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 RESUMO 

 

 

PALAVRAS-CHAVE: Autómatos Celulares, Cadeias de Markov, Lógica Fuzzy, 

Planeamento, Planos, Regressão Logística, Simulação, Sistemas de Informação 

Geográfica, Território, Transformação da ocupação e uso do solo.  

 

Os avanços científicos ocorridos no campo da simulação baseada em Autómatos 

Celulares (AC), desde o final da década de 1990, confirmaram estes modelos, no início 

da década de 2010, como uma das abordagens de modelação geográfica mais 

promissoras para a interpretação e representação da complexidade espácio-temporal 

da transformação de uso e ocupação do solo. No entanto, em Portugal poucos avanços 

têm sido concretizados relativamente à prática de simulação da transformação da 

ocupação e uso do solo baseada em AC, nomeadamente à escala local. Além disso, a 

investigação que utiliza séries multi-temporais muito longas relativas à ocupação e uso 

do solo para avaliar e quantificar as transformações territoriais e urbanas ocorridas a 

uma escala fina é inexistente. Neste contexto, esta tese apresenta uma metodologia 

híbrida que combina AC, Sistemas de Informação Geográfica (SIG), modelos de 

regressão logística e análise das cadeias de Markov para a medição, análise, 

modelação e simulação, com recurso a informação geográfica com resolução muito 

alta, da transformação da ocupação e uso do solo à escala local (município de 

Portimão, Algarve). As regras de transição foram definidas a partir de um modelo 
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espacial de regressão logística, tendo sido posteriormente incorporadas num modelo 

convencional de AC. A dimensão e as tendências gerais de transformação da ocupação 

e uso do solo foram analisadas e estimadas através da aplicação das cadeias de 

Markov. A metodologia baseada em AC proposta nesta tese, da qual decorreu um 

modelo que designamos por CAMLucc, foi combinada com uma série de variáveis 

físicas e dados relativos ao planeamento territorial para simular a transformação da 

ocupação e uso do solo no município de Portimão ocorrida entre 1947 e 2010 bem 

como para prever os seus padrões espaciais simulados para 2020 e 2025. Nesta 

investigação é, também, apresentada uma análise comparada tendo por objectivo: i) 

explorar as possíveis divergências entre as transformações da ocupação e uso do solo 

previstas nos instrumentos de gestão do território municipal, a sua composição actual 

e os modelos de transformação de ocupação e uso do solo gerados pelo modelo de AC; 

e ii) identificar os efeitos das políticas espaciais na transformação da ocupação e uso 

do solo. Os principais resultados da investigação indicam que as áreas artificializadas 

no município de Portimão têm vindo a crescer massivamente, em particular junto dos 

principais aglomerados urbanos e ao longo da costa, revelando uma dispersão urbana 

precoce e intensiva ao longo do tempo. Os resultados mostram, também, que os 

efeitos das políticas espaciais de ordenamento do território sobre a transformação da 

ocupação e uso do solo em Portimão não foram tão eficazes quanto pretendido. Na 

realidade, durante o período compreendido entre 1947 a 2010, a maioria da 

transformação de ocupação e uso do solo (especialmente para as categorias tecido 

urbano descontínuo, tecido urbano descontínuo disperso e outras áreas 

artificializadas) ocorreu fora dos limites espaciais das áreas urbanas propostas 

parecendo escapar ao controle dos planos vinculativos. Esta tese produz um modelo e 

constitui uma oportunidade de o reproduzir no contexto de elaboração formal dos 

Planos Municipais de Ordenamento do Território bem como na sua monitorização e 

avaliação. 
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Scientific advances that occurred in the field of urban growth and land-use/land-cover 

(LULC) change Cellular Automata-based simulation, since the late 1990s, have 

confirmed Cellular Automata (CA) modelling as one of the most remarkable and 

promising geographic modelling approaches to interpret and represent the 

spatiotemporal complexity of LULC change at the beginning of the 2010s. However, 

little progress has been made in Portugal regarding the practice of LULC change 

modelling and simulation related to CA, particularly at the local level. Furthermore, 

research on the development of fine-scale and multi-temporal LULC datasets to 

evaluate and quantify LULC change does not exist. In this context, this thesis was 

carried out to develop and apply a hybrid framework integrating CA, GIS, logistic 

regression and Markov chain analysis for measurement, analysis, modelling and 

prediction of LULC change at the local scale, using geographic information with fine 

spatial resolution (municipality of Portimão, Algarve). A spatial logistic regression 

model was applied to determine the transition rules that were used by a conventional 
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CA model. The overall dimension and trends of LULC change were analysed and 

estimated using a Markov chain model. The CA-based methodology proposed in this 

thesis, which resulted in a model that we call CAMLucc, in combination with physical 

variables and land-use planning data was applied to simulate LULC change in Portimão 

between 1947 and 2010 and to predict their future spatial patterns for 2020 and 2025. 

This research also presents a comparative analysis with the aim of i) exploring possible 

disagreements between LULC transformations set out in the instruments of municipal 

territorial management, actual LULC composition and LULC change models generated 

by the CA model, and ii) identifying the effects of land-use planning policies on LULC 

change. The main results of this research show that Portimão has been facing massive 

growth in artificial surfaces, particularly near the main urban settlements and along 

the coastal area, and reveal an early and intensive urban sprawl over time. The results 

also indicate that the effects of land-use planning policies on Portimão’ LULC change 

were not as effective as intended. Indeed, most of LULC changes during the 1947-2010 

period (especially into discontinuous urban fabric, sparsely discontinuous urban fabric 

and other artificial surfaces) occurred outside proposed urban areas seemingly 

escaping the control of mandatory plans. This thesis produces a model and presents an 

opportunity to replicate it in the framework of the formal elaboration of Municipal 

land-use plans, as well as for their monitoring and evaluation.  
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INTRODUCTION 

 

As the title suggests, this PhD thesis explores GIS-based approaches to 

measure, analyse, model and predict land-use and land-cover change from 1947 to 

2025 in the geographical context of coastal areas. In doing so, it considers that the 

study of land-use and land-cover change should go through three phases, including 

measurement and analysis to detect, assess and monitor past and current land-use 

change; modelling to assimilate land-use change (patterns and processes); and 

prediction to project possible future land-use change for the study area. The title of 

this thesis also reveals that the municipality of Portimão, in the Algarve region, was 

selected as a case study. The municipality of Portimão has been undergoing rapid and 

strong coastal urbanization dynamics through the past two decades, as we shall see in 

the following sections. This implies, therefore, approaching the measurement, analysis 

and modelling of LULC change at a fine spatial scale. Furthermore, there is a current 

need for measuring, analysing and modelling LULC change in order to assist both urban 

and coastal management. In this research, three necessary instrumental conditions 

have been met to respond effectively to this currently priority topic. These are i) the 

availability of historical aerial photograph coverage, which ensured the measurement, 

analysis and modelling of the phenomenon over a long period of time; ii) the existence 

of land-use planning data for the same time frame of the historical aerial photograph 

coverage; and iii) access to information regarding local urban land-use plans and 

projects plus the opportunity to discuss their technical quality (for example, graphical 

quality, descriptive documents) with municipal and political technicians.  

 

Identifying the research problem and hypothesis 

The international political discourse has denounced the unsustainability of the 

existing land-use change and urban growth model, which has been alarmingly 

transforming the territory, and has alerted to the fact that change may be more 
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complex and relevant in coastal areas1. According to the conclusions of the Murbandy 

– Change Algarve project (Lavalle et al., 2002), the Algarve region is today one of the 

areas in the Iberian Peninsula that is suffering greater urbanization pressures. In only 

four decades (1950-1990), we have witnessed the appropriation of the coastal area 

with a speed and intensity never seen before, which originated irreversible land-uses 

even in areas with strong physical restrictions. Furthermore, data published by the 

European Environment Agency (2006) in its report entitled The changing faces of 

Europe´s coastal areas, clearly show that if we consider every coastal area in the 

European Union between 1990 and 2000, Portugal had the largest loss of agricultural 

land-use (-4.4%) in favour of residential areas, infrastructures and leisure facilities. Our 

study area, the municipality of Portimão, is located in the Western coast of the Algarve 

region. It has approximately 183 km2 and 55 614 inhabitants (INE, 2011). The 

municipality of Portimão, together with the municipality of Faro (an urban centre with 

regional administrative functions) control the two main urban conglomerations in the 

region, from which the urban network of the Algarve is currently structured (Figura 1).  

Portimão is nowadays a reference municipality in the Algarve, it is one of the 

main touristic destinations both for national and foreign guests. It is currently the third 

most important harbour in Portugal (following Lisboa and Funchal), which receives 

more passengers from cruise ships, thus strengthening the economy of tourism and 

services (the structuring activities of the municipality’s economy). Regarding land-

use/land-cover and planning, mass tourism and the pressure of urbanization have 

induced considerable and continuous changes for the past 40 years. Around 12% of the 

study area is occupied by artificial areas (quantified using Corine Land Cover, 2006), 

mostly located by the coastline.  

Just as in Europe, this reality in Portugal has led to the challenge of having to 

rethink the types of innovative actions that may contribute to more efficient urban 

planning policies (DGOTDU, 2009). Moving in this direction implies the application of 

state-of-the-art technologies to the studies on the analysis, monitoring, assessing and 

modelling of the process of land-use change in coastal areas. In that context, the 

                                                           
1
 In this research, coastal area is referred to as the geographic area along the coast, which is a more 

general term than coastal zone which refers to the geographic area defined by the legislation as a zone 
for coastal management purposes (Scialabba, 1998).  
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virtues of scientific and technological evolution have been recognised and a large 

economic incentive2 has been given to optimize the application of Information and 

Communication Technologies, such as Geographical Information Systems, that may 

lead to an interpretation of land changes that is closer to reality.  
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Figure 1 – Illustration of the Algarve region´s urban network structure. 
 

At the national level, the former Ministry of Environment, Spatial Planning and 

Regional Development, current Ministry of Environment, Spatial Planning and Energy, 

approved in 2007 the 2007-2013 Action Plan for the Coastline. This plan identifies the 

actions that should be a priority throughout the country. A brief analysis of the 

implementation of the action plan has allowed us to see that from the total of 84 

actions identified as intervention priorities, 32% involve studies on the analysis, 

management and monitoring of coastal areas and urban intervention and regeneration 

                                                           
2
 The European Institute of Innovation and Technology (EIT) was recently created under the aegis of the 

European Union. Within that framework, the Knowledge and Information Communities (KICs) have 
challenged and supported member-states to implement Information and Communication Technologies 
as the engine behind the innovation process, one of the key aspects in the path towards success in the 
21

st
 century.  
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plans.  We can, therefore, infer that there is today broad consensus that the decisions 

taken by the central government must keep in perspective a set of aims that are 

related with a given vision of the future, and have a global dimension, where major 

demographic, spatial and economic issues have to be taken into account. 

In most industrialized countries, the issue of the future trends in terms of urban 

growth and land-use change has been under discussion for several decades. However, 

its relative and complex nature implies that this research stems from the assumption 

that it is increasingly harder to predict land-use change with typically linear methods 

based on mathematical models whose results are increasingly deteriorated as the 

complexity of the data increases. As a rule, these methods supply relevant information 

on the scale or frequency of the geographical phenomena under consideration. 

However, little do they tell us regarding the complexity or heterogeneity of 

geographical phenomena per se.  

Therefore, we assume that the current urban growth and land-use change 

modelling and simulation methods, which take into consideration their non-linear 

nature, together with geographical information techniques, allow for a better 

understanding of their structural trends, as well as being very useful to support urban 

and territorial policies. On the other hand, we believe that land-use change structural 

trends are not independent from the public and private agents that assess, condition, 

and model the territory. Consequently, spatial modelling of land-use change and urban 

growth, as well as its simulation for the future, may not be carried out isolated from 

the most significant effects of these agents: those who prepare and approve land-use 

plans3. 

 

Main focus of this thesis 

The main focus of this thesis is to compare two territorial models  a 

qualitative one and a quantitative one  of urban growth for a coastal are that has 

                                                           
3
 The new law No 31/2014, of 30 May which sets out the general basis of the soil, land-use planning and 

construction public policies was under discussion when this thesis was carried out. This law came into 
force on 29 June 2014, thus repealing the old law of the basis for spatial planning and town planning 
policy (law No 48/98, of 11 August). All complementary legislation referred to in this thesis is thus prior 
to this new law No 31/2014, of 30 May.  
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been submitted to strong urbanization processes. In order to do so, we start from the 

following assumptions: 

 A qualitative model that results from the intended territorial evolution based 

on voluntary land-use planning, i.e., planning that derives from the initiative of 

central and local governments, which institutionalizes, carries out, approves 

and implements different territorial management tools (namely land-use 

plans). These are planning tools, plans, that mirror political, economic and 

social desires to build a certain territorial model. 

 A quantitative model that derives from self-organized urban dynamics, with no 

formal planning, which can be inferred for the period under review from the 

spatial simulation models provided by Cellular Automata. 

In this context, the main arguments of this thesis are the following: 

 Any deviations from the first model are justified not only by the fact that 

voluntary planning does not comply with the law, but also mostly because cities 

grow in a self-organized manner. 

 That self-organization may be revealed in Cellular Automata-based simulation 

models. 

 Urban growth and land-use change simulation may not be carried out isolated 

from plans, fundamental agents in terms of speed and direction of the spatial 

diffusion of the urban phenomenon. 

In Portugal, little has been done regarding the practice of urban growth and 

land-use change modelling for the future, especially at the local level. The original 

contribution of this thesis in terms of this research topic comes from the compared 

and critical analysis that was performed between the results of the spatial 

modelling/simulation of urban growth and the territorial models as stated by public 

and private agents for the same geographical area from the referred theoretical 

assumption and taking into consideration a very fine minimum mapping unit to obtain 

land-use and land-cover information. In this context, this thesis hopes that its research 

results have an impact on the process of formal elaboration of the plans.  
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Structure 

This thesis is organized into eight sections. Introduction provides a general 

outline of the thesis, including its research problem and hypothesis, its main focus, its 

relevance and contribution, and its structure. Chapter I presents an overview of 

modelling approaches on urban phenomena research. Particularly, it identifies and 

reviews the main contemporary modelling approaches in the context of LULC change 

and urban growth in Portugal developed by both Portuguese and foreign research 

teams. Special attention is given to Cellular Automata-based models as they are the 

key-element of the modelling framework under analysis. Chapter II aims to analyse 

macro-scale land-cover change and urban sprawl in mainland Portugal through a 

comparison of urban land-cover changes during the period of 1990-2006, using 

CORINE land cover databases and urban systems as spatial reference units. An 

interaction value-based methodology was applied to identify the urban systems, and 

also to define the study area. This analysis has resulted in some important insights 

about the spread patterns of artificial areas that have occurred in mainland Portugal 

despite the very limited time period of the analysis. Chapter III concerns spatial data 

collection and pre-processing, which will be used both to measure and analyse LULC 

change in Chapter IV, and in the application of the CAMLucc model developed in 

Chapter V.  As the core of this thesis, Chapters IV to VI present the GIS-based 

approaches for measurement, analysis, modelling and prediction of land-use and land-

cover change in Portimão’s coastal area. Chapter IV thoroughly monitors, analyses and 

quantifies the rhythm, spatial dimension and pattern of LULC change in Portimão over 

a period of near seven decades (1947 – 2010) using a combined approach of GIS-based 

spatial analysis techniques, LULC change trajectory analysis and spatial pattern 

metrics. This combined analysis has contributed to improving data interpretation. 

Important spatio-temporal LULC change distribution rules are revealed which benefit 

the LULC change modelling and prediction exercise. Chapter V introduces the CAMLucc 

model, a hybrid framework consisting of fuzzy logic, logistic regression, Markov change 

analysis and cellular automata to model LULC change at a fine resolution (10 m) and to 

predict their future spatial patterns for periods of 10 and 15 years from 2010 to 2020 

and 2025. Chapter VI comprises two parts. First, the results of the retro-simulation 
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method to calibrate and validate the CAMLucc model between 1968 and 2010 are 

visualized, evaluated and interpreted. The prediction results generated using the 

CAMLucc model for the years 2020 and 2025 are then presented and discussed. 

Following this, a comparative analysis between the models of LULC change generated 

by CAMLucc, the actual LULC change of the study area and the land-use planning 

policies for the municipality was provided. This comparative analysis is the focus of this 

research and has allowed us to test the main statements of the thesis. Finally, 

Conclusion presents the general findings from this research and provides discussion 

and suggestions for further scientific work. 
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CHAPTER I: SPATIAL ANALYSIS AND MODELLING OF URBAN PHENOMENA  

 

The use of models to analyse and predict urban phenomena dynamics has been 

considered one of the key research areas in urban studies (Batty and Longley, 1994; 

White et al., 1997; Torrens and O’Sullivan, 2001). Simulation models have been 

introduced and applied to study both distinct urban areas worldwide and an extensive 

set of urban phenomena, such as LULC change, traffic simulation, urban form and 

growth, historical urban development, socio-spatial segregation and location analysis 

(White and Engelen, 1993; Sanders et al., 1997; Benati, 1997; Wu and Webster, 1998; 

Batty, 1999; Portugali, 2000). Briefly, a model is a simplified and approximate 

representation of part of the real world or its systems (Silva and Clarke, 2002:528). 

They may be used i) to combine data and theories regarding a system, ii) to assist 

exploring system behaviour, iii) to simulate the system’s response to possible changes 

in the future, and iv) to optimize system operating conditions (Bhatta, 2010). 

Modelling urban phenomena is thus the approach concerned with developing and 

applying models in order to explore specific issues in urban studies by means of spatial 

computation techniques (Batty, 2009; Bhatta, 2010). This approach also includes the 

comparison of model results with reference data in order to allow for the model’s 

calibration and validation before its use in prediction and what-if scenarios 

construction (Batty, 2009). The application of models to urban phenomena has 

experienced significant advances since the 1960s. The traditional non-spatially explicit 

models based on structural linear equations (Lowry, 1964; Wilson, 1970; Leontief, 

1970) have increasingly been replaced by very local scale simulation models of 

individual behaviour and interactions influenced by the major improvements in terms 

of remote sensing, geographical information science and system theories (particularly 

through the development of complexity, self-organizing and non-linear theories). As 

Benenson and Torrens (2004:1) have argued, such models are more likely to be 

formulated based on individual-scale urban objects (…) and detailed descriptions of the 

rules governing their real-time behaviour in space, across scales from the microscopic 

through to the regional. Contemporary urban phenomena modelling and simulation 

approaches are essential both to reduce uncertainty (Benders, 1996) and advance our 
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knowledge about urban systems. Hence, such approaches are becoming more 

important to future committed decision-making (Cheng, 2003). This chapter is aimed 

at discussing some of the modelling approaches to urban phenomena researched so 

far, specifically presenting and reviewing a diverse range of models, from models 

based on differential equations to neural networks, multi-agent and cellular automata 

and exploring their strengths and weaknesses. The chapter closes with a 

comprehensive discussion on major modelling approaches in the context of LULC 

change (which is the core application field of CA modelling for this research) and urban 

growth in Portugal.  

 

I.1   Achievements in urban phenomena modelling over the last decades  

Given the long research tradition in the areas of urban geography and spatial 

modelling (Batty, 1994; Knox, 1994), new methods and spatial data sources offer a 

great potential to improve the analysis, representation and modelling of urban 

phenomena (Kaiser, Godschalk and Chapin, 1995; Klostermann, 1999). Today what we 

can see more clearly is the powerful alliance between science and technology that has 

contributed to the development of a vast set of research methods that are essentially 

based on innovation and forecasting. 

The different urban phenomena modelling approaches have evolved over time 

and motivated researchers to review and categorize them (Lin et al., 2010). As regards 

urban and regional modelling, and since the 1960s, models based on differential 

equations4 have allowed researchers to implement computational models that 

effectively describe changes in variables over time, thus broadening knowledge on the 

spatio-temporal complexities of urban systems (Lowry, 1964; Chapin and Weiss, 1965). 

In the middle of the 1990s, the concept of urban modelling evolved according to a 

different line of thought. The basic underlying assumption was that the simulations of 

a system should be represented, as far as possible, by high spatial resolution and work 

                                                           
4 

According to Sanders (2010), models based on differential equations have some disadvantages when 
compared with multi-agent models, given that they do not allow us to model interactions and introduce 
heterogeneity in the behaviour of urban agents (e.g. learn, mimic, avoid, compete) when building 
networks. 
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with homogenous spatial units (Chapin e Weiss, 1965). In light of that line of thought 

and with the development of the self-organization and complexity theories, new 

models arose that boosted planning and urban studies. These theories offered a 

theoretical framework and an alternative perspective to deal with the increased 

uncertainties regarding urban growth and the decision-making process. 

Although the concept of self-organization was developed in the fields of 

Physics, Mathematics and Cybernetics it was gradually transferred into the scope of 

social sciences (Portugali, 2000). In the 1960s, this concept started to be applied to 

urban and regional science within Prigogine’s dissipative structure theory (Nicolis and 

Prigogine, 1977; Prigogine, 1980; Prigogine and Stengers, 1984) and Haken’s 

synergetics (Haken, 1983, 1991, 2000). For example, Allen and Sanglier (1981) 

reshaped Christaller and Losch’s central place theory in light of Prigogine’s dissipative 

structure theory. According to the central place theory, put forward by Christaller and 

Losch, the landscape mirrors a state of equilibrium, which results from the optimized 

sum of the properties of the different economical strengths that are present. However, 

in light of the dissipative structure theory, the main idea is that the spatial hierarchical 

order occupied by central agents is obtained, maintained and transformed by means of 

a combined action between interactions, fluctuations and dissipation. In turn, the 

theory of synergetic highlights the interrelations, interactions and synergies between 

the several parts of a system and their general behaviour and structure. Weidlich 

(1994) developed the theory of synergetic cities by applying Haken’s synergetic theory 

to the study of population distribution in cities. 

From the science of complex systems, we have learned that apparent simplicity 

is merely an illusion. For example, in an urban system composed of different groups of 

interests that represent, in a given moment in time, their idiosyncratic characteristics, 

we can identify factors that interact linearly but always in a complex and diverse 

manner, at any given place or moment in time (Stewart, 2008). Urban systems may 

then be understood as complex systems and, as such, characterized by a set of 

properties such as: spatio-temporal non linearity5, self-organization6, emergence7 and 

                                                           
5
 The concept of non-linearity is based on the notion of causal circularity, one of the major innovations 

of the cybernetic movement developed in the 1950s. The notion of causal circularity characterizes 
processes in which i) the effect of a cause affects its own cause, and ii) changing it and being 
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self-similarity. According to Portugali (2011), research within the framework of 

complexity theories and the concept of self-organization as applied to cities and 

planning may be organized in a sole domain, the Complexity Theories of Cities (CTC). 

Currently, CTC encompasses a fairly comprehensive body of research, namely 

on fractal cities (Batty and Longley, 1994), self-organization and the city (Allen and 

Sanglier, 1979; Wilson, 1981; Pumain et al., 1989; Portugali, 2000), cities and 

complexity (Batty, 2005), urban hierarchy (Pumain and Moriconi-Ebrard, 1997; 

Pumain, 2004; Pumain, 2006), Cellular Automata (CA) models (Tobler, 1979; Batty, 

1997; Clarke and Hoppen, 1997; Phipps and Langlois, 1997; White and Engelen, 2000; 

Benenson and Omer, 2002), agent-based urban models (Benenson and Torrens, 2004), 

multi-agent models (Sanders et al., 1997; Bretagnolle et al., 2003) self-organized 

criticality (Bak and Chen, 1991). The relevance of these methodological contributions is 

tied to two main aspects. On the one hand, the fact that they reinterpret urban and 

regional issues (formerly considered independent) through complex networks from 

which the overall structure of cities is derived. On the other hand, through the 

introduction of new perspectives on understanding cities, inspired by the basic 

properties of complex systems (namely, fractals, self-organization, self-organized 

criticality and phase transition (Portugali, 2011). 

A new type of methods that were able to supply important information was 

developed not only to understand cities that are inherent to an urban system, but also 

to urban theories, such as the evolution of shape and structure (Li and Yeh, 2002). In 

fact, due to the rapid evolution of computational systems and the development of new 

paradigms such as Geosimulation8, it is now possible to model and simulate urban 

phenomena at a local scale, increasing resolution and accuracy of the scenarios and 

the probable evolution of territorial reality (Batty, 1994).  

                                                                                                                                                                          
simultaneously changed by it. For example, the interaction between the elements of a system at a local 
scale results in the emergence of a global pattern, which, in turn, will casually restrict the behaviour of 
elements at a local scale (Haselager and Gonzalez, 2002). 
6 

Self-organization is the capacity that some systems have of creating unpredictable behavioural 
patterns, independent from external causes (Varela et al., 1974). 
7
 Emergence is the capacity of isolating patterns from the organization of a set of simple rules in a 

complex system. The interaction of individual elements, which comprise the system, results in an overall 
collective action. This is called a bottom up behaviour (Johnson, 2003).  
8 

The theoretical statement of Geosimulation does not lie solely in the resolution of real problems in a 
geographical context, but also in trying to understand the existing socio-spatial interaction processes. 
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Cellular Automata models have been one of the most productive approaches 

within the urban Geosimulation field of studies in the past two decades (Benenson and 

Torrens, 2004). Although many studies have been dedicated to the introduction of new 

components to perfect the functionality of formal CA introduced by Ulam (1952), von 

Neumann (1966), Conway (Gardner, 1970) and Wolfram (1983, 2002), at the most 

basic level, a Cellular Automata is an n-dimensional matrix (usually bi-dimensional or 

one-dimensional) of regular cells. Each cell is represented by a discrete state, which is 

iteratively and synchronously changed over time t based on its previous states, the 

characteristics of the cells in its neighbourhood and the recursive application of a given 

set of transition (Torrens and O’Sullivan, 2000). Thus, a Cellular Automata is defined by 

the following five components: an n matrix of cells, the state of the cells, a 

neighbourhood that defines the extension to which spatial interactions between cells 

are calculated according to their state, the transition rules that change the state of the 

cells at a given t+1 moment simulating their spatial transitions, and time, which gives 

CA models its dynamic character (Pinto, 2013). 

The main ideal of Cellular Automata-based models is allowing for virtual 

experimentation from the knowledge of local transition rules9, which, in the past, led 

to the current spatial shape of a particular urban phenomenon and its consequences 

over time, in order to eventually validate hypotheses, changing or generalizing them. 

According to Batty and Howes (2001), microscopic approximation and revisiting 

inductive and experimental approach have resulted in renewed theoretical hypotheses 

thus significantly differentiating CA from conventional probabilistic models.  

In a more recent presentation of his point of view on urban phenomena 

modelling, Benenson (2010) states that we have entered a new stage of agent-based 

modelling10 (ABM) that is applied to objects in the real urban world, namely buildings, 

households, cars, road network, etc. The author argues that most real problems in a 

                                                           
9 

Transition rules, essential to CA models, are represented by the parameters and weights associated 
with the spatial variables involved in a simulation (Yang et al., 2011:155). 
10

 Or multi-agent models, in case of an organized set of several agents within a system, which act among 
them and with the geographic space where they are included. 
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geographical context result from the interaction of several agents11. In this sense, 

Benenson and Torrens (2004) have put forward the agent-based simulation approach. 

According to these authors, Geography as a spatial science is concerned with the 

behaviour and distribution of geographic objects in space. Within the dynamics of 

spatial systems, the properties and/or location of many such objects are changed. 

