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Abstract: Urbanization is one of the most dominant economic and social changes of the 20th century.
This phenomenon brings about rapid urban development, which is inextricably linked to transport
development. In order to understand this relationship, it is important to analyze the spatial spillover
effects of the phenomenon in the urban environment. This study analyzes the spatial performance, in
terms of urban development, of 12 European Union regions from five European countries with coastal
areas by incorporating spatial data such as length of road network, population distribution, land uses,
and other factors. Key performance indicators have been developed for evaluating the structural
development model of the regions (e.g., dense or sprawl development). In addition, the incorporation
of spatial spillover effects in the evaluation of the regions was conducted by the extended spatial data
envelopment analysis (SDEA) method. The results of SDEA identified the best and worst-performing
regions in terms of urban growth. Finally, this study implements a target-setting approach where
under-performing regions can best perform. Based on the target-setting approach, local authorities
can set realistic targets for improving the structural model that the regions are following.

Keywords: urban development; spatial data envelopment analysis; transportation infrastructure; key
performance indicators; target setting

1. Introduction

While population growth in 2021 in the European Union (EU) showed a decrement
(10% compared to 2020), urbanization continued to increase, adding more than half a
million people to the urban population compared to the years 2021 and 2020 [1]. Thus, the
trend towards urbanization is expected to continue in the coming years, and by 2050, the
urban population is predicted to be twice today’s numbers, where 7 out of 10 people live in
cities [2]. However, the speed and scale of the urbanization phenomenon create challenges
in different areas, one of which is the well-connected transport system [3].

Undoubtedly, transport plays an important role in the pace of urbanization and urban
growth. The study by Aljoufie et al. (2013) [4] revealed that transport infrastructure is
a constantly strong spatial influencing factor in urban growth. Transportation systems
provide essential choices for the movement of both people and goods and influence devel-
opment patterns and levels of economic activity through the accessibility they provide to
space [5]. Thus, urban development (urbanization) and transport are inextricably linked.
According to [6], developments in transport infrastructure result in urban development
and even land use change. Respectively, urban development affects transportation; for
example, it increases demand time [7–9] but also causes traffic congestion [10,11].

On the one hand, transport infrastructure (e.g., roads) attracts urban growth, but on
the other hand, residential growth and population increase the demand for travel and
therefore increase the need for more transport infrastructure. Therefore, understanding the
interaction between urban development and transport is essential in the field of transport, as
it can help create strategies related to urban development. For instance, Ref. [12] reviewed
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and presented the scenario-based planning methods applied for studying the effects of
transportation on urbanization.

Analyses of urban development should also take into consideration the spatial
performances of cities and the spatial interconnections between different cities.
Zhang et al. (2022) [13] have studied the performance of a polycentric space formation and
tested the spatial performance of cities. An additional application of spatial analysis was
implemented by Wang and Zhou (2022) [14], where they analyzed the spatial pattern of
urban and rural community differentiation and evaluated spatial differences in the level of
accessibility to four types of public service facilities based on the shortest travel distance.

The analysis of the urban development of cities has been applied in several studies, as
presented above, with many of them focusing on transportation. An additional factor that
affects urban development but is highly related to the transport infrastructure is tourism,
which is mostly observed in cities with airports and ports. Ji and Wang (2022) [15] studied
the role of tourism in the economic development of 39 coastal cities in China from 2010
to 2019 using the entropy method, the Dagum Gini coefficient, kernel density estimation,
and the spatial Durbin model. Doerr et al. (2020) [16] estimated the effects of new airport
infrastructure on arrivals of tourists in the Bavarian region of Allagau and presented that
additional tourist inflows are particularly well observed in the country where the airport
is located. Furthermore, Boulos (2015) [17] presented that constructing services that are
required for the port by the city keeps the balance between port and city growth. Therefore,
studying the urban development of the European Union (EU) regions seems to be ideal for
understanding how these regions are affected by neighboring regions, even from different
countries, and how transport infrastructure, demographic context, and landscape (coastline)
are affecting urban growth. It is even more interesting to investigate regions with coastal
areas since these regions are facing difficulties in terms of planning due to the limited and
extremely expensive land areas along the coast [18].

Studying the urban structure of the regions in relation to other factors alongside
transportation will provide an essential overview of the phenomenon and identification of
whether sustainable cities are more efficiently operating. For instance, improving cycling
infrastructure may help avoid barriers to cycling, which must be on the planning developers’
agenda [19]. The same objective stands also for the case of walkability, which should be
analyzed, such as in the work of Amprasi et al. (2020) [20]. Additionally, the effects of
public transport on urban growth are essential (e.g., [21]).

Therefore, this study is developed to study the spatial spillover effects of urban
development in relation to transportation and demographic context over 12 EU coastal
regions from five different countries. These regions are namely: Bouches-du-Rhone (France);
Alpes-Maritimes (France); Herault (France); Attiki (Greece); Central Macedonia (Greece);
Larnaca (Cyprus); Limassol (Cyprus); Bari (Italy); Napoli (Italy); Genova (Italy); Barcelona
(Spain) and Valencia (Spain). These coastal regions were selected due to the fact that they
cover a wide area of the European region and they at least have one airport or/and one port
infrastructure, which denotes the direct and indirect interconnection that they might have.
Moreover, the selection of several coastal areas from different administrative and landscape
settings (coastline) will reveal significant insights into spatial interrelationships between
the areas, similarities or dissimilarities in spatial patterns, and the spatial performance of
the regions.

For developing spatial models, there is a constraint on obtaining multitemporal data
over at least three time frames that generate a cohesive vision that may be validated for
future urban outcomes [22]. Additionally, the availability of spatiotemporal data at a re-
gional level is limited, which has generated limitations on the availability of methodological
approaches for analyzing the spatial pattern of this phenomenon.

