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Abstract Land take, namely the conversion of natural land into impervious surfaces, is partly driven by
path dependency, whereby dispersed settlements tend
to spread more than compact ones over time. Yet there
is limited knowledge about the extent to which specific aspects of compactness are associated with land
take: a link that is instead crucial to formulate effective policies. This study investigates the impact of
density, centrality, contiguity and degree of imperviousness by regressing land take data from 100 Italian
NUTS3 administrative units for the period 2006–2012
against measures of the above-mentioned aspects as
of 2006. Results indicate that higher shares of people
in the 2000–2500 people km−2 density class, greater
proximity of the population to urban centres, more
contiguous urbanization patterns all help contain
land take over time, whereas no significant effect was
found for imperviousness. Increasing distance from
protected areas reduces the positive effect of having more people live at densities of 2000–3000 people km−2, while steeper slopes enhance such effect.
Planning interventions aimed at raising the share of
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people living at densities of 2000–2500 people km−2
as well as improving the degree of centrality or contiguity of urbanization patterns can lead to a decline
in land take (measured as area of new land take per
unit area of current land take) over a 6-year time span
comprised between around 6 and 35% depending on
location. Further research is needed to confirm the
validity of our results and explore the feasibility of
such interventions.
Keywords Sprawl · Impervious surfaces · Density ·
Centrality · Contiguity
Introduction
Land take, namely the conversion of natural, seminatural and agricultural land into artificial surfaces
(EEA, 2006), proceeds at alarming rates worldwide
(UN, 2017a). In the European Union (EU) (including UK), for example, approximately 500 
km2 of
natural land (an area the size of Budapest, Hungary)
have been lost every year between 2012 and 2018,
and the extent of artificial land has increased by 6.7%
between 2000 and 2018 compared to a 5% population growth over the same period (EEA, 2020a). In
the United States, the urban land area rose by 17%
between 2002 and 2012 (from about 243,000 km2
to 283,000 km2), almost twice as fast as population
(Bigelow & Borchers, 2017). In the previous decade,
between 1990 and 2000, 14,000 km2 of open space
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had been lost within the 274 metropolitan areas of
the lower 48 states (McDonald et al., 2010). Such
trends constitute a serious threat to human well-being
for they involve the consumption of limited natural
resources–land and soil–that are key to the supply of
crucial ecosystem services, including food production, carbon storage, nutrient cycling, habitat provision, water purification and flood mitigation (Dupras
et al., 2016; Eigenbrod et al., 2011; Lorenz & Lal,
2009; Pouyat et al., 2002; Sun et al., 2018; Suriya &
Mudgal, 2012).
The urgency of the problem has been formally
acknowledged by the United Nations, which defined
an ad hoc indicator–ratio of land consumption rate
to population growth rate (11.3.1)–to monitor progresses toward the achievement of sustainable development goal 11 (“Make cities and human settlements inclusive, safe, resilient and sustainable”) in
the framework of the 2030 Agenda for sustainable
development (UN, 2017b). On a strategic level, the
European Commission (EC) has proposed to have
policies in place by 2020 that aim to bring net land
take down to zero by 2050 (EC, 2011). At the core
of these policies, besides the idea of recycling areas
that were once used and are now inactive, and that
of compensating new constructions on natural land
through renaturation of unused built-up areas, is the
commitment to minimize new developments on unbuilt open space or agricultural areas (Science for
Environment Policy, 2016). In order to design such
policies, however, administrators and planners should
not simply be able to assess the extent to which new
developments can reasonably be made sustainable
through infilling and renaturation, but they should
also have a clear understanding of how current patterns of development may stimulate or restrain land
take in the future. This is to avoid the promotion of
forms of development that, while adding little to the
current extent of artificial surfaces, may induce unintended expansions of such surfaces in the years to
come owing to inertia in urbanization processes.
Over the last three decades, through both theoretical and empirical studies, scholars have acquired
a deep knowledge on the drivers of land take (Colsaet et al., 2018). There is significant evidence, for
example, that increasing levels of population growth
(Deng et al., 2008; Marshall, 2007), income (Deng
et al., 2008; Kuang et al., 2014; Weilenmann et al.,
2017), proximity to transportation infrastructures
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(Müller et al., 2010; Tian & Wu, 2015), road density (Guastella et al., 2017; Oueslati et al., 2015)
and administrative fragmentation (Carruthers, 2003;
Wassmer, 2006) stimulate land take. Conversely,
higher fuel prices (Ortuño-Padilla & FernandezAracil, 2013), more protected areas (Irwin & Bockstael, 2004; Zoppi & Lai, 2014), urban growth
boundaries (Wassmer, 2006) and steeper terrains
(Christensen & McCord, 2016; Deng et al., 2010;
Müller et al., 2010) have been proven to limit land
take. A relatively limited body of research has also
explored path-dependent processes, namely dynamics by which past development affects future land
take, mostly showing that higher density and greater
compactness (i.e. less sprawl) today tend to foster
comparably denser developments and less land take
tomorrow (Burchfield et al., 2006; Paulsen, 2014;
Siedentop & Fina, 2012).Yet there is a substantial
lack of information about the extent to which specific aspects of compactness may affect future land
take. This is in fact highly relevant in the light of
the multi-faceted nature of the compactness concept, which encompasses such diverse variables as
population density, development contiguity, land
use mix, etc. (Neuman, 2005).
First, previous studies have generally considered
average population density over a territory (Zoppi
& Lai, 2014), but not the distribution of the population across different density classes, although the
share of people living at low to medium urban densities is a very good indicator of sprawl in a region
(Laidley, 2016; Lopez & Hynes, 2003; Zambon &
Salvati, 2020). Second, little is known about whether
the degree of centrality (i.e. the proximity of development to a central location such as a central business district or a major city), an important measure
of compactness (Cutsinger et al., 2005; Galster et al.,
2001; Kaza, 2020; Orsi, 2019), may trigger future
land take. Third, while compact settlements are commonly characterized by contiguous development and
a clear boundary between built-up and natural land
(Heimlich & Anderson, 2001; Neuman, 2005), there
is no information about the effect of those elements
on future land take. Fourth, previous studies have not
investigated path-dependent processes related to the
degree of imperviousness of built-up areas, a variable
that is associated with soil sealing (Salvati, 2016) and
therefore the ability of land to actually deliver ecosystem services (Haase & Nuissl, 2007).
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This study aims to address the above research gaps
by answering three research questions. Do the four
above-mentioned aspects of compactness (population
distribution, centrality, contiguity, imperviousness)
at a given point in time have a significant association with land take over an upcoming period? Is the
impact of such aspects on land take moderated by
other determinants of land take? What is the potential
for planning interventions targeting these aspects to
actually contain land take in the future?
In order to answer these questions, land take
occurring between 2006 and 2012 in Italian NUTS3
administrative units (relative to land take as of 2006)
was regressed against different variables describing
the four above-mentioned aspects of built-up areas
as of 2006 while controlling for other determinants
of land take. The study was conducted in Italy given
the magnitude of land-taking processes the country
has been experiencing over the last decades and the
relevance of the topic in the national debate both at
a policy (Munafo’, 2020) and scientific (Munafo’et
al., 2013; Pileri & Maggi, 2010; Zoppi & Lai, 2014)
level. The focus on NUTS3 administrative units
(equivalent to Italian provinces, namely administrative units including several municipalities), rather
than single municipalities or cities, was meant to capture possible shifts in urban development from major
to minor settlements within the same administrative
and economic territory.
Study area
Italy has a total area of slightly over 301,000 km2, of
which 7% (21,400 km2) is currently covered by impervious surfaces (Munafo’, 2020). Given a population of
roughly 60 million, the amount of artificial land cover
per capita is around 355 m2, which is in line with the
EU average (363 m2) (Eurostat, 2020a). In terms of
recent land take, Italy has added 954 km2 (16 m2 per
capita) of artificial surfaces in the 2000–2018 period
(i.e. roughly a 5% increase compared to 2000 levels), although most of these in the 2000–2006 period
(494 km2 or 8.2 m2 per capita) and the 2006–2012
period (356 km2 or 5.9 m2 per capita) (EEA, 2020b)
(please note that land take data from EEA and Eurostat
may not be perfectly comparable to data from national
institutes, e.g. Munafo’, 2020). While such growth is
much lower than that of, among others, Spain (53 m2),

