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Urban growth models are established to simulate complex dynamic processes of urban development, such as
urban sprawl. According to the pattern-oriented modelling (POM) paradigm, recently gaining weight in ecology
as a strategy for modelling complex systems, patterns at multiple scales should be considered to reflect the
underlying processes of a complex system. Yet, calibration and validation of urban growth models is typically
performed with a goal function of locational (cell-by-cell) agreement only, thus not in line with POM. We
therefore examined POM as an approach to calibrate and validate (constrained) cellular automata for the Eu
ropean cities Warsaw, Milan, and Dublin. For Milan and Warsaw, the model structures identified with POM
outperformed reference solutions calibrated on a single pattern with improvements up to 25% and 30%,
respectively. For Dublin, no good model structure was found, but POM did help to recognize this problem, while
locational agreement only failed to do so. Furthermore, the model structures identified with POM were more
diverse, i.e. including more driving factors. In these diverse structures, the importance of the neighborhood effect
relative to the infrastructure and land use effects reflected the polycentricity of the city as well as its type of
sprawl: from monocentric edge expansion in Dublin to in-between ribbon sprawl in Warsaw to polycentric infill
development in Milan. We conclude that POM improves the robustness of urban growth model calibration and
validation, and obtains more dependable information about the processes driving urban sprawl that may serve
the design of instruments to limit it.

1. Introduction
Urban sprawl is low-density suburban development (Carruthers and
Ulfarsson, 2003), a result of a complex function of socio-economic, de
mographic, political, technological, and geophysical drivers (EEA,
2016). It varies in terms of morphological characteristics (Harvey and
Clark, 1965), the patterns of de-concentration of activities (Gayda et al.,
2005), and the driving forces behind it (Ekers et al., 2012;
Pichler-Milanović, 2007). To analyze urban sprawl, or urban growth in
general, the concept of Complex Adaptive Systems (CAS) has been
adopted (Batty, 2008; Torrens and Alberti, 2000; White et al., 2015), a
theory considering a system as a set of many interacting elements that
evolve over time in relation to their environment (Chan, 2001). The core
principle of CAS is that the behavior of the interacting elements, i.e. the
‘micro-level’ behavior, is chaotic and unpredictable, while the emergent
patterns at the macro-level are steady and, as such, characterize the
system (Miller and Page, 2007). Urban sprawl specifically matches this

principle, as the growth process is described as “unplanned, and/or
uncoordinated” (Nelson et al., 1995 as cited in Carruthers and Ulfarsson,
2003), while the macro-level patterns exhibit common characteristics
between cities reflecting the sprawl type, e.g. edge expansion, leap
frogging or ribbon sprawl (Harvey and Clark, 1965).
Cellular automata (CA)-based models implement the concepts of
CAS. Thereby, CA, or more specifically a ‘constrained’ form, which does
not fully apply the mathematical definition of CA, are well fitted to
simulate urban development (Santé et al., 2010). Urban growth CA are
popular tools to simulate the development in regions affected by urban
sprawl (Al-shalabi et al., 2013; Barredo et al., 2004; Clarke and Cou
clelis, 2005; Ou et al., 2019; Pijanowski et al., 2006; Silva and Clarke,
2002), for example to assess the costs of the unplanned development
(Deal and Schunk, 2004), to analyze the importance of particular driving
factors behind the sprawl (Caruso et al., 2009; Fang et al., 2005), as well
as to provide quantifiable evidence to support sustainable urban policies
(Batisani and Yarnal, 2009; Caruso et al., 2009; Lagarias, 2012; Sun
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et al., 2007).
Despite the broad application of the urban growth CA, issues related
to their calibration and validation are recognized (Lin et al., 2020; Santé
et al., 2010; van Vliet et al., 2016). Calibration is the process of identi
fying suitable values for a model’s parameters for a certain case study
(Rykiel, 1996). These suitable values are identified by finding the best fit
between model outputs and historic observations of the case study area
using a goal (or fitness) function, which objectively describes the
goodness of fit (Nielsen, 1992). Validation, on the other hand, is testing
how well the calibrated model performs when its output is compared
against an independent set of observations, i.e. not used in the
calibration.
In urban growth modelling, classified remote sensing images are
typically the observations in both calibration and validation (Feng et al.,
2018; Herold et al., 2003; Pijanowski et al., 2006; Soares-Filho et al.,
2002; Trunfio, 2006). As a goal function, a cell-by-cell comparison be
tween model output and these observations is mostly used (Li et al.,
2013; van Vliet et al., 2016). We argue that this locational, and thus
micro-level, approach is in conflict with the notion that cities are CASs,
thus having chaotic and unpredictable micro-level behavior. Instead,
one should aim at finding a model structure that captures the charac
teristic macro-level patterns of cities. A research gap can be thus iden
tified between the CAS characteristics of cities and the currently used
urban growth model calibration and validation methods.
Grimm, who recognized a similar problem in ecological analyses and
models about 20 years ago, proposed Pattern Oriented Modelling
(POM), a strategy that aims at defining and explaining the characteristic
patterns of a system (Grimm, 1994). In POM, a pattern is defined as any
occurrence beyond random variation. The main idea behind POM is that
multiple patterns observed at different scales and hierarchical levels
have the capability to define the attributes and processes of the system
and provide information regarding the system’s organization and
structure (Grimm et al., 2005; Grimm and Railsback, 2012). Our
expectation is that POM can provide a means for more robust calibration
and validation of urban growth CA.
Although POM has not been used in urban growth model calibration
and validation explicitly, aspects of it can be recognized in some studies
of the more general process of land use change. For example, Cottineau,
Chapron and Reuillon (2015) used the POM aspect of multi-level
complexity to simulate the evolution of the urban hierarchy in Soviet
Union. Magliocca and colleagues designed a multi-scale agent-based
land use change model (Magliocca et al., 2015; Magliocca and Ellis,
2013) aiming at linking global and local scale behaviors. In this work,
economic and livelihood quality indicators were used in the goal func
tion for calibration (Magliocca and Ellis, 2013) and validation
(Magliocca et al., 2015). More generally, implicit introduction of POM in
the calibration of land use change models can be observed in recent
studies given that landscape metrics, i.e. macro-level patterns, are
applied as a fitness measure in the goal function. Many of these studies
use landscape metrics alone (Herold et al., 2003; Newland et al., 2015;
Soares-Filho et al., 2002; Trunfio, 2006; White et al., 2000), or in
combination with locational accuracy metrics (Clarke et al., 1996;
García et al., 2013; Li et al., 2013; Lin et al., 2020; Newland et al., 2018;
Roodposhti et al., 2020; Silva and Clarke, 2002), but none of them
systematically analyses the difference in model performance between
goal functions with a single (thus single-level) metric and multiple
metrics on multiple levels over multiple case studies. Thereby, it is still
unknown if POM can be a means to improve simulation models of urban
growth in general or urban sprawl specifically.
Therefore, we aim to evaluate the influence of introducing multilevel metrics into the goal function on the optimal model structure
(identified parameter values in calibration) and on the accuracy of the
model projections (validation) of an urban growth CA. Hereto, we
calibrate and validate an urban growth CA for three European cities that,
based on the existing literature (EEA, 2016), are known to have expe
rienced a high degree of urban sprawl but vary in spatial extent or form