Another trustworthy preliminary approach for analyzing the spatial relationship
between urban development and transportation systems is the development of indicators
(e.g., [23]). For example, Aljoufie et al. (2012) [24] developed several indicators that revealed
the relationship between urban growth and transportation. Boeing et al. (2022) [25]



Land 2023, 12, 1757 3 of 21

produced comparative spatial indicators for benchmarking 25 diverse cities in terms of
urban design and transport features, which are considered important for public health
and sustainability. Dur and Yigitcanlar (2015) [26] developed an indicator-based spatial
composite indexing model for measuring the sustainability performance of urban settings
by considering land-use and transport integration principles. Another study on spatial
analysis was conducted by Dur et al. (2014) [27], where they integrated land use and the
transportation system at a neighboring level.

Besides the indication of the spatial patterns that the indices will reveal for all the
12 EU regions, the indices are not directly able to identify and quantify adequately the
spatial performance of the areas, and thus this study implemented a spatial benchmarking
approach for measuring the efficiency of each region in terms of their urban development
performance in relation to their transportation, demographic and land use growth. A trust-
worthy benchmarking method for evaluating performance is data envelopment analysis
(DEA), which is widely used, such as in the fields of freight transportation (e.g., [28]). For
instance, Olejnik et al. (2021) [29] introduced a modification of the CCR DEA method by
extending the method to its spatial form, including spatial interactions and creating the spa-
tial data envelopment analysis (SDEA) method. Moreover, Desai and Storbeck (1990) [30]
proposed a DEA framework for measuring the relative spatial efficiency of locational
decisions.

The results of this analysis revealed significant findings about the regions’ perfor-
mance in terms of their urban development. Key performance indicators (KPIs) revealed,
for example, that Limassol is a denser region compared to Napoli, which seems to follow a
sprawling structural model. Additionally, the results of the SDEA revealed which regions
performed best and under-perform in terms of urban development. Limassol again ap-
peared to best-perform the indication of population density, which showed Limassol as one
of the best-performing regions. In addition to the SDEA method, a target-setting approach
was implemented for estimating the extent of improvement that every under-performing
region should reach in order to perform at its best.

The rest of the paper is organized as follows: Section 2 presents the methodological
framework of this study; Section 3 presents the study area, and the data in Section 4 presents
the results from the applications and discussion and conclusions are presented in the final
section (Section 5).

2. Methodological Framework

In order to better understand the methodological framework that was approached
in this study, the following flowchart was developed, presenting all the steps followed
(Figure 1). Based on the flowchart, the first step was the elaboration of the collected
shapefiles concerning the 12 coastal regions for obtaining information about the regions
(e.g., demographic context) and thus the creation of the database.

Based on the collected data, some of the information was used for creating the KPIs,
which were used for evaluating the current urban development status of the regions.
Furthermore, each KPI was developed to capture the urban development of the regions.
For instance, some KPIs were developed for evaluating the development of the regions in
terms of transportation. Moreover, the use of the KPIs provided a ranking of the regions
based on their values (performance) corresponding to each different KPI. The ranking of
the regions revealed how diverse, in terms of urban development, the EU coastal regions
are, which can be used by local authorities in order to observe if their region is under- or
best-performing compared to the other regions of the same country and also the factors
that make their region under-perform.

Additionally, the fact that KPIs can capture the urban development performance
of the regions is still an inadequate method for providing comparative evaluations and
considering the input factors of the regions. DEA is a benchmarking method that provides
an adequate evaluation of the under-investigation regions. However, since the urban spatial
growth of the regions is being investigated, it was considered essential to incorporate the
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spatial spillover effects that may exist between the regions in terms of urban growth. For
validating this spatial dependence between the regions, Moran’s I Test was implemented,
considering each different KPI as an output.
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Figure 1. Flowchart of methodological framework.

In cases where spatial dependence exists, the SDEA method is implemented, incorpo-
rating the spatial spillover effects in the evaluation process. As in DEA, SDEA can identify
best- and under-performing regions based on their inputs and outputs. Furthermore, one
additional application of SDEA is the target-setting process, where targeted values of the
outputs can be estimated for the under-performing regions by taking as benchmarks the
best-performing regions.

2.1. Morans’ I Test

A classic measure of spatial autocorrelation is the Moran’s I Test, which is widely
used in different research, e.g., [31]. Moran’s I Test is a measure of autocorrelation that
compares the data from neighboring units (e.g., EU regions), as denoted by a spatial weight
matrix and identifies the existence of a spatial dependence between the units, following the
below equation:

I =
n
So

∑n
i=1 ∑n

j=1 wi,jzizj

∑n
i=1 z2

i
(1)

where, zi and zj are the deviation of an attribute for feature i and j, respectively, from its
mean (xi − X), wi,j is the spatial weight matrix between the units i and j, n is equal to the
total number of units and SO is the aggregate of all the spatial weights.

The p-value computed in Moran’s I Test clarifies the assumption of spatial dependence.
In detail, if the p-value is significant (p-value ≤ 0.05), then the null hypothesis is rejected,
which means that spatial dependence exists.