the Netherlands (38 m2), France (32 m2) and the EU
(28 m2), it is comparable to that of Germany and the
United Kingdom (16 m2 for both), and higher than that
of Belgium (9 m2) (EEA, 2020b).
Recent estimates show that net land take (i.e. new
artificial surfaces minus renaturation of previously
artificial land cover) in Italy is now progressing at
14.2 ha per day, slightly higher than what it used to be
in 2015 (Munafo’, 2020). Worryingly enough, most
of this increase in artificial land cover (up to 90%) is
taking place in areas that would be highly suitable for
agricultural practices (i.e. not too steep, outside protected areas, at low flooding and landslide risk), therefore jeopardizing food security of the local population
(Gardi et al., 2015; Munafo’, 2020).
Both land take per capita and land take increment
vary considerably within Italy. The former is inversely
related to population density, hence taking on low
values in such dense regions as Lombardia (286 m2),
Lazio (235 m2) and Campania (240 m2), and high values in such scarcely populated regions as Friuli-Venezia-Giulia (519 m2), Umbria (501 m2) and Basilicata
(554 m2) (Munafo’, 2020). The latter is particularly
strong in the most economically dynamic part of the
country (Lombardia, Veneto and Emilia-Romagna in
the North), around Rome and Naples, and in Puglia and
Sicily in the South (Munafo’, 2020).
This research is conducted on NUTS3 administrative units, which are relatively small territories (mostly
between 2000 and 4000 km2), one administrative level
below the above-mentioned regions and corresponding to Provinces. The decision to pick this administrative level to obtain the statistical units for the study was
driven by the goal of having a sufficiently high number
of relatively uniform units that include both urbanized
areas and countryside, therefore guaranteeing statistical
robustness and a full appreciation of urban expansion
phenomena. In fact, regions (NUTS2 administrative
level) would be too few (20) and large, whereas municipalities are extremely heterogenous, with some being
predominantly urbanized and some predominantly
rural.
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Method
Data
The extent and spatial pattern of land take was
extracted from the 2006 and 2012 Copernicus highresolution imperviousness density datasets, which
report the degree of imperviousness (%) at 20-m resolution for the whole Europe (https://land.copernicus.
eu/). These datasets were also used to compute the
degree of imperviousness and to assess the shape of
built-up areas. The boundaries of the NUTS3 administrative units were obtained from Eurostat in shapefile format (Eurostat, 2020b). Basic demographic and
socioeconomic data such as population and GDP per
NUTS3 unit were also available on the Eurostat portal (Eurostat, 2020c, 2020d). Information about population distribution was extracted from the GEOSTAT
2006 population-grid dataset, which reports the population census in a 1 km2 grid format. The identification of urban areas was based on the 2006 degree of
urbanisation classification for Europe and the associated spatial datasets (Dijkstra & Poelman, 2014). The
road network was assembled by combining primary
and secondary roads from the Global Roads Open
Access Data Set (gROADS, v1 1980–2010) (CIESIN
& ITOS, 2013), with tertiary roads extracted from
OpenStreetMap. The presence and shape of protected
areas were derived from the shapefile of Natura 2000
sites, which is produced and updated by the European
Environment Agency. Finally, the EU-DEM version
1.1 at 25-m resolution produced by the Copernicus
Land Monitoring Service (https://land.copernicus.
eu/) was used to compute slope.
Variables
The dependent variable is relative land take between
2006 and 2012, intended as m
 2 of artificial surfaces
added in the 2006–2012 period per hectare of artificial surfaces existing in 2006. In fact, the natural logarithm of this is considered as a way to get
a quasi-normally distributed variable, enhance the
linear relation with the independent variables and
reduce potential issues of heteroskedasticity. The
extension of land take in 2006 was estimated by
considering land parcels whose degree of imperviousness (ranging between 0 and 100%) in that year
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was higher than zero as specified in the relevant spatial dataset (Fig. 1). The area of land taken between
2006 and 2012 was computed by identifying parcels
of land that had a degree of imperviousness equal to
zero in 2006 and higher than zero in 2012 (Fig. 1).
Renaturation processes were not considered in the
analysis, hence land parcels whose degree of imperviousness dropped from above zero in 2006 to zero
in 2012 were simply disregarded.
All independent variables were computed as
of 2006 given the explicit objective of providing
knowledge about the extent to which urbanization
patterns in a given year may affect land take over
the following years. The sole exceptions to that are
variables related to population and income change,
which were considered as control variables (and
computed as differences between 2006 and 2012
values) assuming that, when conducting predictive
studies, practitioners could always extrapolate these
from reliable future projections.
The effect of population distribution on future
land take was tested using multiple variables reporting the shares of NUTS3 regions’ population living at low to medium urban densities. In particular,
the following ranges were considered: 300–500,
500–1000, 1000–1500, 1500–2000, 2000–2500 and
2500–3000 people k m−2.
Centrality was measured as the average travel
time (minutes) of a NUTS3 region’s inhabitants
to the closest urban area, as defined by the degree
of urbanisation classification: namely, a cluster of
contiguous grid cells of 1 km2 with a population
above 5000 and a density of at least 300 people
km−2 (Dijkstra & Poelman, 2014). Travel time from
any 1 km2 grid cell to the nearest urban area was
computed through a cost distance operation assuming speeds of 120 km h−1, 60 km h−1, 40 km h−1 on
primary (highways), secondary and tertiary roads,
respectively. Average travel time was obtained as
the summation of the products of travel time and
population on a cell-by-cell basis divided by the
overall population of a NUTS3 region, as follows:
∑n
tti × pi
Average travel time = i=1
P
where tti is travel time from grid cell i to the nearest
urban area, pi is the population of cell i and P is the
overall population of the NUTS3 administrative unit.
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Fig. 1  Land take as of
2006 was computed from
the imperviousness layer of
2006 through identification
of pixels with imperviousness higher than zero. Land
take in the period 2006–
2012 was computed from
the imperviousness layers
of 2006 and 2012 through
identification of pixels with
imperviousness equal to
zero in 2006 and higher
than zero in 2012

