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e We present the first high-resolution map of the Wildland-Urban Interface in Europe.
e The WUI covers about 7.4 % of the European area.

e WUI cover varies considerably within and among countries.

e The WUI is significantly related to various socio-economic and demographic factors.
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The wildland - urban interface (WUI) is the zone where human settlements are in or near areas of fire-prone
wildland vegetation. The WUI is widespread and expanding, with detrimental consequences to human lives,
property, and neighboring ecosystems. While the WUI has been mapped in many regions, Europe does not have a
high resolution WUI map to date. Moreover, while most WUI research has been focused on quantifying spatial
and temporal patterns, little is known about the relationship between the WUI and the socioeconomic conditions
that drive its formation. Here, we present the first high-resolution map of the European WUI and provide the first
macro-scale analysis of the relationship between the WUI and some of its potential drivers. We found that the
WUI covers about 7.4 % of Europe, but its extent varies considerably both across and within countries, with sub-
national WUI cover varying from nearly zero to almost 90 %. WUI cover is significantly related to socioeconomic
variables such as GDP per capita, the proportion of the population above 65 years old, population density, road
density, and the proportion of protected areas, but these effects are complex and interactive. This suggests that
WUI drivers are likely to differ across and within countries, and hints about the importance of both top-down and
local socioeconomic processes in driving the WUIL Our new WUI map can facilitate local as well as regional-scale
wildfire risk and ecological assessments that inform policy and management decisions aimed at reducing the
detrimental outcomes of the WUI in Europe.

1. Introduction coming decades, this trend of increasing wildfire hazard may even

worsen in some regions, due to both the increasing frequency of extreme

The frequency and extent of wildfires increased in many parts of the
world in recent decades (Kasischke & Turetsky, 2006; Shvidenko &
Schepaschenko, 2013; Weber & Yadav, 2020), as has wildfire hazard in
general (Jolly et al., 2015). Such wildfires have profound effects on
ecosystem structure and function (Silva et al., 2018; Wardle et al.,
2003), and they are among the most significant natural disasters in
terms of losses of human lives and property (McWethy et al., 2019). In

weather events such as droughts (Ruffault et al., 2020; Silvestrini et al.,
2011), and rapid land use changes which make landscapes more prone
to fire initiation and spread (Pausas & Keeley, 2021). These processes
have been especially evident in the European Union, where 72,500 fires
burned about 450,000 ha annually from 1990 to 2019. The Mediterra-
nean countries (i.e., Portugal, Spain, France, Italy, and Greece)
accounted for 86 % of the burned area (European Commission. Joint
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Research Centre, 2021).

The effects of wildfires on people are concentrated in the wildland-
urban interface (WUI), where human development is adjacent to or
interspersed with flammable vegetation that can support fire spread
(Radeloff et al., 2005). The WUI is widespread in many countries (Bar-
Massada et al., 2014) and growing (Godoy et al., 2022; Radeloff et al.,
2018), resulting in a substantial and increasing exposure of human lives,
property, and infrastructure to wildfires. Quantifying and mapping the
extent and geographic patterns of the WUI is therefore crucial to un-
derstanding wildfire problems in fire-prone regions with human settle-
ments. Previously, broad-scale WUI maps have been developed for the
US (Radeloff et al., 2005, 2018; Theobald & Romme, 2007; Carlson
et al., 2022), and across Europe at continental (Modugno et al., 2016),
and regional (Alcasena et al., 2018; Del Giudice et al., 2021; Lampin-
Maillet et al., 2010; Mitsopoulos et al., 2020) scales, as well as for
other areas such as central and western Argentina (Arganaraz et al.,
2017; Godoy et al., 2022). However, the scale and resolution of WUI
maps are often limited by the specifications of the input data, and lower-
resolution data can challenge their interpretation. For example, a prior
WUI map of Europe (Modugno et al., 2016) is based on CORINE land
cover data (Buttner & Kosztra, 2007), which has a minimum mapping
unit of 25 ha. Consequently, that WUI map does not capture small set-
tlements or individual buildings, and instead only identifies WUI
patches which may comprise multiple land cover types, some of which
might not allow for fire spread. Similarly, the commonly-used US WUI
map (Radeloff et al., 2005) was based on US decennial census block
data, which are polygons that vary in shape and size and can contain a
large number of buildings. Such maps provide insights about coarse WUI
patterns in a given region or state, but miss fine-scale variations, limiting
their value for landscape and urban planning (Bar-Massada et al., 2013).
Fine-grain WUI maps, on the other hand, provide very valuable infor-
mation for decision making, but are often constrained by a lack of suf-
ficiently detailed input data (especially on building locations) for large
areas. Consequently, a continental-scale fine-grained map of the WUI
across Europe is still lacking, and this is unfortunate given that wildfire
problems in the WUI are a major challenge there (Alcasena et al., 2019;
Galiana-Martin, 2017; Vacca et al., 2020).