2.2. Benchmarking Analysis

Benchmarking analysis is an evaluation of performance that compares different under-
study units (i.e., the 12 coastal regions) and provides efficient outputs of how efficiently
a unit is performing on different subjects. One way to make rational, ideal evaluations
is by setting key performance indicators (KPIs) [32]. These are numbers or percentages
that reflect the phenomenon (e.g., scale of urbanization, sprawl phenomena, etc.). Besides
the adequate overall “picture” that KPIs provide about the performance of each unit, they
cannot capture the spatial spillover effects that affect the phenomenon of urban growth.
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A classic benchmarking method that can incorporate explanatory variables with
the dependent variable and provide an efficient rate of the units’ performance is DEA,
which was developed by Charnes et al. (1978) [33]. DEA is a very powerful service
management and benchmarking technique [34]. Equation (2) presents the formation of an
output-oriented DEA method:

maxθ =
∑s

r=1 uryro

∑m
i=1 vixio

(2)

Subject to:

m

∑
j=1

λjyij ≤ uixi

yj ≥ 0 for j = 1, . . . , n

ur > 0, vi > 0

where
j = the number of units being compared in the DEA analysis
θ = efficiency rating of the service unit being evaluated by the output-oriented DEA

model
yrj = amount of output r used by unit j
xij = amount of input i used by unit j
i = number of inputs
r = number of outputs
ur = coefficient or weight assigned by the DEA to output r
vi = coefficient or weight assigned by the DEA to input i
Output-oriented DEA models attempt to maximize the outputs by using the same

inputs, while the input-oriented DEA model’s objective is to minimize the inputs while
keeping the same outputs. The maximization of θ indicates the maximization of the output
variable in the DEA output-oriented model, which will provide the efficiency scores of the
regions. A solution of the output-oriented model can also be obtained from the solution of
the input-oriented model, as presented in Equation (3) [35]:

θ =
1
η

(3)

where
η = efficiency rating of the service unit being evaluated by the input-oriented DEA

model (min η)
The efficiency scores of the input-oriented model are between 0 and 1, where units

with efficiency scores equal to 1 are efficient and units with values below 1 are considered
inefficient. Therefore, based on Equation (3), the efficiency scores obtained from the
maximization of Equation (2) obtain values equal to 1 and above 1, where values equal to 1
indicate best-performing regions (efficient) and values above 1 indicate under-performing
regions (inefficient).

To incorporate the spatial spillover effects that may exist, this study develops a SDEA
model that incorporates the spatial interrelation between the EU regions, considering the
spatial spillover effects that urbanization has on the cities’ structure. Equation (4) presents
the SDEA model formation:

maxθ =
∑s

r=1 uryro

∑m
i=1 viWijxio

(4)
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Subject to:
m

∑
j=1

λjyij ≤ uiWijxi

yj ≥ 0 for j = 1, . . . , n

ur > 0, vi > 0

where
Wij = is the spatial weight matrix representing the spatial connection of unit i with

unit j. The diagonal of the matrix is zero.
There are several criteria for estimating the spatial weight matrix, such as the Rook’s cri-

terion, Queen’s criterion, k-nearest neighbors criterion, distance-based criterion, etc. Rook’s
criterion defines the neighbors by the existence of a common edge between two regions.
The Queen’s criterion defines neighbors as units sharing a common edge or vertex. In this
study, the 12 EU regions are not spatial neighbors, except for the regions of Larnaca and
Limassol in Cyprus. Therefore, if the Rook’s and Queen’s criteria are used for the design of
the weight matrix, all the regions, except for Larnaca and Limassol, will appear to have a
zero spatial connection with any of the other regions.

The distance-based criterion, which was used in this study for the weight matrix
formation, defines the distance between the regions using the Euclidean distance equation
(Equation (5)). The distance between the regions is measured from the centroid of each
region.

dij =
√(

Xi − Xj
)2

+
(
Yi − Yj

)2 (5)

Equation (6) presents the formation of the connectivity matrix between the different
regions. The hypothesis developed in the connectivity matrix is that every region is
connected with every other region with multimodality (roadway, airway and waterway).

Cij =

{
1 i f regions are connected

0 otherwise
(6)

The weights in the Wij matrix define the weight of connectivity between the regions i
and j, which is denoted in Equation (7).

Wij =

{ 1
d2

ij
i f regions i and j are spatially connected

(
i.e., Cij = 1

)
0 otherwise

(7)

Therefore, in this study, the spatial weight matrix developed was based on the distance-
based criterion. The k number of nearest neighbors was 11, meaning that every region
is connected with the other 11 regions of this study (all regions are spatially connected
between them). The reason for investigating this criterion with k = 11 was to observe
how the spatial connection that these regions may share is affecting their performance.
The connectivity matrix also represented the spatial connection these areas have through
multimodality (waterways, airways and roadways). Figure 2 presents the 12 EU regions
that where uincluded in this study.

2.3. Target Setting Approach

This section presents the mathematical formulation of the target-setting process. In
detail, by using Equation (7), under-performing regions, in terms of spatial urban growth,
will be used for calculating their targeted outputs (KPIs) that they should have in order
to best-perform, i.e., an efficiency score equal to 1, having the same input values and by
considering the best-performing regions as benchmarks. Therefore, this process can support
the efforts of policymakers and local authorities to the extent of improvement in terms of
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urban development. For example, if two of the twelve regions best-perform (efficiency
score equals to 1) for one specific KPI, then these regions will be used as benchmarks for the
other 10 under-performing regions (efficiency score > 1) and thus their targeted value for
the specific KPI will be estimated (using Equation (8)), considering that their inputs remain
constant. More simply, the target-setting approach estimates the value of the output (KPI)
that every under-performing region should have, given the same inputs and by following
the best-performing regions.