of urban sprawl: Warsaw, Milan, and Dublin. Our specific research
question is: To what extent is urban growth model calibration and
validation with POM effective in finding accurate model structures in
comparison to the current practice of calibration on a single (micro-
level) pattern? We will answer this question from a quantitative
perspective, through model validation, as well as from a qualitative
perspective, by discussing if and how the derived model parameter
values mirror the policies and urban sprawl patterns and processes in the
three case study cities.
In the next chapter, the urban growth model is described, the multilevel metric selection is substantiated, the calibration and validation
methods are outlined, and the case studies are introduced. Chapter three
provides and explains the results while chapter four discusses these re
sults in the context of our research question. The final chapter summa
rizes our findings.
2. Methods
2.1. Urban growth model
The urban growth CA used in this study is an amended version of the
PCRaster Land Use Change model (Verstegen et al., 2012). The CA has
two cell states: urban and non-urban. It is a ‘constrained’ CA (Santé
et al., 2010) in the sense that the total required urban area (demand) in
the case study in each time step is defined exogenously. If this demand in
time step t + 1 is higher than the current urban area in time step t
(supply), non-urban cells are converted to urban cells, starting from cells
with highest suitability value, until the demand is fulfilled. This con
version is subject to allocation constraints posed by protected areas,
areas too steep for building (≥ 30◦ ), roads, and water. If the demand is
lower than the supply, urban cells are converted to non-urban cells,
starting from cells with lowest suitability value.
To define the suitability value of each cell in the study area, we use
geophysical drivers of location that represent the spatial variation in the
study areas. In contrast, the socio-economic, demographic, political, and
technological drivers are expected to influence the amount of sprawl
(demand) and/or indirectly influence the location of urban growth by
controlling the importance of the drivers of location (see Section 2.2.6).
Four drivers of location are included in our current study: fraction of
urbanized area in the cell neighborhood (NEIGH), distance to train
stations (TRAIN), travel time to the border of the largest city (TRAVEL)
and current land use type (LU). These four drivers of location are
selected on the basis of the superposition of the most influential drivers
(Aburas et al., 2016), the most frequently used (Santé et al., 2010) and
with a confirmed correlation with urban development (Liu and Zhou,
2005).
The suitability of each cell is computed as a weighted sum of the
normalized drivers of location, subject to a random distortion factor,
following Barredo et al. (2004). The four ‘weights’ are the parameters to
be calibrated; they indicate the relative importance of the drivers of
location. A weight of zero is possible; it entails that the respective driver
of location is excluded. As such, the calibration can structurally change
the CA. We refer to ‘model structure’ as the included set of drivers of
location and their respective weights after calibration.
2.2. Calibration and validation using POM
2.2.1. Metrics
POM prescribes the use of metrics at multiple levels, including the
micro level. Currently, locational (micro-level) metrics are typically
used to compare observed and modelled urban areas as input for the
calibration of urban growth models (see introduction) (Van Vliet, 2013).
Out of these metrics, we use the allocation disagreement metric (A)
describing the relative amount of differences in classes between two
rasters (Pontius and Millones, 2011).
The landscape (macro-level) properties can be analyzed with
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landscape metrics on three additional levels: 1) patch level, where patch
is understood as a relatively homogeneous area, distinct from its sur
roundings; 2) class level, considering the set of patches of the same type
and 3) landscape level; understood as the set of all patches in the area
under examination (Botequilha-Leitão et al., 2006). Here, we aim to use
one patch-level metric and one landscape-level metric. Class level met
rics are not used, as for our model that considers only two classes (urban
and non-urban) class level is equivalent to landscape level.
In line with POM, we study a larger number of metrics before coming
to the final selection of these two. The metrics studied are: the
compactness index of the largest patch (CILP), the patch cohesion index
(COHES), the contagion index (CONTAG), edge density (ED), fractal
dimension index (FDI), the largest-patch index (LPI), patch density (PD)
and the weighted fractal dimension Index (WFDI), (Mcgarigal, 2015).
The mathematical functions of the metrics are provided in Table A1 in
Appendix 1. To capture spatial variation within the case study area,
landscape metrics are computed per ‘zone’, being a square block at a
higher aggregation than a cell (see Section 2.4 for the delineation of the
zones in the case study areas), instead of computing one value for the
whole case study area. The zone-approach was dropped for metrics for
which it resulted in double counting (e.g. the largest patch stretching
over multiple zones).
The selection of two metrics from the eight listed above is based on
the following criteria: 1) a pattern (non-random variation (Grimm,
1994)) in metric values is observed over time for the case studies, 2) the
modelled metric values are sensitive to changes in the model parameter
values, and 3) one is a patch-level metric and the other a landscape-level
metric.

solutions P1 is selected on the basis of o1 , solution P2 is selected on the
basis of o2 , and solution P3 is selected on the basis of o3 . Second, an
averaged model structure is calculated: for each driver of location the
weight is assigned equal to the average value of the weights of this driver
for solutions P1-P3.
Next, each solution is compared to every other solution in the
parameter space in order to find the non-dominated solutions, optimal in
the Pareto sense (Pareto, 1964). Non-dominated entails that there is no
other solution that performs better in one objective without worsening
at least one other objective (Trunfio, 2006). When the objective values
of the non-dominated solutions are plotted, they together form the
so-called “Pareto front”. The Pareto front visualizes the trade-offs be
tween the objectives. The non-dominated solutions by definition include
P1, P2, and P3, at the extremes of the Pareto front. All other solutions
than P1, P2, and P3 in this set can be seen as ‘POM solutions’ as they
represent compromises between the three objectives. From these
non-dominated solutions, the solution with the structure most similar to
the previously defined average is selected as P4 to serve as a represen
tative POM solution in our further analyses. Herein, we apply the con
dition that all factors included in the average (i.e. all with non-zero
weights) have to be included in P4 too.
2.2.4. Calibration technique
Although our methodological set-up allows for any type of calibra
tion technique, we here apply a brute-force calibration as it is the most
simple, straightforward and thereby transparent calibration technique.
Brute-force calibration entails testing all possible parameter value
combinations given a number of parameters, their value range, and the
step size within this range. Our urban growth CA has four parameters,
the weights of the drivers of location NEIGH, TRAIN, TRAVEL, and LU.
All of them can range from zero to one with the constraint that the four
have to sum to one. We use a step size of 0.1, leaving us with 286
parameter combinations to test per case study. We use a split-sample
approach over time to divide our observations into a calibration and a
validation set (see Section 2.4.4 about the data sets).