While the conceptual definition of WUI is fairly consistent among the
many studies that have mapped the WUI, the exact definition and the
parameter settings for the mapping differ considerably (Bento-Gon-
calves & Vieira, 2020). Common among all existing approaches is the
combination of two types of land cover data: built-up areas and flam-
mable vegetation. However, approaches differ in how these are defined
(i.e., what comprises built-up areas and which fuel types are considered
as flammable), how to quantify their amount (e.g., how many buildings
per unit area? What is the proportion of flammable vegetation nearby?),
and how spatial juxtaposition is defined (i.e., at what distance a built-up
area should be from flammable vegetation to be considered as WUI).
Furthermore, WUI maps vary considerably in their thematic resolution,
from two-class representations (i.e., WUI versus non-WUI) to multiclass
representation with multiple WUI types. In the simplest case, the WUI is
divided into interface (built-up areas with little vegetated cover, that are
within a certain distance to continuous swaths of flammable vegetation,
and are consequently mostly exposed to showering embers and home-to-
home ignitions) and intermix areas (built-up areas that are interspersed
within flammable vegetation) (Radeloff et al., 2005; Theobald &
Romme, 2007). Multi-class WUI typologies divide the WUI into addi-
tional sub-classes according to different combinations of building con-
figurations and vegetation types (Del Giudice et al., 2021; Lampin-
Maillet et al., 2010) or different types of wildfire exposure potential
(Beverly et al., 2010), which may subsequently be assigned levels of fire
risk (Caballero et al., 2007).

The most widely used WUI mapping approach was developed based
on the US Federal Register definition (USDA and USDI 2001) and dis-
tinguishes WUI intermix and interface classes (Radeloff et al., 2005). For
an area to be WUI requires that: [1] there are enough buildings exposed
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to wildfire risk, i.e., >6.17 houses per km? or one house per 40 acres (the
rationale is that isolated buildings are not part of the WUI); [2] there is
sufficient coverage of flammable vegetation (>50 %) around those
buildings to facilitate direct fire spread. Those areas that meet both
criteria [1] and [2] are classified as the intermix WUI [3] areas that
conform with [1] but not with [2] but are within a certain distance of a
large and contiguous patch of flammable vegetation that can produce
firebrands, are categorized as interface WUI. The US approach assumes a
2.4 km distance and a minimal patch size of 5 km?. While these
parameter choices were made according to wildfire issues in the US
WUI, other parameterizations might be more suited in regions where
land cover patterns and fire regimes differ, such as Europe. Hence, it is
important to custom-tailor the parameter settings of WUI maps to the
specifics of a given landscape, as WUI maps should vary depending on
utilization, geographic setting, and aim (Stewart et al., 2009).

Beyond the question of where the WUI is, identifying what factors
determine where the WUI is most common is a knowledge gap that
hinders our understanding of WUI growth. A major driver of WUI
development is exurban growth, which is related to the socioeconomic
processes that cause people to settle in or near natural ecosystems (Gude
et al., 2006; Pejchar et al., 2007; Taylor, 2009). Exurban growth can
result from bottom-up, “pull” factors, such as the desire to live near
scenic amenities such as forests or recreational opportunities (Sullivan,
1994; Taylor, 2009), or from “push” factors, for example, when gov-
ernment policies or macro-economic processes make it cheaper to live
afar from urban centers (Boarnet et al., 2011; Millward, 2002). Exurban
growth can directly lead to WUI formation in areas dominated by
wildland vegetation outside urban boundaries (Robinson et al., 2005).
Yet the WUI might be formed even when exurban growth occurs in
agricultural areas, as it may reduce the distance between wildland
vegetation and built-up areas (Badia et al., 2019; Martinuzzi et al.,
2007). At the same time, the WUI can likewise emerge by an opposite
process, where agricultural abandonment near settlements allows
vegetation to regrow, thereby increasing the contact zone between built
areas and natural or semi-natural vegetation (Radeloff et al., 2018). An
example is the rapid increase of commercial eucalypt and conifer
plantations in marginal agricultural lands and pastures, which engulfed
many small rural communities in the wetter Mediterranean areas (Badia
etal., 2019; Moreira et al., 2023). Still, the extent and the specific factors
tied to WUI development across broad spatial scales are not well known
but are important to understand in order to devise land use policies
aimed at reducing the WUI fire problem (Moritz et al., 2022).