Ti = ∑K
k=1 λKKPIK (8)

where
Ti = targeted value for the ith under-performing region
λK = lambda weight corresponding to the K benchmarking regions
KPIK = KPI in the kth benchmarking region
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3. Study Area and Data Sources
3.1. Research Scope and Study Areas

The research scope of this study is the evaluation of the existing urban growth of
12 EU regions from five European Union countries in relation to the spatial spillover effects
that exist between the regions. These regions are in coastal areas and have a significant
effect on the urban structure of the regions due to the increased phenomenon of tourist visits
(i.e., financial enhancements in these areas from tourists’ expenses) and the limitation of
the coastline, which might be considered as urban development “barriers” that sometimes
prevent urban planners from promoting a uniform urban expansion of the regions. To study
the spatial structure of the regions, several spatial performance indices were developed
based only on open-source information. Therefore, this paper analyzes the efficiency of
the regions in terms of urban development, considering their transport infrastructure, land
uses, and demographic context and finally incorporating possible spatial spillover effects
between the regions. Furthermore, identified under-performing regions were addressed by
proposing target values in terms of development in order to best-perform.

3.2. Data and Key Performance Indicators

Analyzing the urban development of a region requires the collection of spatial and
temporal data. However, due to the lack of bidimensional data (space and time) many of
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the analyses were developed to analyze only the spatial or temporal dimensions of the
phenomenon.

This study was developed by collecting geoinformation concerning 12 coastal regions
from five EU countries, namely: Bouches-du-Rhone (France); Alpes-Maritimes (France);
Herault (France); Attiki (Greece); Central Macedonia (Greece); Larnaca (Cyprus); Limassol
(Cyprus); Bari (Italy); Napoli (Italy); Genova (Italy); Barcelona (Spain) and Valencia (Spain).
The criteria for selecting these regions were: coverage of a wide area of the Mediterranean
Sea (from west to east); the fact that they at least have one airport or/and one port; and the
availability of data.

Table 1 presents the geoinformation collected from different sources but also the data
that occurred from the elaboration of the primarily collected data (e.g., length of road
network, number of buildings, etc.) As can be seen from the table, the collected data
provides information on different contexts of the regions, such as transportation (road,
cycleway, pedestrian and public transport infrastructure) and demographic (population).

Table 1. Geoinformation Collected Concerning the 12 EU Regions in 5 European Union Countries.

Variable Description Measure Unit Source

Tot_Pop Total residential
population

Total number of
people

European Commision
[36]

Road_length Length of road
infrastructure Kilometers OpenStreetMaps [37]

Cycleway_length Length of cycleway Kilometers OpenStreetMaps [37]

Ped_length Length pedestrian
infrastructure Kilometers OpenStreetMaps [37]

PT_length
Length of public
transportation

network
Kilometers OpenStreetMaps

[37]

Num_POIs Points of interest

Number of points
(e.g., tourist

attractions shopping
areas, religious sites)

OpenStreetMaps
[37]

Num_Build Buildings
Number of buildings

(e.g., hotels,
residential, offices)

OpenStreetMaps
[37]

Build_area Building area Square kilometers OpenStreetMaps
[37]

Res_build_area Area of buildings
inside residential land Square kilometers OpenStreetMaps

[37]

Park_loc Locations with
parking

Number of parking
locations

OpenStreetMaps
[37]

Airports Location of airports Number of airports Euostat
[38]

Ports Location of ports Number of ports Euostat
[38]

Res_area Residential area Square kilometers OpenStreetMaps
[37]

Com_area Commercial area Square kilometers OpenStreetMaps
[38]
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Table 1. Cont.

Variable Description Measure Unit Source

Ind_area Industrial area Square kilometers OpenStreetMaps
[38]

PT_infra Public transport
infrastructure

Number of bus stops,
railway stations,

platforms, tram stops

OpenStreetMaps
[38]

Region_area Total area of the
region Square kilometers Natural Earth

[39]

Coast_length Coastal line length Kilometers Natural Earth
[39]

The spillover effects of urbanization and unorthodox urban development have created
a complex urban structure for the regions that affect transportation and vice versa. Thus,
for the evaluation and identification of the regions’ spatial performance, key performance
indicators (KPIs) were developed. The KPIs were developed based on the combinations of
the data from Table 1 and are presented in Table 2.

Table 2. Key performance indicators.

KPI Value Measure Unit

KPI 1: Buildings’ capacity Tot_Pop/Res_build_area People per sqr. meters of
residential buildings’ area

KPI 2: Population density Tot_Pop/Res_area People per sqr. meters of
residential area

KPI 3: Building’ coverage Res_build_area/Res_area % of covered residential area
from the buidings’ area

KPI 4: Residential area
coverage Res_area/Region_area % of residential area to the

total area of the region

KPI 5: Commercial area
coverage Com_area/Region_area % of commercial area to the

total area of the region

KPI 6: Industrial area
coverage Ind_area/Region_area % of industrial area to the

total area of the region

KPI 7: Public transport
infrastructure

PT_length/
Road_length

% of public transportation
length compared to total

road length

KPI 8: Cycling infrastructure Cycleway_length/
Road_length

% of cycleway length
compared to total road length

KPI 9: Walking infrastructure Ped_length/
Road_length

% of pedestrian pathway
length compared to total

road length

The results of the implementation of the above nine KPIs are presented in the next sec-
tion. Each of the above indicators expresses different aspects of the structural performance
of the EU regions. Implementing these KPIs will reveal insights into the performance of
each region compared to the others and will assist in the process of identifying which
regions are affected by the phenomenon of urbanization. Furthermore, the urban devel-
opment of the regions can be essentially affected by the transportation network (e.g., the
public transport network), and thus the KPIs also provide an overview of this effect.