2.2.2. Objectives
The goal in calibration is to minimize the difference between the
modelled and observed urban patterns. For the A, the comparison be
tween modelled and observed is already implemented in the metric it
self, while for the two landscape metrics the Root Mean Squared Error
(RMSE) is used for the comparison. As such, the three objectives in the
goal function, o1 , o2 , and o3 , are as provided in Eqs. 1, 2, and 3.
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⎫
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⎭
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T
1∑
o3 = minimize
A(zm,t ,
T t=1

2.2.5. Quantitative performance: validation
In the quantitative performance assessment, we validate the com
plete set of non-dominated solutions identified in the calibration using
the same goal functions as in the calibration. Our hypothesis that POM
outperforms calibration on individual objectives would be supported
when we find that P4 (or other compromise solutions) projects urban
growth more accurately, in terms of the three objectives, than P1, P2,
and P3 in the validation period. To test this hypothesis, we determine
which of the non-dominated solutions identified in the calibration
period are non-dominated in the validation period, and we expect that
P4 is among these, while at least some of the single-objective solutions
(P1-P3) are not.
Finally, we analyze which of the objectives is the source of a po
tential low performance in the validation period. Hereto, we compute
Spearman’s rank correlation coefficient (Spearman, 1904) between the
objective values in the calibration period and the objective values in the
validation period for each objective for all non-dominated solutions.
That means that we compare, for each objective, the rank of a model
structure in the calibration period with its rank in the validation period.
A high correlation coefficient implies a similar order of performance of
solutions for that objective in the calibration and validation period,
while a low or negative correlation coefficient implies that good solu
tions for that objective in the calibration period are inferior in the
validation period and the other way around.

(2)

}
zo,

t)

(3)

In Eqs. 1, 2, and 3, t is the time period with t = 1, 2, … T, and s is the
zone with s = 1, 2, …, S. As such, zm,t,s is the modelled system state at the
end of time period t for zone s, while zo,t,s is the observed system state at
the end of time period t for zone s. Finally, MPATCH(), MLANDSC(), and
A() are the functions to compute the selected patch-level metric, the
selected landscape-level metric, and the Allocation Disagreement,
respectively, where the first two functions require one input each
(modelled or observed system state), and the last one requires two inputs
(both modelled and observed system state).
2.2.3. Goal function
In order to reach our aim of evaluating the influence of introducing
multi-level metrics into the goal function on the optimal model structure
(identified parameter values in calibration) and on the accuracy of the
model projections (validation), we compare the results of goal functions
based on one objective (o1 , o2 , OR o3 ) with a goal function including all
three objectives. So, first, three ‘best’ model structures are identified:

2.2.6. Qualitative performance: model structure realism in the context of
land use policies and socio-economic developments
The found optimal model structures reflect the included set of drivers
of location, and their importance (weights). Through indirect effects and
the demand this selection and importance links to other drivers of urban
3
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Fig. 1. Case study areas, including the zones for which some of the landscape metrics are assessed (see Section 2.2.1).
Data source: ArcWorld Supplement (ArcGIS Hub, 2020), EU-DEM (Copernicus, 2018a).

sprawl, socio-economic, demographic, political, technological, or
geophysical. In this context, we discuss if and how the derived model
structures mirror the policies and urban sprawl patterns and processes in
the three case study cities as a qualitative performance assessment.
Hereto, we use information about the case study cities from literature
(see Section 2.4), the implemented planning regulations in particular.
The correspondence between the model structure obtained using POM
and the policies and urban sprawl patterns is two-fold: on the one hand,
it indicates the effectiveness of POM in reproducing a realistic model
structure and, on the other hand, it reflects the influence of the planning
regulations introduced, which may help to evaluate these.

NUTS 3 region containing the core city. In the rest of this paper, the case
study areas are referred to by the name of the core city, i.e. Dublin,
Warsaw, and Milan. Despite the universal character of urban sprawl,
varying land use policies and socio-economic developments have
resulted in a range of urban forms over our three case study areas (Ekers
et al., 2012), from a monocentric urban development pattern in Dublin,
through the metropolitan character of Warsaw, to the complex poly
centric layout in Milan, as discussed in the following.
2.4.1. Dublin
Dublin is the capital and the largest city of Ireland, located at the east
coast of Ireland, north to the Wicklow Mountains. It is a dominant
economical center in the country, providing jobs for at least 40% of the
workforce from the commuter towns in its area (Barrett, 2018). The
coverage of built-up area in the Dublin case study was 766 km2 in 2018,
which is a 60% increase compared to 1990 (Fig. 2). The sprawling
character of the Dublin-city region is strongly related to the accelerated
economic growth in the 1990 s and 2000 s, called the Celtic Tiger period
(Ahrens and Lyons, 2019). The development pattern was twofold. On
the one hand, rapid development of technological and industrial infra
structure occurred at the edges of the city (Williams et al., 2014). On the
other hand, the undersupply of housing, coupled with poorly imple
mented strategic planning and rapidly increasing property prices, fol
lowed by economic implications of the real estate crisis in 2008, caused
an accelerated expansion of towns and villages located in a commuter
belt of up to 100 kilometers from the city core. The idyllic picture
associated with rural dwellings and the low-density development, pro
moted by the spatial planning policies, encouraged movement of people
to the countryside, creating a pattern of dormitory towns outside the
core city boundaries (Ahrens and Lyons, 2019; Shiels et al., 2007;

2.3. Implementation
The urban growth CA, landscape metric formulation, brute force
calibration, and validation were implemented in Python version 3.7,
using the PCRaster Python framework version 4.3 (Karssenberg et al.,
2010). The source code can be found in the following repository: https
://github.com/JudithVerstegen/RegionalUrbanGrowth/tree/v1.0 (Ver
stegen and Goch, 2021). The model was run on a High Performance
Computing cluster with a Xeon Gold 5118 processor, 1 node with max.
72 CPUs, using 8 GB RAM, running Linux version 3.10.
2.4. Case studies
We selected three case study areas based on three criteria 1) in
Europe, 2) large amount of urban sprawl in the last three decades, and 3)
diverse in terms of spatial planning systems: Dublin (Ireland), Warsaw
(Poland) and Milan (Italy) (Fig. 1). The case study areas are square re
gions of 160 km width and length with a center in the centroid of the

Fig. 2. Built-up areas over time in the three case studies in total (left) and the growth relative to 1990 (right). The words ‘cal’ and ‘val’ indicate the calibration and
validation period, respectively (see Section 2.4.4).
Data source: Corine Land Cover (Copernicus, 2018b).
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environments – a peri-urban area (Pucci, 2017; Salata, 2017), charac
terized by a polycentric, complex and varied socio-economical network
of a low density continuous development. The city of Milan itself is
characterized by a spatially-heterogeneous re-urbanization (Carlucci
et al., 2018). Currently, the land use development in the region takes
place in the form of densification of settlements, creation of connecting
infrastructure, and introduction of agro-environmental rebalancing
measures (Cattivelli, 2020).