Our objective here was to generate the first wall-to-wall map of the
European WUI at a high resolution and then to assess the role of different
socioeconomic variables in explaining the extent of the WUI within
different European countries. To that end, we present a detailed quan-
tification of WUI variation at finer spatial scales to understand better the
relationships between the WUI and fundamental socioeconomic drivers.
In addition, our work provides valuable insight into identifying the re-
gions where rapidly evolving socioeconomic trends may substantially
increase the number of vulnerable households in fire-prone European
areas.

2. Methods
2.1. Built-up and vegetation data

We aimed to map the WUI across Europe, which we defined as the
Schengen Zone plus the British Isles and those Balkan countries for
which sufficient socioeconomic data were available, to facilitate sub-
sequent analyses of WUI drivers (Fig. 1). We first obtained built-up data
for Europe from the 2019 World Settlement Footprint dataset (Mar-
concini et al., 2020). This global dataset was generated by automated
interpretation of 10-m resolution Sentinel-1 and Sentinel-2 satellite
imagery, and each pixel is either built-up or not. Next, we gathered
vegetation data from the 2020 European Space Agency (ESA) global
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Fig. 1. Proportion of WUI in NUTS-3 zones across Europe, 2020, for intermix WUI (a), interface WUI (b), and total WUI (c). Missing countries are those without
NUTS-3 data. (d): high-resolution WUI map of the Island of Ibiza, overlaid on top of a true-color satellite image (where dark colors depict wildland vegetation

patches). See country abbreviations in Table 1.

land cover product (Zanaga et al., 2021). This dataset classifies the same
10-m Sentinel-1 and Sentinel-2 satellite imagery, in conjunction with
auxiliary data, into 11 land cover classes. Finally, we reclassified the
dataset into two classes: woody vegetation classes (‘forests’ and
‘shrublands’, “1”) and others (“0"). Hence, we focused on fire hazard in
built-up areas only from woody vegetation, regardless of species identity
and fuel characteristics. We implicitly assume that given sufficiently dry
conditions, any woody vegetation can potentially support fire spread,
even if there are considerable differences in flammability. This
assumption was necessary because ESA’s landcover map does not
contain detailed information about fuel types. We opted to include only
woody fuels for two reasons: [1] on average, woody fuels generate more
extreme fire behavior than grassland fuels; [2] they require considerably
more resources to manage pre-fire than grasslands.

2.2. Wildland-Urban interface mapping

To map the WUI, we modified the parameters of the existing point-
based WUI mapping approach (Bar-Massada et al., 2013), which is
based on the original US WUI mapping approach (Radeloff et al., 2005).
Our new approach adapts the 10 m-cell grid of the underlying datasets
and includes the following steps: [1] we included all cells within 100 m
of a built-up cell as candidate WUI locations, regardless of the housing
density within (and around) them in order to identify all built-up areas

that are potentially at risk, as well as their immediate surroundings,
which could be targeted for fuel reduction treatments to reduce fire
exposure in the home ignition zone (Cohen, 2000). We omitted the
housing density threshold of 6.17 buildings/km? because it precludes
the inclusion of lower-density housing developments in the WUI, and
our objective here was to account for all buildings exposed to wildfire
risk in Europe. [2] we calculated the percent cover of woody vegetation
within a 500 m radius (Bar-Massada et al., 2013; Carlson et al., 2022)
around candidate WUI location cells; if the woody cover was >50 %,
these cells were mapped as ‘intermix WUI'. We chose the 500 m radius
because it excludes most urban parks from the WUI (Carlson et al.,
2022). [3] we identified patches of woody vegetation that were >5 km?
[in line with Radeloff et al., (2005)]. [4] we identified all candidate WUI
locations within a 600 m buffer to large vegetation patches (found in
[3]); these cells were mapped as ‘interface WUT'.

The choice of 600 m reflects findings about the approximate median
value of maximum travel distances of showering embers (Storey et al.,
2020), which is corroborated by empirical findings that 100 % of
buildings burnt by wildfires in the US were within 850 m of a 5 km? (or
larger) patch of wildland fuels, and nearly 100 % were within 600 m of
those patches (Caggiano et al., 2020). This threshold differs from the
previously used distance of 2,400 m (Arganaraz et al., 2017; Carlson
et al., 2022; Radeloff et al., 2018), which reflects maximum travel dis-
tances. To assess the sensitivity of our map to this threshold, we
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generated an additional WUI map using the original parameter of 2400
m and compared the resulting WUI maps across Europe. Finally, based
on our WUI maps, we quantified the overall extent and the spatial dis-
tribution of interface, intermix, and total WUI at the country level for
each country in our study area.