Thus, the objective of an agent-based simulation is replicating those activities, 

interactions and respective consequences at different scales through rules. Although 

this agent-based simulation applied to urban phenomena had already been mentioned 

in the literature (Erickson and Lloyd-Jones, 1997; Semboloni, 2000; Galton, 2001), its 

implementation was very incipient up until the moment the authors suggested the 

Geographic Automata Systems (GAS), a fruitful conjugation of agent-based simulation 

and Cellular Automata. 

Geographic Automata Systems revolutionised the works of urban and spatial 

modelling (Batty and Couclelis, 2005). These start from a microscopic approach in 

which the structure of urban space is defined by spatial relations between interacting 

automata in order to easily reproduce the geographic reality. In this sense, a GAS 

model requires the explicit representation of space and the interactions between 

automata. In the GAS model12 developed by Torrens and Benenson (2005) the 

interaction between automata results from the application of three rules: i) transition 

rules  that determine automata states, ii) movement rules  that manage changes 

in their location in time, and iii) neighbourhood rules  that establish changes that 

arise in the relations between automata. As for Clarke et al. (2002), these essential 

elements provide a large capacity to capture new, emergent, self-organized 

phenomena and not only extrapolate future trends. Torrens and Benenson (2005) 

argue that the properties of emergence and self-organization may occur in two 

different ways within this model: 

 when geographic objects (e.g. road networks, buildings, urban infrastructures) 

change their properties and cause the emergence of aggregate spatial units. 

                                                           
11

 We should note that these agents may become highly complex in a simulation context when they 
start to be cognitive agents, provided with representations, memory, intentions, and able to develop 
individual strategies.  
12 

The GAS model proposed by these authors was implemented in the OBEUS (Object-Based 
Environment for Urban Simulations) software. 
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The emergence of suburbia inhabited by individuals from a certain socio-

economical group is an example in the context of the GAS model; 

 when mobile geographic models (e.g. vehicles, owners) change their location, 

such as in the examples explored by Shelling’s geographic segregation models. 

Although CA-based urban modelling models are the product of regular 

multidisciplinary work that has been carried out in the past twenty years or so, their 

vulnerability is concerned with the difficulty of i) defining transition rules and ii) 

dealing with model parameterization13. Model parameters are often arbitrarily defined 

based on the spatial resolution14 of data, instead of acquiring an effective 

understanding of the process in question. Let us consider the example given by 

Benenson (2010). The author refers that the cellular automaton ‘Game of Life’ is a 

clear example of the dependency of CA from the definition of spatial resolution and 

model parameterization. He argues that the CA ‘Game of Life’ supports the generation 

of numerous system evolution patterns that act on a local scale. However, it is not 

certain that the processes that act on a local scale and under the same conditions 

produce the same patterns on an intermediate or global scale. Therefore, the model 

does not replace measuring and observing processes on their different scales. 

Knowing a priori that transition rules are sensitive to the model’s spatial 

resolution and that different combinations of parameters originate different 

simulation results, which methods may contribute to a greater precision when defining 

them? From the recognition of the aforementioned difficulties stem relatively recent 

efforts to incorporate evolutionary artificial intelligence models, such as artificial 

neural networks, genetic algorithms, artificial immune systems and ‘swarm’ 

intelligence in the scope of simulations performed with cellular automata. 

Artificial neural networks were developed to replicate the structure of 

interconnected neurons in the human brain. They mimic their capacity to classify 

patterns and learn by trial and error and thus observe the relationship between data 

(Pijanowski et al., 2002). According to the results of several scientific works, artificial 

                                                           
13 

The same applies to ABMs. In fact, the difficulty of calibrating an ABM is tied with the complex manner 
in which the accumulation of individual decisions affected by socio-political factors and economic 
conditions influences geographic space which is, by nature, dynamic (Li et al., 2010).

 

14
 Some general guidelines are provided by Hengl (2006). 
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neural networks have the capacity of dealing with any non-linear complex relation 

between spatial variables and determining with greater precision and in a shorter 

period of time, their contribution to the simulation, when compared with more 

traditional methods, such as, for example, multi-criteria analysis (Atkinson and Tatnall, 

1997; Pijanowski et al., 2002; Rocha et al., 2005a; McDonald e Urban, 2006; Lin et al., 

2010). From research carried out by Lin et al. (2010) in the field of land-use change 

modelling, we can posit that artificial neural networks must be considered when i) the 

performance of conventional methods is not satisfactory, ii) data underlying relations 

are unknown, and iii) land-cover patterns exhibit complex relations and/or spatial 

autocorrelation. On the other hand, recent advances in parallel computing have 

allowed researchers to take advantage of a significant computational power. Examples 

of approaches that combine those advanced modelling capacities (namely multi-

thread models15) and artificial neural networks for the simulation of urban growth are 

provided by research made by Wang and Mountrakis (2011). From their work stems 

the following conclusion: the traditional linear model structure based on a single 

algorithm (which is adjusted to the whole study area) neglects several local rules and 

therefore overestimates urban growth patterns. They also state that linear models 

assume that urban growth is spatially stationary, which therefore has consequences to 

the representation of intrinsically heterogeneous spatial relations. According to the 

hypothesis put forward by Wang and Mountrakis (2011), the methodological approach 

they propose improves the spatial distribution of the phenomenon under analysis and 

therefore the overall accuracy of the model since it is capable of representing the 

spatial heterogeneity that is inherent to the data. 

Guermond (2008) in a book entitled ‘The Modelling Process in Geography, 

From Determinism to Complexity’ states that other methods, such as genetic 

algorithms, percolation and fractal geometry have proven to be promising to the next 

generation of urban CA models. It should be noted that the simple mathematical 

                                                           
15

 This is a combination of several neural network algorithms implemented in a software program so 
that one or more activities may act simultaneously on the same application. The basic principle of this 
type of incremental model is based on the hypothesis that some parts of a problem are more easily 
solved than others. Specific algorithms are then chosen to specific parts of the study area allowing for an 
intelligent selection of optimised algorithms. 
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percolation model
16

  associated with fractal geometry  allows us to  introduce 

some fundamental complex system physics concepts into the propagation of the 

urbanization process in the territory. The relevance of the aforementioned 

methodological contributions has to do with the possibility of integrating their results 

(such as, for example, the quantification of relationships between land-cover patterns 

and their ‘driving forces’, determining land consumption, identifying growth patterns 

and calculating maps of the probability of occurrence of a certain type of land-use) for 

the parameterization and calibration of CA models thus considerably improving their 

performance. 

From these observations (above merely sketched) we could assume that the 

aforementioned scientific models have been largely used in the urban planning 

process taking into consideration their importance in supporting the decision-making 

process. In fact there are few studies on their practical application to urban planning. 

On the other hand, we can admit that the planning process is rather limited because it 

ignores the potential of urban phenomena simulation models, particularly in 

geographic areas characterized by accelerated urban growth. The most probable 

justification may be related with the fact that the majority of CA models depend on 

empirical data to derive transition rules and rarely take into consideration possible 

external interventions (such as historical data and planning policies). Hence the 

proposal of Liu et al. (2010) and Li et al. (2010) that analyses the potential of artificial 

immune systems17 (AIS) and swarm intelligence18 as methods of explicitly integrating 

urban planning and land-use policies into CA’s dynamic transition rules.  

Inspired by natural biological systems, AIS replicate the shape and biological 

functioning of antibodies i) learning and memorizing new information, ii) applying 

previously assimilated information, and iii) recognizing patterns in a decentralized 

manner. Briefly, an AIS-based CA model is composed of antibodies and antigens. The 

                                                           
16

 Percolation theory was proposed by the mathematicians Broadbent and Hammersly in 1957 in order 
to study nonlinear propagation of fluids in disorganized media.  
17

 Inspired by the field of Theoretical Immunology, AIS were first proposed by Jerne (1974) to solve 
complex problems. 
18

 Swarm intelligence is based on a special group of agents  artificial animals (for example, birds, ants, 
bees) to solve optimisation problems through collective actions. As referred by Li et al. (2010), in spite of 
their simplicity as individual beings, they possess a highly structured social organization in order to 
conduct complex tasks. 
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former, as classifiers, have the function of attributing different types of land-use to a 

given cell based on its attributes and the latter represent cells, the object of 

classification during the simulation. It should be noted that different planning policies 

can be integrated into an AIS algorithm by changing the antibody evolution 

mechanism. It is therefore possible that these gradually evolve towards pre-defined 

planning policies. The capacity that antibodies have to learn, memorize and adapt 

implies that AIS-based CA models are capable of conveniently recognizing land-use 

dynamics and are therefore capable of exploring several scenarios for urban planning 

(Liu et al., 2010). 

Moreover, we can see that a great effort has been done to analyse and detail 

urban phenomena in the light of the bottom up approach. In the past two decades, a 

type of hybrid model was developed to improve the results of urban phenomena 

modelling and simulation, namely CA and ABMs that include multi-criteria analysis (Wu 

and Webster, 1998), logistic regression (Wu, 2002), decision trees (Li and Yeh, 2004), 

artificial neural networks (Lin et al., 2010; Wang and Mountrakis, 2011), swarm 

intelligence (Li et al., 2010), among others. The idea underlying this type of approach 

that seems important to remember is understanding how these processes generate 

certain patterns (for example, the patterns that result from the simulation of local 

dynamics of land-use change). This is perhaps one of the reasons why, in contrast with 

top down models19, the bottom up approach is capable of capturing feedback 

processes established between variables, hence its capacity to generate more realistic 

urban phenomenon simulation/scenarios. However, we need to take two aspects into 

consideration: while, on the one hand, bottom up models are considered a more 

reasonable basis for the urban planning process, since they provide more meaningful 

insights into urban phenomena, they do not offer an optimal model for the 

phenomenon we are studying that can be later implemented in plans and policies 

aiming at guiding the system towards a more desirable reality (Bone et al, 2011:719). 

On the other hand, it is essential that we understand that planners, among other 

public or private agents, are not independent from the system, nor do they regulate 

with the same type of interests. This means that planners and scientists are some of 

                                                           
19

 Regarding land-use planning, top down models are suitable to produce general plans for spatially 
structuring an area, meeting a set of overall criteria or objectives (Bone et al., 2011). 
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the many parts, agents and strengths that participate in complex and spontaneous 

urban systems (Batty, 2005; Portugali, 2000). It is true that some works (Engelen et al., 

2007; Liu et al., 2010) perform within this framework a real exercise of incorporating 

the more significant effects of these agents into urban growth and LULC change 

modelling (such as, for example, zoning maps and the constraints of the Municipal 

Master Plan). It should be noted, however, that in the specific case of the work carried 

out by these authors the actions of the public and private individuals were not 

explicitly included in the models they developed. How can we then improve our 

knowledge on the processes that set in motion local urban dynamics without taking 

into account the constant interaction between i) public and private agents and ii) the 

effects of the actions carried out by local agents (namely, residents, owners, 

shopkeepers…)? 

Following previous work, particularly done by Castella et al. (2007) and Bone et 

al. (2011), another approach has been gathering increasing attention in the scope of 

urban phenomena modelling. The innovation lies in the complementarity between 

bottom up and top down approaches to represent the several actors that model space 

but are rarely considered at the same time (Figure 2). 

In the particular case of the research undertaken by Bone et al. (2011), the 

potential of the approach was applied into modelling land-use changes by simulating 

how individual behaviour influences land-use patterns while simultaneously public and 

private agents assess and constrain those patterns in order to meet different overall 

aims. These authors believe that the combination of bottom up models (ABMs and CA) 

and top down models (heuristic models, multi-objective linear programming and multi-

criteria evaluation) is capable of producing more real and balanced results between 

local interactions and overall objectives. Although the final solution of the integrated 

model proposed is not an optimal solution that can deal with all the overall objectives, 

it is a representation where land-use changes are more prone to happen, taking into 

account i) the location preferences of the different agents and ii) feedback 

mechanisms that are established.  
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Figure 2 – Diagram of the types of agents and the integration of top down and bottom up approaches 
(Source: adapted from Bone et al., 2011). 
 

In sum, literature on modelling and simulating urban phenomena has evolved 

in the past few years by incorporating a series of methods from different subjects, with 

the aim of exploring and predicting their spatio-temporal dynamics. The approaches 

that we have briefly covered have supported that evolution and, as we will see in the 

next section, have originated a large set of instruments of analysis that are useful for 

future urban and territorial planning. 

 

I.1.1  Urban models  

Several international projects have developed significant work in a 

multidisciplinary context, namely regarding the analysis of urban growth 20 and land-
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 It should be noted that urban areas are fantastically dynamic places as seen in the history of urban 
growth (Jacobs, 1961:13). Therefore, their analysis may imply, on the one hand, the observation of 
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use change, particularly by using remote sensing and geographic information systems 

(Tenedório et al., 2005). In fact, modelling spatial dynamics from the observation of 

land (by analysing satellite images and aerial photographs) has been a highly vibrant 

science. 

While it is likely that the contribution of these projects largely depends on the 

methods used, as well as on the scale of analysis and availability/easiness of applying 

the models, they have had the capacity of presenting new solutions that are 

increasingly robust and allow us to optimise the planning process in the current 

scenario of increasing complexity. Accordingly, we shall now address the models 

applied to urban phenomena, which are more present in the literature, both due to 

the techniques used and their participation in European projects. In the European 

context, the ‘Corine Land Cover’ European project is probably the one that has 

gathered more information for the compared analysis of the land-use change dynamics 

in Europe. However, in 1998, the ‘Joint Research Centre’ pilot project was launched by 

the European Commission. The ‘Murbandy’ project, since then renamed ‘Moland’, is 

the most advanced program in terms of monitoring urban sprawl phenomena due to 

the use of more developed remote sensing instruments and the application of CA into 

modelling spatial dynamics. The land-use change model used in the project was 

developed by the Research Institute for Knowledge Systems (RIKS) to form a Spatial 

Decision Support System. The aim of this project was to develop a generic model  

that can be applied to any European city  which implies assuming that cities that are 

hierarchically similar evolve according to the same processes. In the European context, 

where cities have a large cultural, economic and historical variety this seems a bold 

hypothesis. However Delden (2009), commissioner for the Joint Research Centre, 

stated that the analysis of the fractal dimension of European cities (self-similarity at 

different scales), of their self-organizing degree21, and of the emergence of land-use 

patterns have provided the necessary conditions to support that assumption.  

                                                                                                                                                                          
typical urban growth patterns, in which the city spreads in space, but also, on the other, moments when 
this pattern is interrupted by periods of time when no urban growth occurs. 
21

 Back in 1961, the town planner Jane Jacobs proposed in her work ‘The Death and Life of Great 

American Cities’, the idea that the city is a living organism  a self-organized system. Thus Jacbos 
amplified the way cities are seen beyond the vision of a city as a result of the simple sum of objects and 
beings. 
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The land-use change model ‘Moland’ was proposed by Engelen et al. (1995) 

and is based on the following modelling logic: a CA modelled geographic space where 

the state of each cell in a bi-dimensional matrix represents 24 land-use categories that 

can be of two types: i) active land-uses  these represent active resources of the 

model, i.e., they participate in the spatio-temporal dynamics, and ii) fixed land-uses  

these represent fixed resources in the model and therefore are not liable to participate 

in the dynamics. It is implemented via a multi-scale architecture, composed of two 

subsystems (two levels of description: micro- and macro-scale) that interact between 

them and with a database (‘Corine Land Cover’), from which the model obtains the 

necessary data for the simulation. The basic principle of the model, from which it 

derives the spatial dynamics of a specific area, is based on the attraction/repulsion 

effect that neighbouring cells have on the potential of land-use transition of a given 

cell. However, we should point out that these CA models face challenges when we 

need to incorporate the actions of public and private agents, such as, for example, 

decision making. In fact, Parker et al. (2003) conclude that it is necessary to associate a 

set of complex hierarchical rules to each group of cells so that the model is capable of 

distinguishing decision-making types.  

In the international context, the Gigalopolis project is today one of the most 

widely known applications of urban growth. The project has perfected the first 

Geographic Automated System  SLEUTH, developed by Professor Keith Clarke, in a 

partnership with the United States Geological Survey (USGS). SLEUTH is an acronym 

that stands for Slope, Land Use, Exclusion, Urban Extent, Transportation and Hillshade, 

which correspond to the basic geographic information that the model requires. 

Besides that geographic information, five other parameters synthetize the system 

under analysis and also allow to control their behaviour. They are the following: 

 Diffusion: presents the dispersion degree of the system;  

 Breed: corresponds to the probability of generation of a new nucleus;  

  Spread: corresponds to growth from existing centres; 

  Slope: represents urban growth resistance to slope changes; 

  Road gravity: represents the attraction of urban areas towards the road 

network and their spread along those roads. 
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We should note that urban growth dynamics is implemented in the models via 

a set of rules named self-organizing rules, which allow us to model four different urban 

growth types: i) based on the historical growth of each specific area, ii) by organic 

expansion, iii) by spontaneous spreading, and iv) by influence of the road network. The 

calibration stage is one of the most important stages in the whole application of the 

model. Regarding the calibration stage, SLEUTH uses the semi-automatic method22, 

which has proven to be particularly interesting, since it makes it possible for us to 

adjust values that reflect local characteristics in each case study. The simulation model 

applied, both at the calibration stage and when generating future scenarios is the 

Monte Carlo technique. A numerical simulation currently highly praised in the fields of 

Physics, Mathematics and Biology, this technique consists in obtaining a sequence of 

system configurations in a stochastic manner, which depends on random numbers 

generated during the simulation. The data that result from the calibration and final 

adjustment to recent trends are introduced in the model so that we can extract not 

only information on urban growth in the past, but also future growth scenarios. 

However, each performance of the stochastic simulation produces only estimates for 

the analysed parameters. Therefore, we have to detail that the method used is based 

on a set of assumptions that are not necessarily valid. 

The models briefly analysed have been applied in the past two decades in 

several European and American cities (White and Engelen, 1993; Clarke and Gaydos, 

1998; Engelen et al., 2007; Dietzel and Clarke, 2007), in order to allow for their 

validation through the use of different spatial data and different methods. This also 

seems to be the path chosen in Portugal, given that the practices in this field, although 

still an ambitious and laborious work, have met more development. There is in 

Portugal a very significant need to analyse, quantify and monitor urban phenomena, 

particularly in the scope of urban growth and land-use change, not only through the 

application of the aforementioned models, but also through the development of 

innovative models. Thus, in the next section, we intend to define their characteristics, 

their qualities and their correspondence with reality.  
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 The calibration process is documented in the work of Silva and Clarke (2002), in which the SLEUTH 
model is applied to a European context (to the cities of Lisbon and Porto).  
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I.2   An analysis of existing practice in urban growth and LULC change modelling in 

Portugal  

Europe is one of the most urbanized continents in the world (Romano and Roca, 

2011:1). Approximately seventy per cent of its population live in urban areas. It should 

be noted, besides, that according to the European Environment Agency (2006), 

currently over a quarter of the territory of the European Union may be considered 

urban land and it is estimated that, by 2020, around eighty per cent of Europeans will 

live in urban areas. 

As in the rest of Europe, in Portugal this phenomenon has reached higher 

complexity and relevance in coastal areas and around metropolitan areas. These 

growing processes of demographic and economic expansion have led to a densification 

of conurbations, which has contributed to consolidating average cities and 

metropolitan areas. Meanwhile, we have seen that in the past two decades 

metropolitan areas no longer concentrate the large numbers in terms of employment 

and population of the urban systems. The processes of spreading and polycentrism 

have arisen as new paradigmatic structures in large cities (Marmolejo et al., 2011:1). 

The dispersed or diffused, fragmented, discontinuous city are some of the concepts 

that try to identify and characterize processes, which have led to the development of a 

new model of spatial organization. Simultaneously, coastal areas have undergone 

intensive processes of linear urbanization given the strong real estate dynamics in 

these areas (Silva, 2002). 

In face of the aforementioned trends, new urban growth and land-use patterns 

have emerged, originating in expansion, agglomeration and fragmentation processes. 

Monitoring and advancing our knowledge about these processes, as well as the 

growing challenges in terms of urban planning and their respective environmental 

consequences, are precisely the objectives of the scientific research produced in this 

field in Portugal. Consequently, several authors have developed and applied spatial 

dynamic simulation models, particularly in the past decade, although from different 

angles: urban growth (Silva and Clarke, 2002; Pinto, 2006; Pinto and Antunes, 2007), 

land-use and land-cover change (Rocha et al., 2001 e 2002; Gaspar et al., 2005; 

Tenedório et al., 2006; Lavalle and Petrov, 2006; Cabral and Zamyatin, 2006; Rocha et 
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al., 2007; Araya, 2009), sustainable urban growth (Vaz, 2008; Vaz, 2011), and 

specification of general models (Encarnação, 2011). In the following section we 

present the main characteristics of the leading models in this scientific field, since 

these are the most complete and more frequently used and due to the fact that their 

results have served to promote and explain the phenomena of urban growth and land-

use change to the public in general, politicians and planners. 

 

Models applied in the Lisbon and Porto regions  

Due to the progress of remote sensing, geographic information system 

techniques along with the availability of historic spatio-temporal data, several urban 

growth prediction models have been applied by the Portuguese scientific community 

over the last decade to analyse urban land-use dynamics and simulate urban growth in 

the metropolitan areas of Lisbon and Porto. Here we analyse four researches which, in 

spite of having a common research purpose, varied in underlying methods, theoretical 

assumptions and spatial/temporal scales of analysis.  

The application of SLEUTH to the metropolitan areas of Lisbon and Porto by 

Silva and Clarke (2002) and Silva (2002) were the first applications of the model to 

European cities. SLEUTH uses a modified CA, which integrates growth rules and ‘self-

modification’ rules with automated adaptive calibration to represent the behaviour of 

the system and simulate its future developments (Silva and Clarke, 2002). In this 

research, the historical artificial areas of Lisbon metropolitan area were extracted from 

Landsat imagery for 1975, 1984, 1995 and 1997. This data combined with two maps for 

roads network (years 1987 and 2000), one excluded area layer, one hillshade image 

and one topographic slope layer were integrated into the CA model with a cell size of 

100 metres (cell area of 10 000 m2) and used to reveal historical spatio-temporal 

patterns of urban land-use and land-cover changes and predict two future scenarios of 

urban growth for 2025 (Silva, 2002) (Figure 3). Two classes of urban growth are 

illustrated in Figure 3 (a) and (b), where green represents new urban nuclei and red 

represents areas with higher probability of urban growth.  
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Figure 3 – Future scenario of the spread of urbanization in Lisbon metropolitan area using a constrained 
CA model (a) and using an unconstrained CA model (b). Source: Silva (2002).  

 

Similar data layers were used as input data to the CA model for Porto 

metropolitan area, including four artificial area maps (years 1975, 1987, 1997 and 

2000), two road layers (years 1987 and 2000), excluded areas, hillshade and slope data 

layers. They have found highly final calibration correlations when the model’s final 

outputs were compared with the land-use maps for the control years (a score of 0.90 

for Lisbon and 0.97 for Porto). The contribution of the work of Silva and Clarke (2006) 

went far beyond the production of valuable predictions of urban growth for 2025 or 

the effective simulation of the evolution of both metropolitan areas. In fact, they have 

presented the calibration process of SLEUTH thoroughly during the application of the 

model to Lisbon and Porto, therefore providing a robust basis for the work of other 

researchers that have applied the SLEUTH model to other geographical contexts (Jantz 

et al., 2003; Yang and Lo, 2003; Dietzel and Clarke, 2004; Goldstein, 2004).  

The research developed by Rocha et al. (2002, 2004a, 2004b, 2004c, 2005a, 

2005b, 2007), Rocha (2012), Tenedório et al. (2005, 2007), Ferreira et al. (2005) and 

Simões et al. (2009) has been dedicated to the adaptation of and experimentation with 

cellular-based modelling of urban systems. Their investigation has been both profuse 

and innovative in the field of urban Geosimulation in Portugal. Rocha (2012) has 

developed a CA-based modelling framework titled UrbGeoSim (Urban GeoSimulation), 

a) b) 
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which combines fuzzy logic, predictive sub-models and cellular automata in a GIS 

environment in order to predict the urban growth of the Almada municipality  (a peri-

urban area integrated in Lisbon metropolitan area) for the year 2021 (Figure 4). 

UrbGeoSim uses a cell size of 5 metres (cell area of 25 m2) and incorporates existing 

urban area maps (years 1995, 1998, 2000, 2006 and 2008), slope, road network 

density, distance to urban centres, accessibility to transportation network/urban 

centres, house building dynamics, land-use zoning, map representing the different 

values of Municipal Property Tax’ value map (which represents the different values of 

Municipal Property Tax throughout the Almada municipality), attraction indices (which 

measure the intensity of attraction of each parish of the Almada municipality based on 

journey-to-work commuting flow data) and legal constraint data layers. He quantified 

urban land-cover change in the Almada municipality from 1995 to 2008 using historical 

cartography (1:28 000 scale), aerial photos (1:25 000 scale) and orthophotomaps (1:10 

000 scale). The data set was normalized into a (0, 1) interval using the fuzzy logic 

technique. He applied the sigmoidal function to those determinants that are 

continuous variables and a linear function to discrete variables. Only monotonically 

decreasing functions were used, which means that higher values correspond to higher 

probabilities of urban growth. He used spatial data analysis methods (namely spatial 

autocorrelation statistics and detection of multicollinearity) to select main 

determinants of urban growth in the 1995-2008 time period. He tested seven different 

predictive models to specify the cellular automata transition rules. The models are 

Maximum Entropy approach, Generalized Linear model (GLM), Generalized Additive 

model (GAM), Support Vector Machines (SVM), Classification and Regression Trees 

(C&RT, CART), Artificial Neural Networks (ANN) and Genetic Algorithm for rule set 

production (GARP). Receiver operating characteristic (ROC) analysis was applied to test 

model evaluation. While not proposing new tools, Rocha (2012) tried to re-address and 

re-evaluate several predictive models already recognized as robust tools and related 

them in order to provide a better understanding of urban growth dynamics, as well as 

suggesting future directions for investigation and pointing out the challenges that may 

lie ahead. 
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Figure 4 – Example of urban growth scenarios for the year 2021 using a combined approach of GLM and 
an unconstrained CA model (a) and a constrained CA model (b). Source: Rocha (2012).  Numbers in 
brackets represent the number of years between the earlier and the later urban land-cover maps used 
for the simulation. 

 

Cabral and Zamyatin (2006) tried to characterize the spatial and temporal 

urban dynamics of Sintra-Cascais municipalities (incorporated in the Lisbon 

metropolitan area) between 1989 and 2001 and then predict their future evolution for 

the year 2025 (Figure 5). They proposed three different approaches to accomplish the 

study objectives, including a CA Markov chain model performed in the geoinformation 

system Idrisi32 (IDRISI, 2004), a CA_Advanced (an original spatial metrics approach to 

CA model rules definition developed by the authors in a Microsoft Visual C ++ 6.0 

environment) and Geomod also performed in GIS Idrisi. Geomod was developed by Hall 

et al. (1995; 1995a) and Pontius et al. (2001) and it is a simpler model that uses an 

empirical and automatic method to create suitability maps (rather than a transition 

matrix as in CA-Markov models), which are then used to predict those non-urban areas 

that are more likely to be converted into urban areas (Pontius and Malanson, 2005). 