Table 1
Data sources for the urban-growth model set-up for the three case studies
Dublin, Warsaw, Milan.
Dataset

Source

Initial system state

CORINE Land Cover (CLC) inventory (Copernicus,
2018b), 1990
• Modelled system state at t
• Open Street Map (OpenStreetMap Foundation, 2019)
• SEDAC (CIESIN, 2013)
• CORINE Land Cover (CLC) inventory (Copernicus,
2018b),
1990, reclassified according toTable A2 (Appendix 2)
• NATURA2000 database (EEA, 2019)
• EU-DEM inventory (Copernicus, 2018a)
• CORINE Land Cover (CLC) inventory (Copernicus,
2018b), 1990
CORINE Land Cover (CLC) inventory (Copernicus,
2018b), 2000
CORINE Land Cover (CLC) inventory (Copernicus,
2018b), 2006

Inputs to drivers of
location:
• NEIGH
• TRAIN
• TRAVEL
• LU
Allocation constraints:
• Protected areas
• Slope
• Water
Observations for
calibration
Observations for
validation

2.4.4. Input data
The following spatial data are required to set up and calibrate the
urban growth CA for each case study area: 1) an initial land use raster, 2)
spatial data to compute the drivers of location, 3) spatial data to define
the allocation constraints, and 4) observational data for calibration and
validation. The same, Europe-wide freely-available data sets are used for
the three case studies (Table 1).
As the observational data for calibration and validation, we use the
CORINE Land Cover (CLC) data set, which contains land cover data for
1990, 2000, 2006, 2012, and 2018. Originally, we intended to split these
data equally between calibration and validation in two parts, i.e. a
calibration period 1990 – 2006 and a validation period 2006 – 2018.
However, two problems with this set-up were identified 1) for all three
cities, the amount of expansion is high before 2006, but low after 2006
(Fig. 2), and 2) the economic crises occurred in 2008, strongly affecting
the real-estate market and subsequently the urban development pat
terns. These aspects are likely to have caused a change in the working of
the system - a so-called systemic change (Verstegen et al., 2016) - be
tween the intended calibration and validation period. As such, an
affirmative validation result was not to be expected with that split, and
indeed that was the case in two out of our three case studies with that
set-up. Although we were able to explain this result, a non-working
example was not considered a good starting point for illustrating a
proposed method.
To avoid these problems and keep a sufficient amount of change in
urban area in both periods, 1990–2000 is selected as the calibration
period and 2000–2006 as the validation period (Fig. 2). As such, in both
calibration and validation, T only encompasses a single period: in cali
bration, t1 = 1990–2000, and in validation, t1 = 2000–2006 (Eqs. (1),
(2), and 3).
The only non-spatial model input is the urban area demand; this is
computed from the observational data (Copernicus, 2018b) and linearly
interpolated between observation years (Fig. 2). For each case study, the
spatial extent is 160 km x 160 km, the spatial resolution is 100 m, the
number of zones, S in Eqs. (1) and (2), is 16 (Fig. 1), the temporal extent
is 16 years, and the temporal resolution is one year.

Williams et al., 2014). This denotes a leap-frog urban sprawl type
(Harvey and Clark, 1965), composed of discontinuous patches of ur
banized land.
2.4.2. Warsaw
Warsaw is the capital and the largest city of Poland, located at the
Vistula river, in the flat Mazovian Lowland. The built-up area in the
Warsaw case study was 2013 km2 in 2018, which is a 79% increase
compared to 1990 (Fig. 2). The development pattern in this case study is
linked to economic and legislative aspects. The fall of the communist
regime in 1989 caused a shift from a central planning towards a market
economy. The lack of coordinated spatial planning, an increase in pur
chasing power of the society, and the desire for private ownership
accelerated the development of single-family housing in the suburbs.
Issues concerning insufficient housing resources and real estate restitu
tion in combination with the growth of motorization stimulated urban
sprawl. This was reinforced by the mass unemployment, caused by the
economic transformations, leading to development of the Small and
Medium Enterprise (SME) sector, mostly in suburban areas (Gorzelak
and Smętkowski, 2012; Pęczek et al., 2015). At the same time, the region
became a primary focus for both domestic and foreign investment after
transition from central to market economy and particularly after the
Poland’s accession to the EU in 2004 (European Commission, 2019).
Moreover, the free-market economy reorganized the system of services
and let to locating hypermarkets and shopping malls in the easily
accessible city outskirts, encouraging their development to even higher
degree. Altogether, this resulted in landscape deformation, creating a
scattered pattern of development (Harvey and Clark, 1965) character
istic for post-socialist cities (Pęczek et al., 2015).

3. Results
3.1. Calibration
3.1.1. Landscape metric selection
Most of the eight landscape metrics show a pattern over time for all
three case studies (Fig. 3, left-hand panels). For CONTAG (minimum
values going up and down for Dublin), the LPI (values going up and
down for Warsaw), and PD (values going up and down for Milan and
Dublin) the patterns are unclear, so we discard these. The values of all
landscape metrics are sensitive to changes in the parameter values
(Fig. 3, right-hand panels).
This leaves us three patch-level metrics, CILP, FDI, and WFDI, and
two landscape-level metrics, COHES and ED, to choose from. We pick
the ones demonstrating the most striking differences between case
studies: WFDI, for which the parameter values resulting in the lowest
RMSE for Dublin result in one of the highest RMSE values for Milan, and
COHES, for which increasing RMSE values for Milan and Warsaw
overlap with the minimum RMSE values in Dublin. As such, o1 is now the
minimization of the RMSE of the WFDI and o2 the minimization of the

2.4.3. Milan
Milan, located in northern Italy, is the capital of the Lombardy region
and one of the most productive cities in Europe in terms of fashion,
banking, and commerce (Carlucci et al., 2018). The city is located be
tween the river Po and the south and Alpes, with three great lakes to the
north. The functional area of Milan is the largest European urban area
not belonging to a capital city (Eurostat, 2019). The built-up area in the
Milan case study was for 2927 km2 in 2018, which is a 22% increase
compared to 1990 (Fig. 2). The urbanized area has developed steadily
after the Second World War, commonly around the traditional built-up
centers of the region, giving an example of an infrastructure-related
urban sprawl (Pichler-Milanović, 2007). However, after 2000 disper
sion and fragmented distribution of activities (settlements, population,
jobs) can be observed (Ronchi et al., 2018). The case study covers a
complex urbanized area, comprising a plurality of settlement and living
5
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Fig. 3. Change over time in the values of the eight candidate landscape metrics (left), and variation in the root mean squared error (RMSE) of the landscape metrics,
standardized through a division by their standard deviation, and the locational metric (A) with changes in the parameter values for the calibration period
(1990–2000) (right). For the time series (left), metrics computed per zone as shown as boxplots of all zonal values, where the whiskers extend to the full range
(minimum and maximum value over all zones).