The contiguity of development and the blurriness of the interface between built-up and natural
land were measured as the average number of builtup cells within a radius of 50 m around each built-up
cell in a NUTS3 region. This was done by: reclassifying cells of the 2006 imperviousness map as either 1
(imperviousness greater than zero) or 0 (imperviousness equal to zero); running a neighborhood operation to compute the summation of cell values within
a 100 m x 100 m (5 × 5 cells) around each cell; and
calculating the average value across all built-up cells
within a NUTS3 administrative unit. As shown in
Fig. 2, the variable decreases whenever development
gets more scattered and/or the boundary of the builtup area becomes less definite.
The degree of imperviousness was simply measured as the median, within a NUTS3 region, of the
imperviousness values of cells whose imperviousness
is greater than zero. The median was chosen in lieu
of the mean because it is less sensitive to extremes,

therefore conveying more consistent information for
areas characterized by relatively uniform imperviousness levels (e.g. a majority of high-imperviousness
cells and few low-imperviousness cells).
Two common path dependency variables–population density and land take per capita–were included to
have a reference against which to compare the explanatory power of the variables selected to measure the
four characteristics presented above.
Finally, several variables were considered to control for well-known drivers of land take as suggested
in literature. Among demographic and socioeconomic variables, we considered population in 2006,
population change (%) between 2006 and 2012,
GDP per capita in 2006 and GDP per capita change
(%) between 2006 and 2012. In order to account for
administrative fragmentation and governance conditions, the number of municipalities per km2 and
the average distance of non-built-up land parcels
(as of 2006) to protected areas were considered.
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Fig. 2  Measures of contiguity for four progressively
less contiguous (from a to
d) urbanization patterns.
Contiguity was measured as
the average number of builtup cells within a 5 × 5 filter
around each built-up cell

The average slope of non-built-up land parcels (as
of 2006) was included to control for the impact of
topography on land take. Finally, three binary dummy
variables were included to account for intrinsic differences between Italian geographical macro areas
NUTS3 administrative units belong to: North (including regions Valle d’Aosta, Piemonte, Lombardia,
Liguria, Veneto, Trentino-Südtirol, Friuli-VeneziaGiulia, Emilia-Romagna), Center (including regions
Toscana, Umbria, Marche, Lazio) and South (including regions Abruzzo, Molise, Campania, Puglia,
Basilicata, Calabria, Sicilia). Given its unique location (i.e. far from mainland and not easily associable with either the Center or the South), the island of
Sardegna was assumed to constitute a macro area of
its own, to which no dummy variable was assigned
(i.e. it was considered as base level for the other three
dummy variables).
The actual number of statistical units included in
the analysis (100) is lower than the number of Italian NUTS3 administrative units (110): that is because
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some units were removed for an excess of unclassified pixels in the 2006 imperviousness layer (Avellino, Biella, Cuneo, Imperia, Potenza, Savona),
while others were removed for they present overly
high density levels and a predominantly urbanized
territory compared to the average (Milano, MonzaBrianza, Napoli, Trieste). Descriptive statistics of
both dependent and independent variables, and Pearson coefficients of pairwise correlations between the
dependent variable and all independent variables are
presented in Tables 1 and 2, respectively. Raw values
of the dependent variable (i.e. before log-transformation) for all NUTS3 administrative units considered in
the analysis are shown in Fig. 3.
Statistical analyses
The first research question (Do the four aspects of
compactness at a given point in time have a significant association with land take over an upcoming period?) was answered by regressing land take
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Table 1  Descriptive statistics of the variables
Variable

