calculated 
for each WUI type. To analyse whether mean values were significantly 
different among WUIs, we performed an analysis of variance with the 
aov function, and a post-hoc Tukey test with the TukeyHSD function to 
identify differences between pairs. 

The capacity of Sentinel fuel-related metrics (FCOV, FAPAR, LAI, 
CWC, CR, VH, VV, FCOV homog and CWC homog) to predict burn 
severity (dNBR) was analysed separately for each WUI type through the 
out-of-bag variance explained by random forest (RF) models. We ana-
lysed both the predictive capacity of the full set of predictors (full 
models) and that of models that conciliate predictive power with a low 
number of predictors (parsimonious model). All RF models were 
implemented with the randomForest function using the training dataset, 
fixing ntree (number of trees grown) to 1000 and mtry (number of 
predictors sampled for spliting at each node) to one third of the number 
of predictors. The parsimonious models were obtained by reducing the 
full models following two steps. Firstly, correlated predictors (Pearson’s 
R >|0.7|) were removed, retaining for each correlated pair the most 
correlated variables to burn severity (highest Pearson’s R). Then, we 

performed a recursive feature elimination with the rfe function, using 
10-fold cross-validation and 5 repeats to improve the performance of 
feature selection, and partitioning the dataset into 80 % (training) and 
20 % of data (validation). The importance of the retained predictors in 
the parsimonious model was assessed by the percentage increase in 
mean square error when this variable is randomly permuted (%IncMSE), 
using the importance function. 

The transferability of predictive models to different WUI typologies 
was assessed by the variance explained (R2) of the dNBR predictions 
from RF models trained in one WUI type (predicted values) when fitted 
to the dNBR data from the rest of the WUI types (observed values). On 
the contrary, the predictability of burn severity in each WUI typology 
was assessed by the variance explained (R2) of the dNBR predictions 
from RF models trained in the rest of the WUI types (predicted values) 
when fitting the dNBR values of the target WUI type (observed values) 
(R2). 

All statistical analyses were performed in R (R Core Team, 2021), 
using randomForest (Liaw & Wiener, 2002) and caret (Kuhn, 2008) 
packages. 

3. Results 

3.1. Characterization of wildland-urban interface typologies 

The results of the classification of WUIs showed that most of the 23 
wildfires had the four WUI typologies and a high proportion of non-WUI 
areas (Table 1). Overall, 91.31 % of the studied area was non-WUI, and 
among WUIs, the very dense and scattered typologies were the most 
extensive. 

We found that burn severity was significantly higher in non-WUI 
areas (mean dNBR ± standard error: 549.06 ± 7.86) than in WUI 
areas, in which severity tended to decrease proportionally to nearby 
building density (Fig. 4). Thus, burn severity in isolated (483.68 ±
7.65), scattered (458.74 ± 7.75) and dense WUIs (456.74 ± 7.74) was 
significantly higher than in very dense WUIs (408.44 ± 7.49). A similar 
pattern was found for FCOV homogeneity (Fig. 4). On the contrary, the 
values of FCOV, FAPAR, CWC and radar metrics (CR, VH and VV) were 
significantly lower in non-WUI areas than in very dense ones. 

3.2. Capacity of combined radar and multispectral variables related to 
fuel characteristics to predict burn severity in different wildland-urban 
interface typologies 

The combination of Sentinel-1 and Sentinel-2 variables related to 
fuel characteristics in full RF models resulted in a variable performance 
depending on the WUI type (Fig. 5). Thus, full RF models from non-WUI 
areas achieved the best performance with an out-of-bag explained 
variance of 32.39 %. In WUI areas, full models showed a decrease in the 
capacity to explain burn severity as WUI-associated building density 
increased. 

The procedure applied to obtain the most parsimonious RF models 
resulted in reductions in the number of features from the corresponding 
full models. These reductions were exclusively the consequence of the 
collinearity among predictors in the full model (Fig. 6), as the recursive 
feature elimination did not drop any further term. In this sense, the 
correlation matrixes (Fig. 6) showed that all fuel proxies obtained from 
Sentinel-2 imagery (FCOV, FAPAR, LAI and CWC) were positively and 
strongly correlated with each other (R ≥ 0.87), inversely related to CR 
and directly related to VH and VV backscatter. The resulting parsimo-
nious RF models explained a slightly lower out-of-bag variance than full 
RF models (Fig. 5), specifically 28.41 % in non-WUI areas, and lower 
values within WUIs (ranging from 17.31 % in the dense WUI to 25.91 % 
in the isolated ones). 

