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Abstract

Urban green areas play a crucial role in supporting
the provision of ecosystem services, and are pivotal in
urban landscape planning and in enhancing the ecolog-
ical connectivity of cities. However, urban sprawl poses
challenges to urban vegetation connectivity and biodi-
versity, being one of the main causes of landscape frag-
mentation and degradation. Our paper aimed to introduce
a standardized and comparable approach for evaluating
the connectivity of green urban areas across Europe. The
goal was to evaluate the landscape connectivity of urban
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areas in 28 European Capital cities and to establish rank-
ings based on two key criteria: the percentage of vegeta-
tion and overall landscape connectivity. First, we imple-
mented data from the European Union Earth Observation
program—Copernicus—to construct the European Urban
Vegetation Maps (EUVMs). EUVMs referred to 2018,
had a spatial resolution of 10 m, and categorized domi-
nant vegetation cover into trees, shrubs, and grass across
28 European Capital cities at two official geograph-
ical levels: Local Administrative Unit (LAU) and Urban
Core areas (UC). Based on the EUVMs, the percentage
of vegetation was calculated per each Capital city in
Europe. The accuracy assessment against field surveys
conducted under the Land Use and Coverage Area Frame
Survey confirmed the EUVMSs’ potential, with an overall
accuracy of 83.57%. Further, to evaluate the connec-
tivity of green urban areas we conducted a landscape
network analysis using Graphab software. Our analysis
examined three global metrics—Probability of Connec-
tivity (PC), Integral Index of Connectivity (IIC), and
Equivalent Connected Area (ECA)—as well as networks’
nodes and links features within each city. Results showed
a mean urban vegetation percentage of 49.43% within
the LAU areas, with Southeast European Capitals, such
as Sofia, Ljubljana, and Zagreb, exhibiting over 75%.
The network analysis showed how Stockholm, despite
having the highest average patch capacity and ECA,
exhibited an uneven distribution of patch capacity (Gini
coefficient 0.96), while Ljubljana recorded the largest
values in PC and IIC metrics (0.131 and 0.098, respec-
tively). In conclusion, future research should (i) consider
species-specific habitat requirements to develop effec-
tive conservation strategies, (ii) investigate public acces-
sibility and urban green area utilization, and (iii) iden-
tify standardized methodologies for city boundaries iden-
tification to improve international comparability. In this
context, Copernicus data can be leveraged for urban plan-
ning and ecological connectivity analysis.
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1 Introduction

With the world population rapidly increasing, cities and urban
areas represent the ecosystems where most of the global popu-
lation is expected to live by 2050 (United Nations 2018).
Urban ecosystems were a central focus in recent global
research activities, due to the goods and services vegeta-
tion provides to people (Konijnendijk 2023; Nieuwenhui-
jsen et al. 2022), especially in highly anthropized environ-
ments. Indeed, preserving urban vegetation against fragmen-
tation and degradation is crucial for maintaining its func-
tions, including carbon removal and pollutant sequestration
(Nowak et al. 2006; Russo et al. 2015; Shafique et al. 2020),
temperature regulation (Duncan et al. 2019) and biodiversity
conservation (Afrifa et al. 2022; Seto et al. 2012).

In this perspective, the network theory—a mathemat-
ical concept dealing with the study of interconnected
elements (Bollobas 1998)—can be efficiently implemented
in assessing the connectivity of urban green areas (Caldarelli
2007), contributing to shaping sustainable and environmental-
friendly cities (Barthelemy 2016). Indeed, the network theory
focuses on (i) how landscape elements (i.e., nodes and
links) are connected, (ii) how information and resources flow
through them, and (iii) how they can be optimized to achieve
specific objectives (Caldarelli et al. 2023). While larger cities
often track urban vegetation through extensive and expensive
field surveys, these efforts primarily focus on public green
spaces (Neyns and Canters 2022). Private properties, despite
their substantial contributions to ecosystem services, gener-
ally lack monitoring (Baker et al. 2018). In this context, the
creation of a high-resolution, remote sensing-based urban
vegetation cover map can contribute to the establishment
of an empirical foundation for supporting urban vegetation
management, where private green areas also play a central
role. With the recent advancements in temporal, spectral,
and spatial resolution of the free available products (Jutz
and Milagro-Pérez 2020; Wulder and Coops 2014), along
with the surge in computational power of cloud platforms
such as Google Earth Engine (Gorelick et al. 2017), the role
of remote-sensing technologies in urban green areas moni-
toring have been emphasized. For instance, Light Detec-
tion and Ranging (LiDAR)—the most used active remote
sensing tool in urban environment analysis (Garcia-Pardo
et al. 2022)—was efficiently used in vegetation types and
species identification (Matasci et al. 2018), especially when