Number of
observations

Ln(land take growth)
Control variables
Ln(population 2006)
Pop. change 2006–2012 (%)
Ln(GDP per capita 2006)
GDP per capita change 2006–2012 (%)
Municipalities per capita
Ln(distance from Natura2000)
Slope
North
Center
South
Common path dependency variables
Density in 2006 (people k m−2)
Land take per capita in 2006 (ha)
Population distribution by density class
Share 300–500 people km−2 (%)
Share 500–1000 people km−2 (%)
Share 1000–1500 people km−2 (%)
Share 1500–2000 people km−2 (%)
Share 2000–2500 people km−2 (%)
Share 2500–3000 people km−2 (%)
Centrality
Average travel time to nearest town (min.)
Fragmentation and boundary
Avg. number built-up cells within 5 × 5 window
Soil sealing
Median imperviousness

100

Std. deviation

Minimum

Maximum

5.57043

0.739433

3.334364

6.925329

100
100
100
100
100
100
100
100
100
100

12.83245
2.009653
10.07005
− 0.32438
0.00019
8.02353
9.5294
0.4
0.22
0.3

0.70424
2.400542
0.25825
5.812261
0.000137
0.479215
6.00368
0.492
0.416
0.461

10.96467
− 2.54598
9.581904
− 13.9456
2.58E-05
6.39708
0.32
0
0
0

15.15015
6.66189
10.53476
13.76404
0.000597
9.201275
26.69
1
1
1

100
100

194.3786
0.02783

31.02
0.012

710.53
0.06243

against the null hypothesis,

134.91454
0.0077

100
100
100
100
100
100

9.008474
16.1099
10.87943
8.37808
6.074359
4.796346

3.339795
4.571303
3.109836
2.649716
2.86642
2.5387

3.23195
5.008524
5.338615
3.417197
0
0

19.56683
25.93521
18.89231
16.07023
13.16663
15.16866

100

4.737131

3.918014

0.127054

21.76056

100

17.32159

1.286556

14.61919

20.21022

100

55.55

6.004

43

73

between 2006 and 2012 against variables describing
the four aspects and the control variables presented
above. This was done by first developing a basic
minimal model made up of a few significant and
uncorrelated variables from the set of control variables presented in Sect. 3.2, and then individually
testing the significance and contribution to the basic
model of the variables describing the four aspects.
This formally corresponds to testing the following
alternative hypothesis,

Ha ∶ 𝛽j ≠ 0

Mean

H0 ∶ 𝛽j = 0
where βj is the regression parameter associated with
variable j. As parameters were estimated using the
Ordinary Least Squares (OLS) method, the OLS
assumptions were verified. Among other things, the
basic model was tested for spatial autocorrelation
by computing the global Moran’s I of the residuals
according to the following formula:
∑n ∑n
n i=1 j=1 wi,j zi zj
I=
∑n 2
S0
i=1 zi
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Table 2  Pearson coefficients for correlations between the
dependent variable and all independent variables
Variable

ρ

Control variables
Ln(population 2006)
Pop. change 2006–2012 (%)
Ln(GDP per capita 2006)
GDP per capita change 2006–2012 (%)
Municipalities per capita
Ln(distance from Natura2000)
Slope
North
Center
South
Common path dependency variables
Density in 2006 (people k m−2)
Land take per capita in 2006 (ha)
Population density
Share 300–500 people km−2 (%)
Share 500–1000 people km−2 (%)
Share 1000–1500 people km−2 (%)
Share 1500–2000 people km−2 (%)
Share 2000–2500 people km−2 (%)
Share 2500–3000 people km−2 (%)
Centrality
Average travel time to nearest town (min.)
Fragmentation and boundary
Avg. number built-up cells within 5 × 5 window
Soil sealing
Median imperviousness

− 0.121
0.18*
0.176*
− 0.016
− 0.06
0.334***
− 0.349***
0.096
0.109
− 0.296***
− 0.119
0.188*
0.048
0.015
− 0.003
− 0.026
− 0.168*
0.013
0.142
− 0.061
0.099

*Significance at the 0.10 level
**Significance at the 0.05 level
***Significance at the 0.01 level

where n is the number of features, zi is the deviation
of the residual for feature i from the mean, wi,j is the
spatial weight between feature i and j, and S0 is as
follows:

S0 =

n
n
∑
∑

wi,j

i=1 j=1

The second research question (Is the impact of the
four aspects of compactness on land take moderated
by other determinants of land take?) was answered
by adding to the previously developed regression
models interaction terms between each of the aspects
Vol:. (1234567890)
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Fig. 3  Land take in the 2006–2012 period as m2 of natural
land converted to impervious surfaces per hectare of impervious surfaces as of 2006. The natural logarithm of this variable
was considered as the dependent variable for the statistical
analyses