Prior to the implementation of the SDEA method, a correlation analysis was imple-
mented to observe which noncollinear data would be used as inputs in the model. Figure 3
presents the concluded dataset that was used in the SDEA method, which, as can be seen, in-
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cludes noncollinear variables. Some findings that can be discussed from this figure are that
the coastline length of the regions is strongly, but not collinearly (collinear coefficient > 0.7),
related to the public transport infrastructure, the number of parking locations, the industrial
area and the residential area. This observation indicates that the coastline is indeed related
to transport (e.g., public transport infrastructure) and to the region’s land use (e.g., residen-
tial and industrial areas). Regarding the correlation between the coastline and industrial
use, the significant correlation value can be justified by the fact that the regions that were
analyzed in this study have industrial ports, which cover a significant proportion of their
coastline length. Additionally, it seems that industrial areas are also correlated to parking
locations and residential areas, which might indicate that urbanization is increasing in
areas where job positions exist (e.g., industrial areas). As for the public transport variable,
it seems that it is correlated with residential areas, commercial areas, the number of POIs,
parking locations and industrial areas, so it is expected to observe an increased public
network in residential and commercial areas where parking locations and an increased
number of POIs exist. Another significant observation from the correlation analysis is that
larger regions (province areas) have larger residential and industrial areas, which is also an
indication of urbanization.
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The following section will present the outcomes that occurred from this study’s
analysis for a better overview of the urban growth in each coastal region.

4. Results

This section presents the results obtained by implementing the above methodological
framework. Figure 4 presents the current urban structure of the regions alongside their
density index. As can be observed from the figure, some of the regions are developed mainly
along their coastlines (e.g., Valencia). However, there are also some regions that follow a
mixed spatial development, i.e., along the coastline and inland spatial development (e.g.,
Bari, which presents both spatial development structures). Besides the indication of the
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population density inside the regions, the figure below does not offer detailed information
on how the regions are spatially developed.
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Figure 4. Population distribution of the 12 EU regions (scale for sparse areas: white to dense areas:
black).

4.1. Key Performance Indicators

This section presents the overall results obtained from the KPI evaluation, as denoted
in Table 3. The table below revealed heterogeneity in terms of spatial urban growth between
regions from the same country in some KPIs. For instance, in KPIs 1 and 2, Larnaca and
Limassol, both regions in Cyprus, appeared to be heterogeneous, which indicates that
even for closed regions (in terms of distance), regions that follow the same development
policies with approximately the same spatial characteristics seem to perform differently.
The following subsections describe each KPI separately, providing a detailed “picture” of
the regions’ performances in terms of their spatial urban growth. The ranking of the regions
is also presented, which can be used by local authorities to observe the performance of
their region and to be able to identify the best-performing regions in the same country that
are possibly following the same policies but performing differently.

Table 3. Results of the KPIs.

Region Country KPI1 KPI2 KPI3 KPI4 KPI5 KPI6 KPI7 KPI8 KPI9

Hérault France 0.018
(12)

0.003
(12)

16.35
(5)

6.39
(8)

0.08
(7)

0.55
(5)

71.48
(1)

1.55
(2)

3.92
(7)

Bouches-du-Rhône France 0.029
(11)

0.004
(9)

14.32
(6)

9.09
(9)

0.16
(10)

2.41
(11)

24.01
(6)

0.84
(4)

4.29
(6)

Alpes-Maritimes France 0.032
(10)

0.003
(11)

8.16
(9)

9.41
(10)

0.69
(12)

0.49
(4)

10.85
(8)

0.78
(5)

2.83
(9)

Larnaca Cyprus 0.051
(9)

0.003
(10)

5.37
(11)

5.48
(6)

0.05
(5)

0.59
(6)

0.00
(12)

0.24
(11)

2.79
(10)

Central Macedonia Greece 0.059
(8)

0.004
(8)

6.49
(10)

2.37
(3)

0.02
(3)

0.25
(2)

1.78
(10)

0.06
(12)

1.15
(12)

Attiki Greece 0.061
(7)

0.010
(6)

16.77
(4)

11.82
(12)

0.10
(8)

1.54
(9)

3.30
(9)

0.43
(7)

4.99
(4)

Valencia Spain 0.063
(6)

0.008
(7)

12.47
(7)

2.91
(4)

0.04
(4)

0.95
(8)

27.15
(5)

1.90
(1)

4.50
(5)

Napoli Italy 0.087
(5)

0.026
(4)

29.41
(1)

10.21
(11)

0.27
(11)

2.51
(12)

70.65
(2)

0.26
(10)

5.76
(3)

Bari Italy 0.139
(4)

0.033
(3)

23.97
(3)

0.96
(2)

0.06
(6)

0.74
(7)

38.21
(4)

0.67
(6)

2.27
(11)

Barcelona Spain 0.157
(3)

0.014
(5)

8.86
(8)

5.64
(7)

0.12
(9)

2.04
(10)

51.17
(3)

1.39
(3)

7.67
(1)

Genova Italy 0.287
(2)

0.072
(2)

25.12
(2)

0.56
(1)

0.01
(1)

0.21
(1)

16.03
(7)

0.40
(9)

7.49
(2)

Limassol Cyprus 7.938
(1)

0.405
(1)

5.10
(12)

4.52
(5)

0.01
(2)

0.37
(3)

0.00
(11)

0.41
(8)

2.92
(8)

Note: Parenthesis denotes the ranking position of the regions based on each different KPI.
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4.1.1. KPI 1: Buildings’ Capacity

This KPI expresses the building’s capacity, i.e., how many people correspond to each
square meter. Thus, larger values of this KPI indicate that the structure of the city is dense
rather than spreading. In detail, the building’s area (square meters) in residential zones
indicates the area that the buildings cover in residential land. Based on this KPI, Limassol
seems to be a dense region where each square meter corresponds to seven people. Genova
and Barcelona are following Limassol in this indicator, with Hérault being the last region
in ranking, which can be interpreted as meaning that these regions have larger buildings
than their respective populations.