2.3. Socioeconomic and demographic data

We obtained data at sub-national levels for most European countries
from Eurostat, the statistical office of the European Union (https://ec.
europa.eu/eurostat/web/regions/data/database; last accessed on
August 17th, 2022). Eurostat collects data at four hierarchical levels:
countries, NUTS-1 (major socioeconomic regions, 92 in total), NUTS-2
(basic regions for the application of regional policies, 242), and NUTS-
3 (small regions for specific diagnoses, 1187 of which had sufficient
data). Therefore, to maximize the level of geographic detail for our
analyses of WUI drivers we analyzed NUTS-3 data, even though fewer
socioeconomic variables are collected at that level. These variables
included: [1] population density (persons/kmz): this variable serves as
the precursor to settlement development both in and outside the WUI
and is directly related to fire risk (Hanberry, 2020; Syphard et al., 2009);
[2] proportion of the population over 65 years old: this variable was
included as we assumed that older populations manifest rural exodus in
low-income regions in rural WUI areas (Badia et al., 2019); alterna-
tively, in richer countries, secondary homes for retirees might be prev-
alent in WUI areas given their scenic amenities (Davis, 1990); and [3]
gross-domestic production per capita in 2019 (GDP, in 1000s of
EURO): we included it to test if WUI occurrence depends on the eco-
nomic development of a region. Ideally, we would have had additional
variables (such as housing prices), but our choice of variables was
limited by what was available from Eurostat, which aggregates source
data from 27 different countries, and is the best data source for consis-
tent socioeconomic data for our entire study area.

In addition, we calculated from other sources the following envi-
ronmental variables: road density using the primary, secondary and
tertiary road network (km/km?% OpenStreetMap, https://download.
geofabrik.de/europe.html, last accessed on August 29, 2022); this var-
iable is an indirect measure of the accessibility of wildland areas to
human development (Hawbaker et al., 2006), and proportion of pro-
tected areas (UNEP-WCMC, 2019); to reflect the ‘pull’ factor of natural
areas to human settlements (Radeloff et al., 2010).

2.4. Statistical analysis

We modelled the effects of various demographic variables on the
relative proportion of the WUI (intermix and interface combined) at a
finer spatial scale. To that end, we quantified the amount of WUI at
NUTS-3 level, corresponding with available socioeconomic and de-
mographic data. In addition, we used the same datasets that were used in
the WUI mapping stage, built-up areas, and wildland vegetation, to
calculate the proportions of these two variables per NUTS-3 region to
remove their confounding effect on the proportion of WUI per region.

We used a two-step process to model the effects of the above pre-
dictor variables on the proportion of WUI area (pWUI). First, we applied
a generalized linear mixed effects model with a Beta error distribution to
estimate the variation in pWUI that was directly related to the propor-
tion of wildland vegetation and the proportion of built-up areas. To fit
the model, we added 0.0001 to the proportion of WUI in three NUTS-3
zones with no WUI, as the beta distribution requires positive numbers.
The model included the above two predictors, standardized to zero
mean and unit variance, as interactive fixed effects, and country code as
a random intercept effect to test for baseline differences in WUI among
countries.

Second, we aimed to quantify the effects of our suite of socioeco-
nomic variables on the proportion of WUI after accounting for the
confounding effects of the proportion of wildland vegetation and the
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proportion of built-up areas. To that end, we modelled the residuals of
the first model in a linear mixed effects model with the following fixed
effects: proportion of population above 65 years old, population density,
population density squared, road density, GDP per capita, and propor-
tion of protected areas. All predictors were standardized to zero mean
and unit variance. The model also included interaction terms to account
for potential interactions among the effects of these predictors:

- GDP per capita and proportion of population above 65 years old (to
test if WUI is more prevalent in regions with lower socioeconomic
levels where land abandonment is common and rural population is
older. Or, alternatively, to denote the high prevalence of second
homes in rural areas in wealthier countries).

Road density and population density (as high road density can point
to building dispersion in highly populated areas, which may lead to
increased interfaces between settlements and wildlands where the
latter are also prevalent).

Population density and proportion of protected areas (to test if scenic
amenities are a ‘pull’ factor for settlement development).

Finally, country code was included as a random intercept effect to
account for potential inherent differences in WUI drivers across coun-
tries. We fitted both models using maximum likelihood and assessed the
significance of model predictors using a type-II Wald’s chi-square test.
We calculated each model’s marginal and conditional R? (Nakagawa &
Schielzeth, 2013). Given the spatial structure of the data, and to evaluate
the assumption of data independence, we assessed if model residuals
were spatially autocorrelated by semi-variogram analysis. We found no
evidence for spatial autocorrelation in the residuals of either model. We
conducted all analyses using R (R Core Team, 2013), with the packages
‘glmmTMB’ (Brooks et al., 2017), ‘lme4’ (Bates et al., 2013) and ‘per-
formance’ (Liidecke et al., 2021).