of compactness and the determinants of land take
included in the basic model. Before the analysis, continuous predictors were mean-centered to avoid issues
of multicollinearity.
The third research question (What is the potential for planning interventions targeting these aspects
to actually contain land take in the future?) was
answered by using the previously estimated regression coefficients of the statistically significant aspects
of compactness to calculate, for each administrative
unit, the decline in land take that would be associated with “reasonable” improvements in such aspects,
similarly to what was done by Zoppi and Lai (2015).
For a given administrative unit, the “reasonable”
improvements were intended as land take restraining
variations of the variables describing the above-mentioned aspects (i.e. increases or decreases depending on whether a variable is negatively or positively
associated with land take) that are quantitatively compatible with levels of the same variables in nearby
administrative units. This is based on the assumption that nearby administrative units present similar
geographical and spatial planning characteristics,
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and that levels achieved by one unit on one variable
can be reasonably achieved by the adjacent one. For
each unit and each variable, the reasonable improvement was then computed as the standard deviation of
values of the variable as measured in the unit and all
neighboring units (i.e. units sharing the border). Only
main effects were considered in the analysis: hence,
calculated values represent decline in the dependent
variable all else being equal and without any consideration of moderating effects by other predictors.
Results
Three predictors were eventually retained as control variables in the basic regression model used to
test the effect of the four aspects of compactness on
land take: distance from Natura 2000 areas, slope,
south (Table 3). These cover the main categories of
land take’s determinants: regulation (i.e. development
restrictions), environmental features and the economy
(Southern regions showing, on average, lower levels
of per capita income and economic growth than Central and Northern regions), respectively. The signs
of regression coefficients associated with these variables are as expected: positive for the distance from
Natura 2000 areas (the farther from protected areas
the more land take), negative for the other two (land
take is less where terrain is steeper and in Southern
regions). Given the log-transformed dependent variable, regression coefficients are interpreted as elasticities or semi-elasticities depending on whether
independent variables are also log-transformed or
not. All else being equal, a 1% increase in the average
distance of pervious land parcels from Natura 2000
areas is roughly associated with a 0.27% increase in
relative land take between 2006 and 2012 compared
to 2006 levels, one extra degree of average slope of
pervious surfaces is associated with a roughly 4%
decline (exp(−0.04) = 0.96) in relative land take over
the same period, whereas land take in the 2006–2012
period relative to absolute land take in 2006 is around
45% less (exp(−0.6) = 0.55) in the South than elsewhere. The model satisfies all basic assumptions of
the OLS, including lack of spatial autocorrelation of
residuals as indicated by values of the Moran’s I.
Looking at the two classical path-dependency
variables, population density has a significant effect
on land take, with every 100 extra people per km2

in 2006 reducing land take in the 2006–2012 period
compared to 2006 levels by 10%, whereas land take
per capita does not. The adjusted R
 2 of the regression model including population density (column 1 in Table 3) tells the model explains 28.5%
of the variance of the dependent variable and sets
the standard against which to compare the explanatory power of variables selected to describe the four
aspects of compactness.
Among variables chosen to estimate the effect
of population distribution across density classes,
only the share of people living at densities comprised between 2000 and 2500 people k m−2 has a
significant effect (column 7 in Table 3), whereby
a 1% increase of such share is associated with a
5% decline in land take over the next 6 years compared to initial period levels. The adjusted R2 of
this model (0.275) suggests the explanatory power
of the share of people living in this density class is
lower than that of an administrative unit’s average
population density. Although not significant, the
signs of regression coefficients assigned to the other
density classes disclose something interesting and
meaningful: larger shares of people living at lower
density levels (300–1500 people km−2) in 2006
are associated with more land take over the next
six years, whereas larger shares of people living at
higher density levels (1500–3000 people km−2) are
associated with less land take.
The coefficient associated with the centrality variable is significant and has a positive sign (column 9
in Table 3), telling that every extra minute of average travel time to the nearest town in 2006 pushes the
number of m
 2 of land take in the 2006–2012 period
per hectare of artificial surface in 2006 up 3%. The
adjusted R2 in this case (0.280) reveals an explanatory power nearly equal to that of average population
density.
The coefficient associated with the contiguity
variable is significant and negative (column 10 in
Table 3), suggesting that a one-point increase in the
average number of built-up cells within a 50-m radius
around each built-up cell (i.e. a more contiguous fabric) is associated with a 12% decline in the amount
of m2 of land take in the 2006–2012 period per hectare of land take as of 2006. The adjusted R
 2 for this
model (0.293) suggests the explanatory power of this
variable is higher than that of average population
density.
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3.433***
(1.278)
100
0.261

10.229
(8.456)

0.296**
(0.147)
− 0.039***
(0.012)
− 0.524***
(0.144)

(2)

3.659***
(1.244)
100
0.263

0.026
(0.019)

0.281*
(0.147)
− 0.043***
(0.012)
− 0.567***
(0.142)

(3)

3.755***
(1.272)
100
0.250

0.003
(0.014)

0.290
(0.148)
− 0.041***
(0.012)
− 0.551***
(0.143)

(4)

3.795***
(1.261)
100
0.249

0.000
(0.021)

0.290
(0.149)
− 0.041***
(0.012)
− 0.553***
(0.143)

(5)

3.919***
(1.255)
100
0.255

− 0.021
(0.025)

0.297**
(0.148)
− 0.040***
(0.012)
− 0.578***
(0.145)

(6)

3.898***
(1.231)
100
0.275

− 0.041*
(0.022)

0.306**
(0.146)
− 0.04***
(0.012)
− 0.538***
(0.14)

(7)

3.833***
(1.257)
100
0.250

− 0.007
(0.026)

0.290*
(0.148)
− 0.041***
(0.012)
− 0.553***
(0.143)

(8)

3.735***
(1.225)
100
0.280

0.033**
(0.016)

0.281*
(0.145)
− 0.042***
(0.012)
− 0.567***
(0.14)

(9)

6.218***
(1.573)
100
0.293

− 0.123**
(0.051)

0.266*
(0.144)
− 0.048***
(0.012)
− 0.621***
(0.141)

(10)

− 0.006
(0.011)
4.169***
(1.414)
100
0.252

0.29***
(0.148)
− 0.043***
(0.013)
− 0.561***
(0.143)

(11)

***Significance at the 0.01 level

**Significance at the 0.05 level

*Significance at the 0.10 level

Regression models (3) to (8) consider the share of people in density classes 300–500, 500–1000, 1000–1500, 1500–2000, 2000–2500 and 2500–3000 people k m−2, respectively

Observations
Adjusted R2

Constant

Median imperviousness

Avg. built-up cells within
5 × 5 window

Avg. travel time to nearest
town (min)

Share density class (%)

Land take per capita (ha)

Population density (people
km−2)

South

4.524***
(1.265)
100
0.285

0.233
(0.147)
− 0.046***
(0.012)
− 0.600***
(0.141)
− 0.001**
(0.000)

Ln(distance from Natura2000)

Slope

(1)