4.1.2. KPI 2: Population Density

This measure provides a value that represents the number of people per square meter
of residential land. Additionally, this measure is a good indication of how much residential
land exists compared to the population, i.e., higher values of this KPI indicate that an area
is denser compared with regions with lower values of the same KPI. This indication can
also be used by planners while following strategies such as extending the boundaries of
the residential zones, which will lead to the sprawling structure of the regions. Limassol
appears to be an example case in this KPI, followed by Genova, Bari and Napoli. The last-
ranking regions in terms of this KPI are Larnaca, Alpes-Maritimes and Hérault. Moreover,
it is worth mentioning that the heterogeneity between the regions of the same country, e.g.,
Larnaca and Limassol, which raises speculation that these regions, even from the same
country, may have a different planning strategy. However, this cannot be validated, but it
can be captured in the SDEA method, where closer areas show a higher spatial spillover
effect and thus an effect on their urban growth performance.

4.1.3. KPI 3: Building’s Coverage

Building’s coverage KPI provides a value of the covered residential land area from
buildings and is expressed as a percentage. Lower values indicate that the buildings have
not covered the existing available residential land area. Therefore, higher values of this KPI
can be interpreted as follows: that buildings have covered most of the existing residential
land area and thus planners should focus on extending this area to fulfill the urban growth
(type of sprawl region) or that smaller residential land areas are covered by buildings (type
of dense region). The regions with the lowest values of this KPI are Limassol, Larnaca and
Central Macedonia. The interpretation of this KPI should be combined with the intel of
KPI 2 and the following KPI.

Thus, the information from this KPI should be combined with the information from
KPI 2. Smaller percentages of KPI 3 and higher values of KPI 2 (e.g., Limassol) indicate a
dense region, in contrast to higher percentages of KPI 3 and smaller values of KPI 2 (e.g.,
Napoli, Hérault), which indicate a sprawling region.

4.1.4. KPI 4: Residential Area Coverage

This KPI measures the residential area compared to the total area of the region, ex-
pressed as a percentage. Therefore, based on this KPI, the requested percentages should
be low because a high percentage indicates that regions are following a sprawl model of
urban development. However, to conclude with a robust “picture” of which type of urban
growth (sprawl or dense) the regions are following, the information from this KPI, along
with KPI 3 and KPI 2, is combined.

For example, Napoli has the highest percentage of residential land in the total region’s
area (KPI 4), the highest percentage of covered residential land by buildings (KPI 3) and
one of the lowest values of population per residential land area (KPI 2), which leads to the
conclusion that Napoli follows a sprawl model of urban development. On the other side,
Limassol and Barcelona have lower percentages in KPI 3 and KPI 4 and larger values in KPI
2, which indicates a dense model of urban development. Combining this information with
the correlation analysis, it seems that the coastline has an affection for the model structure,
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since residential areas are positively affected by the length of the coastline. In detail, as the
coastline increases, the residential land area also increases. However, this increment leads
to a respective increase in KPI 4 and a decrease in KPIs 2 and 3. The same interpretation
can be applied to the rest of the regions.

4.1.5. KPI 5: Commercial Area Coverage

This KPI identifies the economic growth of the areas, and higher percentages indicate
a well-developed region in terms of financial growth. The areas that show this type of
growth are the Alpes-Maritimes, Napoli, Bouches-du-Rhône and Barcelona, followed by
the rest of the regions.

4.1.6. KPI 6: Industrial Area Coverage

As with the previous KPI, this also identifies the economic growth of the regions,
while higher percentages indicate well-developed regions. Additionally, it appeared in
the correlation analysis that as the region’s coastline increases in length, the industrial
area also increases. The regions that seem to have larger industrial areas are Napoli,
Bouches-du-Rhône, Barcelona and Attiki, with the other regions to follow.

4.1.7. KPI 7: Public Transport Infrastructure

This KPI examines the urban development of the regions in terms of transportation.
In detail, it identifies the existence of an adequate infrastructure for public transport
compared to the existing road network. The higher the percentage, the better for the public
transportation infrastructure of the area. It is important for the regions to have an adequate
public transport network that will be able to provide alternative modes of transportation
inside the regions. Herault, Napoli and Barcelona seem to be the top three areas that have
public transport that covers most of their road network. The areas identified to follow a
sprawl model of their urban structure (e.g., Napoli) and a high percentage of this indicator
raise speculation that these regions are expanding their public transport network in order
to reach even distant areas. However, the cases of Larnaca and Limassol, seem to lack a
public transport service, which indicates a possible high percentage of car use, which also
might affect their urban growth.

4.1.8. KPI 8: Cycling Infrastructure

This KPI indicates the sustainability of a city that invests in micromobility, such as
cycling. The higher the KPI, the better for the area. This KPI indicates that Valencia, Herault
and Barcelona are the top three regions that invest in micromobility. This fact also indicates
that people in these regions are using their bikes to travel, which means that travel distances
are small. Larnaca and Central Macedonia are the worst-performing regions in terms of
this KPI.

4.1.9. KPI 9: Pedestrian Infrastructure

The last KPI indicates the walkability of the regions, which means that higher per-
centages indicate smaller travel distances. Barcelona, Genova and Napoli are the three
best-performing regions in terms of this indicator, instead of Bari and Central Macedonia,
which are the worst-performing regions, in the same terms.