3. Results
3.1. WUI patterns

The total area of the WUI in Europe in 2020 was about 363,000 km?,
or 7.4 % of the land area. Of that, 169,312 km? was intermix WUI (46.6
%), and 193,974 km? was interface WUI (53.4 %). There were consid-
erable differences among countries in the WUI'’s relative cover and the
composition of intermix vs interface WUI (Fig. 1, Table 1). With 23 % of
its area in WUI, Lichtenstein had the highest relative WUI cover in
Europe, followed by Slovenia (16.13 %) and Switzerland (15.67 %).
France, the largest country we analyzed, had the highest absolute WUI
area (38,288 km? of intermix, 26,291 km? of interface). Malta (0.02 %)
had the smallest proportion of WUI area in Europe, followed by Ireland
(0.95 %) and Norway (2.08 %). Twenty-five countries had more inter-
face than intermix WUI, and 11 countries had more intermix than
interface WUI (Table 1). Kosovo (2.86 times more interface than
intermix), Ireland (2.38), the United Kingdom (2.1), and Denmark
(2.03) had more than twice the area of interface WUI. In contrast, Malta
had no interface WUI at all, Finland had almost 2.7 times more intermix
WUI, and Sweden 1.66 (Table 1). There was considerable variation in
the proportion of WUI across NUTS-3 zones within countries (Fig. 2). For
example, proportions of WUI across 401 German NUTS-3 zones ranged
from zero (Straubing) to 87.8 % (Herne). In Bulgaria, on the other end,
proportions of WUI tended to be low across its 28 NUTS-3 zones, as the
range was between 0.01 % (Yambol) and 10.9 % (Kardzhali).

Our WUI map was sensitive to the choice of mapping parameters.
Increasing the distance threshold to the nearest >5 km? vegetated patch
from 600 m to 2400 m led to a considerable increase in WUI area across
most of Europe (Fig. S1), from 363,000 km? to 493,356 km?2, (35.8 %
increase), totaling ca. 10 % of the study area. Virtually all the increase in
WUI was in interface WUIL, which is the component directly affected by
the value of this parameter.
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Table 1
Country-level statistics of interface and intermix WUI Countries marked with asterisks do not have NUTS-3 data. Country abbreviations correspond to the maps in
Fig. 1.
Country Interface WUI (km?) Intermix WUI (km?) Interface WUI (%) Intermix WUI (%) Total WUI (%) Interface/Intermix
Albania (AL) 979.92 1340.01 3.40 4.65 8.06 0.73
Austria (AT) 6008.86 5408.89 7.16 6.44 13.60 1.11
Belgium (BE) 2520.08 2030.62 8.22 6.62 14.84 1.24
Bosnia and Herzegovina* 2248.67 2823.26 4.39 5.51 9.90 0.80
Bulgaria (BG) 2242.53 2043.75 2.02 1.84 3.86 1.10
Croatia (HR) 2042.15 3253.81 3.61 5.76 9.37 0.63
Czech Republic (CZ) 6056.36 3171.05 7.68 4.02 11.70 1.91
Denmark (DK) 1293.97 634.60 3.00 1.47 4.47 2.04
Estonia (EE) 1750.16 1343.90 3.86 2.96 6.82 1.30
Finland (FI) 4420.46 11963.06 1.31 3.54 4.85 0.37
France (FR) 38288.36 26291.31 6.98 4.79 11.76 1.46
Germany (DE) 26739.93 15602.13 7.48 4.36 11.84 1.71
Greece (EL) 3686.76 5378.42 2.80 4.08 6.88 0.69
Hungary (HU) 2999.58 1792.57 3.23 1.93 5.15 1.67
Ireland (IE) 464.51 194.40 0.67 0.28 0.95 2.39
Italy (IT) 16652.09 26744.35 5.54 8.90 14.44 0.62
Kosovo* 403.25 140.70 3.70 1.29 4.99 2.87
Latvia (LV) 1927.33 1149.38 2.98 1.78 4.76 1.68
Liechtenstein (LI) 22.11 14.71 13.81 9.19 23.01 1.50
Lithuania (LT) 2455.83 1230.52 3.78 1.90 5.68 2.00
Luxembourg (LU) 267.23 116.67 10.29 4.49 14.79 2.29
Macedonia (MK) 504.27 354.58 1.98 1.39 3.38 1.42
Malta (MT) 0.00 0.07 0.00 0.02 0.02
Montenegro (ME) 197.93 261.39 1.43 1.88 3.31 0.76
Netherlands (NL) 2116.34 1166.55 5.66 3.12 8.78 1.81
Norway (NO) 2707.07 4025.90 0.84 1.25 2.09 0.67
Poland (PL) 19164.02 10682.26 6.14 3.42 9.57 1.79
Portugal (PT) 4253.39 3827.78 4.79 4.31 9.10 1.11
Romania (RO) 5799.70 3932.32 2.43 1.65 4.08 1.47
Serbia (RS) 2691.09 2647.14 3.47 3.42 6.89 1.02
Slovakia (SK) 2158.91 1306.22 4.40 2.66 7.07 1.65
Slovenia (SI) 1262.66 2006.63 6.23 9.90 16.13 0.63
Spain (ES) 11444.37 10888.95 2.31 2.19 4.50 1.05
Sweden (SE) 5348.11 8874.27 1.19 1.97 3.16 0.60
Switzerland (CH) 4006.25 2463.28 9.70 5.97 15.67 1.63
United Kingdom (UK) 8850.20 4206.53 3.62 1.72 5.34 2.10
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Fig. 2. The distribution of WUI proportions at national scales, for countries with at least five NUTS-3 zones. The thick horizontal line depicts the median, and box
outlines depict the 25 %-75 % range. Whiskers reflect 95 % confidence intervals and circles are extreme values. For country abbreviations, see Table 1.