This model can only predict the change of a single land-use or land-cover category by 

means of a linear relationship between two time periods (Cabral and Zamyatin, 2006; 

Echeverria et al., 2008). 

 

a)

b)
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Figure 5 – Estimated urban dynamics for the year 2025 by means of the three land-change models. 
Source: Cabral and Zamyatin (2006). 

 

Image segmentation and texture analysis procedures were used to classify the 

Landsat images of 1989, 1994 and 2001. They have found reasonable overall 

accuracies for 1989 and 2000 images (88.8% and 90.7%, respectively). All three models 

incorporate distance to main roads, distance to Lisbon city centre, distance to centres 

of Sintra and Cascais, slope and existing urban areas of 1989 data layers (Zamyatin, 

Mikhaylov and Cabral, 2007). In addition, they incorporated legal constraints into the 

suitability maps, such as the National Agricultural Reserve and protect areas in order to 

assess the impact of these legal instruments in LULC change stability in the study area 

(Cabral et al., 2006). The research carried out by Cabral and Zamyatin (2006) focused 

on the search for more effective cellular automata modelling and prediction. The 

studies’ results have showed that their integrated approach between remote sensing, 

GIS and the CA_advanced model apart from being one more alternative land change 

model to evaluate and forecast both urban growth and LULC proved to be quite a 

competitive alternative. This is so because of additional spatial component applied and 

the novel optimised software (Cabral and Zamyatin, 2006). Their improvements on the 

final cellular automata modelling were an important contribution to help us analyse 

urban phenomena and estimate long-term forecasts.  

Encarnação (2011) and Encarnação et al. (2012, 2013) introduced a novel 

approach to urban development and a universal classification scheme for urban areas. 

These researchers proposed an alternative quantitative tool for use in the urban 
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growth monitoring and evaluation of interventions delivered from city planning. They 

have developed and applied a nonlinear quantitative model, which is neither a 

predictive model nor a CA-based modelling approach, to explore both the internal 

organization of built-up areas and how they evolved in the Northern Margin of the 

Metropolitan Area of Lisbon (NMAL) from 1960 to 2004. The modelling has been 

performed using a spatio-temporal fractal analysis and a Generalized Local Spatial 

Entropy (GLSE) function, based on which they implemented a mathematical tool to 

classify automatically five different stages of urbanization (Encarnação, 2011), 

including small and isolated built-up areas (type 1), dispersed built-up areas (type 2), 

metastatic growth (type 3), rapid growth and consolidation (type 4) and compact areas 

(type 5) (Figure 6). Fractal analysis allows to describe urban morphology and to identify 

main ruptures in the urban spatial patterns by conceptualizing cities as fractals at 

numerous inter-related scales (Thomas et al., 2008). Fractals are commonly defined as 

fragmented geometric shapes that may be subdivided into parts that are nearly a 

smaller reproduction of the whole (Tran et al., 2005; Thomas et al., 2008). Hence, 

fractals have been used widely for the identification of compactness, homogeneity or 

heterogeneity of urban spatial patterns by means of fractal dimensions computation. 

The built-up area data layers were extracted from historical cartography (scales of 1:25 

000 and 1:50 000) and 1:25 000 scale orthophotomaps using both image segmentation 

and visual image interpretation techniques.  

 

 

Figure 6 – Past and current spatio-temporal types of regions in NMAL. Source: Encarnação et al. (2012). 
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So far, most studies on fractal analysis have computed the so-called global 

fractal dimension of urban areas, proving that such dimension increased over time 

(Encarnação et al., 2013). Portuguese researchers have gone much further and 

calculated not only the global fractal dimension of the entire NMAL (reinforcing the 

findings revealed by previous studies applied to other geographical contexts) but also 

the fractal dimension of each cell of a matrix (cell area of 1 km2) representing the 

spatial pattern of built-up areas of NMAL. Indeed, it was this local assessment of both 

built-up areas’ fractal structure and its evolution that enabled the differentiation of 

any patch of the NMAL territory into one of five referred stages of urbanization 

(Encarnação et al., 2013). A conventional box counting method was applied to 

calculate the fractal dimension of each cell. They used the Pearson coefficient to assess 

the quality of the fractal analysis performed for the NMAL. They have found great 

quality’ linear fits for the three time periods analysed. The quantitative tool developed 

by Encarnação et al. (2012, 2013) has the potential to provide a pragmatic method for 

the automatic categorization and identification of different types of urban areas that is 

both understandable to policy makers and sensitive to the heterogeneous fractal 

properties of urban areas. It may improve the evidence base for intervention and 

policy measures, and be generalized to other metropolitan areas worldwide. 

Development of this quantitative nonlinear tool may serve as a meaningful avenue for 

further fractal cartography of urban areas research. 

 

Model applied to the Coimbra district, central Portugal 

Traditional cell-based LULC change CA models in which geographical space is 

defined as a collection of regular cells (Wang, 2012:16) have been applied widely. This 

is mainly due to their simpler format and computational efficiency. Moreover, such 

models allow both integrating LULC maps extracted from remote sensing imagery and 

their readily incorporation into a GIS environment (Dietzel and Clarke, 2007; Wang, 

2012). Currently, some researchers have been developing alternative entity (or 

object)-based CA models (Benenson and Torrens, 2004; Blaschke, 2006; Schmit et al., 

2006; Stevens and Dragicevic, 2007; Moreno et al., 2010; Onsted and Clarke, 2011) 

where geographical space is represented as a collection of objects with irregular 
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geometry corresponding to the real-world entities (such as lots and cadastral data) 

(Wang, 2012:16). Likewise, Pinto and Antunes (2010) addressed the challenge of 

improving the representation of real-world entities within CA models by developing an 

irregular CA based on the census blocks to predict future scenarios of LULC change in a 

small municipality called Condeixa-a-Nova for the years 2011 and 2021. The model 

incorporates six land-use categories including urban low density (ULD), urban high 

density (UHD), industry (IND), non-urbanized urban areas (N-UUrb), non-urbanized 

industrial areas (N-UInd), and areas where construction is highly restricted (Rest) 

(Figure 7) (Pinto and Antunes, 2010).  

 

 
Figure 7 – Simulation land-use map for the years 2011 (a) and 2021 (b). Source: Pinto and Antunes 
(2010). 

 

They have used two land-use maps (of years 1991 and 2001) derived from 

Municipal Master Plan. Irregular cells were created through the intersection of census 

blocks and land-use zoning map layers. They introduced a cell transition potential 

function based on cell accessibility, land-use suitability and neighbourhood effect in 

order to represent the system dynamics. The model defines land-use demand 

according to the growth of population and employment densities over time. The 

researchers presented a novel approach to the calibration of irregular constrained CA 

models. The method is based on an artificial intelligence technique, the Particle Swarm 

a) b)
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optimization algorithm, which finds the best set of calibration parameters for a CA 

model. A modified Kappa index and contingency matrices were applied to assess the 

simulated land-use map. They have found an acceptable global agreement of 0.771. 

This contribution aimed to improve our knowledge about the challenges and 

opportunities resulting from the application of an irregular land-use CA-based land 

model. The results of this study are expected to make a difference in the CA modelling 

research by providing a step toward a general methodology for defining transition 

rules, calibrating irregular CA and evaluating their performance.  

 

Models applied in the Algarve region  

We analyse here two researches aimed at detecting the urban growth and LULC 

change pattern over time and to forecast the future growth of urban areas at the 

regional level. They have presented and applied different land-use inventories and 

techniques to achieve the research purposes.  

Petrov and Lavalle (2006) defined and elaborated complex scenarios of land-

use evolution of both the seashore area of the Algarve  between Albufeira to Vila 

Real de Santo António (1986 to 2018) and the whole Algarve region (1990 to 2020)  

using the MOLAND urban and regional scenario simulation CA-based model (White et 

al., 1999; Barredo et al., 2004) with a cell size of 100 metres. They incorporated several 

spatial and socio-economic data, including actual land-use types (25 categories of land-

use), accessibility to transport network, inherent suitability for different land-uses, 

legal constrains for different land-use categories, population, income, production and 

employment (Petrov and Lavalle, 2006). A significant part of these input data was 

extracted from the spatial databases produced by the MOLAND project and CORINE 

land-use datasets. A comparison matrix method and Kappa coefficients were applied 

to assess the resulting land-use maps. They have found the Kappa coefficient of the 

simulated land-use maps for the seashore area of the Algarve region ranged from 0.6 

to 0.87 and for the whole Algarve region ranged from 0.62 to 0.89. According to the 

study´s findings, the Algarve region is currently one of the Iberian areas under greater 

urban pressure. This research showed that an appropriation of the coastal area took 

place with significant speed and intensity over the study period even in areas with 
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strong physical constraints. In addition, this research predicts a significant increase in 

artificial areas in the Algarve (mainly as discontinuous urban fabric, industrial and 

commercial areas and continuous urban fabric) by 2020, although their general spatial 

pattern is not expected to change significantly (Petrov and Lavalle, 2006) (Figure 8).  

 

 
Figure 8 – Land-use maps and simulations for the Algarve seashore area (a) and for the whole Algarve 
region (b). Source: Petrov and Lavalle (2006).  

 

The modelling approach proposed by Petrov and Lavalle (2006) improved our 

knowledge about LULC change dynamics in the Algarve region regarding a time period 

where major tourist growth in the region has occurred (Caetano et al., 1999). In 

addition, it was able to generate reliable simulations of LULC change by combining 

land-use databases with socio-economic, environmental and legal constraint data 

layers. It allowed to identify where urban growth and LULC change occurred, at which 

intensity artificial areas increased in the past, and how spatial patterns of urban 

development varied over time as well. Portuguese local and regional governments 

a) b)
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could therefore have benefit from MOLAND project results in their efforts to elaborate 

and implement the Municipal Master Plans and the regional land-use management 

plan of the Algarve region (PROT Algarve). However, this methodological approach to 

both monitoring and simulating LULC change and urban growth was never directly 

applied in the framework of municipal and regional planning and/or simulation of the 

Algarve region.  

The models proposed by Vaz (2011) are one of the most recent examples of the 

incorporation of the concept of spatial interaction into nonlinear thinking regarding 

dynamic and relatively complex simulation models in the scope of environmental and 

sustainable development issues. The models proposed by the author are based on the 

hypothesis that the socio-spatial interaction processes and their identification are 

complex issues and therefore should not be empirically performed by using a single 

method. The aim of this research was analysing, simulating and scenarizing land-use 

change dynamics in the Algarve region, produced by economic growth (leveraged by 

the tourism sector) and urban growth (namely the increase of the urban sprawl 

phenomenon), by applying an integrated approach using regression models, Markov 

chains and CA. The model applied follows the classic structure of the SLEUTH modelling 

approach, proposed by Clarke and Gaydos (1998). The model starts by gathering 

knowledge on the spatial and socio-economic variables considered (namely, land-use, 

proximity of road networks, slopes and population density). These enabled us, at first, 

to analyse land-use change patterns and thus understand the urban growth 

phenomenon as it occurred in the past and, on the other hand, to simulate future 

spatial dynamics. These insights were gathered by analysing land-use maps, the ‘Corine 

Land Cover’ project, for two different dates (1990 and 2000). From this comparison, 

information on spatial dynamics was collected and subsequently incorporated into the 

models’ transition rules. However, it should be noted that the limited quantity of input 

data on land-use could restrain the results, particularly taking into account the time 

frame of the simulation used. Understanding possible land-use or urban growth trends 

preferably entails a preliminary study based on a larger time frame. 

Although CA models developed by Vaz (2011) follow SLEUTH’s modelling 

example, in comparison, we can consider that the source of innovation lies in 
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integrating a surface of analysis  an urban growth suitability map  into the 

definition of CA transition rules. Suitability maps for the different time periods resulted 

from the application of the multi-criteria method of analysis, from which the factors 

(i.e. the explanatory variables) involved in the quantification of the cells’ urban growth 

potential were weighted and standardized through the analytic hierarchy process 

(AHP). It should be noted that the specification of this method from a combination of 

different explanatory variables basically represents a logistic regression applied over 

the study area to model the probability of the urban growth phenomenon to occur 

depending on other factors. 

The methodological proposal of Vaz (2011) is then combining several methods: 

multi-criteria analysis, hierarchical analysis process, transition matrices obtained with 

Markov chains and CA in order to define and analyse future urban growth and land-use 

change scenarios for 2020 and 2038. In sum, three scenarios were considered: an 

economic interest scenario that foresees the maximization of urban growth due to a 

prosperous economy and continued mass tourism; a scenario of standard urban 

growth based on the current socio-economic indicators of the region, and an 

ecologically-oriented scenario that foresees the maximization of rural activity and a 

clear spatial delimitation between rural and coastal areas.   

Analysing the results obtained by Vaz (2011), we can see that the Algarve is a 

linear urban system associated with strong urbanization pressure in coastal areas 

(Figure 9). On the other hand, the results suggest that urban growth will more 

probably occur in the periphery of urban centres, mostly due to their extension, 

colmatation and densification (as seen in the example of Figure 9), contradicting the 

idea of generalized urban sprawl and even the emergence of new urban areas distant 

from other pre-existing urban areas. However, it seems quite clear that generalization 

in the representation of urban growth (apparently occurred through agglomeration 

processes23) may be related with some technical and methodological limitations of the 

proposed approach and we can admit that the minimum 25 ha representation of land-

use maps of the ‘Corine Land Cover’ map has implied that smaller urban areas were 

                                                           
23

 Urban growth due to agglomeration may be understood as the result of continuous urban 
development in the periphery of pre-existing urban areas.  
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not represented, which led to a less accurate simulation of the urban growth process, 

as referred by the author (Vaz et al., 2011). The fact that the results of the model 

suggest that new urban areas will develop from pre-existing urban areas (the so called 

spatial dependency) may indicate an over-adjustment of the model, which foresees 

the pure persistence between reference map and simulations, due to spatial and 

temporal autocorrelations. 

 

 

Figure 9 – Example of CLC maps and simulation land-use maps of the years 2008 and 2038 of a specific 
area of the Algarve region (municipalities of Faro and Olhão). Source: Vaz (2011).  

 

The urban growth model proposed by Vaz (2011) was subsequently integrated 

into a predictive model for archaeological sites, which shall not be discussed here (a 

detailed presentation is given in Vaz (2008) and Vaz et al. (2010)), whose aim was to 

assess the danger of degradation of the cultural and environmental heritage of the 

Algarve region due to rapid urban growth. To conclude, we believe this methodological 

approach is certainly useful: it suggests little explored research paths that allows us to 

think and interpret regional urban growth and land-use change dynamics. 

 

This chapter presented an overview of modelling approaches on urban 

phenomena research. In addition, it provided a succinct discussion on the models that 

are most applied in the framework of urban phenomena internationally. In particular, 

it identified and reviewed the main contemporary modelling approaches in the context 

of LULC change and urban growth in Portugal developed by both Portuguese and 

foreign researchers teams. A discussion on their model building focused more on the 

Cellular Automata approach was also provided. Notwithstanding the advances made in 

the field of modelling urban phenomena dynamics (specifically, the application of 

Urban

Agricultural

Forest

Wetlands

Water bodies

Land-use CLC 1990 Land-use CLC 2000 Land-use 2008 Land-use 2038



38 
 

robust modelling procedures and the development of novel modelling approaches), 

these approaches do present certain caveats. For instance, the inability to model at a 

high level of spatial resolution (except Rocha, 2012); the failure to include historical 

and current plans established by the legal instruments of territorial management; the 

lack of both highly detailed land-cover/land-use sub-categorization and long time 

series on land-use and land-cover. Increasingly complex urban spatial models that are 

very time-dependent require the use of physical and socioeconomic data from 

different time periods, since previous research has shown that the calibration 

throughout time improves the results of simulation models (Liu, 2009). Most of the 

researches here reviewed in detail, which incorporated spatial policies information 

into the simulation land-use change models, typically used legal constraint data layers 

only, with the purpose of formulating and evaluating land-use change what-if 

scenarios. Indeed, there has been no confrontation practice between the outcomes of 

the quantitative models (i.e., the land-use maps performed by the simulation models) 

with the qualitative models (the plans) established by local governments so far. Even 

though Rocha (2012) compared the total area (km2) of land intended for urban 

purposes under Municipal Master Plan with the simulated areas (km2) in different 

land-use scenarios, it was not a spatially explicit confrontation between the simulated 

land-use maps and land zoning as defined in the Municipal Master Plan. We argue that 

there is a need to incorporate this academic modelling practice into urban and 

municipal planning, and to perform a confrontation between qualitative and 

quantitative models. An attempt in this direction is made in the following chapters. 

Before the proposed modelling approach can be developed and used to simulate LULC 

changes, chapter II provides an overview of the macro-scale land-cover change and 

urban sprawl in mainland Portugal during the 1990-2006 period as well as presenting 

the definition and description of the study area.  
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CHAPTER II: MACRO-SCALE ANALYSIS FOR LAND-COVER CHANGE IN PORTUGAL 

BASED ON URBAN SYSTEMS SPATIAL BOUNDARIES24 

 

Nowadays, some European countries are facing the most complex process of 

land-use/land-cover change – the urban sprawl, which in turn has a compound impact 

on the social and environmental structure of urban areas. This chapter intends to 

analyse macro-scale land-cover change and urban sprawl in mainland Portugal through 

a comparison of urban land-cover changes during the period of 1990-2006, using 

urban systems as spatial reference units. CORINE Land Cover maps were used to 

generate time series of urban land-cover data. Section II.1.2 presents the interaction 

value-based methodology applied to identify the urban systems, using the commuting 

matrix supplied by the 2001 Census. Urban land-cover change analyses, at the urban 

system level, allowed for the identification of recent spread patterns of artificial areas. 

Such spatial information is essential to advance our understanding of urban land-cover 

changes and to rethink new actions that may contribute to more efficient urban 

planning. The methodology based on the interaction value was further applied for the 

definition of the study area, which is addressed in Section II.2. One main argument 

supported this decision. It is more reasonable to analyse, model and forecast LULC 

change for the near future (2010 – 2025) based on the spatial limits of what triggers it, 

i.e. urban systems, rather than on administrative boundaries, which are artificial 

spatial reference units. We can state that this approach is more adequate because it 

allowed us to associate urban growth and LULC change with the influence of the 

existing urban systems, which are delimited based on the commuting matrix. Indeed, 

the journey-to-work commuting flow matrix represents the differential volume of 

these flows at both regional and national levels, which increases with increased 

economic and population concentrations, and are in turn the drivers of urban growth 

and LULC change. 

 

 

                                                           
24

 This chapter is based on an edited version of Faria de Deus, Tenedório and Moix Bergadà (2012) and 
Moix Bergadà, Faria de Deus, Roca Cladera y Tenedório (2012).  
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II.1   Analysis of urban land-cover changes using delimitations of urban systems 

Reflecting upon urbanization and urban growth leads one to consider that the 

evolution of any urban area generates changes in its spatial structure particularly in 

the land-use/land-cover organization. In this process of permanent change some 

countries are currently facing the phenomenon of urban sprawl. Urban sprawl, 

common in European cities, is often related to leapfrog discontinuous development, 

low residential density and dependence on private transport (Peiser, 2001; Batty, 

2005), promoting social-environment vulnerabilities, chaotic and random land-use 

patterns, significant unbalances between the city and its surroundings, and imposing a 

new look on the landscape (EEA, 2006). According to the speed of its development, the 

urban sprawl still carries a lot of uncertainty regarding its future evolution.  

In mainland Portugal, according to a report issued by the European 

Environmental Agency (2006) urban land-cover has experienced a significant change 

over the last few decades. The report stresses the fact that the Portuguese urban 

growth trend – particularly residential, services, utilities and commercial areas – was 

achieved at the expense of agricultural areas and natural grassland. Owing to  

comparable CORINE Land Cover mapping (CLC), much progress has been made 

regarding the studies on urban change and urban sprawl analysis based on visual 

interpretation and remote sensing techniques (for example, Freire and Caetano, 2005; 

EEA, 2006 and Freire et al., 2009). Such spatial databases are essential for rethinking 

the type of new actions that may contribute to more efficient urban planning. 

Even though research on urban land-cover changes and urban sprawl may have 

quite different scopes depending on the scale analysis, this analysis however should be 

done based on a spatial delimitation of urban occupation. Many studies employ the 

administrative boundaries – such as municipalities – as their spatial reference unit, 

analysing and comparing them from different perspectives. Commonly, administrative 

boundaries at a local level, which are country specific, do not follow the true urban 

structure that articulates the territory, given the interdependencies that arise from 

commuting reasons, shopping, errands, and leisure, among others. Such details make 

the comparison between different urban realities more difficult to perform, 

particularly when different countries are being considered. In spite of these facts, 
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there is no extensive research on the analysis of urban land-cover changes and urban 

sprawl using delimitations of urban systems based on more integrated approaches. 

In this chapter, we apply a methodology based on the interaction value to 

identify and delimitate the urban structure of mainland Portugal using the commuting 

matrix supplied by the 2001 Census, in order to analyse and subsequently compare 

equivalent areas throughout the country. The results show that the methodology of 

the interaction value, presented in other papers (Roca and Moix, 2005, following 

Coombes and Openshaw, 1982) using functional criteria, allows for the definition of 

different levels of territorial organization: local, metropolitan or regional, revealing 

that interactions produced by daily mobility – mainly required for work – generate 

functionally autonomous systems, enabling us to identify authentic pieces of urban 

organization: urban systems25. On the other hand, the proposed approach increases 

the reliability of urban systems delimitation. Therefore, two CLC digital vector maps of 

the study area were selected for the years 1990 and 2006 and urban land-cover 

changes were analysed.  

 

II.1.1   Overall data of the districts and local administrative divisions of mainland 

Portugal  

According to the Nomenclature of Territorial Units for Statistics (NUTS), 

mainland Portugal is administratively divided into three broad levels: i) the country 

corresponds to a NUTS 1 area, which is divided into ii) seven NUTS 2 regions and iii) 30 

NUTS 3. As Rodrigues (2012:568) has stated ‘this division of the territory – created at 

the supranational level for statistical and administrative purposes – runs parallel to the 

national administrative areas which divide the same spatial surface into 18 districts 

(distritos), 308 municipalities (concelhos) and 4260 local administrations or parishes 

(freguesias)’. Portuguese municipalities are characterized by their large extension, with 

320 km2 on average in mainland Portugal as opposed to parishes, which cover only an 

                                                           
25

 The methodology of the interaction value has been applied in Spain with very satisfactory results 
(Roca et al., 2009, 2011a and 2012), and has also been tested in several North American metropolises, 
such as Chicago or Los Angeles, accurately reflecting from their urban to the metropolitan reality (Roca 
et al., 2011b). 
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average of 22 km². Figure 10 (a) shows the local administrative divisions of mainland 

Portugal, consisting of 278 municipalities and 4050 parishes. 

Table 1 summarizes some mainland districts data, such as total area, local 

entities that form them and the number of locally based workplaces (WP) from the 

2001 Census. The analysis of Table 1 reveals that nearly half of the jobs are located in 

Lisbon (25.7%) and Porto (19.1%) districts. Figure 10 (b) shows this higher 

concentration of jobs around the municipalities of Lisbon and Porto, and highlights the 

greater weight of coastal municipalities versus inland ones. Portugal has one of the 

fastest developing urban coastal areas in Europe due to urban and population growth 

and economic activities expansion mainly since independence movements in 

Portugal’s African colonies in 1975 and the country's integration into the European 

Union in 1986. 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 10 – Local administrative divisions (a) and locally based workplaces by municipality (b). 
Geographical Data Source: Official administrative map of Portugal (CAOP), 2010. 
 

 

a) b)
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Table 1- Main data of the districts of mainland Portugal. 

District Area (km²) No. of municipalities No. of parishes WP % WP

01-Aveiro 2,797 19 208 326,692 7.60%

02-Beja 10,257 14 100 58,051 1.40%

03-Braga 2,702 14 515 370,946 8.70%

04-Bragança 6,587 12 299 47,869 1.10%

05-Castelo Branco 6,620 11 160 77,501 1.80%

06-Coimbra 3,969 17 209 176,185 4.10%

07-Évora 7,388 14 91 73,656 1.70%

08-Faro 4,994 16 84 177,167 4.10%

09-Guarda 5,528 14 336 64,151 1.50%

10-Leiria 3,502 16 148 199,995 4.70%

11-Lisboa 2,799 16 226 1100,999 25.70%

12-Portalegre 6,079 15 86 47,120 1.10%

13-Porto 2,328 18 383 816,364 19.10%

14-Santarém 6,712 21 193 177,499 4.10%

15-Setúbal 5,208 13 82 274,745 6.40%

16-Viana do Castelo 2,215 10 290 88,913 2.10%

17-Vila Real 4,301 14 268 73,916 1.70%

18-Viseu 5,003 24 372 132,326 3.10%

TOTAL 88,990 278 4,050 4284,095
 

 

II.1.2   Methodology 

II.1.2.1   Input data 

The purpose of this section is to analyse urban land-cover change and urban 

sprawl in mainland Portugal through a comparison of the urban land-cover changes 

during the period of 1990–2006 using urban systems as spatial reference units. The 

initial information required us to apply the methodology for urban systems 

delimitation based on the interaction value of the commuting matrix. For this purpose, 

the commuting matrix of the 2001 Census26 was used. This matrix shows that 

displacements or mobility flows are seen at two levels: between municipalities, 

municipality of residence and municipality of work (Figure 11), and also at a more 

disaggregated level, from the parish of residence to municipality of work. However, 

the proposed methodology relies on using the same origin and destination units to 

calculate the interaction value, because it is a symmetrical value that relates two equal 

units. Therefore, only the matrix of flows between municipalities – both at origin and 

destination – is appropriate to delimit the urban structure, although it would be 

                                                           
26 Matrix of origin-destination flows made in Portugal for work purposes, modes of transport and 
average trip length. 
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desirable to start from a smaller territorial unit, such as parishes, to actually detect the 

urban structure beyond municipal administrative boundaries. 

 

 

Figure 11 - Principal displacements between municipalities. 

 

For the urban land-cover change and urban sprawl analyses, two CLC digital 

vector maps – CLC 1990 and CLC 2006 – were used. The CLC vector maps have scale of 

1: 100 000, minimum mapping unit (MMU) of 25 ha and high thematic detail ensured 

by the nomenclature. It is important to mention that CLC databases contain tree levels 

of thematic detail, with 44 classes at the most detailed level. The validation procedure 

carried out for the CLC 1990 and 2006 maps has produced an overall accuracy of 

82.84% and 90.2%, respectively, meaning that land-use/land-cover classes are well 

mapped. See Caetano et al. (2009) for more details about the methodology used for 

the production of the land-use/land-cover maps and their technical specifications. 
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All spatial information was georeferenced to the ERTS 89 PT-TM06 projection 

(one of the official projection systems for Portugal defined by the Portuguese 

Geographic Institute). The integration and spatial analysis of vector data were 

developed using ArcGIS 10 software (©ESRI, Environmental Systems Research 

Institute). 

 

II.1.2.2   Delimitation of urban systems using the interaction value 

The methodology for urban structure delimitation using the interaction value 

has been thoroughly explained in the literature. In sum, in order to calculate the 

interaction value (IV) from the matrix of flows between the place of residence and 

work we have used the following formulation: 
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·WPREP
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IV       

(II.1) 

where i and j are the places of origin and destination, respectively, Fij and Fji 

are the existing commuting flows (such as residence-to-work flows), REP is the resident 

employed population and WP are the locally based workplaces. Therefore, the value of 

interaction between i and j is the same as between j and i. 