RMSE of COHES; o3 is the Allocation Disagreement (see Section 2.2.2).

there are trade-offs between these three objectives. This indicates that
the three metrics hold different information, and that using only one of
them, as is often done in current urban growth model calibrations, re
sults in models that do not capture all emergent patterns of urban
growth, or urban sprawl in our case studies.
Accordingly, the three extremes of the Pareto front (P1, P2, P3), thus
optimized based on one metric each, and the compromise solution (P4)
all resulted in different model structures (Fig. 5). Overall, the selected

3.1.2. Model structure
The selection of non-dominated solutions for the calibration period
resulted in 18 solutions for Dublin, 21 solutions for Milan and 39 solu
tions for Warsaw (Fig. 4, left-hand panels). The fact that there are
multiple optimal solutions implies that there is no single model structure
that gives lowest errors in WFDI, COHES, and A at the same time; instead
6
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Fig. 4. Performance of non-dominated solutions in calibration (left) and validation (middle) and the Spearman rank correlation between them (right) for the three
case studies. Dots in the middle plots represent solutions that are non-dominated in both the calibration and validation period. P1 represents the solution minimizing
the RMSE for metric WFDI; P2 represents the solution minimizing the RMSE for metric COHES; P3 represents the solution minimizing the metric A; P4 represents the
solution identified by POM.
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In Warsaw, the spatial pattern of urban growth in the calibration
period was scattered, with the more concentrated urban development in
the central and South-West part of the region (Fig. 6). While P1, P3, and
P4 allocated the new urban cells in too close vicinity to the existing city
borders, P2 reflects the scattered character of the region to some extent.
However, P2 produced patches that are too small and too concentrated
along roads, which can be explained by the absence of the LU driver in
the model structure (Fig. 5). The differences in urban development
patterns between P1, P3, and P4 are minor.
In Milan, the observed urban growth was relatively evenly distrib
uted in the calibration period, with more compact development patterns
occurring at the structural nodes of the metropolitan area and along a
new path of development in the Northern part of the region (Alpine
area) (Fig. 6). The sprawling character with an even distribution of new
urban development in the region was captured by all four solutions. P3
and P4 captured the compact development in local centers, but P3 made
the concentration in the central part of the area too high, by the
exclusion of the drivers TRAVEL and TRAIN (Fig. 5).
From the analyzed patterns of development in the selected case
studies, it can be concluded that solutions optimizing COHES (P2) better
simulated scattered urban expansion and solutions optimizing the
locational accuracy (P3) better captured urban development concen
trated around the core city. P2 produced urban sprawl patterns too
dispersed, while P3 underestimated the level of dispersion, and the ef
fect of P1 varied between these two effects over the case studies. P4, the
compromise solution obtained with POM, captured both aspects in all
three case study areas, although the effect of the scatteredness was not
always directly observable in the maps. However, while the urban
expansion patterns in the calibration period explain the identified model
structures under each objective and vice versa, conclusions about the
performance or ‘validity’ of the model structure can only be drawn
based on an independent set of observations, not used in the calibration.
This is the topic of the next subsection.

Fig. 5. Model structures for each case study derived by single-objective goal
functions: solutions P1 – P3, and by POM: the average of P1-P3 (av), and P4, the
solution closest to that average in the set of non-dominated solutions. The case
studies are arranged from monocentric (left) to polycentric (right).

solutions have medium to high weights for NEIGH (0.4–0.9), low to
medium weights for LU (0.0–0.4), and low weights for TRAVEL and
TRAIN (max. 0.2). The model structures of P1, optimized on WFDI, vary
largely between the case studies, and consist of three (Dublin and
Warsaw) to four (Milan) drivers with a relatively low importance of the
driver NEIGH (0.6 in Dublin, 0.5 in Warsaw, and 0.4 in Milan) in
comparison to the other solutions. The model structures of P2, optimized
on COHES, consist of three drivers for each study, and are similar for
Warsaw and Dublin, but different for Milan. In the model structures of
P3, optimized on A, the driver NEIGH has the very high importance of
0.9 in all case studies and is complemented only by TRAVEL (Dublin and
Warsaw) and/or LU (Milan and Warsaw).
The average model structures derived from P1-P3 are for Dublin LU
0.10, TRAVEL 0.13, TRAIN 0.03, NEIGH 0.73, for Warsaw LU 0.10,
TRAVEL 0.07, TRAIN 0.10, NEIGH 0.73, and for Milan LU 0.23, TRAVEL
0.10, TRAIN 0.07, NEIGH 0.60. Three observations can be derived from
these POM-induced model structures:

3.2. Validation
Our hypothesis that POM helps to better calibrate an urban growth
model is supported by the validation results for Milan and Warsaw,
given that P4 is among the non-dominated solutions in the validation
period (Fig. 4, middle column, colored dots). Comparing P4 to its singleobjective counterparts, for Milan, P1 and P3 are among the nondominated solutions too and indeed still outperform P4 in their corre
sponding objective. That is, P1 has a 6% lower RMSE of WFDI than P4,
but a similar RMSE of COHES and A (~1% difference). P3 has a 2%
lower A than P4, but it RMSE’s of WFDI and COHES are 4% and 9%
higher, respectively. In contrast, P4 outperforms the dominated P2 even
in its corresponding objective; it has a 12% lower RMSE of COHES than
P2, also a lower RMSE of WFDI (25%), and a similar A (~1% difference).
The spatial patterns (Fig. 7) confirm that P4 is a good compromise be
tween the scatteredness of P1 and the clumpiness of P3.
For Warsaw, the results are similar: in contrast to the spatial patterns
in the calibration period, the ones in the validation period clearly show
that P4 is a good compromise between the scatteredness of P2 and the
clumpiness of P1 and P3 (Fig. 7). Quantitatively, two of the three singleobjective solutions are non-dominated but only in their corresponding
objective dimension (Fig. 4, middle column). The order of performance
of the solutions between the calibration and validation period is most
stable for Warsaw, demonstrated by the high, positive Spearman’s rank
correlation coefficients for all three objectives (Fig. 4, right-hand col
umn). The gain in performance of POM-solutions compared to the
single-objective solutions in their non-corresponding objectives is
higher than for Milan, up to 30%. Warsaw’s low-performing (domi
nated) single objective solution is P3, the solution based on locational
accuracy that represents the current practice in urban-growth model
calibration.
For Dublin, our hypothesis that POM helps to better calibrate an

1. Dublin and Warsaw are similar in terms of the drivers of location of
urban sprawl, at least given the four drivers that were studied here,
2. in all three case studies, the POM-derived model structure includes
all four drivers of location. Except for P1 in Milan, none of the
structures for solutions P1 - P3 included all four drivers of location,
many even only two; and
3. the importance of the driver LU or TRAIN increases, while the
importance of NEIGH decreases with the polycentricity (see Section
2.4) and level of urban development (Fig. 2) of the city.
P4, the non-dominated solution to the greatest extent similar to the
averaged solution, has the structure: LU 0.1, TRAVEL 0.1, TRAIN 0.1,
and NEIGH 0.7 for Dublin. For Warsaw the weight of TRAIN is 0.1
higher, while for Milan the weight of LU is 0.2 higher compared to
Dublin, both at the cost of the weight of NEIGH (Fig. 5).
3.1.3. Urban patterns
In Dublin, the observed urban growth in the calibration period took
place mostly at the edges of the core city, along the coast line, and in the
form of clumps further away from the core city area (Fig. 6). Further
more, linear features of conversion from urban to non-urban are present.
The growth at the edges of the city was captured by all four solutions.
The most clumped pattern was produced by solution P3, by which new
urban cells were allocated in the close vicinity to the roads due to the
presence of the TRAVEL driver in the model structure (Fig. 5), though
the differences in urban patterns between the solutions are small.
8
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Fig. 6. Urban development in the calibration period 1990–2000 as observed, and as modelled by calibrating on WFDI (P1), COHES (P2), A (P3), and pattern oriented
modelling (P4).