Variable

Table 3  Regression coefficients of models considering main effects only (standard errors are in parentheses)
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The coefficient associated with the imperviousness
variable is not significant (column 11 in Table 3),
preventing any consideration on the link between
the current degree of imperviousness and future land
take.
The analysis of interaction effects shows that slope
and distance from Natura 2000 areas respectively
moderate the impact of the shares of people in the
2000–2500 and 2500–3000 people k m−2 on land take,
whereas membership to a Southern region moderates
the impact of imperviousness on land take (Table 4).
An extra degree of average slope (e.g. a province
whose pervious surfaces have an average slope of five
degrees compared to one where average slope is four
degrees) reduces the land take associated with one
percent more people living in the 2000–2500 people
km−2 density class by about 1%. A one percent increment in the average distance from Natura 2000 areas
increases the land take associated with one percent
more people living in the 2500–3000 people km−2
density class by about 0.12%. Being in a Southern
region increases the land take associated with one
extra point of median imperviousness by about 5%.
As the regression coefficient of the imperviousness
variable in this case is nearly significant (p < 0.10)
and negative (−0.024), we can say that being in a
Southern region reverses the effect of imperviousness
on land take, whereby higher imperviousness levels
stimulate, rather than restrain, land take.
The percent decline in m
 2 of additional land take
per ha of current land take associated with improvements in the share of people living in the 2000–2500
people km−2 density class, the average travel time to
towns and the contiguity of urban fabric (imperviousness was not considered because its effect on land
take was found insignificant in the statistical analysis) is presented in Fig. 4, which also shows the supposedly most effective intervention for each NUTS3
administrative unit. In general, all interventions on
the three aspects above might guarantee declines in
land take over a 6-year horizon (compared to current levels of land take) that are comprised between
about 6% and 35%. Assuming an expected addition of impervious surfaces over the 6-year period
of 300 m2 per hectare of land take at the start of the
period, these interventions could then bring this figure down to values ranging between 282 and 195 m2
per hectare (i.e. a reduction between 18 and 105 m2
per hectare). Interventions on densification seem

preferable in the North (particularly the area around
Milan), interventions on centralization may be more
effective in Toscana, some of the South (particularly
Puglia and Northern Calabria) and most of the island
of Sardegna, whereas interventions improving contiguity might be best in the Northwest and Northeast,
most of the central part of the country and the island
of Sicilia.
Discussion and conclusion
This study expands our knowledge on the role of compactness in path-dependent land-taking processes by
showing that in Italian provinces population distribution across density classes, the spatial distribution of
people over the landscape and the degree of contiguity of the urban fabric today are significant predictors
of future land take. In particular, greater compactness
today, in terms of higher shares of people living at
medium densities, more clustering of the population
around towns and cities, and a more contiguous urban
fabric, help contain land take in the future.
Although six density classes were considered to
fully describe population distribution from very low
to medium urban densities, only the share of people
in the 2000–2500 people k m−2 class proved significant. This may be due to the fact that a considerable
proportion of people living at such density levels generally implies large extents of a kind of urban environment (i.e. mid-rise buildings, moderate land use
mix, proximity to services) that is unlikely to stimulate much expansion of impervious surfaces for the
creation of dedicated transportation or commercial
infrastructures. As a way of containing future land
take, planners may then aim to promote these contexts, which can strike a decent balance between density and livability (Orsi, 2018). The signs of regression coefficients of the shares of people in the other
density classes, though insignificant, suggest the
existence of a density threshold at around 1500 people km−2, such that increasing the share of people
who live at densities below this stimulates future land
take. In many Italian settlements, this threshold marks
a rather clear separation between the urban core
(including not just historical city centres, but also
many surrounding post-war developments) and the
outer fringes, which are more fragmented and directly
in contact with the countryside, and therefore more
Vol.: (0123456789)
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Table 4  Regression coefficients of models considering main and interaction effects
Variable

(1)

(2)

(3)

(4)

(5)

(6)

Ln(distance from Natura2000)

0.252
(0.152)
− 0.043***
(0.012)
− 0.551***
(0.143)
0.029
(0.025)

0.277*
(0.150)
− 0.041***
(0.013)
− 0.541***
(0.146)
0.005
(0.018)

0.320**
(0.156)
− 0.037**
(0.014)
− 0.561***
(0.149)
0.008
(0.026)

0.336**
(0.158)
− 0.037***
(0.013)
− 0.605***
(0.154)
-0.012
(0.034)

0.343**
(0.157)
− 0.043***
(0.012)
− 0.534***
(0.146)
-0.016
(0.031)

0.267*
(0.149)
− 0.045***
(0.012)
− 0.575***
(0.142)
-0.033
(0.032)

0.063
(0.049)
0.003
(0.004)
− 0.007
(0.044)

0.036
(0.035)
0.001
(0.003)
0.008
(0.034)

0.020
(0.050)
− 0.001
(0.005)
− 0.024
(0.053)

0.054
(0.067)
0.000
(0.004)
− 0.013
(0.059)

− 0.023
(0.044)
− 0.008**
(0.004)
− 0.026
(0.055)

0.116*
(0.060)
0.003
(0.005)
0.062
(0.060)

5.729***
(0.078)
100
0.255

5.734
(0.078)
100
0.237

5.738
(0.078)
100
0.230

5.748***
(0.079)
100
0.240

5.735***
(0.076)
100
0.291

5.738***
(0.077)
100
0.263

Slope
South
Share density class (%)
Avg. travel time to nearest town (min)
Avg. built-up cells within 5 × 5 window
Median imperviousness
Ln(dist Nat2000) * Share density class
Slope * share density class
South * share density class
Ln(dist Nat2000) * Avg. travel time
Slope * Avg. travel time
South * Avg. traveltime
Ln(dist Nat2000) * Avg. built-up cells
Slope * Avg. built-up cells
South * Avg. built-up cells
Ln(dist Nat2000) * Imperviousness
Slope * imperviousness
South * imperviousness
Constant
Observations
Adjusted R2
Variable