The most important variables in the parsimonious models to predict 
burn severity (Fig. 7) were FAPAR in non-WUI and isolated WUIs, and 
FCOV in the rest of WUI typologies. After these, the most important 

Table A1 
Fire alarm dates and sensing dates of Sentinel-2 and Sentinel-1 scenes of the 23 
wildfires used in the present study.  

Study site Fire alarm 
date 

Pre-burn 
Sentinel-2 

Post-burn 
Sentinel-2 

Pre-burn 
Sentinel-1 

Predógão 
Grande 

17 July 2017 14 June 2017 4 Sept. 2017 13 June 2017 

Vila de Rei 20 July 2019 19 July 2019 3 August 
2019 

15 July 2019 

Sertã 25 July 2020 23 July 2020 28 July 2020 21 July 2020 
Oliveira de 

Frades 
7 September 
2020 

6 September 
2020 

11 October 
2020 

7 September 
2020 

Ponte Caldelas 16 October 
2017 

12 October 
2017 

6 November 
2017 

11 October 
2017 

Carballeda de 
Avia 

17 October. 
2017 

12 October 
2017 

6 November 
2017 

11 October 
2017 

Cualedro 13 
September 
2020 

11 
September 
2020 

21 September 
2020 

13 
September 
2020 

Medeiros 30 July 2020 28 July 2020 7 August 
2020 

28 July 2020 

Monterrey 24 July 2020 23 July 2020 28 July 2020 21 July 2020 
Villardevos 3 August 

2017 
24 July 2017 13 August 

2017 
1 August 
2017 

Cabrera 21 August 
2017 

13 August 
2017 

2 September 
2017 

19 August 
2017 

Aliste 15 August 
2020 

14 August 
2020 

14 August 
2020 

19 August 
2020 

Malpartida de 
Plasencia 

3 August 
2020 

2 August 
2020 

4 August 
2020 

2 August 
2020 

Cabezuela del 
Valle 

28 August 
2020 

19 August 
2020 

3 September 
2020 

27 August 
2020 

Zalamea la 
Real 

27 August 
2020 

24 August 
2020 

3 September 
2020 

27 August 
2020 

Martigues 4 August 
2020 

2 August 
2020 

5 August 
2020 

3 August 
2020 

Fos sur Mer 4 August 
2020 

2 August 
2020 

5 August 
2020 

3 August 
2020 

Cascina 24 
September 
2018 

21 
September 
2018 

21 October 
2018 

22 
September 
2018 

Altofonte 30 August 
2020 

28 August 
2020 

22 September 
2020 

29 August 
2020 

Drosopigi 22 August 
2020 

16 August 
2020 

31 August 
2020 

22 August 
2020 

Galataki 25 July 2020 19 July 2020 29 July 2020 18 July 2020 
Kineta 23 July 2018 15 July 2018 19 August 

2018 
23 July 2018 

Mati 23 July 2018 20 July 2018 4August 
2018 

23 July 2018  
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variables were generally those related to fuel horizontal continuity 
(CWC homogeneity in non-WUI and isolated WUI, and FCOV homoge-
neity in dense and very dense WUIs). Radar variables were also impor-
tant, particularly CR in scattered WUIs and VH in isolated ones, although 
their contribution to the model predictive capacity was lower than the 
foregoing variables. 

3.3. Transferability of predictive models and predictability of burn 
severity in different wildland-urban interface typologies 

All RF models showed similar transferability capacity to independent 
WUI typologies (including non– WUIs) from which they were trained 

(Fig. 8a). However, the transfer of RF models to independent WUI ty-
pologies led to a decrease in the explained variance in comparison to 
when applied to the WUI typology in which they were trained (Fig. 5). 
The mean variance explained by transferred full RF models ranged be-
tween 20.50 % and 21.75 % (Fig. 8a), whereas that explained by 
transferred parsimonious RF models varied between 16.50 % and 20.75 
% (Fig. 8a). 

On the contrary, analyzing burn severity predictability (Fig. 8b), we 
found that both full and parsimonious models trained in independent 
typologies were significantly better when predicting burn severity in 
non-WUI areas and isolated WUIs, than in dense and very dense ones. In 
all cases, the mean explained variances (from 21.25 % to 26.25 % in the 
full models; from 14.50 % to 23.75 % in the parsimonious models; 
Fig. 8b) were lower than those obtained by models trained in the same 
WUI typology (Fig. 5). 