combined with optical imagery (Katz et al., 2020; Liu et al.,
2017), or with very high resolution (<1 m spatial resolu-
tion) technologies. However, one of the main limitations of
this approach is the scattered availability of LiDAR data
across Europe (Kakoulaki et al. 2021), which hampers the
ability to make meaningful comparisons of urban vegetation
across different areas. Moreover, financial constraints make
it challenging to acquire high-resolution images to integrate
information for more precise results (Zaman-ul-Haq et al.
2022). Hence, there is an increasing demand for more acces-
sible and efficient approaches that rely on freely accessible,
timely, and widely available remote sensing products—multi-
spectral imagery, above all—to accurately produce estimates
of urban green areas at the international level (Yan et al.
2018). The Sentinel-2 satellite mission—as part of the Euro-
pean Union (EU) Earth Observation program, Copernicus—
offers highly detailed multi-spectral optical observations in
13 wavelengths with a spatial resolution of up to 10 m. These
observations are available every 5 days (Drusch et al. 2012),
surpassing the frequency of other openly accessible satel-
lite missions like Landsat (spatial resolution up to 30 m and
16 days of revisit time).

In this paper, we presented a methodology for assessing
the connectivity of green urban areas in the Capital cities of
the EU28 countries, in a standardized and comparable way.
The analysis employed an innovative method to implement
spatial information sourced from the Copernicus database by
using ready-to-use, validated products (Gascon et al. 2017)
available at the international level, at the European level.
Indeed, Sentinel data and Sentinel-based products are consid-
ered a benchmark for quality and reliability (Szantoi et al.
2020), and their application is well-known in urban vegeta-
tion monitoring (e.g., Kriiger et al. 2018; Kuc and Chormariski
2019; Mudele and Gamba 2019). First, the European Urban
Vegetation Map (EUVM) was developed for 28 European
Capitals separately, with a 10 m spatial resolution for the
year 2018. EUVMs identified three main types of vegeta-
tion: trees, shrubs, and grassland. To ensure EUVMs accu-
racy, we exploited field surveys conducted under the Land
Use and Coverage Area Frame Survey (LUCAS). Further, the
network connectivity of green urban areas in EU28 Capital
cities was assessed, and three global network metrics were
calculated: the Probability of Connectivity (PC), the Equiva-
lent Connected Area (ECA), and the Integral Index of Connec-
tivity (IIC). The results of the network analysis, coupled with
the assessment of green urban areas, were utilized to rank
European Capital cities based on their level of green urban
coverage and network connectivity.
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2 Materials and Methods

2.1 StudyArea

The study examined 28 European Capital cities (Fig. 1)
defined using two different official geographical datasets:
Local Administrative Unit (LAU) and Urban Core areas (UC).
LAU represents areas where at least 50% of the population,
based on the Degree of Urbanization assessment, as defined by
Eurostat (Eurostat 2021), while UC boundaries were defined
using the Urban Atlas of the Copernicus Land Monitoring
Service (ESA 2018).

In 15 cities, UC and LAU have minor differences, while
in 12 cities, LAU was within UC boundaries. Lastly, in
Sofia, UC was within LAU boundaries. A 1-km buffer was
applied around both LAUs and UCs to account for vegetation
patches crossing boundaries, still contributing to the ecolog-
ical network connectivity analysis of the city. Overall, the total
investigated area was 1,531,096 ha across Europe, comprising
969,058 ha of LAU.

2.2 The European Urban Vegetation Map

The European Urban Vegetation Map (EUVM) was devel-
oped for the year 2018 at a 10 m spatial resolution, cate-
gorizing dominant vegetation cover into trees, shrubs, and
grass. The map was created by aggregating data from five
Copernicus Land Monitoring Service layers, available for

Fig.1 European Capital cities
are reported in red, while
Copernicus built-up areas are
shown in orange (2018 reference
year)
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the year 2018: Urban Atlas (UA), Street Tree Layer (STL),
High-Resolution Layers (HRL) for Grassland (HRL-GRA),
Tree Cover Density (HRL-TCD), and Small Woody Features
(HRL-SWF). The EUVM was then generated by reclassi-
fying data from these layers into three vegetation categories
according to the relations reported in Table 1.

During the reclassification, classes not included in the three
vegetation categories were classified as (0), “other”. Reclassi-
fication and dataset elaboration were performed in the Google
Earth Engine (GEE) environment (Gorelick et al. 2017).