The delimitation of urban systems is conducted in two stages: 

1. Generation of the systems from the interaction value: in this first stage all 

the based entities join up in proto-systems by virtue of their maximum interaction 

value, so that those proto-systems are closed only in the event that all entities have 

their maximum interaction value with another entity in the same proto-system and the 

set is physically contiguous. Proto-systems thus represent the basic pieces into which 

the territory is structured. 

2. Consolidation of proto-systems in urban systems by self-containment and 

condition of contiguity: proto-systems are consolidated in urban systems in case self-

containment (percentage of resident employed population, REP, who works in its own 
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proto-system) equals or exceeds 50%, since it is our understanding that only urban 

systems that are capable of retaining at least 50% of their resident employed 

population can actually be considered a ‘city’. We believe that this model better 

represents cities themselves than their administrative boundaries. 

Figure 12 shows the urban systems resulting from applying the methodology of 

the interaction value.  

 

 

Figure 12 - Delimited Urban Systems
27

. 

 

The 278 mainland municipalities were grouped into 79 consolidated urban 

systems with a very high rate of self-containment, except for those systems closer to 

                                                           
27

 The name of each urban system derives from the municipality with the highest number of locally-
based workplaces. 
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the two major centres of employment: Lisbon and Porto (Figure 13). The dimension of 

urban systems in terms of workplaces is quite varied. There are two systems with over 

500,000 WP and, on the other hand, twelve with less than 10,000 WP; most systems – 

over 60% – have between 10,000 and 50,000 WP (see Table 2 and Figure 13). 

 

 

a) b)

 
 
Figure 13 - Level of self-containment of urban systems (a) and employment located in urban systems (b).  

 

Lisbon and Porto stand out as the main Portuguese urban systems, with over 

1000,000 and 604,240 WP, respectively, both composed of nine municipalities. 

Between 100,000 and 200,000 WP there are five systems headed by Coimbra, which 

incorporates the largest number of municipalities, eleven in all, and up to 100,000 WP 

is Almada, with the third lower rate of self-containment of all delimited systems given 
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proximity of and dependence on Lisbon (only 57%). It is worth noting that Faro28 has 

the highest rate of self-containment after Lisbon, i.e. almost all its WP are occupied by 

its workers, with a total of 95.1%. Table 3 shows the urban systems with more than 

50,000 WP. 

Table 2- Distribution of urban systems sorted by WP. 

Range WP No. of US Percentage

<5,000 4 5.10%

5,000-10,000 8 10.10%

10,000-25,000 31 39.20%

25,000-50,000 18 22.80%

50,000-100,000 11 13.90%

100,000-500,000 5 6.30%

>500,000 2 2.50%

Total 79
 

 

Table 3- Principal Urban Systems. 

Urban System No. of municipalities REP WP Self-containment

LISBOA 9 915,346 1018,580 96.50%

PORTO 9 591,762 604,240 93.40%

COIMBRA 11 174,102 169,812 90.90%

SANTA MARIA DA FEIRA 5 131,517 132,632 90.30%

VILA NOVA DE FAMALICÃO 3 116,610 118,510 85.30%

GUIMARÃES 3 113,746 113,602 88.90%

ALMADA 3 160,706 107,273 57.20%

BRAGA 3 101,573 99,750 88.00%

LEIRIA 3 91,546 95,621 92.20%

FARO 5 84,833 86,215 95.10%

AVEIRO 5 76,449 80,475 89.70%

SETÚBAL 2 74,610 78,216 80.70%

TORRES VEDRAS 4 78,268 71,446 82.30%

BARCELOS 2 71,968 67,829 84.70%

VILA DO CONDE 2 62,774 58,920 80.80%

SANTARÉM 5 53,308 52,615 86.20%

OVAR 4 56,433 51,552 74.70%

VIANA DO CASTELO 2 52,806 50,873 86.40%
 

 

The methodology based on the interaction value has allowed us to identify the 

highly asymmetric development of the national urban systems, caused namely by i) 

the level of deprivation in terms of the infrastructures needed for urban development 

                                                           
28

 Faro accounts for approximately 4.1% of WP in the country. 
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(such as roads) especially in inland regions, and ii) the relationship/interaction 

between municipalities and the regional economic dynamics, which relies heavily on 

the spatial location of resources necessary for its development. 

 

II.1.2.3   Urban land-cover change analysis and techniques 

In order to quantify and examine spatial and temporal change of urban land-

cover, CLC maps of the study area were reclassified and aggregated into two broad 

classes: artificial and non-artificial areas. For the purpose of analysing urban sprawl the 

artificial areas included urban fabric (continuous urban fabric and discontinuous urban 

fabric), industrial and commercial facilities and recreation areas following Galster 

(2001), Cutsinger and Galster (2006), Crawford (2007), Knaap et al. (2007) and Wolman 

et al. (2005). Furthermore, we have applied a common GIS-based technique, widely 

used within vector GIS environment. This procedure was carried out by overlaying the 

reclassified maps to create a spatial-temporal difference map. The result of the overlay 

easily represents on a single map the urban land-cover change in the Portuguese urban 

systems in the years 1990 and 2006. In the end, the artificial area percentages and 

artificial area growth rates of the study area between 1990 and 2006 were computed 

for each Portuguese urban system. 

 

II.1.3   Urban land-cover change and urban sprawl analysis  

The derived urban land maps which show the urban land-cover pattern of the 

study area are shown in Figure 14. The changes in urban land-cover during the study 

period can be observed in Figure 15. Table 4 shows the artificial area percentages and 

artificial area growth rates in Portuguese urban systems between 1990 and 2006. 

In Figure 15 and for the years under consideration, we can see that urban 

growth has occurred in almost every urban system. The difference between the more 

urbanized and concentrated urban growth and the sparse growth of urban land can 

clearly be seen. In mainland Portugal, the artificial areas have increased by 809.76 km2 

in 16 years, from 1990 to 2006, with an annual growth rate of 2.10%. It is also 



50 
 

important to highlight that 62% of this growth has occurred in coastal urban systems29. 

With improvements in terms of urban infrastructures (such as the A24 motorway in 

northern Portugal and Vasco da Gama Bridge in Lisbon) some of the urban growth is 

emerging in urban systems near metropolitan areas.  

However, the artificial area growth rates increases at different urban systems 

varied (see Figure 16). Figure 16 and Table 4 show that areas with higher annual 

growth rates are located in urban systems close to Lisbon and Porto metropolitan 

areas30 (e.g. Paços de Ferreira, Felgueiras, Peso da Régua, Castelo de Paiva, Benavente, 

Montijo and Setúbal, with an annual growth rate of 5.94%, 4.68%, 4.47%, 4.80%, 

5.09%, 1.91% and 3.89%, respectively). This means that the urban systems that have 

gained artificial areas at a greater rate are those that already were the largest 

Portuguese cities with continuous and compact artificial areas. 

The analysis of Figure 16 also reveals higher levels of artificial areas and larger 

annual growth rates in urban systems located in the Algarve, in the south of Portugal 

(e.g. Vila Real de Santo António, Portimão, Albufeira, Lagos and Faro with an annual 

growth rate of 5.26%, 3.4%, 3.15%, 3.2% and 2.56%, respectively). Figure 16 indicates 

that urbanization in this region is proceeding rapidly, especially along a narrow coastal 

strip.  

On the other hand, between 1990 and 2006 the inland urban systems have 

been under slow urban development and have experienced much lower artificial area 

growth rates (e.g. Nisa, Beja, Moura and Mogadouro) with an annual growth rate of 

0.46%, 0.49%, 0.6% and 0.84%, respectively). 

 

                                                           
29

 Defined as those urban systems that are located along the coast. 
30

 In spite of this, Celorico de Basto appears as an urban system with a high annual growth rate 
(approximately 4%). It seems very unlikely that such a growth rate has actually occurred since this is a 
rural area in which the urbanization process does not justify such high annual growth rates. This 
debatable result might have been caused by mapping inconsistencies. 
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Figure 14 - Extracted artificial areas maps of the study area in (a) 1990 and (b) 2006. Geographical Data 
Source: CLC, 1990 and 2006. 
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Figure 15 - Urban land-cover changes in the study area between 1990 and 2006. Geographical Data 
Source: CLC, 1990 and 2006. 
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Table 4- Artificial area percentages and artificial area growth rates in Portuguese urban systems 
between 1990 and 2006. 

Urban systems Annual growth rate (%)
a

km2 % km2 %

PAÇOS DE FERREIRA 10.95 6.55 28.32 16.95 5.94

VILA REAL DE SANTO ANTÓNIO 5.44 1.50 12.61 3.48 5.26

BENAVENTE 13.57 0.72 30.64 1.63 5.09

CASTELO DE  PAIVA 0.76 0.21 1.64 0.46 4.80

FELGUEIRAS 11.25 2.70 23.77 5.70 4.68

PESO DA RÉGUA 2.56 0.70 5.24 1.43 4.47

CELORICO DE BASTO 2.26 0.28 4.40 0.54 4.16

SETÚBAL 39.26 5.65 73.10 10.51 3.89

GUIMARÃES 28.45 5.87 50.23 10.36 3.55

PORTIMÃO 22.86 3.44 40.27 6.05 3.54

ALBUFEIRA 19.66 2.40 32.55 3.97 3.15

BRAGA 33.76 6.83 55.65 11.27 3.12

TORRES VEDRAS 59.68 6.46 97.06 10.51 3.04

LAGOS 17.65 2.47 28.64 4.00 3.02

SÃO PEDRO DO SUL 7.09 0.87 11.46 1.40 3.00

SERTÃ 7.16 0.34 11.32 0.54 2.86

GRÂNDOLA 10.09 0.43 15.93 0.69 2.85

MONÇÃO 24.77 2.61 39.02 4.11 2.84

MIRANDELA 5.26 0.34 8.24 0.54 2.81

VISEU 25.70 2.03 39.65 3.14 2.71

MANGUALDE 10.05 1.69 15.37 2.58 2.66

VILA REAL 10.70 0.73 16.36 1.12 2.65

ARRUDA DOS VINHOS 5.04 3.88 7.62 5.86 2.58

FARO 48.75 2.63 73.40 3.95 2.56

PORTO 181.87 16.05 273.19 24.11 2.54

ABRANTES 12.81 1.44 19.03 2.14 2.47

REGUENGOS DE MONSARAZ 3.49 0.47 5.17 0.70 2.46

CHAVES 9.44 0.65 13.84 0.95 2.39

AZAMBUJA 12.53 2.98 18.31 4.35 2.37

VILA NOVA DE FAMALICÃO 53.16 12.96 77.15 18.81 2.33

OLIVEIRA DO HOSPITAL 6.08 0.59 8.80 0.85 2.31

LAMEGO 4.28 0.85 6.19 1.22 2.30

CALDAS DA RAINHA 19.95 5.02 28.70 7.22 2.27

TORRES NOVAS 23.24 4.33 33.12 6.16 2.21

PORTALEGRE 6.54 0.41 9.19 0.57 2.13

BRAGANÇA 9.15 0.30 12.85 0.42 2.12

ÁGUEDA 25.33 5.99 35.43 8.38 2.10

PONTE DE SOR 4.83 0.43 6.68 0.59 2.02

SANTARÉM 34.13 1.80 46.54 2.45 1.94

BARREIRO 18.35 20.01 24.94 27.20 1.92

MONTIJO 16.63 3.49 22.58 4.73 1.91

CASTELO BRANCO 18.88 0.50 25.60 0.68 1.90

ARCOS DE VALDEVEZ 4.42 0.70 5.98 0.95 1.88

VILA DO CONDE 24.97 10.81 33.64 14.56 1.86

SANTA MARIA DA FEIRA 74.46 8.65 99.71 11.59 1.82

LISBOA 288.17 20.75 383.51 27.62 1.79

BARCELOS 31.55 6.65 41.89 8.83 1.77

VIANA DO CASTELO 35.12 5.50 46.58 7.29 1.76

ELVAS 7.37 0.84 9.75 1.11 1.75

ALMADA 85.68 23.74 111.57 30.92 1.65

TOMAR 8.91 1.64 11.57 2.14 1.63

ESTREMOZ 13.05 0.57 16.82 0.74 1.59

GUARDA 22.27 0.63 28.66 0.81 1.58

MAÇÃO 3.90 0.66 4.98 0.84 1.53

MONTEMOR-O-NOVO 12.28 0.84 15.64 1.07 1.51

FRONTEIRA 2.79 0.46 3.54 0.58 1.49

COVILHÃ 16.37 1.19 20.68 1.50 1.46

TRANCOSO 5.17 0.49 6.50 0.62 1.43

TORRE DE MONCORVO 3.21 0.41 4.02 0.52 1.40

COIMBRA 104.39 3.58 130.26 4.47 1.38

SÃO JOÃO DA PESQUEIRA 6.74 0.57 8.31 0.70 1.31

TONDELA 12.50 1.70 15.23 2.07 1.23

CASTRO VERDE 11.20 0.26 13.61 0.31 1.22

SANTIAGO DO CAÇÉM 26.60 0.89 32.30 1.08 1.21

LEIRIA 79.27 6.78 95.99 8.21 1.20

AVEIRO 62.06 8.64 74.59 10.38 1.15

PÓVOA DE LANHOSO 7.93 0.55 9.52 0.66 1.14

ALCOBAÇA 25.83 5.26 30.44 6.21 1.03

SEIA 5.65 0.77 6.64 0.90 1.00

ANADIA 18.98 5.80 22.14 6.76 0.96

ANSIÃO 5.60 1.19 6.49 1.38 0.92

PORTO DE MÓS 17.19 4.71 19.87 5.44 0.90

ÉVORA 24.18 0.70 27.83 0.80 0.88

MOGADOURO 5.12 0.41 5.86 0.47 0.84

BOMBARRAL 11.24 4.22 12.73 4.78 0.77

OVAR 57.80 16.51 65.26 18.64 0.76

MOURA 10.17 0.46 11.20 0.50 0.60

BEJA 24.32 0.84 26.32 0.91 0.49

NISA 3.08 0.32 3.32 0.34 0.46

Artificial areas Artificial areas

1990 2006

 

Notes: 
a 

The annual growth rate can be found by taking the difference in the natural Logs of the variable at two 

points in time, divided by the elapsed number of years. Table sorted by annual growth rate (%) in default 

descending order. 
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Figure 16 - Map of artificial area growth rates between 1990 and 2006. 

 

According to the results of the change analysis in mainland Portugal during the 

period of study, we can characterize urban sprawl as follows: 

The metropolitan areas and the Algarve region have experienced an increase in 

artificial areas. The sparse artificial areas became dense, spreading away from the 

urban core. At the urban system-level analysis, we can see this urban sprawl pattern 
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that results from both the metropolitan polarization and the phenomenon of coastal 

urbanization of the Algarve. 

The larger annual growth rates in artificial areas of the non-coastal urban 

systems suggest that urban land-cover change is proceeding more rapidly, resulting in 

a different pattern of artificial areas clusters. This is particularly so in urban systems 

close to metropolitan areas, such as Peso da Régua, Guimarães, Vila Real, Benavente 

and Montijo. 

Although some coastal and inland urban systems (e.g. Santiago do Cacém, 

Ovar, Aveiro, Leiria, Moura, Beja and Mogadouro) presented low artificial area growth 

rates, the patterns of urban sprawl in these urban systems are quite distinct. On the 

one hand, the low annual growth rates of Santiago do Cacém, Moura, Beja and 

Mogadouro reflect: i) their weak urban dynamics; and ii) low urban density and 

discontinuous urban artificial areas. This is mainly due to natural constraints (such as 

the protected area called Costa Vicentina Natural Park located in Portugal’s southwest 

coast) and the reduced attractiveness of inland urban systems. On the other hand, the 

coastal urban systems located between Ovar and Alcobaça (central Portugal) present a 

very scattered human occupation and a detached single-family housing pattern. It 

seems that this spatial pattern of urban sprawl could be better identified and 

evaluated at the micro level than at the urban system level and employing a smaller 

minimum mapping unit. 

 

II.1.4   Discussion  

The analysis of urban sprawl in Portugal was based on urban systems spatial 

boundaries. This analysis has proven to be more adequate than the analysis based on 

administrative boundaries. We can state that this analysis is more adequate because it 

allowed us to associate urban sprawl with the influence of the existing urban systems, 

which are delimited based on the commuting matrix. In fact, the size and rhythm of 

urban sprawl are determined by both the functional criterion (work place polarization) 

and spatial interaction. 
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The spatio-temporal fractal analysis of the metropolitan area of Lisbon carried 

out by Encarnação (2012) has identified five types of built-up areas: small and isolated 

built-up patches; dispersed built-up areas; metastatic growth; rapid growth and 

metastatic consolidation; consolidated compact areas. We believe that these five types 

can also be found in the metropolitan area of Porto with equivalent fractal dimensions. 

This means that Portugal has witnessed urban growth and sprawl patterns that are 

very dependent on the functional dynamics of its metropolitan areas. The same can be 

said about the coastal area of the Algarve. The remaining territory, structured by a 

network of medium and small cities, which bear no important structural influence, has 

observed an accentuated sprawl namely in the coastal area between the metropolitan 

area of Lisbon and the metropolitan area of Porto. This phenomenon is only seen on a 

macro scale in the data of the CLC maps for the years 1990 and 2006. Actually, in order 

to study this phenomenon with greater accuracy we need to use higher-resolution 

spatial data. In fact, urban sprawl in Portugal between 1990 and 2006, based on the 

type of dispersed built-up areas, has reached levels that had never been seen before. 

This is such that the central power, through the Regional Land Use Plans (Planos 

Regionais de Ordenamento do Território – PROT), has revealed a certain concern 

which has been translated into measures aimed at controlling urban sprawl. 

In this research, the coastal urban system of Portimão, located in the southern 

region of Portugal – Algarve, is taken as a case study for testing the proposed CA-based 

modelling approach. Three reasons supported this choice. Firstly, the findings show 

that the coastal urban system of Portimão underwent major and rapid physical 

changes over the 1990 – 2006 period. Secondly, according to the results of the 2011 

Census (INE, 2011), the largest growth in population (14%) and in the number of 

families (24.8%) occurred in the region of the Algarve. Since 2001, the number of 

households and buildings has also increased significantly in this region to 36.9% and 

24.9%, respectively. Indeed, the most meaningful increase in households in mainland 

Portugal occurred in the municipality of Portimão (54%). Such results show that the 

trend of the previous decade was enhanced: the largest population growth continued 

to occur in coastal areas. Thirdly, hitherto, a systematic research on the spatio-
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temporal LULC change and urban growth of Portimão based on CA models has not 

been conducted or published in academic literature.  

Although the defined urban structure of mainland Portugal characterizes well 

the supra-municipal structure of the Algarve region, it is not representative of the local 

scale. The fact that municipalities were used as initial territorial units that have, on 

average, a large extension has led to the delimitation of extensive urban systems. This 

is so because at each step of the interaction value methodology, the initial territorial 

units will be joining in order to obtain the urban systems. Therefore, to obtain entities 

that reflect more realistic urban structures, smaller territorial units such as parishes 

should be used. Section II.2 aims to identify the urban structure of the district of Faro 

(in which Portimão is located) using parishes as initial territorial units by estimating the 

journey-to-work commuting flows between these infra-municipal territorial units.  

 

II.2   Identification of the urban structure of the Algarve region through the interaction 

value methodology 

The main disadvantage of the delimitation of urban systems using parishes (or a 

smaller unit as the census track) as initial territorial units is the availability of a 

commuting matrix with the same origin and destination units. As already stated, the 

commuting matrix between the parish of residence and the municipality of work from 

the Census data provided by the National Statistical Institute of Portugal presents the 

major drawback to the methodology of establishing the displacements between 

different origin and destination units (Table 5). Notwithstanding, it has the advantage 

of differentiating those who stay in the same parish of origin. So we have a commuting 

matrix where the destination units are segmented into three blocks: i) the same parish 

of origin, ii) the same municipality of origin, and iii) another municipality. The purpose 

of this section is to redistribute the displacements of the second and third blocks by 

the parishes that form the municipalities of destination.  

An additional disadvantage of this commuting matrix is the loss of almost 10% 

of all displacements in Portugal and 6.8% in the Algarve region (considering only 

displacements within the Faro district) in relation to the commuting matrix between 



58 
 

municipalities, most probably due to the lack of filling out the parish of origin form in 

the Census data (see Table 5).  

 

Table 5– Distribution of mobility flows from the 2001 Census. 
Destination of work Commuting matrix between parish and municipality Commuting matrix between municipalities

No. Displacements No. displacements %

PORTUGAL

Total 4478,887 436,615 9.7%

same parish of origin

same municipality of origin

other municipality 1302,676 257,843 19.8%

ALGARVE (displacements within Faro district only)

Total 171,883 11,732 6.8%

same parish of origin

same municipality of origin

other municipality 30,982 4,412 14.2%

33.1%

25.8%

-

59.6%

1336,931

1044,833

160,151

95,469

- -

-

3176,211 70.9%

23.8%

16.6%

29.1%

18.0%

82.0%
38,112

26,570

41.1%

Difference

%%No. displacements

7,320 5.2%

4042,272

1660,508
178,772 5.6%

140,901

 

 

II.2.1   Estimating the mobility flows for the parishes of work: a gravity-based approach  

II.2.1.1   Gravity model: calibration and estimation 

An origin-constrained spatial interaction model was implemented to 

disaggregate the places of work, from municipality to parish, in order to use smaller 

initial territorial units. Thus, the commuting matrix was reassembled at the parish level 

using the following equation: 

𝐹𝑖𝑗 = 𝑅𝐸𝑃𝑖

𝑊𝑃𝑗
𝛼
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𝑖𝑗
𝛽

�
𝑊𝑃𝑗

𝛼

𝑑𝑖𝑗
𝛽

𝑛
𝑗−1

 

 

(II.2) 

where i and j are the places of origin and destination, respectively, F is the 

estimated residence-to-work flows between i and j, REP is the resident employed 

population of the sender area (the ‘masses’ of origin), WP are the local-based 

workplaces of the destination (representing the gravitational attraction of the mass 

WPj upon the mass REPi) and d is the distance between two locations. The ⍺ parameter 

measures the intensity of attraction of destinations of work and the β parameter 

measures the impedance imposed by the friction of surface. 

The origin-constrained spatial interaction model was conducted in two steps. 

First, the alpha and beta parameters were calibrated with a known commuting matrix. 
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For this purpose, the commuting matrix between municipalities was used. This step 

aimed to obtain an individual alpha and beta for each municipality, which 

subsequently, in the final estimation, will be adopted by their parishes. 

For the calibration phase, the REP was extracted from the commuting matrix, 

from which the displacements that remain in the same parish of origin were previously 

excluded31 as were already known (37% of total displacements). The WP were also 

extracted from the commuting matrix. Due to the absence of a proper digital road 

network database the inter-municipality distance was computed between the 

centroids of the municipalities using TransCAD Transportation Planning Software. The 

intra-municipality distance (d) was found by the following formula:  

 

𝑑𝑐 =
�

𝑆𝑢𝑝𝑐
2 

𝜋
 

 

(II.3) 

where Supc is the surface of municipality c. 

Figure 17 shows the resulting alpha and beta parameters for each municipality, 

which serve to minimize the error between the observed and estimated 

displacements. 

Second, the origin-constrained spatial interaction model was applied to 

estimate the displacements from parish of residence to parish of work. As previously 

mentioned only displacements performed outside the origin entity were estimated. 

The following parameters were used:  

 Alpha and beta: each parish retains the parameters of its municipality 

obtained during the first step.  

 d: the Algarve road network provided by the NAVTEQ (2005) was used. This 

layer was processed to retain only the roads that existed in 2001, which was 

the Census moment. The road network nodes were established in the 

                                                           
31

 Such displacements were omitted in the final estimation as well.  

http://www.caliper.com/tcovu.htm
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‘centre’ of each parish in order to compute road distances between any two 

parishes.  

 REP: the resident employed population, excluding those who work on the 

same parish of origin was extracted from the commuting matrix between 

the parish of residence and the municipality of work.  

 WP: the total local-based workplaces by parish of destination were 

estimated from the number of workers in the private sector32 of each parish 

(see Figure 18), as described in the next section. 

 

 

Figure 17 – Results of the calibration of the alpha and beta parameters by municipality. 

 

                                                           
32

 Data provided by the Portuguese Ministry of Solidarity, Employment and Social Security: Number of 
individuals by economic activity (3 digit level, CAE) of the parishes of Faro district for the year 2003. 
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Figure 18 – Workers in the private sector by parish for the 2003 year in Faro district. 

 

Estimating the attractiveness of parishes of destination 

The Portuguese commuting matrix includes the mobility flows for work 

purposes in the private and public sectors and self-employment. However, the 

available employment data disaggregated at the parish-level that is provided by the 

Ministry of Solidarity, Employment and Social Security include private sector workers 

only. Thus, to estimate the WP of each parish, at first sight, employment in the public 

sector and self-employment as a proportion of labour force was calculated for each 

municipality. For this purpose, the national percentages of employment in the public 

sector and self-employment were applied to the difference between the total WP and 

the private sector workers data. Employment in public sector and self-employment as 

a proportion of the labour force was about 13% and 21% in 2005, respectively (see 

Table 6). However, this general assumption had to be rectified whenever higher 

deviations between the proportion of WP and the employment data provided by the 

Ministry of Solidarity, Employment and Social Security occurred. For this end, the 

Algarve municipalities were classified as follows: municipalities with a small number of 

WP and municipalities with a large number of WP. The first class is characterized by 

municipalities with a predominantly agricultural profile. To overcome the 

aforementioned deviations more self-employed workers were allocated to this class. 

On the other hand, the second class is characterized by municipalities with a more 

services-oriented profile. Thus, more public sector workers were allocated to this class. 
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Table 6– Data on national and Faro district labour market statistics. 

Portugal (millions) %

Working-age population (2010) 5.5 -

Workers (2010) 4.9 -

 - public sector (2005) 0.7 12.5

 - private sector (2005) 3.7 66.1

 - self-employed workers (2005) 1.2 21.4

Unemployed (2010) 0.6 -

Faro district (thousands) %

Number of municipalities 16 -

Number of parishes 84 -

Area (km2) 4,994 -

REP (2001) 174,336 -

WP (2001) 177,167 -

Private sector workers (2003*) 122,810 69.3

*Portuguese Ministry of Solidarity, Employment and Social Security data  

 

Once the total WP for each municipality was segmented, both estimated public 

sector workers and self-employed workers were distributed among parishes, according 

to the following considerations: 

 for self-employment: the same mobility pattern of the private sector was 

assumed, i.e., workers of the municipality were distributed in proportion to 

the number of private sector workers of each parish; 

 for the public sector: approximately 60% of workers were allocated to the 

city council (‘sede de concelho’)  given its higher volume of public 

institutions, such as hospitals, courts ...  and the remaining workers were 

distributed  in proportion to the population of each parish (see Figure 19).  

Having disaggregated the input data at the parish level, the origin-constrained 

spatial interaction model was then applied to obtain the estimated commuting matrix 

between parish of residence and parish of work. Figure 20 shows the principal 

displacements between municipalities of the Faro district obtained from the estimated 

commuting matrix. The diagonal data (the flows to and from the same parish or RW) of 

the original commuting matrix were added to the resulting commuting matrix in order 
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to replicate the interaction value methodology for the delimitation of Algarve urban 

systems. 