(7)

(8)

(9)

Ln(distance from Natura2000)

0.242
(0.155)
− 0.042***
(0.012)
− 0.550***
(0.143)

0.252
(0.152)
− 0.048***
(0.012)
− 0.584***
(0.144)

0.124
(0.158)
− 0.044***
(0.012)
− 0.505***
(0.145)

Slope
South
Share density class (%)
Avg. travel time to nearest town (min)
Avg. built-up cells within 5 × 5 window
Median imperviousness
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0.032
(0.019)

− 0.123*
(0.062)

− 0.024*
(0.012)
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Table 4  (continued)
Variable
Ln(dist Nat2000) * Share density class
Slope * Share density class
South * Share density class
Ln(dist Nat2000) * Avg. travel time
Slope * Avg. travel time
South * Avg. travel time
Ln(dist Nat2000) * Avg. built-up cells

(7)

(8)

0.027
(0.034)
− 0.001
(0.004)
0.004
(0.042)

− 0.068
(0.105)
− 0.010
(0.009)
0.073
(0.131)

Slope * Avg. built-up cells
South * Avg. built-up cells
Ln(dist Nat2000) * Imperviousness
Slope * imperviousness
South * imperviousness
Constant
Observations
Adjusted R2

5.736***
(0.077)
100
0.265

5.736***
(0.078)
100
0.290

(9)

− 0.015
(0.024)
0.004
(0.002)
0.054**
(0.026)
5.776***
(0.079)
100
0.283

Regression models (1) to (6) consider the share of people in different density classes
Regression coefficients of models considering main and interaction effects (standard errors are in parentheses)

prone to further expansions. This is also consistent
with the European Commission’s harmonised definition of cities and rural areas, going under the name
of “new degree of urbanisation” (Dijkstra & Poelman,
2014), which sets exactly at 1500 people km−2 the
density level above which are city centres.
The positive association between the centrality variable and land take affords some considerations on both the ratio of urban to rural dwellers and
the accessibility of urban centres. On the one hand,
assuming the utilized definition of urban area is
appropriate (an area of at least 5000 people living at
densities above 300 people k m−2) (Dijkstra & Poelman, 2014), the more people live in a rural context,
and hence at some distance from an urban area, the
more land take we can expect in the future. While
this is in conflict with studies detecting a positive

correlation between increases in urban population
and land take (Angel et al., 2011; Zhang & Su, 2016),
it is perfectly consistent with the idea that smaller
fragments of built-up land may become the seeds of
future developments. This is in fact what happens in
Italy, where spontaneous developments around historical structures in rural settings, also called “sprinkling” (Romano et al., 2017a), are well-known and
may have worse consequences than traditional sprawl
(Romano et al., 2017b). On the other hand, the farther people live from urban centres, in terms of time
needed to get there, the more land take we can expect
in the future. This is also counterintuitive in the light
of location theory (Alonso, 1964) and the notorious
positive association between land take and accessibility (Braimoh & Onishi, 2007), yet it is consistent with
the idea that isolated communities expand through
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Fig. 4  Potential reduction in land take over a 6-year time
span owing to interventions on the distribution of people
across density classes (a); the proximity of the population to
urban centres (b); the contiguity of urbanization patterns (c);
and intervention likely to guarantee the greatest reduction in
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each administrative unit (d). Values were not computed for the
Province of Avellino (shown in white) as none of its neighbors
were included in the analysis due to incomplete information on
imperviousness in 2006

GeoJournal

more land-intensive developments given lower land
prices. Moreover, the fact that the variable adopted
to measure centrality (per capita travel time to nearest
urban centre) is poorly correlated with the size of a
NUTS3 administrative unit (ρ = 0.22), suggests these
considerations hold true no matter the context. From
a planning perspective, it is then important to make
sure that most new developments take place in and
around cities and that small isolated communities do
not grow excessively.
The coefficient of the contiguity variable complements findings by Burchfield et al. (2006): it is not
just development on unincorporated land (i.e. areas
beyond the municipal boundary, where planning
regulations are lacking or weaker) that induces more
sprawl and therefore land take, but also just poorly
contiguous development. Considering how the variable was measured (i.e. 100 m x 100 m filter detecting the amount of built-up cells around each built-up
cell), we can say that even micro-scale lack of contiguity, such as a rough city boundary, might induce
a considerable expansion of impervious surfaces over
time. As lack of contiguity is generally the outcome
of weak spatial planning, our findings are consistent with a vast literature pointing to a negative association between regulation and land take (Burchfield
et al., 2006; Huang et al., 2009; Nuissl & SchroeterSchlaack, 2009; Wang et al., 2017). From a policy
perspective, this is a call for a strong and unitary
spatial planning that prevents voids and leapfrogging
as these can then stimulate land-intensive ancillary
developments.
Results suggest the explanatory power of the
above-mentioned variables is comparable or even
higher than that of average population density, a common predictor of path-dependent land-taking processes. We found population density to be inversely
related to land take, in line with previous studies
considering the number of people per area of sealed
land (Siedentop & Fina, 2012) or housing density
(McDonald et al., 2010; Paulsen, 2014), but in conflict with findings by Zoppi and Lai (2014) and Zoppi
and Lai (2015), who considered average population
density too. This may be due to the choice of the
dependent variable, which in the latter studies was the
percentage of an administrative unit’s area changing
from non-artificial to artificial status, whereas in this
study was the additional land take over the monitored