3.2. The Wildland-Urban interface and socioeconomic variables at
NUTS-3 level

The proportion of WUI areas in the 1187 NUTS-3 zones varied
greatly from nearly zero to 87.8 %. The initial model that was based
solely on the proportion of wildland vegetation, built-up areas, and their
interaction explained 55.5 % (fixed effects) and 73 % (fixed and random
effects) of the variation in the proportion of total WUI (according to
Nakagawa’s marginal r-square). In the secondary model, multiple so-
cioeconomic variables explained the residuals of the first model (i.e.,
variations in pWUI unrelated to differences in the proportion of wildland

vegetation and built-up areas) in complex and interactive ways
(Table 2). This model’s fixed effects explained 14.1 % of the variation in
the residuals of the initial model, and the combination of fixed effects
and random effects (which reflect random variation across countries)
explained marginally more (14.8 %). On average, pWUI was signifi-
cantly positively related to road density and population density squared;
and significantly negatively related to population density, GDP per
capita, and proportion of the population over 65 years old. All three
model interaction terms were statistically significant (proportion of
protected areas and population density, proportion of population over
65 years old and GDP per capita, and population density and road
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Table 2

Fixed effects and interactions based on the GLMER model of the proportion of
WUI at NUTS-3 zones across Europe. Note: predictors were standardized prior to
model fit. Colons represent interaction terms.

Fixed effect Estimate  Standard p-value
error

Baseline model

Intercept —2.2 0.07 <0.001

Proportion of forested areas 0.58 0.02 <0.001

Proportion of built-up areas 0.5 0.01 <0.001

Proportion of forested areas: Proportion 0.35 0.02 <0.001
of built-up areas

Model of residuals

Population density —0.01 0.006 <0.001

Population density (quadratic) 0.006 0.0007 <0.001

GDP per capita —0.003 0.002 0.002

Proportion of population >65 years —0.002 0.002 0.04

Proportion of protected areas 0.001 0.002 0.2 (NS)

Proportion of population >65 years: GDP 0.006 0.002 <0.001
per capita

Population density: Road density —0.01 0.001 <0.001

Proportion of protected areas: Population 0.01 0.002 <0.001
density

density), indicating complex patterns. The proportion of the population
above 65 years old positively affected pWUI when GDP was high, but
had no effect when GDP was low, suggesting that the prevalence of the
older population in the WUI occurs mainly in wealthier countries
(Fig. 3A). Population density had a positive nonlinear effect on pWUI
when road density was low. Nevertheless, when road density was high,
the effect of population density on the amount of WUI had a U-shape
pattern, reflecting a negative relationship between population density
and WUI amounts up to ca. 10,000 people/km? (for context, the popu-
lation density in Barcelona is 16,149 people/km?), and a positive rela-
tionship at higher population densities (Fig. 3B). This suggests that in
urbanized regions, the WUI is associated with lower road densities, or
less concentrated urban patterns, whereas in less populated regions the
WUI is associated with higher road densities. Finally, the positive
nonlinear effect of population density on the amount of WUI increased
in magnitude as the percentage of protected areas increased (Fig. 3C).
That is, having more protected areas in densely populated regions led to
increased WUI amounts.