 

 

Figure 19 – The location of city councils of the Faro district and population by parish in 2001. 

 

 
Figure 20 – Principal estimated displacements between municipalities of the Faro district.  

 

II.2.2   The urban structure of the Algarve region: results and discussion  

Figure 21 illustrates the urban systems resulting from the application of the 

interaction value methodology to the district of Faro from the estimated commuting 

matrix by parishes. Table 7 summarizes the main data of these urban systems which 
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were labelled with the name of the parish with the highest number of local-based 

workplaces.  

 

Figure 21 – Delimited urban systems using parishes as initial territorial units.  
 
 
Table 7– General characteristics of delimited urban systems using parishes as initial territorial units.  

Area Self-containment*

(km
2
) (RW/REP)

FARO (SÃO PEDRO) 414 9 29,321 33,018 25,282 86.2%

PORTIMÃO 402 8 28,992 28,494 24,668 85.1%

FARO (SÉ) 203 6 28,347 28,128 24,714 87.2%

ALBUFEIRA 653 9 19,631 20,562 16,138 82.2%

LOULÉ (SÃO CLEMENTE) 569 8 12,876 10,726 8,036 62.4%

LAGOS (SÃO SEBASTIÃO) 163 6 9,593 10,008 8,409 87.7%

VILA REAL DE SANTO ANTÓNIO 362 7 8,885 8,603 8,006 90.1%

TAVIRA (SANTIAGO) 372 7 7,247 6,503 5,431 75.0%

LAGOA 51 3 5,235 5,624 3,716 71.0%

MONCHIQUE 395 3 2,401 2,111 1,901 79.2%

ALGOZ 78 3 2,869 2,087 1,435 50.0%

ALJEZUR 244 3 1,585 1,625 1,498 94.5%

SAGRES 198 4 1,379 1,266 1,094 79.3%

ODIAXERE 110 2 1,626 1,236 908 55.9%

MARTIM LONGO 547 4 723 723 697 91.2%

ALCOUTIM 231 2 371 371 329 99.2%

*Data extracted from the estimated commuting matrix.

Urban System No. of Parishes REP* WP* RW*

 

 

A careful analyses of Figure 21 shows the close fit between these urban 

systems and both region’s orography and main transport routes that link the territory, 

which were not explicitly included in the model. In the Algarve region, 16 different 

urban structures were identified (Table 7): 

 The four main urban systems, with more than 20,000 workplaces, are 

eminently coastal urban systems, including Faro (São Pedro), Portimão, Faro 
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(Sé) and Albufeira. The latter extends to inland reaching the district 

boundary. This urban system coalesces the entities through which the major 

roads penetrate the Algarve region, proceeding from the north of the 

country (IC1 complementary route and A2 highway). Indeed, the area of 

Albufeira-Guia serves as the primary distribution node between the eastern 

and western part of the Algarve region, through the A22 highway. The urban 

system of Portimão incorporates the parish of Parchal (even though it 

belongs to the municipality of Lagoa, most of its residents work in the 

municipality of Portimão). Table 7 clearly shows the existence of two 

independent structures in the district capital: Faro (São Pedro) and Faro (Sé)-

Olhão, which are spatially separated by the Ria Formosa (a protected lagoon 

landscape). Furthermore, these two large urban systems also stand out due 

to their high level of self-containment (over 80%). 

 Then, there are two urban systems with 10,000 to 11,000 workplaces, 

specifically, Loulé (São Clemente), one of the most extensive urban systems 

but with a moderate rate of self-containment (with 62%) and Lagos (São 

Sebastião), a coastal urban system with a high rate of self-containment 

(88%). 

 There are three urban systems with more than 5,000 WP: Vila Real de Santo 

António, Tavira (Santiago) and Lagoa. The urban system of Vila Real de Santo 

António maintains a strong interaction with neighbouring municipalities of 

Spain, such as the province of Huelva. Due to its good transportation 

network and cheaper housing, the province of Huelva has become the place 

of residence for many Portuguese workers, along with the Spaniards, 

commuting daily to their workplaces in Portugal. These mobility flows are 

not collected by the Portuguese census, which is why the high rate of self-

containment (90.1%) of the urban system of Vila Real de Santo António is 

not representative of reality. Meanwhile, Tavira has become an independent 

system from the urban system of Faro. Although a small area (with 51 km2) 

Lagoa has also become an independent system from the urban system of 

Portimão with an important rate of self-containment (71%). 
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 The following urban systems only attract between 1,200 and 2,500 workers: 

Monchique, Silves, Lagos, Sagres and Odiáxere. Among these, Monchique is 

the largest urban system and with more WP, covering the highest mountains 

of the Algarve hinterland. The remaining four systems are coastal urban 

systems. The urban systems of the west coast, Aljezur and Sagres, have 

higher rates of self-containment  due to communication difficulties caused 

by complex mountainous terrain  than the urban systems of the southern 

coast, Algoz and Odiáxere, which are systems that have the lower self-

containment in the region, especially Algoz, as it is inserted between three 

major systems, Portimão, Albufeira and Lagoa. 

 Finally, there are two inland systems with very little weight (with less than 

1,000 WP) located in the northeast part of the Algarve region, namely, 

Martim Longo and Alcoutim. This area, which is separated from the southern 

part of the Algarve region by the Caldeirão Mountain, maintains a high 

interaction with the district of Beja located just north of the Algarve region, 

as already evidenced by the results obtained for mainland Portugal using 

municipalities as initial territorial units (see Figure 12).  

In short, the urban systems defined for the Algarve region represent very well i) 

its geography, ii) the weak transit access in the interior areas, iii) the relation/ 

interaction among parishes, and iv) the economical dynamics of the region, which 

depends largely on the allocation of the necessary resources for its development. 

Furthermore, the proposed spatial delimitation of the Algarve urban systems is quite 

similar to the urban structure identified by the Algarve Committee for Coordination 

and Regional Development (CCDR) in the Operational Program of the Algarve for 2007-

2013 (CCDR, 2007). Therefore, the application of the interaction value methodology to 

the Algarve region reconfirms its robustness given the consistency of the identified 

urban structures, despite the limitations of using an estimated commuting matrix as 

input data. The fact that the model requires very little input data  only the 

commuting matrix between place of residence and place of work  for the resulting 

systems accurately to reflect all the components of the territory it is also noteworthy. 
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Chapter II focused on the implementation of the methodology of the 

interaction value to identify the Portuguese urban structure, using the commuting 

matrix supplied by the 2001 Census. The resulting urban systems were used as spatial 

reference units to analyse macro-scale land-cover change and urban sprawl in 

mainland Portugal through a comparison of urban land-cover changes during the 

period of 1990-2006. The findings described in this chapter have led to some 

important insights on the spread patterns of artificial areas that have occurred in 

mainland Portugal despite the very limited time period of analysis. In addition, the 

definition of the study area was addressed. The study area spatial boundaries were 

defined according to two criteria: a functional criterion and a legal-administrative 

criterion. First, the methodology of delimitation of urban systems based on the 

interaction values has been implemented to define the study area. This means that we 

are assuming that it is within the urban systems spatial boundaries that it is more 

suitable to analyse and model the spatial and temporal land-use/land-cover change. 

The coastal urban system of Portimão was selected as a case study. This specific 

coastal urban system is composed of eight parishes including the three parishes of 

Portimão municipality (which drives the growth of this local urban system), one parish 

of Silves municipality and four parishes of Lagoa municipality. Considering the 

operational issues related to the time-consuming tasks of collecting and processing 

land-use planning data for three different local governments, and just for this reason, 

only the municipality of Portimão was considered for testing the proposed CA-based 

modelling approach. Spatial data collection and pre-processing, which will be applied 

to calibrate the proposed CA-based model, are discussed in the following Chapter. 
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CHAPTER III: NATURE OF THE DATA, VARIABLES AND PRE-PROCESSING FOR 

MODELLING LAND-USE AND LAND-COVER CHANGES PORTIMÃO 1947-2010 

 

The analysis of land-use and land-cover changes (LULCC), while a physical 

expression of urban changes, allows to acquire knowledge regarding the spatial 

patterns of urban growth dynamics, which should therefore serve as the basis for the 

parameterization of simulation models. Accordingly, when modelling dynamic 

processes of land-use and land-cover change  regarding the generation of future 

sceneries   first, we need to identify the spatial determinants33 involved in the 

course of a multi-time series analysis.  

The study of these processes acquires clearer contours from multiple 

perspectives, which a temporal perspective can provide. Before explaining the process 

under analysis, before constructing a theory regarding it, or verifying a hypothesis, we 

need to understand as much as possible about its structure and the way it works, 

describing it correctly. There is no doubt that some spatial determinants are what 

might be called exogenous determinants, such as physical factors, economic 

conditions, cultural and political paradigms and technological innovations. But many of 

the determinants that act upon the LULCC are a collective result of both complex 

human interactions and multitudes of individual human decisions (Ball, 2004).  

The determinants of the LULCC process are a matter of significant research and 

debate. Indeed, Verburg et al. (2004) pointed out that determinants of the LULCC have 

been identified as one of the six prime concepts for LULCC modelling. It is widely 

agreed that land-use changes, urban transitions as well as spatial agglomeration of 

social and economic activities are mainly induced by spatial characteristics, such as 

proximity variables (e.g. distance to roads and railway lines, distance to existing urban 

areas) and morphological variables (e.g. slope, land-cover and land-use pattern, 

topography, soil type, flooding); socio-economic factors (e.g. land value, employment 

opportunity, population pressure) and spatial planning policies (e.g. planning schemes, 

                                                           
33

 Spatial determinants are referred to as variables that may increase or detract from the suitability of a 
location for the presence of a particular LULC category (Eastman, 2009). They are accordingly often 
continuous variables.   
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protected lands). A series of studies have been pointing out their relevance (Clarke et 

al., 1994; Batty and Longley, 1994; Cheng, 2003; Shypard et. al., 2005; Alkheder and 

Shan, 2005; and Liu, 2009; Delden, et al., 2010; Vliet and Delden, 2011; Stanilov and 

Batty, 2011; Rocha, 2012).  

However, their relative importance is scale dependent. In spatial analysis, the 

scale issue has three major dimensions: the spatial, temporal and decision-making 

(Cheng, 2003). Therefore, this means that they are intrinsic features in studies 

examining the determinants driving LULCC. Several theoretical and practical studies 

assumed that the spatial patterns of urban growth dynamics have distinct degrees of 

spatial and temporal heterogeneity across varied scales (Cheng, 2003; White, 2007; 

Pinto, 2008), i.e., spatial and temporal patterns are determined by various locational 

and socio-economic variables. Cheng (2003) pointed out that proximity variables shape 

urban growth patterns at a local spatial scale but at the regional scale land-use 

patterns are conditioned by social and economic activities.  

Nevertheless, new research on CA-based modelling processes and the 

determinants of urban growth patterns - provided by Stanilov and Batty (2011) and 

Rocha (2012)  produced promising insights to improve our understanding of ‘the 

underlying generative factors and processes shaping urban growth’ (Stanilov and 

Batty, 2011: 255). They argue, on the one hand, that a limited set of spatial variables 

can be used to model the process and dynamics of land-uses and land-cover change.  

In short, from the aforementioned studies, there is evidence that spatial relationships 

that define the interaction between land-use and land-cover categories along with a 

set of basic built-up areas spatial characteristics are at the core of what matters most 

in capturing the LULCC. This was what Stanilov and Batty (2011) called the generative 

code of urban growth by biological analogy. Therefore, we may suggest that the use of 

a few determinants is no longer related only to restrictions on the number of 

independent variables posed by certain statistical methods or the need to analyse and 

evaluate a particular policy over time (Hersperger and Burgi, 2007). 

On the other hand, they suggest that these spatial relationships derive mostly 

autonomously from variations in socioeconomic, political and technological conditions. 

These arguments can have quite profound effects on our approach to LULCC, moving 
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us closer to the view that cities are complex systems, which evolve according to local 

rules and circumstances, and reveal global order through many scales and times (Batty 

and Longley, 1994; Batty, 2013).   

In the case of Portugal, existing regional-scale analyses of spatial dynamics have 

focused, particularly in the last decade, on urban growth (Silva and Clarke, 2002; Pinto, 

2006; Pinto and Antunes, 2007), LULCC (Rocha et al., 2001 and 2002, Gaspar et al., 

2005; Tenedório et al., 2006; Lavalle and Petrov, 2006; Cabral and Zamyatin, 2006; 

Rocha et al., 2007; Araya, 2009) sustainable urban development (Vaz, 2008) and 

general model specifications (Encarnação, 2011), while being restricted to spatial 

resolution (primary source of land-use and land-cover categories is CORINE Land Cover 

maps which use satellite imagery represented at a 1:100 000 scale with a 25 ha 

minimum mapping unit: Vaz, 2011). 

Further comprehensive analyses of land-use and land-cover changes in Portugal 

are vital to provide a more complete understanding of the primary constrains on the 

LULCC process. Specifically, an analysis evaluating and simulating the LULCC process 

using a fine spatial resolution. An attempt in this direction is made in this study.  

In light of the foregoing, our emphasis will be upon approaching the analysis of 

LULCC through the application of a CA-based land-use model for the whole Portimão’s 

municipality area, in which the goals are to simulate and assess at the local level the 

land-use and land-cover evolution, considering local interaction from a varied 

temporal scale and unprecedented fine-scale LULCC maps. Together, the empirical 

analysis and model presented in this study should add to our theoretical and predictive 

understanding of the dynamics that constrain LULCC. 

In this sense, this chapter pursues two goals. First, we will begin by analysing 

and describing the nature of the spatial data we will work with. Close attention will be 

paid both to land-use and land-cover data and the spatiotemporal LULCC occurred in 

Portimão municipality during the last seven decades. This will help us to answer the 

following questions, indispensable in the context of the present study: Which and how 

many rhythms were there in the land-use change? When and where? Does the process 

of change always occur in the same way and within the same time frame? And with 

what intensity? What might signify these transformations for planning? This 
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interpretation and evaluation of LULCC spatial patterns will allow acquiring new 

knowledge regarding both dominant transitions in LULC and underlying change 

processes which is crucial for modelling and predicting future LULC change. A second 

and more immediate goal is to illustrate spatial data collection and pre-processing by 

means of spatial analysis techniques in a GIS environment, which will be used to 

calibrate the CAMLucc model and simulate LULCC over time.  

 

III.1 Data and pre-processing 

The main categories of data for this study, which will be the main spatial 

variables used for LULCC modelling are presented in Figure 22. The five groups of 

spatial determinants which will orient the simulation of LULCC processes and patterns 

hold strong interlinked positions within the model framework. This section describes 

how different spatial variables affect LULC patterns and then detailed data collection 

and pre-processing procedures are provided. 

 

 

 

 

 

 

Figure 22 - CAMLucc model spatial information needs. 

 

Model spreading and constraint factors that are assumed to have an impact on 

land-use and land-cover change processes were fivefold: State/Transition, Distance, 

Density, Topographic and Land-use planning policies. 

State and Transition are core components of the CAMLucc model, as in every 

cellular automata system. The CAMLucc model mainly focuses on the physical 
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expression of land surface change. The model is structured around the notions of land 

transitions and urban growth by means of land-use and land-cover change, which have 

a major role in global change phenomena (Turner et al., 1990).  

In this sense, state (or land-use and land-cover states) refers to the physical 

transposition of human activity on the earth’s surface, i.e., the territorial inscription of 

human activity. On the other hand, in the framework of this study, state transition is 

related to the notions of time and Markov processes. Transition implies a change in 

land surface features that may be more or less easily reversed from one time period to 

the next. Markov models provide robust and flexible techniques to model the 

temporal transition of several phenomena (Dale et al., 2002; Peña et al., 2007; Vaz, 

2011; Rocha, 2012). The attractiveness of these time-based techniques to simulate the 

different rhythms of LULC transition lies in the fact that the model parameters 

(transitions probabilities) can be easily estimated from statistical techniques, which 

only depend on the empirical initial input data and especially because temporal 

intervals periodicity is not required. These are considerable advantages as they show 

the ability of these models to deal with unequal time intervals, which in turn greatly 

impact the land-use and land-cover transition rhythms.  

Patterns of land-use and land-cover change can be complex, and thus 

comprehension of LULC composition requires a thorough understanding of the 

underlying temporal and spatial dynamics. Therefore, the basic assumptions are that 

Markov models are useful for predicting the temporal dynamics of land-use and land-

cover change and spatial trend of change surfaces provide a very intuitively means of i) 

generalizing the spatial trend of the pattern of LULC change and ii) understanding the 

forces which can drive the intensity of the transitions. 

Distance is linked with the terms ‘related’ and ‘near’. Two geographic 

phenomena that are related may be involved in a positive or negative correlation. Even 

if that spatial correlation is not necessarily causality, it reveals evidence of both 

causality and spatial association. Nearness is usually defined as a central principle 

structuring the spatial organization of territories, in which objects correspond to geo-

locations with defined shortest path relations among them (Miller, 2004). As Miller 

(2004) argued these are the least-cost routes for both spatial movement and 
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interaction between objects, which nature and humans generally try to minimize. With 

the rapid and continuous development of transportation and communication 

technologies, particularly in the past two centuries, the questions are: Does distance 

still matter? Does this still make Tobler’s Fist Law (TFL) (Tobler, 1979) valid in 

geography? Despite living in a shrinking (Tobler, 1999) fragmenting (Couclelis and 

Getis, 2000) world, where each location has an inherent degree of uniqueness owing 

to its position regarding the rest of the spatial system (so-called spatial heterogeneity) 

(Miller, 2004), several empirical evidences (Miller, 2004; Stanilov and Batty, 2011) and 

the Complex Adaptive Systems theory suggest that distance is still powerful and useful 

in modelling the current and future geographical phenomena. In fact, as Miller (2004) 

remarked in his excellent paper Tobler’s First Law and Spatial Analysis, when TFL 

places importance on things that are near, it shows us that geo-space matters! 

Nevertheless, this does not mean that only near things matter. Actually, it suggests 

that several geographic phenomena are extremely sensitive to local interactions and 

therefore relations between near things should be carefully explored and assessed 

(Miller and Wentz, 2003).  

In this sense, the underlying assumption for this study is that land-use and land-

cover categories benefit from their attractiveness as long as they are sufficiently close 

to each other. Additionally, the probability of changing gets lower as the distance from 

LULC category that is being modelled increases. 

Density can be used as an indicator of the combination of features (such as 

accessibility, proximity or concentration and critical mass) that together have large 

LULCC impacts. Accessibility can be viewed as the ability of an activity or person to 

access or benefit from a transportation network or other infrastructure. Proximity, on 

the other hand, refers to the degree to which particular features are close to each 

other across the landscape (Galster et al., 2001). Density may also include the terms 

‘critical mass’ and ‘potential’. In this regard, the potential to produce further growth is 

greater as urban areas become denser and consequently contribute to creating critical 

mass. This implies that some kind of agglomeration economies works within a local 

spatial scale, resulting in intensive and continued urban clustering (Encarnação et al., 

2012).  
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Density variables are used in this study as factors fostering urban development 

and attracting new development. Attractiveness surfaces were determined from 

transportation network densities. Moreover, the transportation network gravity factor 

leads to new developments that occur organically and diffusely along and towards 

roads and railway stations (Rocha, 2012) largely due to what we have already stated.  

Topographic variable refers to the spatial or natural configuration of the study 

area. This site factor is mainly reflected by the slope of land and terrain characteristics. 

Even though the slope of land is not a determining factor (Liu, 2009)  since urban 

development can adapt to the slope of land and terrain circumstances  it can be a 

limiting factor that constrains the free extension and propagation of urban 

development. However, an area of steep slopes may have unique features (such as a 

wider view, good sun exposure, the natural beauty of a coastal scenery) rarely found 

on flat surfaces, which may make them suitable and desirable locations for urban 

development. Consequently, LULC changes are assumed to be induced by the slope 

factor.  

Land-use planning policies are strongly related to economic and social factors 

due to public and economic needs and pressures. These are expressed and reflected in 

policies, laws and at the spatial-level, in urban planning schemes. The main policies of 

land-use change at the municipal level are the Municipal Master Plan (Plano Director 

Municipal), Urban Land-Use Plans (Planos de urbanização) and Planning Permits 

(Alvarás de Loteamento - these are legal documents that give permission for land-use 

or development and are related to the zoning of the land, including whether the land 

can be used for residential, commercial or industrial developments), which serve as 

tools to manage the land. This means that they are important drivers for the structures 

of land-use and as Forman and Godron (1986) stated alterations in the structure of the 

landscape represent some of the greatest predominant impacts of land-use change. A 

model for LULCC assessment and simulation should include such policies. In order to 

represent the impact of these land-use planning policies on LULCC two broad 

categories were created: guiding plans (unapproved plans or if approved not 

homologated) and mandatory plans (approved and homologated plans). The 

underlying assumption is that the latter can be described as an edificability 
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commitment and therefore it is more likely that urban development shall take place 

within their boundaries than in an area bounded by a guiding plan. This approach is 

critical to decision-making in the modelling process since LULC dynamics is more or 

less affected by land-use planning policies depending on their nature.  

 

III.2 State/Transition variables 

Thematic LULC maps and spatial trend of change surfaces were considered for 

this study as the spatial data representing the state/transition variables. The collection, 

integration and pre-processing of the referred spatial data through a GIS are addressed 

in the following two sections. 

 

III.2.1 Land-use and Land-cover34 

In Portugal, the inventory and the updating of the information concerning land-

use and land-cover rely on the former Portuguese Geographic Institute (Instituto 

Geográfico Português or IGP) currently incorporated into the General Directorate for 

the Territory (Direcção Geral do Território or DGT). This government agency provides 

two nationwide LULC maps: the Land-use/Land-cover maps of Portugal35 (Cartas de 

Ocupação/Uso do Solo de Portugal Continental or COS) for the years 1990 and 2007. 

The technical specifications for 1990 and 2007 COS are briefly described in Table 8. 

Furthermore, there are other LULC datasets (available for the national and regional 

levels) developed by European research projects: the CORINE Land Cover maps for 

1990, 2000 and 2006; the Urban Atlas cartography for 2007 and the 

Murbandy/Moland cartography for 1972, 1986 and 1998. Table 9 illustrates the basic 

technical specifications of CLC maps. The two cartographic products mentioned above 

were carried out only for certain areas of mainland Portugal. None of these research 

projects covers the geographical area under analysis. 

A major issue regarding the use of the referred data sources for LULCC 

modelling relates to the difference between scales of analysis, levels of information 
                                                           
34

 Based on Rodrigues, Santos, Faria de Deus and Pimentel (2012). 
35

 The 2007 COS has recently been accomplished and is freely available up to the 2-hierarchical level of 
the COS nomenclature.  
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desegregation, dates and data sources. In fact, the minimum mapping unit (MMU) of 

the refereed thematic LULC maps ranges from 1 to 25 ha which involves a major 

abstraction of urban landscape and may mask the existing spatial variability of land-

use changes, such as sprawl patterns that are better seen on a micro scale. 

 

 

Table 8– Description of the technical specifications for 1990 and 2007 COS. 

Parameters 

 Technical specifications  

1990 COS 2007 COS 

Datum Lisbon local Datum Portuguese ETRS/PT – PTM 06 
Ellipsoid  Hayford ellipsoid GRS 80 
Projection Gauss –Krüger projection Transverse Mercator 
Nominal Scale/Spatial Resolution 1:25 000 0.5 meters 
Time frame 1/07/1990 to 31/08/1990 

 Aerial photography 
2004, 2005 and 2006 
Digital orthophotos  

Minimum mapping unit (MMU) 1 ha 1 ha 
Data format Vector data - Polygon Vector data - Polygon 
Geospatial data presentation form  Digital format – SHP  Digital format – SHP 
Maximum number of land-use categories 83 Subcategories 192 categories at the higher hierarchical 

level 
 

   
 
Table 9– Description of the main technical specifications for 1990, 2000 and 2006 CLC maps. 

Parameters 

 Technical specifications  
 

1990 CLC  2000 CLC  2006 CLC 

Datum Lisbon local Datum PT-TM06/ETRS89 PT-TM06/ETRS89 
Ellipsoid  Hayford ellipsoid GRS 80 GRS 80 
Projection Transverse Mercator Transverse Mercator Transverse Mercator 
Nominal Scale/Spatial 
Resolution 

1:100 000 1:100 000 1:100 000 

Time frame 1985, 1986 and 1987 
 Satellite imagery 

24/06 – 05/09 2000  
Ortho-corrected Landsat ETM+ 

imagery  
Pixel size: 25 m 

24/06/2005 – 15/15/2007 
(Spring and Summer data) 

Satellite imagery (LISIII 
and Spot 4&5) 
Pixel size: 20 m 

 
Minimum mapping unit 
(MMU) 

25 ha 25 ha 25 ha 

Data format Vector data - Polygon Vector data - Polygon Vector data - Polygon 
Geospatial data presentation 
form 

 Digital format – SHP  Digital format – SHP  Digital format – SHP 

Maximum number of land-use 
categories 

42 categories at the higher 
hierarchical  

level 

42 categories at the higher 
hierarchical level 

44 categories at the higher 
hierarchical level 

Overall Positional Accuracy Better than 100 m Better than 100 m  Better than 100 m  
 
 

Overall accuracy index  
 

- 82.84% (Confidence interval: 
80.47% - 85.20%) 

90.2% (absolute precision  
of 1.3 at the 95% 
confidence level) 
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On the other hand, even if the existing multi-temporal LULC inventories 

(maximum of 3 different temporal periods, the earliest thematic LULC map dates back 

to the 1990s) might be used to identify LULCC, it is now widely accepted (Herold et al., 

2003; Peña et al., 2007; Liu, 2009) that only through historical analysis can we detect 

and deeply understand present and future LULCC processes.  

Bearing in mind that the choice of a minimum mapping unit will always 

introduce per se uncertainty in end results and strongly impacts the way in which 

geographical phenomenon can be analysed in a GIS environment36, unprecedented 

high-precision land-use and land-cover maps were created in order to improve the 

knowledge concerning the space-time nature of LULCC over the past 63 years in the 

Portimão municipality.   

The availability of aerial photographs and ortho-rectified digital aerial images 

was one of the main factors determining the temporal periods included. For this study, 

eight thematic LULC maps, on a 1:10 000 nominal scale, covering the entire study area 

were generated for the years: 1947, 1958, 1968, 1972, 1987, 1995, 2000 and 2010. 

Though acquiring near anniversary images would have been desirable (Kabba and Li, 

2011) this proved difficult to achieve. Nevertheless, as previously mentioned Markov 

models cope very well with unequal time intervals. 