4. Discussion 

4.1. Burn severity is lower in very dense WUIs than in the other typologies 

The present study is the first to characterize burn severity in WUIs 
classified according to their building patterns. Our initial hypothesis 
that WUI typologies derived from great building densities are associated 
to lower severities was confirmed. However, our results revealed that 
differences in severity among WUI types were not associated to differ-
ences in fuel load but to other aspects, as the lowest FCOV, FAPAR and 
LAI values were found in the most severely burned typologies (non-WUIs 
and isolated WUIs). In this sense, the highest vegetation amount in WUI 
areas can be related to the location of urban settlements in the most 
productive zones (Barthel et al., 2019), but may also indicate that fuels 

Fig. 4. Boxplot showing the values of burn severity (dNBR) and all environmental predictors (FCOV, FAPAR, LAI, CWC, CR, VH, VV, FCOV homog and CWC homog) 
in each WUI typology. The red dots represent the mean values, and different letters above bars indicate statistical differences between means. (For interpretation of 
the references to color in this figure legend, the reader is referred to the web version of this article.) 

Fig. 5. Out-of-bag (OOB) variance explained by the full random forest models 
and parsimonious random forest models in each wildland-urban interface 
(WUI) typology. 
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in WUIs are not being reduced in accordance with risk prevention rules 
in many regions in Southern Europe (Lampin-Maillet et al., 2009; Chas- 
Amil et al., 2013; Ribeiro et al., 2020). 

Results from radar variables contributed to clarifying the drivers of 
burn severity in different WUI typologies. In this sense, VH and VV 
increased towards very dense WUIs, similar to fuel proxies from multi-
spectral data, which is reasonable because of the well-known positive 
influence of vegetation amount and moisture on C-band radar back-
scatter (Meyer, 2019; European Space Agency, 2021). However, radar 
backscatter is also sensitive to surface roughness, soil moisture and 
constructions depending on the polarization of microwave radiation 
(Meyer, 2019; Crabbe, Lamb, & Edwards, 2020). Specifically, we found 
that VH polarization is more sensitive to volume scatterers such as 
vegetation cover (Vreugdenhil et al., 2018; Meyer, 2019), whereas VV 
polarization retrieves better surface roughness, moisture, and double 

Fig. 6. Correlation matrices used to select non-colinear predictors for the 
parsimonious random forest models performed in each wildland-urban inter-
face (WUI) typology. Values in cells indicate the Pearson’s correlation coeffi-
cient, and white cells indicate non-significant correlations (p < 0.05). 

Fig. 7. Relative importance, measured as a percentage increase in the mean 
square error (%IncMSE), of each feature from the parsimonious random forest 
models performed in each wildland-urban interface typology when predicting 
burn severity. 
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bounce scattering typical of constructions (Meyer, 2019; Crabbe et al., 
2020). Thus, higher increases in VV backscatter towards dense WUIs in 
comparison to VH suggests higher surface roughness, moisture and/or 
presence of constructions in the dense WUI areas. In addition, the in-
verse relationship detected in very dense WUIs between VV backscatter 
and multispectral fuel proxies confirms that elements other than vege-
tation amount govern VV backscatter in very dense WUIs. 

Another feature that differs among WUI types in accordance with 
burn severity is FCOV homogeneity, which is indicative of the horizontal 
continuity of living vegetation and thereby crucial in determining fire 
intensity and propagation (García-Llamas et al., 2019a; García-Llamas 
et al., 2019b). The greatest heterogeneity in WUI areas, and particularly 
in very dense WUIs, can be attributed to the higher level of human 
interaction, which produces landscapes varying at small scales because 
the variety of land uses, presence of roads and other impervious areas, 
the intermix of artificial constructions with vegetated areas, and the 
existence of gardens (Pugnet et al., 2013; Nielsen-Pincus et al., 2015). 

4.2. Fuel features similarly drive burn severity in all WUI types 

Our study is pioneer in analyzing how fuel proxies determine burn 
severity across Southern Europe, and thus, addresses the challenge of 
developing accurate predictive models consistent across a wide range of 
environmental conditions. In general, we found that the relationship 
between fuel-related variables and burn severity, as well as the predic-
tive importance of fuel-related variables, were consistent among WUI 
typologies. Thus, fuel biophysical variables were positively related to 
each other, and with burn severity in all WUI types, one of them (FCOV 
or FAPAR) always being the most important in the RF models. The high 
correlation among Sentinel-2 biophysical variables has been found 
previously (e.g., Djamai, Zhong, Fernandes, & Zhou, 2019), and can be a 
consequence of their dependence on living fuel amount, which has been 
recognized as a primary driver of burn severity (e.g., García-Llamas 
et al., 2019a; García-Llamas et al., 2019b; Walker et al., 2020). The 
remaining variables (homogeneity and radar metrics) exhibited weaker 
or even insignificant correlations with burn severity, but contributed to 
enhancing model predictive capacity, suggesting that they should be 
valued in combination with fuel biophysical variables. 