urban growth model is not supported by the validation results, as P4 is
dominated by other solutions in the validation period (Fig. 4, middle
column). The Spearman’s rank correlation coefficients between the
calibration and validation period demonstrate low and negative values
for the ranks in COHES and WFDI respectively (Fig. 4, right-hand col
umn), implying that the landscape metric objectives are the origin of this
problem. Indeed, the single-objective solutions for these two objectives
(P2 and P1) have become dominated too in the validation period.

polycentric settlement network in Milan. For the three case studies,
there is a trend towards an increasing importance of driver LU or TRAIN
and a decreasing importance of driver NEIGH with increasing poly
centricity. As a qualitative assessment of the performance of POM for
calibration and validation of an urban growth model, the next para
graphs explain to what extent the model structures and differences in
these model structures between case studies mirror the policies and
urban sprawl patterns as found in literature.
The averaged model structure over the three single-objective solu
tion for Dublin had, together with Warsaw, the highest importance
assigned to the driver NEIGH (0.73) the second highest importance
assigned to TRAVEL drivers (0.13), resulting in the development of new
urban areas simulated in a close vicinity to the core city in the region.
The structure can be explained by two factors. First, Dublin city is an
economically and territorially dominant, strongly monocentric urban
core, where the centralization of government responsibilities led to the
centralization of investments, drawing new developments to the

4. Discussion
4.1. Qualitative performance: model structure realism in the context of
land use policies and socio-economic developments
It was observed that the differences in importance of the drivers of
location identified using POM reflect the varying urban spatial struc
tures that range from a monocentric spatial layout in Dublin to a
9
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Fig. 7. Urban development in the validation period 2000–2006 as observed, and as modelled by calibrating on WFDI (P1), COHES (P2), A (P3), and pattern oriented
modelling (P4).

periphery of the existing built-up area (Moore-Cherry and Tomaney,
2019; Williams et al., 2014). Secondly, strong pressure from private
developers during the housing bubble before the financial crisis and
speculative land hoarding in the city center (Barrett, 2018;
Moore-Cherry and Tomaney, 2019) resulted in sprawling development
on the urban fringe. Even though Dublin is classified to have a leap-frog
urban sprawl type (Harvey and Clark, 1965), this was not reflected in the
identified model structure. We believe that this is caused by the fact that
the ‘leaping’ partly took place before the studied period, and because the
model structure reflects all urban growth, also the ‘non-sprawl’ part,
which is a large share of the growth in the case of Dublin.
Similar model structures obtained with POM for Dublin and Warsaw
informed about the close resemblance between the two cities. In the
1990s and 2000s, both cities underwent population and employment
growth related to domestic and foreign investments encouraged by local
low labor costs, which led to strong intraregional disparities (Gorzelak
and Smętkowski, 2012; Pichler-Milanović, 2007). In both cities, the

planning system was not prepared for a sudden increase in housing
demand and faced similar consequences: low resilience to the influence
of private investors in real estate development and the over-zoning of
residential land in the planning documents.
Even though the city of Warsaw is the clear pole of growth in the
region, the territorial, economic and social competences are more evenly
distributed across the region than in the Dublin region. The higher
importance of the TRAIN driver (0.10 in Warsaw compared to only 0.03
in Dublin) shows the significance of second-tier cities in the area.
Accordingly, despite the policy attempts in Dublin to reinforce second
tier cities through the establishment of a more balanced regional
development network (stated in Buchanan Report, 1968; National
Spatial Strategy, 2002; National Planning Framework, 2018), a centrally
controlled territorial governance hampered the consistent implementa
tion of the polycentric approach (Barrett, 2018; Moore-Cherry and
Tomaney, 2019). In contrast, in Poland, the polycentric development is
at the basis of several national and regional strategies (Nadin et al.,
10

J.A. Verstegen and K. Goch

Land Use Policy 112 (2022) 105831

2018). What is more, the high share of SMEs in the market results in
pushing the socio-economical activities outside of the core urban area of
Warsaw (Pęczek et al., 2015). In summary, the identified model struc
tures reveal similarities between Dublin and Warsaw in terms of a
centralized functional structure, while at the same time pointing out
differences between Dublin’s monocentric urban form and Warsaw’s
more polycentric territorial development structure.
In Milan, the region with the most distributed functional network of
the three case studies analyzed, the high importance of driver LU (0.2)
can be related to the fact that Milan was already a densely urbanized
area in 1990. The regeneration of degraded areas, densification, and
infill development imposed by the already high level of urbanization
(Ogrodnik, 2016; Pichler-Milanović, 2007), are strategies that the model
reproduces through a combination of the drivers LU and NEIGH. The
lower combined importance of TRAVEL and TRAIN compared to War
saw and Dublin indicates that the role of the core of the metropolis as the
center of economic or social activities is lower for the polycentric Milan
with its more dispersed mobility patterns (Pucci, 2017).
In general, the diverse model structures found with POM for each
case study, more complex than the ones identified based on the current
practice in validation (P3) and other single-objective goal functions, are
sensible in the light of the city as a CAS and past studies of drivers of
location (Braimoh and Onishi, 2007; García et al., 2013; Herold et al.,
2003; Liu and Robinson, 2016; Silva and Clarke, 2002).

4.3. Limitations and future work
We designed our methodology with a relatively simple model, with a
limited number of metrics, and freely available datasets to make the
ideas and results easy to understand, comparable between our three case
studies, and easily transferable to other case studies. This strive for
simplicity comes with a number of trade-offs. First of all, while the CLC
dataset has the advantage that it covers the whole of Europe for a long
time period of 28 years, it is known not to be equally accurate over
Europe; for example, it can be disputed whether the disappearance of
linear urban features in our calibration and validation period, which is
even more pronounced in the later years, leading to the decline in urban
area between 2006 and 2012 observed in Dublin (Fig. 2), is realistic;
another argument for our decision not to include this later period in the
model calibration and validation.
Future work may focus on testing our approach with a different
dataset for another time period. In this light, we believe that there is an
opportunity to use POM on data of different historic periods of time, if
data availability allows, in order to study the past effects of policies
(changes in the importance of drivers), as has been demonstrated for
other types of land use change (Verstegen et al., 2016). The results may
serve as an input for policy planning to account for the changing pro
cesses behind urban sprawl.
Moreover, adding more drivers of location and the stochasticity of
decision making is an option, although both aspects would drastically
increase computation time of the calibration. In addition, case-studyspecific drivers of location (such as development nodes stated in the
strategic planning documents) could be considered, and the dynamic
nature of the attributes within the drivers (new train stations, land use
change etc.) could be accounted for, nonetheless at the cost of compa
rability between case studies and input data requirements.
Another difficulty we faced is that, whereas we were interested in
applying POM to model urban sprawl, given the context of the special
issue, the CA cannot distinguish between urban sprawl and other urban
growth. Although the two concepts overlap to a large degree (EEA,
2016), this difficulty played a role in, for example, our Dublin case
study: literature (Williams et al., 2014) classifies the sprawl type of
Dublin as leapfrogging, but the largest share of urban growth, according
to the CLC dataset, took place at the urban fringe. The latter was re
flected in the model structure by the high importance of NEIGH, which
was seemingly in contrast with the sprawl literature. We are not aware
of any geosimulation model that explicitly includes this distinction, but
a first step could be to allow for monocentric and polycentric types of
developments at the same time, for example through the ‘patcher’ and
‘expander’ concept implemented in DINAMICA (Almeida et al., 2008).