4.2. Spatial Performance

The identification of the coastal regions’ performance based on the KPIs provided
significant insight into the regions’ urban development. It appeared that the coastline is
indeed related to urban development through the increase in residential and industrial
areas and public infrastructure. Besides the “picture” of the regions’ performance that
the KPIs have provided, they were not able to capture the spatial spillover effects that
urban growth might have on the coastal regions. For example, Larnaca and Limassol
appeared to follow an entirely different urban structure despite being neighboring regions.
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Therefore, the spatial connection that these regions have is not depicted in the KPIs and
is thus important to be incorporated. However, prior to the incorporation of the spatial
spillover effects in a model, it is necessary to justify the spatial dependence between the
regions, which can be performed with the use of Moran’s I Test. In detail, Moran’s I Test
evaluated whether or not a spatial dependence exists between the regions by considering
all different KPIs. Table 4 presents the significance of the Moran’s I Test (p-value ≤ 0.05)
and the z-scores. As presented in the table below, based on KPI 1, KPI 7, KPI 8 and KPI 9,
there is a spatial dependence between the 12 coastal regions that will be analyzed.

Table 4. Significance of Moran’s I Test.

KPIs Moran’s I Test Significance
(p-Value) Z-Score Interpretation

KPI 1 0.05 1.63 Spatial Dependence

KPI 2 0.08 1.42 Spatial Independence

KPI 3 0.41 0.22 Spatial Independence

KPI 4 0.75 −0.69 Spatial Independence

KPI 5 0.61 −0.28 Spatial Independence

KPI 6 0.25 0.68 Spatial Independence

KPI 7 0.05 1.62 Spatial Dependence

KPI 8 0.00 3.65 Spatial Dependence

KPI 9 0.03 1.91 Spatial Dependence

Therefore, spatial dependence was incorporated into the SDEA method for analyzing
the spatial spillover effects on the regions’ urban development. The results of the SDEA
are presented in Table 5, where efficiency scores equal to 1 denote the best-performing
regions and efficiency scores above 1 denote the under-performing regions in terms of
urban growth corresponding to each related indicator.

Table 5. Results of the SDEA models.

Region
(Country)

Output: KPI1
Efficiency

Output: KPI7
Efficiency

Output: KPI8
Efficiency

Output: KPI9
Efficiency

Attiki
(Greece) 13.97 2.31 1.00 1.00

Barcelona
(Spain) 14.68 1.00 2.18 1.23

Bari
(Italy) 12.54 1.19 1.42 1.82

Genova
(Italy) 9.53 1.00 7.05 1.25

Larnaca
(Cyprus) 54.24 12142.76 1.09 1.03

Limassol
(Cyprus) 1.00 1.00 1.00 1.15

Bouches-du-Rhône
(France) 33.84 1.00 1.00 1.00



Land 2023, 12, 1757 16 of 21

Table 5. Cont.

Region
(Country)

Output: KPI1
Efficiency

Output: KPI7
Efficiency

Output: KPI8
Efficiency

Output: KPI9
Efficiency

Hérault
(France) 319.55 2.33 5.76 5.42

Napoli
(Italy) 15.73 1.85 4.97 1.00

Alpes-Maritimes
(France) 136.32 1.00 6.56 4.83

Central Macedonia
(Greece) 18.64 5.06 7.51 1.66

Valencia
(Spain) 18.90 1.00 1.00 1.00

As can be seen, the best-performing region based on KPI 1 is Limassol, while for
KPI 7, Barcelona, Genova, Limassol, Bouches-du-Rhône, Alpes-Maritimes and Valencia.
The best-performing regions for KPI 8 are Attiki, Limassol, Bouches-du-Rhône and Valencia
and for KPI 9, Attiki, Bouches-du-Rhône, Napoli and Valencia. As can be observed from
the results, none of the regions is best-performing on all the KPIs; however, Limassol,
Bouches-du-Rhône and Valencia are best-performing on three KPIs. The results of the
SDEA for the KPI 7 show a contradictory “picture” in relation to the results presented
in Table 3, where in the SDEA it seems that Limassol might indeed have a small public
transport network (in relation to its road network); however, it seems that the demographic
context along with the transport infrastructure of the specific region compared to the same
parameters of the other regions, are denoting the adequacy of this region’s existing public
transport network.

Regarding the results of the SDEA for KPI, 1 it seems that they validate the previous
results of KPI 1 (Table 3). Based on the SDEA results of KPIs 8 and 9, it appears that Attiki,
Bouches-du-Rhône and Valencia’s urban structure promote micromobility (cycling and
walking), which is a characteristic for close travel distance areas.

The results obtained from the SDEA method provided an overall picture of the regions’
performance in terms of urban growth. In detail, the results obtained from KPIs 7, 8 and 9
depicted a “picture” of the regions urban growth in relation to their transport infrastructure.
However, this is not adequate for observing and evaluating the urban growth of the EU
coastal regions, which was obtained through the SDEA model with KPI 1 as an output. The
question raised at this point was about the level of improvement that under-performing
regions should reach to become best-performing.

Therefore, Figure 5 presents the targeted values that every under-performing region
should reach to achieve its best performance concerning the 4 KPIs. As can be seen from
this figure, the regions that have to make the most significant effort to improve their
performance in terms of urban growth are Herault, followed by the Alpes-Maritimes. The
suggested strategy for improving the current urban growth model that the regions are
following is by observing and adapting policies and development strategies that the best-
performing regions are already following, especially in cases where the best practitioners
exist in the same country.
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5. Discussion and Conclusions

Urban growth is a rapidly growing phenomenon that has been investigated countless
times in order to understand it and prevent the negative impacts that it has, such as air
pollution, poverty, a lack of road safety [40,41] and others. Urban growth rates and spatial
patterns of urban development will indeed affect societal, financial and other characteristics
of the regions and vice versa. The population growth in urban areas causes an increasing
need for housing and urban development and thus a land limitation due to the conversion
to housing fact that also affects land pricing (increase in land prices) [42]. Therefore, this
forces the residents to move outside the urban cores, thus forming the phenomenon of
sprawl cities. However, due to the limitation of space along the coastlines, cities’ expansion
does not follow the same trend as inland areas. Additionally, expansion along coastal areas
has its consequences in terms of coastal exposure, which should be incorporated into the
planning component of city planners [43].
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The current paper studies the spatial spillover effect on the urban growth structure
of 12 EU coastal regions from five different EU countries and evaluates their current
performance in terms of urban growth by implementing different benchmarking techniques.
In detail, this study investigates and estimates the performance of the coastal regions in
terms of their urban structure in relation to their transport infrastructure, demographic
context and landscape (coastline).