Furthermore, the choice of these dates stems from the fact that the main LULC 

changes occurred within these periods. The first aerial photographic coverage of the 

Algarve region was done by the Royal Air Force (RAF) in the 1940s. The dataset from 

1947 represents a period of profound changes, which had been taking place in 

Portugal since the first decade of the 20th century. It was the century of major social 

mass movements. The second coverage of aerial photos from 1958 taken by the 

United States Air Force (USAF) represents a period in which land-use was primarily 

agricultural. There was a great uniformity throughout the territory, which was mostly 

composed of shrub and cultivated fields. The aerial photos from 1968 and 1972 (the 

latter taken by the Portuguese Air Force or FAP) represent the tourism boom in the 

Algarve that was triggered by the favourable economic situation in Europe, with the 

                                                           
36

 GIS environment can be defined as a set of tools and/or computer systems that allows manipulation, 
storage and integration of geographic information and is particularly targeted at the analysis of spatial 
problems, whether at global, regional or local levels.  
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consequent increase in accommodation capacity and the construction of Faro 

International Airport (1965). The aerial photos from 1987 were selected due to their 

proximity to one of the most remarkable periods of population growth and economic 

activities expansion, mainly since the independence movements in Portugal’s African 

colonies in 1975 and the country's integration into the European Union in 1986. Both 

population pressure and tourism demand imposed an accelerated rhythm of urban 

growth. The orthophotos from 1995 and 2000 represent a period marked by the 

decrease in the size of agricultural proprieties mainly due to urban growth along the 

coast and the construction of the road network of the main urban lots of the study 

area. The most recent coverage of orthophotos was done in 2010.  

The multi-temporal aerial photos and ortho-imagery datasets used to create 

the LULC maps were provided by government agencies  the DGT and the Army 

Geographic Institute (Instituto Geográfico do Exército - IGeoE). In Tables 10 and 11 all 

the aerial photos and ortho-imagery and their main technical specifications are 

presented. 

 

Table 10– List of aerial photos collected for the study area. 

Name of the 
flight 

Nominal Scale Colour Calendar Date 

No. of 
photos 
used 

Geospatial 
data 

presentation 
form 

Data Format 

RAF     ~ 1:30 000 Black and white 1947 24 
 

Digital 
data 

 

Raster 
USAF 1:26 000 Black and white 1958 13 
USAF 1:30 000 Black and white 1968 23 
FAP 1:25 000 Black and white 1972 16 
 - 1:15 000 Colour photos 1987 60 

 
 
Table 11– List of orthophotos collected for the study area. 

Technical Specifications 
  Reference Year  

1995 2000 2010 

Origin  digital photography digital photography digital photography obtained with digital aerial camera 

Flight nominal scale 1: 40 000 1: 22 000 - 

Spatial resolution 1m 0.50m 0.50m 

Radiometric resolution False colour infrared RGB RGB and near-infrared 

Format  raster raster raster 

Flight plan  - - 4km*5km 

Source Ex-IGP IGeoE/ERFOTOa EX-IGP/IFAPb 

No. of images used 12 32 17 

Notes: 
a
Portuguese Company for cartography production. 

b
Portuguese Institute of 

Financing for Agriculture and Fisheries (Instituto de Financiamento de Agricultura e Pescas).  
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The nominal scales of the aerial photographs were mostly well suited for the 

production of LULC maps on a 1:10 000 scale, as the basemap scales should range 

between 17 000 and 26 000 (Von Gruber, 1932; Redweik, 2007). Following Redweik 

(2007) the calculation of the aerial photograph scale according to the map scale will be 

 

𝑚𝑓 = 𝑐√𝑚𝑐 
 

(IV.1) 

where                                                                                                

mf: basemap scale; 

mc: final map scale; 

c: constant that reflects the camera that was used. Its value will be c = 153 mm. 

Figure 23 illustrates the most common scales for aerial photographs according 

to the map scale to a constant of 153 mm. In practice, as Redweik (2007) stated, the 

aerial photographs quality obtained on lower scales may not be sufficient to produce 

maps. Therefore, higher scales than the scale range indicated in Figure 23 are often 

used to produce final maps on a 1:10 000 scale. This is mainly due both to the fact that 

the atmosphere of the Earth is not completely transparent and to the greater 

difference in altitude between the platform where the camera is placed and the land 

surface. The scales used for the 1947 and 1968 aerial photographs are not the most 

accurate for the required needs. However one can overcome this limitation by using a 

proper classification method for creating LULC maps. The classification method applied 

in this study will be discussed later in this section.  

Furthermore, in order to create LULC maps as accurate as possible, aerial 

photographs have been georeferenced to the ETRS89/PT-TM06 reference system (one 

of the official reference systems for Portugal defined by the DGT) using 2007 vector 

cartographic data37 (both road network and construction layers were used) as 

geometric reference. All ortho imagery used in this study was already obtained in the 

                                                           
37 

Topographic cartography of DGT (1:10 000 scale detail) available for the whole study area. 
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Transverse Mercator projection system (PT-TM06/ETRS89, Geodetic Reference System 

80). 

Aerial photographs were processed following a 3-step methodology38, namely: 

i) Scale all aerial photographs, the scale factor was calculated using image resolution 

and when unknown information regarding the known width of roads was used; ii) 

Matching image points between the aerial photographs and the vector data to change 

the position of the aerial photographs, i.e., the aerial photographs’ orientation was 

modified to line up the selected match points; and iii) Rubber sheeting the aerial 

photographs, the images were transformed to correct some local distortions in shape 

mostly due to unevenness of terrain. For georeferencing the aerial photographs 7 to 

20 ground control points (GCP) were used in an affine (first-order) polynomial 

transformation to a root mean square error (RMSE) ranging between 3.2 and 10.3 m. 

The RMSE values of each set of aerial photographs are reported in Table 12. 

These geometric accuracy measures were considered acceptable. The applied 

methodology improved the value of the historical images and makes it easier to 

compare with recent images (Figure 24). Nevertheless, the aerial photograph sets from 

1958 and 1968 exceeded the standard values recommended by Conolly and Lake 

(2006). Factors such as steep slopes and distance from the centre of the photo may 

have caused these values. Although further complex transformations may have 

reduced the error it is normally difficult to transform a photo so that all areas match 

the control points well. 

Subsequently, LULC maps were derived by visual image interpretation to 

delineate, at the most general level, the boundary between the connected artificial 

areas and the surrounding agricultural and agroforestry areas, forests and natural and 

semi-natural areas, wetlands and water bodies. The following 3-step methodology was 

considered.   

 

                                                           
38

 The integration of data and image processing techniques was carried out using Autodesk® AutoCAD 
Map 3D 2012 software and Autodesk® AutoCAD Raster Design 2011 software. 
 

http://usa.autodesk.com/adsk/servlet/ps/dl/item?siteID=123112&id=15201709&linkID=9240858
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Figure 23 – Nominal scales of aerial photographs should be chosen according to the map scale we are 
going to produce (adapted from Von Gruber, 1932; Redweik, 2007). 
 

 

 

Table 12– Geometric accuracy assessment for the aerial photographs. 

Date of AF 
set 

Nominal 
scale 

 Ʃ GCP 
No. 

Final 
RMSE

a
 

Acceptable 
RMSE

b
 

1947 ~ 1:30 000 360 3.2 m ≤ 10 m 

1958 1:26000 260 9 m ≤ 8.6 m 

1968 1:30 000 345 10.3 m ≤ 10 m 

1972 1:25 000 320 4.2 m ≤ 8.3 m 

1987 1:15 000 420 3 m ≤ 5 m 

 
Notes: 

a 
The final RMSE can be found by computing the square root of individual RMSEs.

 b 
Conolly and 

Lake (2006) recommend an error less than 1:3000 to guarantee an acceptable geometrical rectifying (for 
example, aerial photos with a 1: 30 000 nominal scale should have a RMSE of 10 m or less). 
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First, the methodology used for the production of LULC maps and their 

technical specifications (such as generalization rules, definition of the classification 

scheme, priority levels for generalizing LULC categories) were based on the guidelines 

provided in the Technical Specifications development for the Land Use and Land Cover 

Map of Continental Portugal for 2007 - COS 2007 (available in www.igeo.pt), applied 

and adapted to the territorial reality of the municipality of Portimão. Table 13 presents 

an overview of the main technical specifications of LULC maps for the study area. 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 24 - Overlaying of a historical 1958 aerial photo on a recent image (2010 orthophoto). 

 

The minimum mapping unit (MMU) (1000 square meters) for LULC mapping 

was defined based on the technical specifications of COS 2007. The latter has been 

produced on a 1:100 000 nominal scale with a 1 ha MMU. This implies that the 

correspondence between the terrain and the map is of 1000 meters, which means that 

the MMU is ten times that relation. Assuming the same reasoning for the LULC maps 

(1:10 000 nominal scale), where the correspondence between the terrain and the map 

is of 100 meters, a MMU of 1000 square meters was obtained. 
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Table 13- Overview of the main technical specifications of LULC maps for the study area. 

Technical Specifications         

Minimum Mapping Unit (MMU) 1000 m2    
 
Minimum distance between lines and 
polygons 2 m    

Reference System  ETRS89/PT-TM06   

Ellipsoid GRS80    

Datum ETRS89    

Projection 
Transverse 
Mercator   

Nomenclature 
COS2007 (5-level hierarchical nomenclature with  

 45 categories at the most detailed level) 

 

Second, the interpretation of LULC categories was made using the visual on-

screen digitizing method (Figure 25). The LULC maps contain five levels of thematic 

detail, with 45 categories at the most detailed level (Figure 26). See IGP (2007) for a 

complete description of LULC categories’ nomenclature and more details on the 

characteristics of each category. This classification process resulted in individual vector 

data layers39, with high thematic detail, ensured both by a MMU of 1000 square 

meters and by the nomenclature. Figures 27 and 28 illustrate the final LULC maps 

produced for the municipality of Portimão. 

The classification methodology followed the down dating logic (so-called 

editing process). This means that a LULC map was created for the latest date (LULC 

2010) and then used to derive the earlier dates, given that usually further ancillary 

data and high-quality base maps are available for the latest date. By comparing the 

latest date with the earlier dates, we can visualise the changed areas from one 

use/cover type to another and properly update the LULC map to represent this earlier 

time period (Peccol, 1996; Caetano et al., 2009). 

 

 

 

                                                           
39 

The production of vector data was developed using ArcINFO 10 software (©ESRI, Environmental 
Systems Research Institute).  
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Figure 25 - Illustration of the workplace for the LULC 2010 map production.   

 

 

 
Figure 26 – Illustration of the adjusted COS 2007 legend for the study area (IGP, 2007). 
 

Sparse
discontinuous 
Urban fabric

 
Forest and seminatural areas

 

 
Forests

 

 
Open Forests, Scrub and  
herbaceous vegetation 

 

 
Open spaces with little 

or no vegetation
 

 
Beaches, dunes, 

sands
 

 
Bare rocks

 

 
Sparsely 

vegetated areas
 

 
Burnt areas

 

 
Shrubs

 

 
Open forests, 
cuts and new 
plantations

 

 
Natural 

grasslands
 

 
Land Use/Cover

 

 
 Artificial surfaces 

 

 
 Agricultural 

areas
 

 
Wetlands

 

 
 Water bodies 

 

 
Urban fabric

 

 
Industrial, 

comercial and 
transport units

 

 
Mine, dump and 

construction sites
 

 
Artificial, non-

agricultural 
vegetated areas

 

 
Continuous 
urban fabric

 

 
Discontinuous 
urban fabric

 

 
Industrial, 

commercial or 
facilities units

 

 
Road and rail 
networks and 

associated land
 

 
Mineral 

extraction sites
 

 
Construction 

sites
 

 
Green urban 

areas
 

 
Airports

 

 
Port areas

 

 
Dump 
sites

 

 
Sport and leisure 

facilities
 

Vertical urban
fabric

Horizontal urban
fabric

 
Car Parks

 

Discontinuous
Urban fabric

 
industry

 
 

Commerce
  

Public and 
private facilities

  
Agricultural 

facilities
  

Power supply
  

Water supply
 

Sewage and
Waste disposal

 
Road 

 
 

Rail
 

 
Port 

terminal
 
 

Shipyards 
and docks

  
Yachting 
marina

 

 
Airport

  
Aerodrome

 

 
Mining

  
Quarry

 

 
Landfill

  
Scrap

 

Construction
sites

Abandoned
areas

 
Cemeteries

 
Parks, 

gardens

Sport
facilities

Leisure 
facilities

Cultural 
facilities,

Historical sites

 
Renewable 

energy 
 
 

Non-
renewable 

energy 
 

 
Golf courses 

  
Others

 

 
Camping

  
Others

 

I Level

II 

III 

VI 

V

I Level

I Level

II 

III 



86 
 

 

Ancillary data were used as a complement to the base maps. By facilitating 

their interpretation ancillary data improved the classification of LULC. The following 

ancillary data were used to support the visual interpretation process: the LULC 

mapping DesertWatch Algarve for the years 1984, 1994 and 2004 carried out by the 

European Space Agency (ESA), the Inter-municipal operating plan for forest fire 

protection (Plano Intermunicipal de Defesa da Floresta Contra Incêndios  PIDFCI) for 

the year 2010 develop by the National Forestry Authority of Portugal (Autoridade 

Florestal Nacional), former Directorate-General of Forest Resources (Direcção Geral 

dos Recursos Florestais) and the municipality of Portimão and other municipal GIS 

datasets for the year 2010.  
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Figure 27 – Historical LULC maps of Portimão of (a) 1947, (b) 1958, (c) 1968 and (d) 1972 classified at the 
most detailed level.  
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Figure 28 – LULC maps of Portimão of (e) 1987, (f) 1995, (g) 2000 and (h) 2010 classified at the most 
detailed level. 
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In order to assure the quality of the photo-interpretation results, a verification 

procedure was carried out for all LULC datasets. The aim of this verification procedure 

was twofold: to guarantee basic topological relationships between features of the 

LULC datasets, which are illustrated in Annex 1, and to verify technical issues, namely 

topological consistency (all polygons had one valid code only, no neighbouring 

polygons had the same code) and area limit (no polygons with area limit < 1000 square 

meters were allowed). The verification procedure was both carried out for line and 

polygons features. Although the LULC vector maps were originally produced by means 

of polygons features, further line features were derived from the transportation 

network polygons to compute the transportation network density indexes, which we 

will explore further in section III.4. 

Lastly, a thematic accuracy assessment was performed both to evaluate the 

2010 ortho-imagery interpretation and to guarantee a good quality LULC 2010. It 

should be noted that this was a crucial step since the LULC 2010 was used to derive the 

earlier LULC maps. In this study, collecting ground truthing data with both higher 

resolution and similar temporal intervals to those of historical images proved 

impossible to accomplish. Therefore, for the other seven LULC maps no thematic 

accuracy assessment was performed. In these cases, ancillary data proved to be 

essential for a proper interpretation of the historical images. 

Land-use and land-cover categories´ accuracy was evaluated through visual 

analysis of images with higher resolution than those used to produce it (Google Earth 

images). This reference data were then compared with the LULC 2010 map and the 

differences obtained formed the classification error. To assess the global thematic 

quality of the LULC 2010 map both Overall Accuracy Index and Khat statistic were 

computed. Furthermore, quality indexes (producer’s and user’s accuracy) were 

calculated specifically for each category, as well as the omission and commission 

errors. Their description and calculations are defined in Annex 2. 

The method chosen (stratified random sampling scheme) to be used for 

sampling design included 100 random points for each category. Three thousand and 

eight hundred sample points were well distributed over the categories’ area. Although 
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the LULC 2010 map has a nomenclature of 39 classes at the most detailed level, 

sample points for the ‘water bodies’ class were not included. 

The results indicate an overall accuracy of 96,9% and a Khat of 96,8% (see Annex 

3), meaning that these categories are very well mapped as the value of thematic 

accuracy resulting from photo-interpretation based on remote sensing should be ≥ 

85% (Anderson et al., 1976) and thus strongly represent the land-cover on the study 

area. From the analysis of Figures 29 and 30, the Producer’s and User’s accuracies of 

each category reveal that certain disagreements exist between the LULC 2010 map and 

the reference data for abandoned areas, other leisure facilities, scrap and sparsely 

vegetated areas.  

 

Figure 29 – Results of Producer’s accuracy (%) in the most detailed level. 
 

Figure 30 – Results of User’s accuracy (%) in the most detailed level. 
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For example, the producer’s accuracy for the ‘abandoned areas’ category was 

75%, meaning that 25.4% of the real abandoned areas (for example, remaining areas in 

industrial sites where some vegetation can occur, abandoned mines) were mislabelled 

as other categories. Furthermore, for the other categories - leisure facilities, scrap and 

sparsely vegetated areas - the user’s accuracies were 69%, 84% and 81%, respectively, 

which means that 31% of the real other leisure facilities, 16% of scrap areas and 19% 

of sparsely vegetated areas were committed to the category incorrectly. This can be 

explained by the fact that the above-mentioned categories only cover 0.39% of the 

total area of Portimão. In this sense, their insignificant composition may greatly 

compromise the omission and commission errors in these categories. Lastly, the 

commission and omission errors for the remaining categories were on average 1.5% 

and 2.1%, respectively, which can be considered very good results.  

 

III.2.2   Spatial trend of change surfaces 

Spatial trend of change (STC) surfaces were used in the model to specifically 

illustrate the overall spatial trend of urban growth. These were 3rd order polynomial 

trend surfaces, which were computed using the following general equation (Eastman, 

2009):  

𝑍 = �

𝑘

𝑖=0

 �

𝑘

𝑗=0

 𝑏𝑖𝑗  𝑥𝑖−𝑗   𝑦𝑗  

 

(IV.2) 

and are of the form: 

𝑍 = 𝑏0 + 𝑏1𝑥 + 𝑏2 𝑦 + 𝑏3𝑥
2 + 𝑏4𝑥𝑦 + 𝑏5𝑦

2 + 𝑏6𝑥
3 + 𝑏7𝑥

2𝑦 + 𝑏8𝑥𝑦
2 + 𝑏9𝑦

3 
 

(IV.3) 

where k is the polynomial order to be fitted; i and j are iteration variables related to k, 

being i = 0…k and j = 0…i. The choice of the cubic trend surfaces represents a 

compromise between the processing time and the best polynomial fit to the patterns 

of change (Eastman, 2009). In order to generate and examine the STC surfaces for each 

modelling period, LULC maps of the study area were reclassified and aggregated into 
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six broad categories, which represented the state of the cells in the CAMLucc model 

(details used to define the state of the cells used in the model are presented in 

Chapter V, Section V.1.1). 

 

 

 

 

 

 

 

 
 
Figure 31 – Example of STC surfaces for 2010. Figure 31 illustrates all the areas that changed from 2000 
to 2010 to Vertical urban fabric (a); Horizontal urban fabric (b); Discontinuous Urban fabric (c); Sparsely 
discontinuous urban fabric (d) and Other artificial surfaces. 

(a) (d)

(b) (e)

(c)
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𝐷: 𝑑𝑖𝑗  = 𝑓 𝑖 ,𝑗 ,𝑝 ,𝑞 ,𝑎 = 𝑎 (𝑖 − 𝑝)2 + (𝑗 − 𝑞)2   , 𝑖 = 1, 𝑚; 𝑗 = 1, 𝑛 

Figure 31 provides an example of the generalization of the specific transition 

from every previous land-cover in 2000 to Vertical urban fabric (Figure 31 (a)); 

Horizontal urban fabric (Figure 31 (b)); Discontinuous Urban fabric (Figure 31 (c)); 

Sparsely discontinuous urban fabric (Figure 31 (d)) and Other artificial surfaces (Figure 

31 (e)) land-covers in 2010. From Figure 31 we can analyse the continuous transition of 

land-cover over the study area and hence to assess where these transitions occurred 

with more or less intensity (higher values were represented by warm colours and 

lower values by cool colours). For instance, Figure 31 (a) shows that the change to 

Vertical urban fabric is mainly concentrated on the southeast of the image and the 

low-intensity areas are generally located on the northwest of the image.  

 

III.3   Distance variables 

The distance/proximity variables that could impact the LULC change and urban 

growth were considered by means of the Euclidean distance. Therefore, based on the 

idea of the Von Thunen's concentric rings model and on the Pythagorean Theorem, the 

Euclidean distance is given by (Matos, 2001): 

 

 

(IV.4) 

where D is the Euclidean distance from a given cell (p, q) in an array whose cell size is 

constant a; i and j are the row and column indexes respectively of each surrounding 

cell.  

Although distance analysis can be performed in many other ways different from 

the Euclidean distance (e.g. cost distance, city-block distance) depending on the goals 

of each study, the concept of Euclidean distance to measure real distances 

incorporates the definition of nearest, which was exactly what we intended to 

estimate and illustrate through distance variables. Consequently, Euclidean distance 

global functions were used in a raster-based GIS to perform the following distance 

analysis: Euclidean distance from the coastal line, Euclidean distance from existing 

agricultural and shrubland areas, and Euclidean distance from existing urban land-use 

http://people.hofstra.edu/geotrans/eng/ch6en/conc6en/vonthunen.html
http://www.cut-the-knot.org/pythagoras/index.shtml
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categories that represent the state of the cells in CAMLucc model (Figure 32). LULC 

data were extracted from the LULC maps of Portimão. Coastal line data were extracted 

from the Portuguese Official Administrative Map (Carta Administrativa Oficial 

Portuguesa or CAOP) from 2010 on a 1:25 000 nominal scale.  

 

 
Figure 32 – Example of two maps showing (a) the distance (measured in meters) from the artificial 
coastal line and (b) the distance from the horizontal urban fabric category to each surrounding location 
in 2010. The black areas identify the location of the source data. 

 

An artificial coastal line was used because the responsible government agency 

 the Portuguese Environment Agency (Agência Portuguesa do Ambiente), former 

Hydrographical Administration of the Algarve (Administração Hidrográfica do Algarve) 

 has not defined it so far, meaning that there were no data available to illustrate the 

temporal change of the coastal line of Portimão from 1947 to 2010. Therefore, the 

distance analysis was performed for each modelling period excepting the distance 

from the coastal line. Using the same coastal line data (from 2010) for each modelling 

period did not constitute a problem since the changes in the coastal line of Portimão 

over that period were not spatially significant.  
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III.4   Density variables 

To illustrate the effect of the different transportation modes on LULC or in 

attracting new developments along and towards roads and railways stations, a 

transportation network density index, based on Liu (2009) was implemented in a 

raster-based GIS, combining two methods: a simple line density method and a kernel 

point density method. Transportation network data for each modelling period from 

1947 to 2010 were derived from the LULC maps of Portimão and treated using both 

methods. The resulting attractiveness surfaces were created following a 2-step 

methodology summarized in Figure 33. 

 

 
Figure 33 – Overview of the steps for the creation of a transportation network density index for 2010. 
The red colours show high-density values. 

 

First, transportation data were compiled in the form of spatial databases filled 

with the following attributes: road categories and weights of the different 

transportation modes and categories. These weights represent the potential of the 

road network to produce further growth. They were later used as the parameters to 

compute the density surfaces.  
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𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝐿 =
  𝐿1 × 𝑉1  + ⋯ + ( 𝐿𝑛 × 𝑉𝑛 )

𝐴𝑐
 

Secondly, a simple line density method was applied as shown in the following 

equation (Silverman, 1986): 

 

 

(IV.5) 

where Ac is the area of a circular neighbourhood40;  L1…Ln  are the length of the portion 

of each line contained within the search radius and V1 …Ln are the weight values.  

The density surfaces that resulted from this method included the linear 

locations for roads in each modelling period from 1947 to 2010. Road data were 

classified into six main categories based on the formal hierarchical classification of 

Portuguese roads described in the 2000 National Roadway Plan. The following 

categories were included: highways, national routes, municipal routes, municipal 

paths, minor roads (local or residential roads) and sealed minor roads. The V1 …Ln 

parameters used in this study are listed in Table 14 and were defined according to the 

reasoning that both national and municipal routes have the capability to connect 

different urban areas of the municipality, making them more accessible and attractive 

and therefore with greater weight in the line density index. The Ac parameter was kept 

at 1000 meters. According to a survey carried out by Rocha et al. (2007) in the local 

Portuguese population, people prefer to live 500 meters from the road and would 

rather not be more than 1500 m. These reference values were then adapted to the 

reality of the municipality, taking into account that a city block in Portimão has an area 

of approximately 1000 square meters. As a result, the density surfaces were based on 

the length of the portion of each line contained within a search radius of 1000 meters 

weighted by the road network hierarchy. 

 

 

 

                                                           
40

 As Li and Yeh (2000) and Liu (2009) have demonstrated, the circular neighbouring type is an 
appropriate type to eliminate object distortions produced by other neighbouring types due to the 
distance-decay effect of the neighbouring cells on the processing cell. 
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0                                  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

 

Table 14– Assignment of weights to road network categories. 

Road network categories Weights 

  

Highways a 0 

National routes 4 

Municipal routes 3 

Municipal paths 2 

Minor roads 1 

Sealed minor roads 0 
Note: 

a 
Highways’ weight was kept at zero as its impact on LULC change will be considered using only the 

location of the highway exits through the kernel point density method. 

 

Thirdly, a kernel point density method, one of the most popular density 

estimation methods for applied data analysis (Gerard, 1998), was calculated for points 

in d-dimensional space, as defined by Silverman (1986):  

 

 

 

(IV.6) 

where x,…,xi is a particular dataset whose underlying density ( ) is to be estimated, 

K is a weighting function and h is a smoothing parameter or the kernel search radius of 

a location x, which controls the smoothness of the resulting estimator. Thus, the 

events Xi, which are contained in the search radius defined for x, contribute to the 

estimated density of this location, according to the proximity between Xi and x. The 

Kernel function (kx) defined for a 2-dimensional x was given by: 

 

 

(IV.7) 

where d represents the distance between x and Xi and h is the specified kernel search 

radius. The weighting function used is a quadratic kernel function, which has been 

shown to have some advantages over other kernel functions, namely: its processing is 
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less time-consuming (Silverman, 1986) and has the ability to provide ‘smoothness and 

differentiability on the resulting estimator’ (Racine, 2008:12).  

The resulting kernel density surfaces were computed in order to measure the 

density of highway exits and railway stations, intensified by specific weights (Table 15) 

that were contained within a kernel search radius of 1000 square meters. The logic 

behind the definition of these weights is that locations near the highway exits and 

railway stations have greater accessibility, particularly when these are near other 

urban areas and consequently further urban growth may occur. 

Lastly, the transportation network density index was the result of the 

combination of both line density and kernel point density surfaces (the addition 

mathematical operator was applied, which increases the effect of these two variables). 

Indeed, it was a meaningful way of i) representing the density/clustering of the 

transportation data and ii) identifying the intensity with which the transportation data 

manifests itself through space, proving to be a suitable method for the implementation 

of transition rules regarding density variables. 

 

Table 15– Assignment of weights to railway stations and highway exits. 

Linear distance from the railway  
Weights 

station and highway exists to the  

closest urban areas   

≤ 500 m 4 

500 m - 1.5 km 3 

1.5 - 2 km 2 

2 -3 km 1 

More than 3 km 0 

 

III.5   Topographic variables  

In order to illustrate the ground surface configuration of the study area, which 

may constrain the LULC change, a gridded digital elevation model (Figure 34 (a)) 

produced by the General Directorate for the Territory, covering the study area with a 

cell resolution of 25 meters was used. This is a high level of spatial detail comparing to 

any other altimetry data freely available for the study area. The digital elevation model 
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was obtained from the altimetric vector data (specifically, contours with equidistance 

of 25 meters, spot elevation and geodetic vertices were interpolated by means of a 

bilinear interpolation technique) used to produce the National Cartographic Series on a 

1: 50 000 scale of 1963/64, which were last updated in 2004. For the period 1947–

2010 small elevation changes have occurred in the study area.  

   

 
Figure 34 – Generalized map of (b) slope-gradient classes derived from (a) the elevation dataset for the 
study area.  