4.2. Quantitative performance: validation results
The validation results for Milan and Warsaw support our hypothesis
that POM improves the robustness of urban growth model calibration.
The robust calibration does not only result better in models with a
higher predictive value for future projections, but also in more
dependable information about the system (Verstegen et al., 2014). In the
cases demonstrated here, that concerns the information about the pro
cesses driving urban sprawl that can be used as a basis for policy making.
For Dublin, the inability of the modelled urban growth to fit to more
than one objective implies that none of the considered model structures
can match the data (Trunfio, 2006). The problem be either in the data or
in the considered model structure. Regarding the first, the calibration
tries and does not manage to reproduce the disappearance of linear
urban features (Fig. 6, Fig. 7), though it is questionable if this disap
pearance of urban fabric happened in reality. Regarding the second,
there may be important processes in the sprawl system in Dublin that
were not reflected in our four drivers. For both potential limitations, see
also Section 4.3.
Though this may be seen as a negative result, as POM did not help to
come to a good model, it has a positive side too. Namely, even for this
case study with the worst result, Spearman’s rank correlation coefficient
between the calibration and validation period has a high, positive value
of 0.92 (Fig. 4, right-hand column) for the locational agreement metric,
A. So, had we judged our model by locational agreement only, as is the
current practice in urban growth calibration and validation, we would
not have been able to identify the problems with the identified model
structure. Grimm and colleagues describe the ability of POM to over
come this problem as filtering out models or model parameterizations
that you “would not trust to make the predictions you need” (Grimm and
Railsback, 2012, p. 300).
As such, for all three case studies, it is shown that POM provides
supplementary constraints on the acceptable parameter-space and es
tablishes a mechanism for evaluation of calibrations outcomes. Land
scape metrics have the proven ability to verify the geographical
correctness of the simulation outputs (Chérel et al., 2015; Clarke et al.,
1996; Newland et al., 2018). Thoughtful introduction of metrics in the
goal function for the calibration of urban growth models in line with
POM can serve as a tool to filter structures probable in terms of loca
tional or spatial accuracy but improbable in terms of the patterns at
higher abstraction levels.

5. Conclusions
In this research, we examined Pattern Oriented Modelling (POM) as
an approach to define (constrained) cellular automata (CA) model
structures to simulate urban sprawl in the European cities Warsaw,
Milan, and Dublin. Our research question was: To what extent is urban
growth model calibration and validation with POM effective in finding
accurate model structures in comparison to the current practice of
calibration on a single (micro-level) pattern?
Answering the question from a quantitative perspective, we found
that the multi-level patterns in the POM approach were able to com
plement each other, such that using them together resulted in gain of
information in the calibration. This was proven by the fact that, for all
three studies, a range of non-dominated solutions was found with tradeoffs in terms of matching the patterns. As such, POM can serve as a tool
to filter structures probable in terms of locational accuracy (current
calibration methods) but improbable in terms of higher-level patterns.
Calibration based on POM was successful for Milan and Warsaw:
while the single-objective solutions typically outperformed the
compromise solution in their corresponding objective (pattern), the
11
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compromise solution performed equal or better for the other two ob
jectives with improvements up to 25% and 30% for the respective cities.
That means, the compromise solution was more of a “jack of all trades”,
thus a more accurate urban growth CA across the considered multi-level
urban sprawl patterns. For Dublin, calibration based on POM did not
help to come to a good model for the validation period. Yet, validation
based on POM detected this problem, while the locational metric only
(current practice in urban growth calibration and validation) could not.
Answering the question from a policy perspective, the effectiveness
of POM was supported by the identified model structures, which
comprised more drivers of location compared to the ones identified with
single metrics. A model with a multitude of drivers is more in line with
previous studies as well as with the notion of cities as Complex Adaptive
Systems.
Furthermore, we observed that the differences in calibrated impor
tance of the drivers of location of sprawl reflected the polycentricity of
the city as well as its type of sprawl: monocentric edge expansion vs.
polycentric infill (in the multiple centers), with ribbon sprawl inbetween. The importance of the neighborhood driver, the part charac
teristic to a CA, decreased while the importance of distance to train
stations or current land use increased with increasing polycentric urban
form. These results could be further explained by case-study specific
land use policies and socio-economic factors, such as land hoarding in
Dublin, over-zoning in Dublin and Warsaw, and city regeneration in

Milan. The value of the demonstrated approach is thus twofold: the
robust calibration and validation results in models with a higher pre
dictive value for future projections, but also in more dependable infor
mation about the processes driving urban sprawl that can be used as a
basis to design instruments to limit urban sprawl.
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See Appendix Table A1.

Table A1
Metrics considered; second column indicates whether they were eventually selected to be used in the goal function.
Metric

In goal
function?

Category

Equation and interpretation

A

Yes

Locational (microlevel)

A =

CILP

No

Patch

COHES

Yes

Landscape

CONTAG

No

Landscape

ED

No

Landscape

FDI

No

Patch

LPI

No

Patch

PD

No

Landscape

WFDI

Yes

Patch

1 ∑j
(2 min[pgobs − pgg , pg mod − pgg ])
g=1
2
Where: g = type, J = number of types, pgobs = proportion of type g in observed map, pgmod = proportion of type g in modelled map,
pgg = proportion of cells of the same type in observed and modelled map.