2.3 Data Validation

To assess the accuracy of the European Urban Vegetation
Maps (EUVM) in identifying urban vegetation classes, a
validation process was conducted using data from the Land
Use and Coverage Area Frame Survey (LUCAS) for the
reference year 2018 (d’ Andrimont et al. 2020). Initiated in
2006 and conducted every three years, LUCAS operates as
an in-situ area frame survey primarily based on field obser-
vations. LUCAS is based on a two-phase approach, with
a systematic sample with points spaced on the 2 x 2 km
grid, which are then photo-interpreted and assigned to a
land cover class (Gallego and Bamps 2008). From the strati-
fied first phase sample, a second phase sample of points is
investigated on the field (Ballin et al. 2018). In detail, the
survey points are situated at the intersections of a 2 x 2 km
grid, totaling approximately 1 million points across the EU.

Helsinki
»
Bocktiop(” T

giga

Kobfnhavﬂ
) Vilnius
.
D‘ubﬁn 4
§ ) Amgterdam Bedin Warszawa
London > ’
» Brussel
Praha
Luxembourg ”
Paris
* 7 Bratislava
Wien_ * Budapest
Ljubljana
 Za e
Bucuresti
N\ o Sofia
Rom:
% a

Madrid
v
Athina:

Valletta N’
¥ Lefkosia
=



72

C. Borghi et al.

Table 1 Copernicus database reclassification categories, according to the classes reported in the European Urban Vegetation Map (EUVM)

Input Output—EUVM
Layer [1] Trees [2] Shrubs [3] Herbaceous
UA—Urban Atlas 31000 (Forest) 32000 21000
(Herbaceous vegetation (Arable land (annual crops))
associations) 22000
33000 (Permanent crops)
(Open spaces with little or no 23000 (Pastures)
vegetation) 24000 (Complex and mixed
cultivation)
STL—Street Tree Layer 1 - -
HRL TCD—Tree Cover >10% Coverage - -
Density
HRL GRA—Grassland - - 1
HRL SWF—Small Woody 1 - -
Features

In the LUCAS 2018 survey, about 240,000 of the second
phase points were physically visited by 750 field surveyors,
while an additional 98,000 points were interpreted through
photointerpretation. Hence, LUCAS provides unique statis-
tics, offering standardized definitions and methodology,
ensuring comparability of data across EU countries and the
database is openly available in GEE as a harmonized version
of yearly surveys (d’Andrimont et al. 2020). In the 2018
LUCAS dataset, 2,210 s-phase sample points were located
within 1 km of the UC boundaries of European Capitals.
These points were then utilized to validate the EUVM’s
performance in landscape network analysis. Both the EUVM
and LUCAS datasets (ESTAT 2018) were converted into
binary maps, with a value of 1 assigned to categories repre-
senting forests and shrubs (LUCAS codes C00* and D0O0%*)
and a value of O applied to all other categories. Finally,
the overall accuracy (OA) was calculated using a 2 x 2
confusion matrix, which provides a summary of the perfor-
mance of a classification model by showing the number of
true positive, true negative, false positive, and false negative
predictions.

2.4 Ecological Network Analysis
and Landscape Connectivity

Within the different approaches to transforming complex
systems into a network, the framework proposed by Foltéte
et al. (2012)—the Graphab package—recently emerged as
a promising operational tool. First presented in 2012 and
further updated since (Foltéte et al. 2021), Graphab is a
free-to-use tool that was successfully applied to different
scenarios in urban landscape analysis (e.g., Kohler et al.
2016; Kim and Kang 2022; Lumia et al. 2023). Here,
the network analysis was conducted using the R package

“Graph4lg” (Savary et al. 2021) which incorporates princi-
ples of graph theory (Urban and Keitt 2001) with the func-
tionality of the Graphab software for landscape connectivity,
producing nodes and links representing habitat patches
and ecological corridors, respectively (Baranyi et al. 2011;
Rayfield et al. 2011). The analysis used the EUVMs as input,
designating pixels classified as “trees” (code 1) and “shrubs”
(code 2) as target habitat categories. Pixel aggregation into
patches followed the 4-neighbor method, grouping pixels
based on adjacency. A habitat patch was formed when the
cumulative area of adjacent pixels reached or exceeded the
minimum patch area threshold of 0.1 hectares. Planar links
between habitat patches were computed based on Euclidean
distance, assuming uniform resistance values for landscape
categories. The graph was pruned with a maximum distance
threshold between patches set at 200 m.