4. Discussion

We present the first wall-to-wall high-resolution map of the WUI in
Europe and reveal the relationships between the amount of WUI in
different regions and various socioeconomic variables. Furthermore, our
approach expands the geographic coverage of previous high-resolution
maps in Europe, which were limited to specific countries or sub-
regions (Alcasena et al., 2018; Del Giudice et al., 2021; Lampin-
Maillet et al., 2010), and the spatial resolution compared to a previous
wall-to-wall map (Modugno et al., 2016). We found that the WUI is a
prevalent land cover type in Europe, as it covers 7.4 % of the surface area
(compared to 16.2 % for the US, but using a different algorithm; (Carlson
et al., 2022)). However, the amount of WUI varies considerably among
countries, from almost no WUI in Malta to almost one-quarter of the
country’s area is a WUI in Lichtenstein. There was also a significant
variation in WUI proportion within countries, especially in larger
countries with diverse landscapes, such as Germany, where forest cover
varies greatly among sub-regions.

Our WUI map showed similar spatial patterns compared to those
previous works conducted in Europe (European Commission. Joint
Research Centre, 2020; Modugno et al., 2016). The most striking WUI
hotspots in Europe (WUI cover >25 %) were in northwestern regions of
the Iberian Peninsula, the western-central countries (Netherlands,
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Belgium, Luxemburg, and the north Rhine in Germany), the open valley
bottoms in mountainous central areas of central Europe, regions con-
taining the most populated cities and metropolitan areas (e.g., London),
and a thin belt along the Mediterranean coastline (Fig. 2¢). The lowest
values (WUI area <10 %) were located in the most remote septentrional
regions (northern portions of Norway, Sweden, and Finland), the
southeastern European countries, and the interior areas of the Iberian
Peninsula except for the province of Madrid in Spain. Interestingly, the
highest disagreement between our map and previous maps occurred in
Ireland and the northern United Kingdom, likely due to the consider-
ation of herbaceous fuels in WUI mapping by other authors (European
Commission. Joint Research Centre, 2020). Thus, it is clear that results
are heavily affected by mapping thresholds and parameters when
comparing values from different works, which ranged from 2.5 %
(Modugno et al., 2016) to 12 % total WUI area cover in Europe (Schug
et al., in review). The first pan-European map (Modugno et al., 2016)
defined WUI cover as the overlap area between a 200 m buffer to urban
development and a 400 m buffer to hazardous fuels. These buffer dis-
tances are smaller than ours, which might explain the lower overall
amount of WUI they found across Europe (see comparison across nations
in Fig. 52). In contrast, a new global WUI map (Schug et al., in review)
implemented a conceptually similar approach to ours but includes
grasslands as wildland vegetation and uses a 2.4 km distance to delin-
eate interface WUI extent (whereas we used 600 m), which can explain
why they found a considerably larger WUI area (~12 % compared to 7.4
% here). An additional reason for our diverging results is that we
adopted a categorization of wildland vegetation that focused on woody
vegetation and did not include grassland vegetation. This choice has
been made by others before (Kaim et al., 2018) and reflects a more
restrictive view of the WUI as being related solely to forest and shrub-
land ecosystems. In our case, there was also a practical consideration for
this choice: there were considerable classification errors in that grass-
lands and croplands were confused in the landcover dataset we used
(Tsendbazar et al., 2021), and another high-resolution landcover dataset
we initially tested (ESRI’s global landcover map) suffered from the same
problem. Including grasslands as wildland vegetation would have
created large WUI areas in agricultural regions with little natural
vegetation. As a result, the exclusion of grassland vegetation in some
agropastoral lands may lead to an underestimate of the WUI area, where
flashy fuels cover large portions and play a prominent role in risk
transmission (Salis et al., 2022). In contrast, we included all types of
woody vegetation classes as wildland vegetation, regardless of their
ability to support wildfire spread. In terms of fire risk assessment, this
may lead to an overestimate of potential settlement exposure to wild-
fires, in areas where the flammability of the dominant woody vegetation
is low.

Still, we argue that under changing climatic conditions, the flam-
mability of many species is likely to change (Knorr et al., 2016), making
regions with a low fire hazard more prone to wildfires in the future.
Finally, the specific distance thresholds that we used followed precedent
in some cases (e.g., the 500 m buffer distance and the wildland vege-
tation thresholds are in line with (Carlson et al., 2022)), but not in others
(reducing the ‘distance to large wildland patch’ from 2400 m to 600 m as
a more realistic estimate of the distance embers spread). We did modify
the latter threshold because initial sensitivity tests suggested an over-
estimate of the WUI in urban areas adjacent to wildlands based on the
original threshold. Indeed, the higher threshold would have increased
the proportion of WUI by ca. 35.8 % (S1). However, we stress that there
is no ‘correct’ set of thresholds and methodological choices for mapping
the WUI, because these maps are context-specific, and always reflect the
subjective choices made during their creation (Stewart et al., 2009).