 

This elevation dataset was resampled in a raster-based GIS using the nearest 

neighbour interpolation method41 for a 10-meter spatial resolution. Details on the 

definition of the cell size of the CAMLucc model, which determined the basic cell 

resolution for all the spatial data, are presented in Chapter V, Section V.1.1. 

Slope data layer was then created from the referred elevation dataset. Slopes 

were classified into five main classes as defined by the General Directorate for the 

Territory (IGP, 2004). The slope-gradient classes used are the following: gently sloping, 

that is, a slope from 0 to 10%; moderate, a slope from 10 to 20%; strongly sloping, a 

                                                           
41 

This method has the advantage of keeping the original values of the cells (Lillesand et al., 2004).  
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slope from 20 to 30%; steep, a slope from 30 to 40% and very steep, a slope greater 

than 40%. 

 

III.6 Land-use Planning  

As previously presented, to illustrate the land-use planning actions taken by 

local governance within the study area and to analyse whether Portimão LULC changes 

occurred in accordance with such spatial policies, land-use planning datasets were 

created based on historical urban land-use plans (even though most of them had not 

been homologated, many played an important structural role in the spatial 

organization of the territory), recent urban land-use plans, the Municipal Master Plan 

and planning permits. This unique and extensive planning datasets represented in 

Figure 35 cover all planning models established or desired for Portimão from 1942 to 

2011. Indeed, these guiding and mandatory plans served to gain major insights into 

this important long-term planning period and thus supported the definition of related 

transition rules. Figure 35 also reveals the ongoing urbanization pressure over the 

municipality, which was not expected to fall in the coming decades if the 2008 global 

financial crisis initiated in the United States had not occurred. This global crisis was 

reflected in Portugal three years later with the request for financial bailout from the 

International Monetary Fund (IMF) and the European Central Bank (ECB), which has 

had a serious impact on the Portuguese real estate sector. 
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Figure 35 – Planning models established for the study area between 1942 and 2011. White dots 
represent the number of planning permits approved by the local government in each decade. 

Urban land-use plan of ‘Praia da Rocha’1942

Urban land-use plan of ‘Portimão’1948

Urban land-use plan of ‘Bemposta’1964

Urban land-use plan of ‘Portimão’1966

First master plan  of ‘Portimão’1968

Urban land-use plan of ‘Aldeia das Sobreiras’1968

Urban land-use plan of ‘Coca Maravilhas’1973

Partial urban land-use  plan of ‘Portimão’1977

Urban land-use plan of ‘Bemparece’1967

Partial urban land-use plan of ‘Praia da Rocha’1978

Partial  urban land-use plan of ‘Portimão’1979

Urban land-use plan of ‘Alvor’1982

1995 Master plan of ‘Portimão’

2006 Urban land-use plan of ‘Zona Ribeirinha’
2007 Urban land-use plan of ‘Escampadinho’

2007 Urban land-use plan of ‘Alto do Poço e Alvor’

2008 Urban land-use plan of ‘Praia do Vau e Prainha’

2008 Urban land-use plan of ‘Morgado do Reguengo’

2008 Urban land-use plan of ‘Barranco do Rodrigo’

2009 Urban land-use plan of ‘Taipas’

2011 Urban land-use plan of ‘Horta do Palácio’

2011 Urban land-use plan of ‘Quinta da Praia - Alvor’

Mandatory plans

Guiding plans 

2010

3 planning permits approved between 1966-1968

10 planning permits approved between 1972-1979

98 planning permits approved between 1980-1989

51 planning permits approved between 1990-1999

52 planning permits approved between 2000-2010



102 
 

The historical urban land-use plans were provided by the GDT as raster images. 

They were then georeferenced to the ETRS89/PT-TM06 reference system applying the 

same methodology discussed in Section III.2.1 with a RMSE of below 5 meters. Data 

illustrating areas proposed for urban development, already built-up areas and areas 

excluded from development were collected from these planning schemes (Figure 36) 

using the visual on-screen digitizing method. 

 

 
Figure 36 – Planning models established for the study area between 1942 and 1982. 

 

The local planning department provided both recent urban land-use plans 
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 and planning permits as CAD files (.DWG) already in the ETRS89/PT-TM06 

reference system. They were then analysed so that the same previously-mentioned 

land classes were obtained. Figure 37 shows the several areas proposed for urban 

development and areas excluded from development under the urban land-use plans 

recently approved.  

 

 
Figure 37 – Areas proposed for urban development, already built-up areas and areas excluded from 
development in the urban land-use plans approved between 2006 and 2011. 
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More than two hundred and ten planning permits, which play an important role 

in the municipality’s urban growth, were analysed and processed. The areas proposed 

for development in these planning schemes are illustrated in Figure 38.  

This study also used the Municipal Master Plan approved in 1995, which 

defines the whole planning for the municipality. Figure 39 shows the land classes 

collected from the Municipal Master Plan, which was provided by the local planning 

department.  

 

 
Figure 38 – Areas proposed for development in the planning permits between 1960 and 2010. 
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In fact, although this instrument introduced significant new spatial information, 

such as: agroforestry and ecological protected areas, regarding the areas proposed for 

urban development the Municipal Master Plan is actually a refined version of data 

already included in other urban land-use plans, such as the first master plan of 

Portimão of 1968.  

 

 
Figure 39 – Areas proposed for urban development, already built-up areas and areas excluded from 
development established by the Municipal Master Plan for the study area in 1995. Only the Ecological 
and Agricultural National Reserves were considered as areas excluded from development. 
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This Chapter presented a discussion regarding how different spatial variables 

may affect LULC patterns. Five main groups of variables were assumed to have impact 

on the land-use and land-cover change processes. These included state/transition 

variables, density variables, distance variables, topographic characteristics and land-

use planning policies. It provides detailed spatial data collection and GIS processing 

concerning the modelling of LULC change in Portimão through the CA-based approach. 

These spatial datasets will be used to calibrate the CAMLucc model and simulate 

LULCC over time in Portimão, which is presented in Chapter V. 
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CHAPTER IV: MEASUREMENT AND ANALYSIS OF LAND-USE AND LAND-COVER 

CHANGE TRAJECTORIES IN PORTIMÃO FROM 1947 TO 2010  

 

The combination of GIS with remote sensing data has been applied extensively 

to analyse and visualize the spatiotemporal pattern of LULC change (Fricke and Wolff, 

2002; Herold et al., 2003; Sudhira et al., 2004; Herold et al., 2005; Bhatta, 2010; Pham 

and Yamaguchi, 2011). Additional empirical research has corroborated the use of 

remote sensing data and spatial pattern metrics in quantifying and interpreting the 

spatial pattern of urban growth and LULC change (Herold et al., 2001; Parker et al., 

2001; Zhou et al., 2008; Kabba and Li, 2011; Fichera et al., 2012). This combination of 

GIS with remote sensing data along with the spatial pattern metrics has also been 

applied in this Chapter to both visually identify and quantify the rhythm, spatial 

dimension and pattern of LULC change in Portimão over a period of near seven 

decades. The findings will assist the LULC change modelling process presented in 

Chapter V. First, multitemporal LULC data generated in Chapter III are used to analyse 

LULC areal change in Portimão from 1947 to 2010. Furthermore, the overall 

spatiotemporal process of urban land-cover change is visually explored. Secondly, a 

common GIS-based LULC change detection technique was used to create a spatial-

temporal difference map. This procedure was carried out by overlaying the two 

consecutive LULC maps over the period from 1947 to 2010. The main LULC change 

trajectories over time and space, i.e. the basic paths of change (Lambin, 1997), are 

then identified. Finally, the patterns of LULC change trajectories were evaluated by 

means of particular class spatial pattern metrics.  

 

IV.1   Land-use and land-cover change analysis and empirical interpretation 

The analysis of the spatial and temporal dynamics of LULC change and urban 

growth was carried out based on the eight LULC digital vector maps of the study area 

presented in Chapter III. All LULC categories were analysed and detailed with a third 

level for the forest and semi-natural areas, and a fifth level for the artificial surfaces 

(see Figure 26, Chapter II). LULC areas (ha), LULC area percentages and LULC area 
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growth rates of the study area over the 1947-2010 period were computed. 

Furthermore, a combined analysis of LULC changes with population trends was 

conducted in order to provide an adequate basis for the understanding of urban 

sprawl process over time and space. The population densities and annual population 

growth rates were computed from the population data supplied by the 1940, 1950, 

1960, 1970, 1981, 1991, 2001 and 2011 Census for the municipality. Additionally, we 

applied the GIS to illustrate the spatial change of urban land-cover and to evaluate the 

physical expansion or spatial extent of artificial surfaces of Portimão over the study 

period. Table 16 shows the LULC area percentages in the study area from 1947 to 

2010. A complete table with LULC areas (ha) and percentage of LULC areas is provided 

in Annex 4. Annual growth rates of LULC areas by period are listed in Table 17. Figure 

40 depicts dynamics of land-cover (level V category) occurred throughout the study 

period (1947-2010).   

As Table 16 shows, in the late 1940s Portimão was composed basically of both 

agricultural land (near 51%) and forest/semi-natural lands (near 41%). Although there 

has been a clear dominance of these land categories over the study period, Table 17 

and Figure 40 also reveal that agricultural and forest/semi-natural lands have exhibited 

different change trends. Agricultural areas have decreased at moderate negative 

growth rates  especially in the periods of 1987-1995 and 1995-2000 (with annual 

growth rates of -1.25% and -1.30%, respectively)  although the rhythm of change has 

slowed down at the end of the study period (Table 17). Conversely, forest and semi-

natural lands have increased during the seven decades analysed (Figure 40), except for 

the 2000-2010 period, and have shown relatively low growth rates (ranging from 

0.09% to 0.60%). This demonstrates that the several national programs of financial 

incentives to forestry mainly since the middle of the 20th century and recent local land-

use policies which aim for nature and forest areas protection have played an important 

role on the trends of forest land-cover change. A careful analysis of Table 16 shows 

that forest and semi-natural areas were mainly composed by forest and shrublands. 

During the overall time span, the ‘forest’ land-cover category has nearly tripled, rising 

from 945.41 hectares to 2,843.54 (from 5.19% to 15.62% of the total area of the 
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municipality) showing a rapid rhythm of change, particularly for the 1968-1972 and 

1987-1995 periods (with annual growth rates of 5.48% and 4.20%, respectively).  

 

Table 16– Land-use and land-cover structure of Portimão over the study period. 

 Level V categories 1947 1958 1968 1972 1987 1995 2000 2010

Artificial surfaces

Continuous vertical urban fabric 0.00 0.01 0.07 0.12 0.28 0.40 0.50 0.70

Continuous horizontal urban fabric 0.10 0.12 0.31 0.36 0.54 0.67 0.69 0.79

Car parks 0.00 0.00 0.01 0.02 0.04 0.06 0.10 0.17

Discontinuous urban fabric 0.52 0.64 0.56 0.61 1.39 1.80 2.02 2.69

Sparse discontinuous urban fabric 0.37 0.39 0.48 0.61 0.76 0.77 0.86 1.05

Industry 0.06 0.05 0.06 0.09 0.20 0.31 0.33 0.40

Commerce 0.00 0.00 0.00 0.00 0.02 0.04 0.06 0.22

Agricultural facilities 0.02 0.02 0.02 0.02 0.03 0.04 0.05 0.06

Public and private facilities 0.00 0.01 0.04 0.04 0.11 0.21 0.28 1.16

Power supply - non-renewable energy 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03

Water supply 0.00 0.00 0.00 0.01 0.02 0.02 0.02 0.03

Sewage and waste disposal 0.00 0.00 0.00 0.00 0.15 0.16 0.17 0.17

Road network and associated land 0.95 0.99 1.12 1.19 1.61 1.84 1.96 2.60

Rail network and associated land 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05

Port terminal 0.00 0.01 0.01 0.01 0.01 0.04 0.04 0.04

Shipyards and docks 0.01 0.01 0.01 0.01 0.01 0.01 0.09 0.09

Aerodrome 0.00 0.00 0.00 0.08 0.08 0.08 0.08 0.08

Landfill 0.00 0.00 0.00 0.00 0.00 0.00 0.13 0.17

Scrap 0.00 0.00 0.00 0.00 0.01 0.03 0.02 0.01

Construction sites 0.00 0.00 0.02 0.02 0.17 0.19 0.49 1.14

Abandoned areas 0.00 0.00 0.00 0.00 0.00 0.04 0.04 0.03

Parks, gardens 0.01 0.01 0.04 0.06 0.12 0.19 0.22 0.32

Cemeteries 0.01 0.01 0.01 0.01 0.02 0.02 0.02 0.02

Golf courses 0.00 0.00 0.26 0.36 0.44 0.64 0.78 1.38

Other sport facilities 0.00 0.00 0.02 0.03 0.06 0.10 0.09 0.11

Camping 0.00 0.00 0.00 0.00 0.04 0.04 0.04 0.04

Other leisure facilities 0.00 0.00 0.01 0.02 0.03 0.04 0.04 0.10

Cultural facilities, historical sites 0.01 0.01 0.02 0.02 0.03 0.03 0.04 0.04

Total 2.11 2.34 3.13 3.75 6.18 7.82 9.23 13.69

Agricultural areas 50.84 47.61 47.08 46.31 40.60 36.74 34.42 31.67

Forest and semi-natural areas

Forest 5.19 5.07 6.27 7.39 9.12 12.76 14.60 15.62

Natural grasslands 0.29 0.37 0.39 0.41 0.41 0.44 0.66 0.61

Shrubs 33.94 36.91 36.27 34.89 36.23 34.47 32.81 31.65

Open forests, cuts and new plantations 0.26 0.47 0.75 1.11 0.84 1.06 1.75 0.27

Beaches, dunes and sands 0.95 0.68 0.61 0.57 0.57 0.51 0.46 0.46

Bare rocks 0.19 0.09 0.09 0.10 0.11 0.13 0.11 0.13

Sparsely vegetated areas 0.01 0.03 0.08 0.13 0.50 0.34 0.47 0.25

Burnt areas 0.00 0.00 0.00 0.00 0.01 0.21 0.00 0.01

Total 40.84 43.62 44.47 44.59 47.79 49.92 50.87 48.92

Wetlands 3.09 3.15 2.35 2.34 2.12 2.15 2.21 2.42

Water bodies 3.12 3.29 2.98 3.01 3.31 3.38 3.27 3.22
 

 

Shrublands have instead shown a shrinking trend towards the end of the study 

period. The fact that forest and semi-natural areas have mainly been constituted of 

shrublands, along with this shrinking trend over the time span, may point towards a 
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critical hidden process: the natural and rural land-cover change to transitional land-

covers categories (such as shrublands). After being left uncultivated for a long period 

of time, shrublands often become highly desirable areas for urban development, which 

can lead to a permanent change into urban land-covers. 

 

Table 17– The annual growth rate
42

 of LULC areas of Portimão for each temporal period. 

 Level V categories 1947 - 1958 1958 - 1968 1968 - 1972 1972  -1987 1987 - 1995 1995 - 2000 2000 - 2010 1947 - 2010

Artificial surfaces

Continuous vertical urban fabric 5.48 25.91 19.89 5.36 4.56 4.33 3.50 8.77

Continuous horizontal urban fabric 2.14 9.23 4.61 2.68 2.75 0.71 1.35 3.32

Car parks 0.00 5.44 31.89 3.65 6.88 9.63 4.92 0.00

Discontinuous urban fabric 1.91 -1.34 2.90 5.43 3.25 2.31 2.86 2.60

Sparse discontinuous urban fabric 0.60 2.09 7.96 1.45 0.14 2.24 1.96 1.67

Industry -1.49 1.91 13.46 5.01 5.69 1.14 2.01 3.01

Commerce 0.00 20.42 0.00 8.28 12.32 6.72 13.37 0.00

Agricultural facilities 0.00 0.00 -0.33 4.67 1.80 5.21 1.61 1.99

Public and private facilities 8.04 14.88 2.57 6.95 8.38 5.96 14.04 9.31

Power supply - non-renewable energy 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Water supply 0.00 0.00 0.00 5.29 3.46 -0.13 2.40 0.00

Sewage and waste disposal 0.00 0.00 0.00 0.00 0.76 2.04 0.00 0.00

Road network and associated land 0.36 1.24 2.08 2.01 1.63 1.33 2.83 1.60

Rail network and associated land 0.00 0.11 0.62 0.00 -0.01 0.00 -0.01 0.04

Port terminal 0.00 -0.88 0.00 0.00 22.81 0.78 0.00 0.00

Shipyards and docks 0.25 0.00 -15.94 0.20 2.17 44.36 -0.68 3.02

Aerodrome 0.00 0.00 0.00 0.15 0.00 0.00 0.00 0.00

Landfill 0.00 0.00 0.00 0.00 0.00 0.00 2.40 0.00

Scrap 0.00 0.00 -17.28 7.70 18.83 -11.90 -6.43 0.00

Construction sites 0.00 0.00 -2.31 13.97 1.72 19.03 8.34 0.00

Abandoned areas 0.00 0.00 0.00 0.00 29.40 0.00 -1.19 0.00

Parks, gardens 2.65 11.75 19.02 3.94 6.29 2.86 3.78 5.80

Cemeteries -0.05 0.00 -0.13 2.96 0.00 0.00 0.00 0.69

Golf courses 0.00 0.00 10.42 1.35 4.79 4.00 5.63 0.00

Other sport facilities 0.00 0.00 12.39 4.72 6.06 -0.67 1.72 0.00

Camping 0.00 0.00 0.00 0.00 1.73 0.00 0.00 0.00

Other leisure facilities 0.00 0.00 19.25 2.35 2.30 1.56 8.68 0.00

Cultural facilities, historical sites 0.05 4.41 1.14 2.92 0.27 2.14 0.50 1.74

All artificial surfaces 0.94 2.89 6.09 3.33 2.94 3.32 3.94 2.97

Agricultural areas -0.60 -0.11 -0.55 -0.88 -1.25 -1.30 -0.81 -0.75

Forest and semi-natural areas

Forest -0.22 2.13 5.48 1.40 4.20 2.70 0.67 1.75

Natural grasslands 2.18 0.65 1.23 0.00 1.00 8.10 -0.79 1.19

Shrubs 0.76 -0.17 -1.29 0.25 -0.63 -0.99 -0.36 -0.11

Open forests, cuts and new plantations 5.31 4.62 13.06 -1.85 2.93 9.98 -18.55 0.06

Beaches, dunes and sands -3.07 -1.12 -2.23 0.05 -1.46 -1.82 -0.12 -1.16

Bare rocks -6.50 0.43 2.19 0.65 1.53 -2.57 1.31 -0.61

Sparsely vegetated areas 12.28 9.20 14.18 9.25 -4.71 6.24 -6.28 5.38

Burnt areas 0.00 0.00 0.00 0.00 40.36 0.00 0.00 0.00

All forest and semi-natural areas 0.60 0.19 0.09 0.46 0.54 0.37 -0.39 0.29

Wetlands 0.16 -2.92 -0.16 -0.64 0.13 0.66 0.90 -0.38

Water bodies 0.48 -1.00 0.37 0.63 0.27 -0.66 -0.17 0.05
 

 

There was a significant number of water bodies including rivers and reservoirs, 

and wetlands in Portimão. The water bodies have always played important roles on 

both the natural environment and the socio-economic activity of the municipality. In 

1947, the total area of wetlands and water bodies were 562.84 hectares and 568.84 

                                                           
42 The annual growth rate can be found by taking the difference in the natural Logs of the variable at 

two points in time, divided by the elapsed number of years.  
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hectares, respectively. Whereas in 2010, the total area of wetlands dropped to 444.01 

and the total area of water bodies increased to 585.87. Thus, the wetlands decreased 

by 21.5% during the 1947-2010 period. This changing trend of the wetlands mainly due 

to human-induced activities (such as urban encroachment) has been triggering 

flooding problems and its consequences (Figure 40).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 40– Land-cover structure of Portimão for the eight time periods defined. The y-axes contain 
standardised values of a normal distribution with a mean of zero and a standard deviation of one.  

 

Land-use and Land-cover (level V category) change in Portimão from 1947 to 2010
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Figure 40 and Table 16 reveal that the artificial surfaces of Portimão have 

increased greatly during the overall time span and are changing very quickly. In 1947, 

the total area of artificial surfaces was 384 hectares. While in 2010, the total area of 

that same land category had risen to 2,492 hectares. Thus, artificial surfaces increased 

by 549% between 1947 and 2010. According to Table 17, the spurt in the increase of 

artificial surfaces occurred in the late 1960s. Although the rhythm of change has 

slowed down after that period, urban growth continued at high annual growth rates 

between 1972 and 2010 (ranging from 2.94% to 3.94%). The increase in artificial areas 

was mostly due to the growth of residential areas43 (remarkably in the first three 

temporal periods), public and private facilities, road network and associated land and 

golf courses. Figures 41 – 43 also show that higher annual growth rates during the 

study period were more frequent in artificial surface categories. During the first three 

periods, the annual growth rate of residential areas noticeably surpassed the 

development of commerce, transportation network and industry. However, this trend 

has shifted since the 1972-1987 period. In the last four periods the growth rhythm of 

residential areas slowed slightly and was outpaced by the development of commerce, 

transportation network and industry. This may indicate that the municipality has 

shifted to an industrial and service-oriented economy towards the end of the study 

period. Park and gardens, car parks, other sport facilities, construction sites and other 

leisure facilities have grown notably in the 1958-1968 and 1968-1972 periods and since 

that have expanded regularly (Figures 41 (b) and 41(c)).  

We can see from Figure 44 and Table 16 that discontinuous urban fabric has 

been dominant over the 63-year long study period. Between the late 1940s and 2010, 

an average of 76% of all new residential areas was discontinuous. The dynamic of 

residential areas during the study period reveals two important characteristics of such 

areas. On the one hand, it shows a tendency towards the growth of less intensive 

residential areas and, on the other hand, the rapid growth rhythm of discontinuous 

urban fabric is a clear evidence of urban sprawl. This observation can be supported by 

analysing and combining population data with the previously explored land-use data.  

                                                           
43 Referred to as the aggregation of the four urban fabric categories of the artificial surfaces, including 

continuous vertical urban fabric, continuous horizontal urban fabric, discontinuous urban fabric and 
sparse discontinuous urban fabric. 
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Figure 41 – Annual growth rates of different LULC categories in the study area from 1947 to 1958 (a), 
1958 to 1968 (b) and 1968 to 1972 (c). 
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Figure 42 – Annual growth rates of different LULC categories in the study area from 1972 to 1987 (a), 
1987 to 1995 (b) and 1995 to 2000 (c). 
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Figure 43 – Annual growth rates of different LULC categories in the study area from 2000 to 2010 (a) and 
1947 to 2010 (b). 

 

As shown in Figure 45 both the population and the population density in 

Portimão have increased in all temporal periods. Since the 1970s the population has 

grown considerably and the population density has tripled during the study period. 

However, a careful analysis of Figure 46 and Table 17 shows that the rate of growth of 

artificial surfaces has outstripped the rate of population growth during the study 

period. This suggests that consumption of land per inhabitant has increased 

remarkably, which may confirms that the study area has been facing early and 

intensive urban sprawl or fragmented land-use dynamics (Kasanko et al., 2006).    
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Figure 44 – Share of continuous urban fabric and discontinuous urban fabric of the total residential 
areas over the study period.  

 

Figure 45 – Population and population density in the study area from 1940 to 2011. 

 

 

 

 

 

 

 

Figure 46 – Population growth rates in the study area from 1940 to 2011. 
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The urban land-cover difference map which illustrates the urban change in 

Portimão spatially by temporal period is presented in Figure 47. The analysis of this 

map confirms a massive growth in artificial surfaces near the main urban settlements 

and along the coastal area, but most importantly it reveals the dispersed urban growth 

over time beyond the national-125 route, which had functioned as the northern 

Portimão’s city limit for a long time, and the A22 highway network constructed in 

2001. In the early study periods, this urban development did not occur beyond those 

physical barriers, which is quite different from what has taken place currently. 

 

Figure 47 – The temporal physical expansion of artificial surfaces in Portimão over the study period. 
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Figure 47 also reveals that urban dynamics occurred along the road network 

towards both the northwest and northeast parts of the municipality. What were the 

roles and responsibilities of urban land-use plans and the Municipal Master Plan 

desired and elaborated for Portimão in terms of effective urban land-cover changes 

during the time span is a question worthy of further consideration and will be 

discussed in detail in Chapter VI. 

Having analysed the dynamics of LULC change and urban growth in terms of 

LULC area percentages and LULC area growth rates, along with population 

development trends over the 1947-2010 period, the application of spatial pattern 

metrics of LULC change trajectories derived from the multitemporal LULC maps is 

presented in the following section in order to assess and quantify more thoroughly the 

complex spatial patterns of such trajectories. 

 

IV.2   Spatial pattern metrics and land-use and land-cover change trajectories over the 

1947-2010 period 

The analysis of the spatial patterns of land-use and land-cover change is 

recognised as a crucial aspect for the research on LULC change detection as such 

spatial patterns often reveal the underlying historical anthropogenic and natural 

processes that shape the landscape (Walsh et al. 1999; Crews-Meyer, 2001). This study 

has attracted renewed interest due to the recently development of the multi-temporal 

profile method (Coppin et al., 2004) which allows us to perform spatial pattern metric 

analysis based on categorical trajectory analysis (Mertens and Lambin, 2000; Crews-

Meyer, 2001; Petit et al., 2001; Zhou et al., 2008; Mena, 2008; Huang et al., 2008; Xue 

et al., 2014). Such method is an alternative to the bi-temporal profile method 

(traditional ‘from-to’ post classification change detection) (Lhermitte et al., 2011). 

When applied to spatial LULC pattern change analysis, the latter measures changes in 

LULC based on ‘two-epoch’ timescale (pair-wise LULC change comparison). The spatial 

LULC change patterns are subsequently assessed by comparing the spatial pattern 

metric results, which highlight composition or configuration changes between two 

observation years (Mena, 2008). However, in the case of analysing long-term LULC 

change, this method involves time-consuming and demanding work and generally 
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leads to the propagation of errors and inconsistencies (Ridd and Liu, 1998; Yuan et al., 

2005). Furthermore, results from previous studies revealed that the bi-temporal profile 

method is normally not sufficient to infer landscape process (Zhou et al., 2008). Spatial 

pattern metric analysis on classified temporal categorical trajectories, on the other 

hand, has emerged as the most effective method for interpreting long-term dynamic 

and complex LULC conversions. The basic assumption of this method is that the 

evolution of LULC change processes may be better interpreted by means of LULC 

change trajectory patterns which focus on the temporal sequence of LULC categories 

over more than two time periods, rather than on the basis of a ‘two-epoch’ timescale 

(Lambin and Strahlers, 1994; Lambin and Linderman 2006). 

In this section, therefore, we shall propose an approach for quantifying and 

assessing the spatial pattern of LULC change trajectories based on a multiple epoch 

timescale (a time span of about 60 years) and spatial pattern metrics in order to 

acquire improved knowledge about the long-term LULC change trajectories related to 

different historical human and natural processes in the study area. The approach 

described in this section follows a 2-step methodology. First, temporal LULC change 

trajectories are derived from the LULC maps presented in Chapter III. Furthermore, a 

LULC change trajectory map was created to illustrate the spatial distribution of such 

trajectories throughout the study period. Second, the LULC change trajectories are 

analysed at the patch-level44 by computing specific spatial pattern metrics. The 

tendency of LULC change for each location in the study area across time is tracked and 

spatial patterns of LULC trajectories are analysed quantitatively.  