Various metrics were then calculated for each graph,
including (i) the total number of patches (nodes), (ii) their
mean capacity (area), (iii) the GINI index, (iv) the number
of links equal to or smaller than 200 m, and (v) their mean
distance. Further, three global metrics were computed, per
city: the Probability of Connectivity (PC), the Equivalent
Connected Area (ECA), and the Integral Index of Connec-
tivity (IIC). In detail, PC represents the probability that
two individuals, randomly placed within the landscape, fall
into interconnected habitats (Saura et al. 2011; Saura and
Pascual-Hortal 2007), and varies from O to 1, increasing
with habitat connectivity. On the other hand, ECA is the
size of the single maximally connected habitat patch that
would yield the same PC value as the actual habitat pattern
(Pascual-Hortal and Saura 2006), while IIC indicates the
probability that individuals randomly located within a patch
can access each other, ranging from O (lack of habitat) to
1 (complete landscape occupation by habitat). Finally, the
Pearson correlation coefficient (r) and statistical significance
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for all possible pairs of metrics were calculated, to under-
stand how these metrics collectively influence overall urban
network connectivity.

3 Results
3.1 Data Validation and Urban Vegetation
Coverage

For the entire dataset, we achieved an OA of 83.57%. At
the city level, the highest OAs were observed in Athens and
Ljubljana, both exceeding 90%, followed closely by Sofia at
88.89%. Conversely, Brussels, Tallinn, and Madrid recorded
OAs below 75%.

According to the EUVM (Fig. 2), on a European scale,
the average vegetation percentage within the LAU bound-
aries was 49.43%, which increased to 57.80% within the
UC areas. Among the 28 European Capital cities analyzed
within their UC, 13 cities had vegetation coverage below

Fig. 2 European Urban
Vegetation Map in Paris Urban
Core (in orange) and Local
Administrative Unit (in green,
bottom right panel)

km buffer - LAU

Local Administrative
0 i (LAU)

European Urban
Vegetation Map

this threshold: Nicosia, Paris, Valletta, London, Athens,
Brussels, Amsterdam, Bucharest, Budapest, Lisbon, Copen-
hagen Berlin, and Riga (listed from the lowest to the
highest vegetation coverage). Similarly, when considering
the LAU boundaries, 12 cities fell below the EU threshold:
London, Valletta, Athens, Paris, Lisbon, Nicosia, Brus-
sels, Copenhagen, Amsterdam, Dublin, Stockholm, and
Bucharest.

Within LAU boundaries, Sofia and Ljubljana registered
the highest proportion of vegetation over the total urban area
among European Capitals, at 84.36% and 78.73%, respec-
tively. Zagreb and Bratislava followed closely, with 76.27%
and 73.72%, respectively. Similar trends were observed
within UC boundaries, where Ljubljana, Zagreb, and Stock-
holm recorded the highest proportion of vegetation over
the total UC area. Conversely, London and Valletta exhib-
ited less than 10% vegetation coverage of the total LAU
(2.47% and 3.16%, respectively). In UCs, Nicosia, Paris, and
Valletta recorded a vegetation coverage below 40% (25.97%,
32.27%, and 26.36%, respectively).
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3.2 Landscape Connectivity

The distribution of mean distances of the landscape networks
showed how Stockholm recorded the largest mean patch
capacity across European Capital cities’ UC, with 10.55 ha,
and one among the largest Gini index (0.96) on patch capacity.
On the other hand, the network comprised in Brussels LAU
boundaries showed the largestratio of trees and shrubs patches
in the landscape (0.94 per hectare). Further, the smallest ratio
of patches per hectare was recorded in Sofia (0.10), Zagreb
(0.13), and Nicosia (0.14).

Within European Capital city boundaries, a positive corre-
lation pattern emerged among the three global metrics, the
patch capacity and the number of patches per hectare—espe-
cially between PC and IIC—both in LAU and UC (r = 0.98
and p < 0.01). Similarly, a positive correlation was observed
between ECA and the mean patch capacity (r = 0.70). The
same occurred between IIC and the mean patch capacity (r
= 0.84, p = 0). On the other hand, strong negative correla-
tions were identified between the mean patch capacity and the
number of trees and shrubs patches per hectare (r = —0.62,
and r = —0.73 in UC and LAU, respectively).