4.3. Burn severity is less predictable in dense and very dense WUIs than in 
the other typologies 

We found that in general, the greater the density of buildings in the 
proximities of the WUIs, the less predictable burn severity either by 
models trained in that type of WUI or in others. Lower burn severity 
predictability in dense and very dense WUIs could be attributed to the 
higher importance of other factors other than those analysed, such as (i) 

vegetation composition and complexity of the fine-grained landscape, 
usually higher in WUIs because of the presence of orchards, ornamental 
vegetation, ground fuels or gardens (Vacca et al., 2020), (ii) a potential 
different vertical structure of the natural vegetation as a result of a 
higher fire frequency (Price & Bradstock, 2014; Modugno et al., 2016); 
(iii) artificial structures that can modify fire behavior (e.g. roads, fences, 
stored material, outbuildings) (Vacca et al., 2020); (iv) the concentra-
tion of extinction efforts around settlements, and the higher efficiency of 
firefighting in clustered WUIs (Lampin-Maillet et al., 2009), and could 
differ among the study regions and countries. 

4.4. Planning implications 

Our results foster the development of next-generation fire danger 
models, by including not only fire ignition and propagation probability 
at the synoptic scale, but also landscape proneness to severe burning. In 
this sense, we provide developers, governmental agencies, and land 
managers with tools applicable worldwide to predict burn severity, 
which is needed to prioritize areas for landscape management aimed at 
reducing fire risks in wildland and populated areas. Likewise, our results 
serve to guide management strategies to mitigate potential burn 
severity, which should be focused on reducing the amount of living 
vegetation and fuel continuity. This might contribute also to reduce 
ignitions in the WUIs (Elia et al., 2019). Thinning, salvage, or removal of 
individual plants are suitable actions to achieve these goals and have 
demonstrated to be effective in reducing burn severity in WUIs (Safford 
et al., 2009; Samara et al., 2018). Despite our analysis provides a global 
framework for classifying WUI typologies across Southern Europe by 
using a shared definition and delineation criteria, we highlight that each 
country as well as each region in decentralized countries, have devel-
oped their own definitions and delimitations in the basis of their envi-
ronmental singularities (Modugno et al., 2016). 

This work also constitutes a benchmark for future investigations into 
how development patterns and environmental factors affect fire 
behavior, which is essential to reduce the cost of fighting wildfire and 
improve public safety (Haas, Calkin, & Thompson, 2013). 

5. Conclusions 

The present study develops a pioneer and comprehensive analysis of 
burn severity and its main manageable drivers in different WUI typol-
ogies as well as in natural areas outside WUIs using a remote sensing 
approach based on multispectral and radar imagery. 

We conclude that the delimitation of WUIs, and its characterization 
according to nearby building patterns is informative of landscape sus-
ceptibility to fire damage. In this sense, WUI areas are less prone to 
severe fires than other natural ones, WUIs associated to high building 

Fig. 8. Transferability of random forest models measured as the mean variance explained by a model trained in a certain wildland-urban interface (WUI) typology 
when applied to the rest (a), and predictability of burn severity in each WUI typology, measured as the mean variance explained by models trained in the rest of 
typologies (b). Error bars indicate the standard error. Different Latin letters above bars indicate differences among WUI types when applying full models, whereas 
different Greek letters above bars indicate differences among WUI types when applying parsimonious models. 
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densities being the less severely burned, which can be attributed to a 
high spatial heterogeneity of vegetation cover. 

Moreover, we found that fuel features similarly drive burn severity 
regardless of WUI typology, multispectral metrics related to fuel bio-
physical properties being more important than radar variables when 
predicting burn severity. Focusing on the parsimonious models, we 
identified a biophysical property related to fuel load (FCOV or FAPAR), 
followed by a horizontal fuel continuity metric (FCOV homogeneity or 
CWC homogeneity) to be the key predictors in all WUI typologies, 
although radar variables also contribute to enhancing the predictive 
capacity of models. 

Transfers of predictive models to independent WUI typologies from 
which they were trained generally led to a decrease in predictive ca-
pacity, the lowest capacity being achieved when predicting severity in 
dense and very dense WUIs. 

Our results demonstrate that burn severity can be anticipated in all 
WUI scenarios through predictive models based on fuel characteristics 
that can be computed anywhere across the globe. Accordingly, we 
encourage the inclusion of predictive models of burn severity based on 
manageable drivers at the landscape level in fire danger analysis to 
accomplish optimal urban and forest planning, and safeguard personal 
safety particularly in highly vulnerable areas such as WUIs. 
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