The purpose of selecting coastal areas was due to the limitations of expansion that
coastal areas have due to their landscape. Based on Figure 1, some of the coastal regions
that are following urban development along the coast are Valencia, while other regions
are following a mixed development structural model, i.e., along the coastline and inland
development (e.g., Bari). Therefore, based on the landscape of the regions (coastline) and
their context, it is important to analyze their existing urban growth in order to understand
which structure different regions are following. Additionally, the reason for selecting these
regions is the coverage of a wide area in Europe and the search for similarities or differences
regarding their planning and structural models.

The data collection process focused on collecting information that can adequately
capture urban growth, which can be differentiated into different spatial patterns, such as
edge compact enlargement of the regions’ boundaries following the main road network
and new urbanizations alongside the coast [44]. However, the data collection process of
this study faced several limitations due to a lack of information (e.g., financial context of
the regions). However, this limitation was overcome because the collected information
can provide an adequate “picture” of the region’s urban growth. Additionally, the lack of
temporal information made some limitations on dynamically studying the urban growth
structure of the regions. However, once again, this analysis provided an overall “picture”
of the regions’ existing situation in terms of urban structure.

Therefore, for the evaluation of these nine regions’ KPIs, each one provided a “picture”
of the region’s urban structure. However, the combination of some KPIs (e.g., KPIs 2, 3
and 4) showed an indication of denser (e.g., Barcelona) and sprawler areas (e.g., Napoli).
Furthermore, the correlation analysis alongside the KPIs 2, 3 and 4 showed that as the
coastline of the regions increases, their residential area also increases, which probably will
lead to sprawl development. In addition, coastal areas with larger coastlines tend to have
larger industrial areas, which might be interpreted as larger industrial ports. The KPIs 7, 8
and 9 are representative of the regions’ transport infrastructure, which appeared to have a
relationship to the urban growth of the regions.

In this analysis, more than one region of the same country was investigated in order
to see how heterogeneous the regions are in terms of their urban growth performance.
Furthermore, each of the regions selected based on the criteria of having at least one port
or one airport can be considered as factors that affect urban development [45]. Therefore,
the next analysis considered that urban growth is also spatially dependent on not only
the regions of the same country but also with distant location, which might be directly or
indirectly connected through multimodes (roadway, airway and waterway). The incorpora-
tion of this spatial spillover effect of urban growth with the transportation infrastructure,
demographic context and landscape (coastline length) of the regions was implemented
by the development of a spatially extended DEA model, namely SDEA. Additionally, in
similar studies, it appeared that the DEA method used for estimating efficiency scores with
spatial data is inappropriate when the regions’ efficiency score is related to the performance
of neighboring regions [46]. In this study, the regions are considered connected due to the
available multimodes (roadway, airway and waterway).

Different SDEA models were developed, each one analyzing different outputs (KPIs
that are identified as spatially dependent based on Moran’s I Test). Based on the results of
the SDEA models, Limassol, Bouches-du-Rhône and Valencia appeared to perform best
in three out of four models. In detail, Limassol was the only region to perform best- in
terms of its urban growth based on KPI 1. Bouches-du-Rhône and Valencia best regarding
the KPIs that focused on their transport infrastructure. Therefore, the combination of all
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SDEA models’ outcomes provides a robust overview “picture” of the regions current urban
structure and answers the question of whether the regions have a denser or sprawlier
structure and if the regions promote micromobility and public transport, which have a
direct impact on the region’s urban growth.

Besides the benchmarking valuation, this study also identifies the targets that every
under-performing region should have in terms of the 4 KPIs in order to perform best.
Therefore, local authorities in Herault and Alpes-Maritime should revise the existing
structural models that they follow for better planning processes in order to prevent sprawl
phenomena either along the coastline or inland.

Therefore, this study presented a thorough investigation of the coastal regions’ per-
formance in terms of urban development and appeared to show that coastline is indeed
related to urban development and that the combination of KPIs also provides a robust ob-
servation of the structural development that the regions are following. The SDEA method
is a trustworthy approach for evaluating the regions by incorporating the spatial spillover
effects that urban growth has on the regions. Last but not least, the target-setting approach
provides guidelines to local authorities and policymakers on the strategies that can be
followed towards the regions’ improvements.

Following the above, it is important for local authorities and policymakers to ensure
spatial continuity and its integration into the broader urban environment by following
different strategies, such as controlling coastal urbanization and planning public spaces
through sustainable interventions on a small scale along the coastline [47].

A future study will focus on the incorporation of the demographic and financial
contexts of the regions based on the 2021 census. However, data limitations still prevent
this implementation. Additionally, in future studies, a larger sample of regions will be
incorporated, not only in Europe but as a global sample, for observing homogeneities and
heterogeneities between the regions’ urban structures. All the above implementations will
incorporate the spatial spillover effects that exist between even distant locations regarding
their urban growth.
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