The analysis of global metrics for each European Capital
city provided information about the connectivity of their
urban landscape network at the international level. When
observed in the UC, the IIC index (Fig. 3, panel b), which
provides insights into the habitat network’s connectivity, indi-
cated that Ljubljana, Riga, and Sofia have the highest levels of
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connectivity, with scores of 0.098, 0.081, and 0.079, respec-
tively. Furthermore, these cities also showed high PC values
(Fig. 3, panel a), with scores of 0.131, 0.109, and 0.085,
respectively. Regarding ECA (Fig. 3, panel c), Stockholm
had the highest estimate with 61269.18 ha, followed closely
by Rome with 54880.59 ha. When analyzing global metrics
within LAU boundaries, the highest IIC values were obtained
in Ljubljana, Sofia, and Riga, with scores of 0.098, 0.095, and
0.073, respectively. These cities also recorded the highest PC
values, with 0.13, 0.11, and 0.10, respectively. On the other
hand, the highest ECA values were obtained in Sofia, Rome,
and Zagreb, with 95261.79 ha, 54546.74 ha, and 36872.07 ha,
respectively.

4 Discussions and Conclusions

Over the past two decades, Europe has experienced a consis-
tent urbanization trend, which is projected to continue, antic-
ipating a growth of up to 30 million more people in Euro-
pean urban areas by 2050 (UN Habitats 2011; United Nations
2018). In this context, the positive impact of vegetation on
human well-being in urban areas is well-documented (Venter
et al. 2020), and its effectiveness is based on its structural
and functional connectivity (Beninde et al. 2016). There-
fore, evaluating landscape connectivity indicators is crucial
for effective urban planning and management (Von Thaden
et al. 2021), especially in the context of climate change and
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efforts to enhance urban sustainability (MacGregor-Fors et al.
2020).

In this study, we developed the European Urban Vege-
tation Map (EUVM) based on Copernicus data, providing
harmonized, cost-effective information on discrete vegeta-
tion elements in European urban environments for the year
2018 at a 10 m spatial resolution. The quantitative accu-
racy assessment against LUCAS field sampling confirmed the
EUVM'’s potential, with an overall OA of 83.57%. According
to EUVM analysis, the mean urban vegetation percentage
in European LAU was slightly below 50% (49.43%) of the
total urban area. However, twelve of the analyzed Euro-
pean Capital cities fall below this threshold: City of London
and Valletta ranking the lowest. In contrast, Southeast Euro-
pean Capitals, including Sofia, Ljubljana, and Zagreb, showed
more than 75% of the total urban area covered by vegetation.
Analyzing landscape network structural features in European
Capitals UCs, Stockholm emerged with the highest average
patch capacity (10.55 ha) and ECA (61269.18 ha). However,
Stockholm also displayed an uneven distribution of patch
capacity among European Capitals, with a Gini coefficient of
0.96. Hence, while larger patches are ecologically valuable
in supporting substantial and enduring wildlife populations,
small vegetation patches should not be disregarded as they
play the “stepping stones” role for connectivity, particularly
in heavily modified urban environments. On the other hand,
Ljubljana’s UC stood out for achieving the largest PC (0.131)
and IIC (0.098) scores (Fig. 3), highlighting remarkable vege-
tation connectivity. Nevertheless, the intrinsic characteristics
of these metrics should be considered while involved in urban
planning, as IIC assigns higher values to patches at short
and intermediate distances compared to PC (Bodin and Saura
2010).

Although the presented study offered valuable insights
into urban vegetation and connectivity, it is important to
acknowledge limitations and identify future steps. First, in
order to formulate effective urban biodiversity conservation
strategies, future research should delve into species-specific
habitat requirements related to landscape and network
connectivity. In this study, a uniform network resistance was
utilized. However, future steps may involve evaluating the
habitat and movement suitability requirements of different
species, with a focus on network connectivity related to key
species behavior, such as pollinators (Biella et al. 2022)
or ground-dwelling animals (Braaker et al. 2014). Second,
there is a need for more comprehensive research to evaluate
the accessibility and utilization of urban green areas by
the public, considering their role in promoting valuable
services for physical and mental health (Nieuwenhuijsen
et al. 2022), while social aspects of research gained promi-
nence in the planning of more sustainable cities (Farkas
et al. 2023). In this context, future studies could explore the
integration of social science research methods with existing

remote-sensing-based approaches. This may include the
collection of social media data (Plunz et al. 2019; Roberts
et al. 2018), and the processing of mobile phone GPS data
to map how and when people utilize public green areas
(Ladle et al. 2018; Vich et al. 2019). Finally, the diverse
geographical definitions of “cities” across different scales
present a challenge to comparing studies among European
cities. These variations may largely stem from historical,
topographical, and socio-economic factors, as well as the
city’s geographic location, climatic conditions, and urban
planning considerations (Farkas et al. 2023). Therefore, it
is essential to develop and adopt a harmonized and stan-
dardized methodology for city boundaries identification, to
improve comparability of future studies at the international
level. In this context, the Copernicus data has proven to be
an asset in the creation of comprehensive maps of urban
vegetation throughout Europe and could support further
detailed research at the city level.
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