period as a proportion of land take at the start of the
period.
The significance of the selected compactnessrelated variables was tested in a model that controlled for basic determinants of land take including
regulation (distance from Natura 2000 areas), geography (slope) and the economy (South). Regression
coefficients for these predictors are consistent with
the literature, whereby the distance from protected
areas is positively (or the extent of protected areas is
negatively) associated with land take (Zoppi & Lai,
2014), slope is negatively associated with land take
(Christensen & McCord, 2016; Zoppi & Lai, 2014)
and income (which is lower in the South) is positively
associated with land take (Angel et al., 2011; Deng
et al., 2008, 2010). In fact, while the binary variable South can account for the major economic gap
between the North-Center and the South, it may have
also captured a wider array of aspects varying significantly between these two parts of the country, including the density of transport infrastructures, the extent
of industrial areas and the impact of planning regulations. Purely monetary variables, such as GDP per
capita and growth of GDP per capita, proved either
poorly significant or badly affected by the 2008 financial crisis, and were therefore deemed unsuitable for
the basic model.
Results of the analysis of interaction effects conducted to answer the second research question,
though limited, have nonetheless some relevant planning implications. Increasing distances from, or a
smaller extension of, protected areas may reduce the
land take restraining power of having a higher share
of people in a medium to high density class, whereas
steeper slopes can enhance such power. This highlights the importance of establishing protected areas
particularly in flat territories as a way to ensure housing policies aimed at increasing the share of people in
medium to high density classes can actually deliver
their calming effect on land-taking processes over
time. The location of an administrative unit seems
to have an effect on the impact of the median level
of imperviousness, with land-taking processes being
slowed down by higher degrees of imperviousness in the North-Center and being accelerated in
the South. This might reflect more land take around
large extensions of low-imperviousness peri-urban
areas (e.g. low-density suburbs, business parks) in
Vol.: (0123456789)
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the North-Center and around completely filled (and
therefore highly impervious) urban areas in the South.
Results of the analysis conducted to answer the
third research question, though purely theoretical,
show that intervening now on population distribution across density classes, centrality and contiguity
may allow a significant containment of land-taking
processes in the future. A 6% land take reduction,
the minimum any of these measures might achieve,
implies that an average province, with 12,000 hectares
of land take at the start of the period and an expected
300 m2 of extra land take per hectare of initial land
take, could spare 21.6 hectares (or more than a fifth
of a km2) of natural land over the next 6 years. Under
the most optimistic scenario, figures might be 6 times
higher. The magnitude of these land take reductions
depends on the combination of measure adopted (e.g.
increasing the share of people living in a mid-density
context vs. enhancing centrality) and improvement
that is possible in a given province. We assumed
the latter to be approximated by the performance of
neighboring administrative units, though this may
over- or underestimate the achievable improvement
in case one or more of the neighbors present peculiar historical, social, governmental or geographical
conditions that have allowed particularly high or low
levels of the variables describing the three aspects.
These results have to be considered merely theoretical for another couple of reasons though. First, the
proposed interventions on density, centrality and
contiguity may prove impossible in a given province
for practical reasons (e.g. lack of funding, planning
regulations, market conditions, people’s preferences).
Second, the elasticity values measured through the
OLS model hold true over a limited range around the
mean, while they may be rather biased for marked
improvements on any of the three aspects.
In addition to those already mentioned in previous paragraphs, this study has further limitations
that are due to specific methodological choices.
Among empirical studies on the determinants of
land take and urban sprawl, this is in fact one of
very few (Burchfield et al., 2006; Paulsen, 2014)
to regress the extent of land take or the degree of
sprawl at the end of a period against urbanization
patterns at the start of the period as a way to capture
path-dependent processes. The fact that variables
chosen to measure the four aspects of compactness
were computed based solely on conditions as of
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2006 (i.e. no consideration of where development
took place between 2006 and 2012), though contributing to making our findings “policy-ready” (i.e.
knowing current urbanization patterns, policy-makers can use our estimates to predict their impact on
future land take), may have reduced the goodnessof-fit of the model.
As to the above-mentioned four variables, each of
them has some weakness. The effect of population
distribution was investigated using a set of classes
that may not perfectly reflect different living environments throughout the country. Centrality only
accounted for access to cities at large, while largely
disregarding attraction flows to the main services,
which may be decentralized but still foster land take.
Contiguity was measured through an ad hoc variable
that is based on an assessment of the land use pattern
within a 50-m radius, although fragmentation may
be better detected using other radii. Imperviousness
was summarized using a statistic (i.e. median) that
can hardly capture how it actually varies throughout
a NUTS3 region.
Another important methodological decision
behind this study regards statistical units, which are
not cities or metropolitan areas (Burchfield et al.,
2006; Paulsen, 2014), but small regions encompassing urban and rural areas as well as uninhabited territories. While this decision allowed us to (at
least quantitatively) capture shifts of development
between city and countryside, it has certainly made
the interpretation of results difficult (i.e. harder
to speculate where certain urbanization patterns
encourage further development). As a side note, the
use of these larger statistical units also forced us to
work with a relatively small sample size (n = 100):
something that may have reduced the number of
significant parameters obtained, but that certainly
gives even more credibility to the significant ones.
In fact, the sample size was smaller than anticipated because some statistical units had to be eliminated for either lack of data or their outlier nature.
While units eliminated for the former reason are a
minor issue, those eliminated for the latter reason
may have affected the results because they represent
some of the most economically dynamic areas in
Italy (therefore likely experiencing strong increases
in land take). Their elimination was unavoidable,
however, because the minimal difference between
urbanized area and overall area characterizing them
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(and somehow fostering more compact development) puts them on an entirely different level compared to all others.
Being almost entirely based on European-level
data, the methodology adopted in this study is
easily replicable in any other European country,
although context-specific considerations may be
needed for the definition of ad hoc control variables
(e.g. binary variables defining different geographical regions) and the interpretation of results. Application of the method in other contexts instead may
be thwarted by lack of high-resolution land cover
data, which would make the estimation of land take
and the assessment of contiguity and imperviousness largely inaccurate.
The findings of this study corroborate the notion
that, when it comes to land take and urban sprawl,
past development affects future conditions. Having
quantified the impact of density, centrality and contiguity on the future expansion of impervious surfaces, it gives policy-makers some reference about
which land take reductions they can reasonably
expect from intervening on each of these aspects.
Further research is needed to confirm the validity of
our results and to figure out the feasibility of interventions on the aspects above.
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