Allocation disagreement (A) indicates the cell-based class difference between the observed and modelled map (Pontius and
Millones, 2011).
√̅̅̅̅̅̅̅
2π s/π
CILP =
p
Where: s = area of the largest patch, pi = perimeter of the largest patch.
The compactness index of the largest patch (CILP) indicates the individual shape of the largest patch (here typically the urban
centre). A high CILP value indicates regular and compact urban centre.
[
][
∑p
]
pi
1 −1
COHES = 1 − ∑p i=1 √̅̅̅̅ 1 − √̅̅̅
a
i=1 pi ∗ Si
Where: si = area of patch i, pi = perimeter of patch i, a = landscape area, P = number of patches in a zone.
COHES informs about the connectedness and clumpiness of patches. A high COHES value implies a higher patch aggregation.
( )
∑J ∑J
xgh
xgh
∗ ln pg ∗ ∑J
g=1
h=1 pg ∗ ∑J
h xgh
h xgh
CONTAG = 1 +
2 ∗ ln(J)
Where: g and h = type, J = number of types, pg = proportion of type g in the landscape, xgh = number of adjacencies between
grid cells of patch types g and h.
The contagion index (CONTAG) describes the observed contagion as a fraction of the maximum possible contagion for the given
number of land use types.
x
ED =
a
Where: x = total length of edges in the landscape, a = area of landscape.
Edge density (ED) describes the relative number of edges between types in the landscape. A higher ED indicates a higher
complexity.
1 ∑ 2ln(0.25 ∗ pi )
FDI = × Pi=1
P
lnsi
Where: si = area of patch i, pi = perimeter of patch i, P = number of patches.
The fractal dimension index (FDI) describes the complexity of a patch measured as a perimeter-area ratio. A high FDI values
indicates a high complexity.
s
LPI =
a
Where s = area of the largest patch, a = area of landscape.
The largest patch index (LPI) describes the fraction of the landscape that the largest patch comprises.
ni
PD =
a
Where: ni = number of patches of the same class, a = area of landscape.
The patch density (PD) describes the density of patches of a certain class. A high PD value indicates high landscape
fragmentation.
1 ∑ 2In(0.25 ∗ pi ) Si
WFDI = × pi=1
∗
p
In Si
a
Where: si = area of patch i, pi = perimeter of patch i, a = landscape area, P = number of patches.
The weighted fractal dimension index (WFDI) describes the average complexity of a patch measured as a perimeter-area ratio
including their size. A higher WFDI value indicates a high complexity (Mcgarigal, 2015).
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Table A2
Land use types with data sources.
No

Land use types used in
the model

CLC code

Description

1

Urban

2

Water and roads

111
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121
123
131
132
133
141
142
122
124
511
512
521
522
523

3

Nature

4

Agriculture

5

No data

Continuous urban fabric
Discontinuous urban fabric
Industrial or commercial units
Port areas
Mineral extraction sites
Dump sites
Construction sites
Green urban areas
Sport and leisure facilities
Road and rail networks and
associated …
Airports
Water courses
Water bodies
Coastal lagoons
Estuaries
Sea and ocean
Broad-leaved forest
Coniferous forest
Mixed forest
Natural grasslands
Moors and heathland
Sclerophyllous vegetation
Transitional woodland-shrub
Beaches, dunes, sands
Bare rocks
Sparsely vegetated areas
Burnt areas
Glaciers and perpetual snow
Inland marshes
Peat bogs
Salt marshes
Salines
Intertidal flats
Non-irrigated arable land
Permanently irrigated land
Rice fields
Vineyards
Fruit trees and berry
plantations
Olive groves
Pastures
Annual crops associated with
permanent…
Complex cultivation patterns
Land principally occupied by
…
Agro-forestry areas

311
312
313
321
322
323
324
331
332
333
334
335
411
412
421
422
423
211
212
213
221
222
223
231
241
242
243
244
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NoData
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direction de Giovanni Busino. Tomes 1 et 2 en un volume, Travaux de Sciences
Sociales. Librairie Droz, Genève.
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Santé, I., García, A.M., Miranda, D., Crecente, R., 2010. Cellular automata models for the
simulation of real-world urban processes: a review and analysis. Landsc. Urban Plan.
96, 108–122. https://doi.org/10.1016/j.landurbplan.2010.03.001.
Shiels, P., Hughes, B., Williams, B., 2007. SCS housing study 2007: urban sprawl and
market fragmentation in the greater Dublin area. Univ. Coll. Dublin.
Silva, E., Clarke, K., 2002. Calibration of the SLEUTH urban growth model for Lisbon and
Porto, Portugal. Comput. Environ. Urban Syst. 26, 525–552. https://doi.org/
10.1016/S0198-9715(01)00014-X.
Soares-Filho, B.S., Coutinho Cerqueira, G., Lopes Pennachin, C., 2002. dinamica—a
stochastic cellular automata model designed to simulate the landscape dynamics in
an Amazonian colonization frontier. Ecol. Modell. 154, 217–235. https://doi.org/
10.1016/S0304-3800(02)00059-5.
Spearman, C., 1904. The proof and measurement of association between two things. Am.
J. Psychol. 15, 72. https://doi.org/10.2307/1412159.
Sun, H., Forsythe, W., Waters, N., 2007. Modeling urban land use change and urban
sprawl: Calgary, Alberta, Canada. Netw. Spat. Econ. 7, 353–376. https://doi.org/
10.1007/s11067-007-9030-y.
Torrens, P.M., Alberti, M., 2000. Measuring Sprawl (No. 27), Working Paper. London.
Trunfio, G.A., 2006. Exploiting spatio-temporal data for the multiobjective optimization
of cellular automata models. In: Lecture Notes in Computer Science (Including
Subseries Lecture Notes in Artificial Intelligence and Lecture Notes in
Bioinformatics). Springer Verlag, pp. 81–89. https://doi.org/10.1007/11875581_10.
van Vliet, J., Bregt, A.K., Brown, D.G., van Delden, H., Heckbert, S., Verburg, P.H., 2016.
A review of current calibration and validation practices in land-change modeling.
Environ. Model. Softw. 82, 174–182. https://doi.org/10.1016/j.
envsoft.2016.04.017.
Van Vliet, J., 2013. Calibration and Validation of Land-use Models. Wageningen
University,.
Verstegen, J.A., Goch, K.A., 2021. JudithVerstegen/RegionalUrbanGrowth: Release for
publication in LUP (Version v1.0). Zenodo. 〈https://doi.org/10.5281/zenodo.48962
51〉.
Verstegen, J.A., Karssenberg, D., van der Hilst, F., Faaij, A.P.C., 2012. Spatio-temporal
uncertainty in spatial decision support systems: a case study of changing land
availability for bioenergy crops in Mozambique. Comput. Environ. Urban Syst. 36,
30–42. https://doi.org/10.1016/J.COMPENVURBSYS.2011.08.003.
Verstegen, J.A., Karssenberg, D., van der Hilst, F., Faaij, A.P.C., 2014. Identifying a land
use change cellular automaton by Bayesian data assimilation. Environ. Model. Softw.
53, 121–136. https://doi.org/10.1016/j.envsoft.2013.11.009.
Verstegen, J.A., Karssenberg, D., van der Hilst, F., Faaij, A.P.C., 2016. Detecting systemic
change in a land use system by Bayesian data assimilation. Environ. Model. Softw.
75, 424–438. https://doi.org/10.1016/j.envsoft.2015.02.013.
White, R., Engelen, G., Uljee, I., Lavalle, C., Ehrlich, D., 2000. Developing an urban land
use simulator for European cities, in: Proceedings of the Fifth EC GIS Workshop: GIS
of Tomorrow. pp. 179–190.
White, R., Engelen, G., Uljee, I., 2015. Modeling Cities and Regions as Complex Systems:
From Theory to Planning. MIT Press.
Williams, B., Walsh, C., Boyle, I., 2014. The Development of the Functional Urban Region
of Dublin and its Influence on Regional Land Markets. 〈https://doi.org/10.1
5396/eres2005_350〉.

14