In general, two main processes can cause WUI growth. The first is
exurban development in and near natural ecosystems, either due to
‘pull’ factors, such as the desire to live near natural amenities (Sullivan,
1994; Taylor, 2009), or by ‘push’ factors, such as increasing housing
prices in cities pushing housing development deeper into rural areas
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where property prices are lower (Millward, 2002). We found that the
amount of WUI in a given region was correlated with the proportion of
protected areas in it, possibly indicating a ‘pull’ factor. The WUI area
growth in the Mediterranean coastline is a good example, where vaca-
tion housing areas used for recreational purposes continue to expand in
the vicinities of protected sites (Chappaz and Ganteaume, 2022; Sirca
et al.,, 2017). In a related US example (Radeloff et al., 2010), housing
growth near the boundaries of national parks exceeds nationwide
housing growth, highlighting the attractiveness of these areas for
exurban development.

The second process behind WUI development is wildland vegetation
growth, often due to land abandonment, stemming from the rural
exodus. In Europe (primarily southern and eastern), land abandonment
has been rampant in recent decades (Lasanta et al., 2017), and this has
been associated with more wildfires (Mantero et al., 2020), and may
increase wildfire occurrence even further (Salis et al., 2022; Ursino and
Romano, 2014). Another aspect of land abandonment is that the median
age rises in areas with rural exodus, and GDP per capita often drops.
However, we did not find a significant relationship between the pro-
portion of residents older than 65 years and the amount of WUI in re-
gions with lower GDP. One potential reason for this is that we accounted
for the effect of wildland vegetation cover in the first step of our
modeling. Thus, our wildland vegetation variable may have also
captured the indirect effects of land abandonment, which may be
concentrated in areas with older populations and low GDP, on the
amount of WUL In contrast, we did find a positive association between
WUI and the proportion of aging population in regions with high GDP.
This may reflect an increasing preference of wealthier people to retire in
rural areas (Norris & Winston, 2009).

The suite of socioeconomic variables we used to explain the residual
amount of WUI (after accounting for the confounding effects of vege-
tation and built areas) explained only a modest amount of variation in
WUI patterns (14.1 %). This is probably due to several reasons. Ideally,
we would also have data on property prices in rural vs urban areas, and
about long-term changes in age distribution in rural areas at the Euro-
pean scale, but these data do not exist. Another reason why these macro-
scale variables explain WUI patterns only moderately well was that
NUTS-3 units are spatially coarse, and much coarser than our WUI map.
The fact that these variables could explain some variation in WUI pat-
terns despite the scale-mismatch hints at the importance of socioeco-
nomic processes as WUI drivers and calls for future studies at smaller
spatial scales, where it is possible to collect high-resolution data on so-
cioeconomic conditions.

The scale of the analysis is a condition for interpreting the results and
correctly using WUI maps, as there is a fundamental difference between
broad-scale and local-scale WUI maps in terms of purpose and feasi-
bility. Ours and previous broad-scale maps depict large areas, require
less-detailed information, and assume constant parameterization values
across vast areas where distant landscapes differ in climate conditions,
forest fuels, and fire regimes (Modugno et al., 2016; Radeloff et al.,
2018; Theobald & Romme, 2007). Consequently, as was our goal here,
these maps are often used to identify high-hazard hotspots in populated
areas, inform policy, and facilitate comparisons among different
administrative regions to initiate wildfire risk management programs.
To complement them at local scales, fine-scale WUI mapping approaches
may be used to aid the planning of fuel-management actions in and
around WUI settlements (Beverly et al., 2010; Caballero & Beltran,
2003). Fine-scale WUI mapping captures the local details but requires
precise information about building materials and the fine-scale distri-
bution of highly flammable vegetation near buildings. Recent de-
velopments of high-resolution remote-sensing products that focus on
built-up areas in general (Corbane et al., 2021; Pesaresi et al., 2016)
and individual building locations in particular (Microsoft Open Source,
2022) provide an opportunity to create such fine-grain WUI maps
(Alcasena et al., 2022; Bar-Massada, 2021; Carlson et al., 2022).
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5. Conclusions

Our study provides the first detailed map of WUI areas across Europe,
and we found that about 7.4 % of Europe’s land area is comprised of
settlements that may have a considerable wildfire risk (at present, or
more so under future climatic conditions). Moreover, we show the WUI’s
association with several socioeconomic variables, highlighting the role
of different land use and demographic processes that determined our
observed WUI patterns. The WUI problem in Europe is expected to in-
crease due to ongoing land abandonment in Mediterranean and East
European countries (which increases vegetative cover around settle-
ments), more secondary home development in rural areas (which pushes
settlements into wildlands), and changes in fire regimes including the
introduction of wildland fires into previously non-fire prone areas.
These processes, among others, are increasing the exposure of people
and property to wildfires, and there is an urgent need to inform policy
decisions that may reduce this risk through better land use planning. Our
new WUI map may offer helpful information to achieve this aim.
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