 

IV.2.1   Definition and analysis of LULC change trajectories in Portimão  

This study focuses on the analysis of LULC change in the study area in order to 

provide an adequate basis for the understanding of the LULC change process over time 

and space and consequently to support the LULC change modelling process (namely, 

the state variable definition). Thus, for the definition of LULC change trajectories, LULC 

categories disaggregated at the most detailed level (see Figure 26, Chapter III) for the 

                                                           
44

 In this study, patch is understood as a relative homogenous region of a particular landscape, for 
instance a car park or a residential area (Anderson et al., 1976). 
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eight temporal periods were used. The analysis of temporal LULC change trajectories 

from this perspective allows us to benefit from the rich highly detailed temporal 

information contained in the LULC maps. The LULC change trajectory in this study is 

understood as the sequence of transitions between LULC categories during the eight 

temporal periods. For example, a trajectory defined as ‘agricultural-agricultural-

agricultural-agricultural-TUD-TUD-TUD-TUD’ denotes that land was cultivated from 

1947 to 1972, converted to discontinuous urban fabric in 1987 and persisted as 

discontinuous urban fabric until 2010. A categorical LULC change map containing the 

LULC trajectories at the object-level (shape) was derived using a vector GIS. Firstly, the 

two successive LULC maps were overlaid so that changes in LULC were identified and 

every object had a category attributed to it for the years 1947, 1958, 1968, 1972, 1987, 

1995, 2000 and 2010. Secondly, by means of concatenation, each LULC polygon was 

computed as a numeric pattern trajectory (Crews-Meyer, 2001) based on the LULC IDs 

associated with it. The concatenation outcomes represent the trajectory of LULC 

change or the LULC history (Crews-Meyer, 2001) on a polygon over eight time periods. 

A total of 4779 LULC change trajectories were identified and then 21 main LULC 

change trajectories were retained based on their proportion (ha) in the landscape. 

Furthermore, each main LULC change trajectory was interpreted for its categorical 

nature regarding the theorised processes at work on Portimão’s landscape including: 

 Urban expansion. In this study, urban expansion is used to describe changes 

from agricultural or shrub lands to urban developed land (specifically, to 

horizontal urban fabric (TUH), vertical urban fabric (TUV), discontinuous urban 

fabric (TUD) and sparse discontinuous urban fabric (TUDE)). The ‘old TUH 

expansion’, ‘recent TUH expansion’, ‘old TUV expansion’, ‘recent TUV 

expansion’, ‘old TUD expansion’, ‘recent TUD expansion’, ‘old TUDE 

expansion’ and ‘recent TUDE expansion’ LULC change trajectories are likely to 

be associated with the urban expansion process in the Portimão municipality.  

 Densification is used to describe specifically the process of change from 

discontinuous urban fabric land-use categories (namely, discontinuous urban 

fabric and sparse discontinuous urban fabric) to continuous horizontal urban 
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fabric land-use category. The ‘old densification’ LULC change trajectories were 

associated with the densification process in the Portimão municipality.  

 Verticalization. This term is used to describe changes from existing urban lands 

to vertical urban fabric land-use category, resulting in the development of 

high-rise buildings in specific locations of the municipality. The ‘old 

verticalization’ LULC change trajectories are likely to be associated with the 

verticalization process in the Portimão municipality.  

 Forest regrowth. The term forest regrowth is used to describe forest 

regeneration, generally since 1995, in areas previously occupied by shrub 

lands. The ‘old/permanent forest regrowth’ LULC change trajectory is likely to 

be associated with the forest regrowth process in the Portimão municipality.  

 Land fallow. This term is used to describe recent changes from agricultural land 

to shrub land, which may suggest land left uncultivated (during the later study 

period) after successive crops. The ‘recent land fallow’ LULC change trajectory 

is likely to be associated with the land fallow process in the Portimão 

municipality. 

 Farmland abandonment. The term farmland abandonment is used to describe 

the cessation of agricultural activities (Pointereau et al., 2008) on a given 

location thereafter converted into shrubland. The ‘old farmland 

abandonment’ LULC change trajectory is likely to be associated with the 

farmland abandonment process in the Portimão municipality. 

 Deforestation. The term deforestation is used to describe old changes from 

forestland to non-forest uses. The ‘old/permanent forest clearing’ LULC 

change trajectory is likely to be associated with the deforestation process in 

the Portimão municipality. 

 LULC stability. This term is used to describe situations where the land-use and 

land-cover of a given surface remained unchanged during the entire study 

period. The ‘permanent agricultural’, ‘stable forest’, ‘permanent water 

bodies’, ‘permanent wetlands’ and ‘stable artificial surfaces’ LULC change 

trajectories were associated with the LULC stability process.  

http://www.sciencedirect.com/science/article/pii/S0303243414000634#bib0060
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Finally, these LULC trajectories were grouped into 4 main classes based on the 

LULC categories involved in each change trajectory, including changes from non-built 

to artificial surfaces (1), changes within artificial surfaces (2), changes within non-built 

(3) and unchanged (4).  

The changes from non-built to artificial surfaces class in this study basically 

refers to the situations of changes from non-built categories and remained as artificial 

surface categories. The changes within artificial surfaces class includes sequences that 

involved predominantly changes between artificial surface categories during the study 

period. However, situations where land changed periodically between artificial 

surfaces (in the earliest year), non-built (at least in one intermediate year) and artificial 

surfaces (in the latest year) were assigned to this class as well. They were then 

included in ‘Others’ sequences due to the fact that individually this sequences only 

represent a minor proportion of the landscape. The changes within non-built class 

refers to the sequences which involved predominantly changes between non-built 

categories during the study period. Situations where land changed periodically 

between non-built (in the earliest year), artificial surfaces (at least in one intermediate 

year) and non-built (in the latest year) were also assigned to this class. They were 

included in ‘Others’ sequences for the same above-mentioned reason. The unchanged 

class refers to situations where land remained in the same LULC category during the 

eight temporal periods. The main LULC change trajectories in Portimão can be seen in 

Table 18 with area (ha), area percentages and their interpretation. Figure 48 displays 

the emergent spatial patterns of the LULC change trajectories aggregated at the class-

level.  

The analysis of the area percentages of each LULC change trajectory shows that 

unchanged trajectories (permanently agricultural, forest, water bodies, wetlands and 

artificial surfaces) represented 49.3% of Portimão’ landscape throughout the 1947-

2010 period. Therefore, approximately 50% of the study area has undergone a LULC 

change at least once during the study period. This reveals that changes in LULC were 

quite significant in the coastal area of Portimão and stresses the highly dynamic nature 

of LULC changes.  
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1947 1958 1968 1972 1987 1995 2000 2010 (ha) (%)

1 Old TUD expansion Agricultural Agricultural Agricultural Agricultural TUD TUD TUD TUD 66.82 0.36

Recent  TUD expansion Agricultural Agricultural Agricultural Agricultural Agricultural Agricultural Agricultural TUD 33.2 0.18

Old TUDE expansion Agricultural Agricultural Agricultural Agricultural TUDE TUDE TUDE TUDE 31.74 0.17

Recent TUDE  expansion Agricultural Agricultural Agricultural Agricultural Agricultural Agricultural Agricultural TUDE 20.28 0.11

Old TUH expansion Agricultural Agricultural Agricultural Agricultural TUH TUH TUH TUH 13.75 0.07

Recent TUV expansion Agricultural Agricultural Agricultural Agricultural Shrubs Shrubs Shrubs TUV 10.02 0.05

Old TUV expansion Agricultural Shrubs Shrubs Shrubs TUV TUV TUV TUV 6.08 0.03

Recent TUHexpansion Agricultural Agricultural Agricultural Agricultural Agricultural Agricultural Agricultural TUH 2.23 0.01

Others 1,967.88 10.88

Total 2,152.00 11.86

2 Old densification TUD TUD TUH TUH TUH TUH TUH TUH 22.06 0.12

TUDE TUD TUH TUH TUH TUH TUH TUH 1.35 0.007

Old verticalization TUD TUD TUV TUV TUV TUV TUV TUV 4.77 0.02

TUDE TUD TUD TUV TUV TUV TUV TUV 1.41 0.007

Others 77.55 0.446

Total 107.14 0.6

3 Old/permanent forest regrowth Shrubs Shrubs Shrubs Shrubs Shrubs Forest Forest Forest 591.49 3.2

Recent land fallow Agricultural Agricultural Agricultural Agricultural Agricultural Agricultural Agricultural Shrubs 298.69 1.6

Old farmland abandonment Agricultural Agricultural Agricultural Agricultural Shrubs Shrubs Shrubs Shrubs 295.31 1.6

Old/permanent forest clearing Forest Forest Shrubs Shrubs Shrubs Shrubs Shrubs Shrubs 76.85 0.42

Others 5,659.44 31.2

Total 6,921.78 38.02

4 Permanent agricultural 5,012.46 27.53

Stable forest 3,054.98 16.77

Permanent water bodies 432.19 2.37

Pemanent wetlands 247.97 1.36

Stable artificial surfaces 231.27 1.27

Total 8,978.90 49.3

AreaLULC change trajectories
Description

Table 18 – LULC change trajectories in Portimão between 1947 and 2010. 

 

 

 

 

 

 

 

 

Figure 48 – Spatiotemporal LULC change trajectories in Portimão between 1947 and 2010. 
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The analysis of LULC change trajectories between non-built categories (class 3, 

Table 18) shows that they prevailed in the landscape over the study period (with 38% 

of the total area). In this case, the principal LULC sequences were from shrubs to forest 

and have remained as forest since 1995 (with 3.2% of the total area), representing the 

old and permanent forest regrowth. Changes between agricultural and shrubs 

accounted also for 3.2% of the study area (both rapid or recent and progressive or old 

changes from agricultural to shrubs) which indicate the recent conversion into fallow 

and old abandonment of agriculture. Such LULC change sequences are generally 

referred to as critical changes since they indicate the rural land-cover conversion to 

transitional land-cover categories (such as shrublands), which are on the verge of being 

changed permanently to artificial surfaces (Dutta, 2012:13). The old changes (year 

1968) from forest to shrubs have transformed only 0.42 percent of the study area 

between the study period, corresponding to the old and permanent forest clearing. 

Figure 48 shows that changes between non-built categories have spatially developed 

predominantly further away from the main urban settlements. However, these LULC 

change trajectories are also found near the coastal area and at the edges of converted 

non-built areas to artificial surfaces. This suggests that such locations may be 

converted to artificial surfaces on a near future. 

The analysis of Table 18 indicates that, between 1947 and 2010, non-built areas 

were changed into artificial surfaces (class 1) in a proportion of 11.86% of the total 

area. In this case, the most significant trajectories of change involved the decrease in 

agricultural land-cover, with both old and recent urban expansion based on 

discontinuous urban fabric (with 0.38% and 0.18% of the total area, respectively) and 

with old urban expansion based on sparse discontinuous urban fabric (with 0.17 % of 

the total area). Figure 48 highlights the emergent spatial pattern of LULC change 

trajectories from non-built areas to artificial surfaces, which clearly shows a pattern of 

expansion diffusion in the fringe existing urban areas.  

LULC change trajectories between artificial surface categories (class 2) are 

weakly represented (0.6% of the total study area) between 1947 and 2010. Changes 

from discontinuous urban fabric to both horizontal urban fabric (with 0.12% of the 

total area) and vertical urban fabric (with 0.02% of the total area) are dominant in this 
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class. These trajectories correspond to both urban densification and high-rise building 

increase (verticalization process) in previously discontinuous urban areas. The analysis 

of their spatial pattern (Figure 48) shows that changes between artificial surfaces are 

generally located near the main urban settlements and along the coastal area.  

 

IV.2.2   Spatial pattern metrics computation and analysis of LULC change trajectories  

This section aims to better understand the long-term LULC change trajectory 

patterns related with distinct historical human and natural processes in the study area 

by interpreting the spatial arrangement of the patches of LULC change trajectories 

through spatial pattern metrics. For each LULC change trajectory and main groups, five 

class-level spatial pattern metrics run at 10 m spatial resolution and with an 8-cell 

patch neighbour were computed by means of FRAGSTAT 4.2 (McGarigal et al., 2002). 

The spatial pattern metrics included in this study were the Largest Patch index (LPI), 

Area-weighted mean patch fractal dimension (FRAC_AM), Percentage of like 

adjacencies (PLADJ), Interspersion and juxtaposition index (IJI) and normalized 

Landscape shape index (nLSI). The description of the selected spatial pattern metrics 

are shown in Table 19.  

 

Table 19– Selected spatial metrics for LULC change trajectory pattern analysis (retrieved from 
MacGarigal et al., 2002). 

Spatial Metric (Acronym) Description Units Range

Largest Patch Index (LPI) LPI quantifies the percentage of total Percent 0 < LPI ≤ 100

landscape area comprised by the

 largest patch.

Area-weighted mean patch FRAC_AM is defined as the area None 1 ≤ FRAC_AM ≤ 2

fractal dimension (FRAC_AM)  weighted mean value  of  the 

fractal dimension values of 

 all like patch types.

Percentage of Like Adjacencies (PLADJ) PLADJ quantifies the percentage Percent 0 ≤ PLADJ ≤ 100

of cell adjacencies involving the

 corresponding patch type which are 

 like adjacencies.

Interspersion and Juxtaposition index (IJI) IJI provides the observed Percent 0 < IJI ≤ 100

 interspersion over the maximum 

possible interspersion for the given 

number of patch types.

normalized Landscape Shape Index (nLSI) nLSI measures the degree of None 0 ≤ nLSI ≤ 1

 class aggregation or clumpiness.
 



126 
 

Spatial pattern metrics

NLSI IJI FRAC_AM PLADJ LPI

1 Old TUD expansion 0.241 45.796 1.167 75.008 0.096

Recent  TUD expansion 0.235 50.990 1.109 75.129 0.014

Old TUDE expansion 0.259 45.594 1.111 72.834 0.016

Recent TUDE  expansion 0.212 42.245 1.104 77.092 0.013

Old TUH expansion 0.289 37.698 1.157 69.132 0.010

Recent TUV expansion 0.176 28.504 1.107 79.792 0.022

Old TUV expansion 0.253 16.895 1.138 71.570 0.006

Recent TUH expansion 0.253 47.789 1.081 69.524 0.002

All changes from non-built to artificial surfaces 0.039 89.280 1.301 95.955 15.078

2 Old densification 0.220 30.426 1.207 76.401 0.029

Old verticalization 0.185 29.860 1.151 78.205 0.010

All changes between artificial surfaces categories 0.095 94.416 1.252 90.354 3.648

3 Old/permanent forest regrowth 0.040 31.914 1.184 95.648 1.513

Recent land fallow 0.099 59.763 1.132 89.584 0.101

Old farmland abandonment 0.101 61.279 1.128 89.388 0.312

Old/permanent forest clearing 0.053 22.338 1.127 93.662 0.210

All changes between non-built categories 0.447 95.500 1.219 54.957 0.359

4 Permanent agricultural 0.043 64.278 1.285 95.530 8.988

Stable forest 0.045 47.252 1.164 95.291 1.369

Permanent water bodies 0.049 47.405 1.230 94.607 1.242

Pemanent wetlands 0.057 39.393 1.132 93.680 0.371

Stable artificial surfaces 0.304 55.626 1.145 68.891 0.060

All unchanged 0.044 77.827 1.249 95.466 17.510

Description

These spatial pattern metrics were selected based on their intuitiveness (Pham 

and Yamaguchi, 2011) and ability to describe patterns of landscape change (Cain et al., 

1997; Saura and Martinez-Millan, 2001; Mena, 2008; Zhou et al., 2008). Table 20 lists 

the results of the computed spatial pattern metrics on LULC change trajectories. The 

spatial pattern metrics used to quantify and analyse the LULC change trajectory 

patterns of the study areas are discussed next. 

 

Table 20 – Spatial pattern metrics of LULC change trajectories over the 1947-2010 period.  

 

 

 

 

 

 

 

 

 

Normalized Landscape shape index (nLSI) 

nLSI is an index used to characterize the spatial aggregation of  a landscape. The 

results of nLSI (Table 20) reveal that LULC change trajectories present quite different 

levels of spatial aggregation. In general, when contiguous patches of both LULC change 

trajectories from non-built to artificial surfaces and unchanged trajectories are merged 

they have higher levels of aggregation. However, a careful analysis of the nLSI values of 

the LULC change trajectories individually shows that permanent agricultural, stable 
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forest, permanent water bodies and permanent wetlands trajectories have minimum 

nLSI values and considerably less than the LULC change trajectories that involved 

conversions between non-built and artificial surfaces or within artificial surfaces. The 

high values of nLSI of ‘old horizontal urban fabric expansion’ and ‘old sparse 

discontinuous urban fabric expansion’ confirm their highly dispersed and 

disaggregated spatial pattern over the study period. Also interesting is the fact that the 

nLSI of ‘recent vertical urban fabric expansion’ is 0.176, which is the smallest value 

among the main LULC change trajectories of class 1. This suggests that ‘recent vertical 

urban fabric expansion’ exhibited a relatively more concentrated spatial pattern.  

 

Interspersion and juxtaposition index (IJI) 

IJI is an index used to describe how a LULC change trajectory is spatially 

intermixed with other trajectory types in a landscape. The ‘All unchanged trajectories’ 

presented the lower value among all four classes (with a value of 77.827). This means 

that stable trajectories tended to spatially associate with each other and thus are less 

contiguous to other trajectory types. LULC change trajectories between non-built 

categories and artificial surface categories and LULC change trajectories within non-

built categories generally exhibited higher IJI when compared with ‘old verticalization’ 

(with a value of 29.860) and ‘old densification’ (with a value of 30.426). This is so 

because LULC change trajectories between non-built categories and artificial surface 

categories and LULC change trajectories within non-built categories (particularly, 

‘recent land fallow’ and ‘old farmland abandonment’) typically represent the 

intermixed or interchanged (Zhou et al., 2012) locations between natural and rural 

land-cover categories and urban land-cover categories.  

 

Area-weighted mean patch fractal dimension (FRAC_AM) 

Measured by FRAC_AM, both ‘all changes from non-built to artificial surfaces’ 

and ‘all changes between artificial surface categories’ with values of 1.301 and 1.252, 

respectively, showed more complex shaped patches in all four classes. This might 

indicate that more complex and fragmented shaped patches emerged when lands 
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were converted from non-built categories to artificial surface categories and within 

artificial surface categories over the study period.  

 

Percentage of like adjacencies (PLADJ) 

PLADJ is an index that characterizes the spatial aggregation of a landscape as 

nLSI. The lower values of PLADJ exhibited by the LULC change trajectories from non-

built to artificial surfaces and within artificial surfaces also indicate that such 

trajectories exhibited more dispersed (or disaggregated) spatial patterns and were 

composed of a large number of individual patches over the study period when 

compared with the LULC trajectories of both class 3 and 4. These findings suggest that 

such indices do reveal the critical transitions of land-use categories from the earlier 

dominant land-uses of forest or agriculture to shrublands and then to urban land-uses.  

 

Largest Patch index (LPI) 

LPI has been commonly applied as a measure to describe the landscape 

fragmentation. LPI increases when the small and isolated patches become more 

aggregated with the existing largest patch (Pham and Yamaguchi, 2011). Results for LPI 

clearly go in accordance with the other spatial pattern metrics. The analysis of LPI 

values of the LULC change trajectories individually shows that ‘Permanent agricultural’ 

had the highest value of LPI (at 8.988). From 1940 to 2010, the lower LPI values are 

associated with LULC trajectories of both class 1 (particularly, the ‘Recent TUH 

expansion’ at 0.002) and 2. This shows that patches that are smaller, isolated and less 

aggregate to the existing largest patch occurred when lands were converted from non-

built categories to artificial surface categories and within artificial surface categories, 

throughout the 1947-2010 period.   

 

This Chapter provided discussions concerning the rhythm, spatial dimension 

and pattern of LULC change in Portimão over a period of near seven decades, not only 

in terms of areal transformation and population trends, but also by measuring the 

spatial pattern of LULC changes. Several GIS-based spatial analysis techniques were 
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used to process LULC data and assess the dynamics of LULC change processes spatially 

throughout the study period. The dynamics of LULC change were explored by analysing 

LULC change trajectories. In addition, spatial pattern metrics were introduced to 

further analyse and quantify the spatial patterns of such LULC change trajectories. The 

results show that the study area has been facing massive growth in artificial surfaces 

near the main urban settlements and along the coastal area, but most importantly 

reveals an early and intensive urban sprawl over time. Visualization of LULC change 

trajectories shows that the most significant trajectories of change from non-built 

categories to artificial surface categories involved the decrease in the agricultural land-

cover category, with increases in both discontinuous and continuous urban fabric 

categories. The interpretation of the spatial pattern metrics on LULC change 

trajectories confirms the emergence of more complex and fragmented shaped patches 

when lands were converted from non-built categories into artificial surface categories 

during the 1947-2010 period. The combined analysis of long-term sequences of LULC 

by means of LULC change trajectories and spatial pattern metrics revealed important 

spatiotemporal LULC change distribution rules. Such information leads us to a better 

understanding that benefits LULC change modelling and prediction, which is the 

objective of the following Chapter.  
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CHAPTER V: THE HYBRID FRAMEWORK OF THE CAMLucc MODEL 

 

Advances in the field of urban growth and LULCC CA-based simulation, since 

the late 1990s, have re-affirmed CA modelling as one of the most remarkable and 

promising modelling approaches for interpreting and representing the spatial and 

temporal complexity of LULCC at the beginning of the 2010s (Batty and Xie, 1994; 

Couclelis, 1997; Clarke et al., 1997; Wu and Webster, 1998; Li and Yeh 2002; Pontius et 

al., 2004; Stevens et al., 2007; Bone et al., 2011). There are many reasons why CA 

models continue to be widely applied to urban growth and LULCC studies, mainly their 

natural ability to capture and reproduce complex bottom-up processes, like those 

taking place in real cities (García et. al. 2012:13) through simple rules (Batty, 2005; Al-

kheder, Wang and Shan, 2008).  

Research has since evolved much and has been dedicated to refining certain 

issues related to CA model construction. Worthy examples are recent attempts to 

integrate CA with techniques from different areas of knowledge, such as logistic 

regression (Wu, 2002), decision tree analysis (Li and Yeh, 2004), artificial neural 

networks (Lin et al., 2010; Wang and Mountrakis, 2011), swarm intelligence (Li et al., 

2010), where the main goal has been to determine CA parameter values and transition 

rules, in order to automatically quantify and represent the influence of several 

variables on spatiotemporal processes.  

These integrated approaches have been gradually producing high-accuracy 

model outcomes and many of them are being widely used to improve and sustain 

public policies and decisions. However, little progress has been made in Portugal 

regarding the practice of land-use and land-cover change modelling and simulation 

related to cellular automata, especially at the local level. Furthermore, research on the 

development of fine-scale and multi-temporal land-use and land-cover datasets to 

evaluate and quantify LULCC is limited.  

This chapter will be concerned with developing the CAMLucc model, which 

employs a hybrid framework for model land-use and land-cover changes at a fine 

spatial scale and to predict their spatial evolution up to 2020 and 2025 in Portimão’s 
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coastal area, which is facing fast urbanization processes. This framework was 

structured around three core concepts or dimensions: transition, location and 

temporality, which we believe that together may effectively provide a proper 

knowledge of LULC change. Firstly, the main principle of the proposed approach is that 

land-use and land-cover changes emerge by means of transition of the states of cells, 

which in turn is governed by spatial interaction between each cell and its surroundings 

according to specific transition rules. This is a crucial dimension for simulating the 

dynamic spatial patterns of LULCC with CA models and has already proven to be very 

effective in driving land-use change (O’Sullivan and Torrens, 2000; Verburg et al., 2004; 

Torrens and Benenson, 2005; Koomen and Stillwell, 2007; Stanilov and Batty, 2011).  

Secondly, as our analysis of LULC change and modelling will be concerned with 

both its spatial and temporal dynamics, location-based data (presented in Chapter III, 

Section III.2) are used to generate transition rules in order to obtain more realistic 

simulations of land-use changes. A logistic regression model is applied to quantify the 

combined effect of different spatial determinants on LULC configuration and then to 

estimate preferred locations for each LULC to occur. Although the strengths and 

weaknesses of this technique are still hotly debated (Lambin and Geist 2006; Lin et al., 

2010), there have been extensive explorations of logistic regression in modelling LULCC 

with CA in different geographical contexts (Wu and Yeh, 1997; Verburg et al., 2002; 

Fang et al., 2005; Feng and Liu, 2012), all illustrating their robustness in defining the 

model´s parameters and its strong explanatory power regarding spatial processes. 

Indeed, there is some recent work which suggests that logistic regression can be 

effectively applied in modelling LULCC spatial patterns, namely in urban areas facing 

metropolitan polarization and the phenomenon of coastal urbanization (Rocha, 2012; 

Al-sharif and Pradhan, 2013) and compared to other models (e.g. support vector 

machine, artificial neural network, classification and regression tree analysis, maximum 

entropy models) have the capacity to improve the final outcomes (Rocha, 2012).  

Lastly, while the probability of a given LULC occurring at each location based on 

certain spatial determinants can be conveniently modelled through logistic regression 

techniques, the evolution of LULC spatial patterns over time is hardly described by 

logistic regression (Al-sharif and Pradhan, 2013). The technique used for quantifying 
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the temporal change in each land-use transition is by means of Markov models, which 

provide robust and flexible techniques in modelling the temporality of several 

phenomena, including that of LULC change (Dale et al., 2002; Peña et al., 2007; Vaz, 

2011; Rocha, 2012). In short, Markov models analyse land-use and land-cover change 

over a specific time period based on a matrix of transition probabilities and use that 

analysis to quantitatively predict change, dimension and trends of LULC into the future 

(Muller and Middleton 1994; Peña et al., 2007; Al-sharif and Pradhan, 2013). The 

interesting aspect of this technique is that its non-linearity makes it possible to cope 

with both asymmetric time periods and different magnitudes of transition over time. 

Rather than a simple linear projection of future LULC changes, the transition 

probabilities of Markov models change over time as the different transitions achieve 

an equilibrium state (Eastman, 2009) or steady state distribution (Weng, 2002). There 

is one drawback in addressing the LULC change prediction by means of Markov 

models, however. There is no spatial component in the Markov model’s final results. A 

CA model is therefore applied to make the dynamics of LULC change spatially explicit.  

As we implied above, our approach to LULC change will be made by combining 

the advantages of logistic regression, Markov change analysis and CA model into a 

hybrid framework, in which LULC changes emerge through local interaction according 

to transition rules implying the effect of key determinants on LULC change. In this 

study, besides physical determinants we have also incorporated institutional 

determinants that together govern LULC change in varied ways. As stated in 

Introduction, we argue that the structural trends of LULC change are not independent 

of public and private agents that assess, determine and shape territories. Thus, 

geographic modelling of LULC change and its simulation for the future cannot be 

accomplished without considering the most significant physical effects of these agents 

 the urban planning schemes. As Brunet (2001: 1) already remarked no serious 

scientific research ‘can dispense with modelling as a means to reach the essential and 

to evaluate the divergence between singular geographical objects’ (namely, the 

structure and dynamics of a territory) ‘and the models that assist their interpretations’. 

Here, we did so by incorporating the urban planning schemes produced by diverse 

planners and policy-makers from 1942 to 2011 in the CAMLucc model.  
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In this sense, we may define urban planning schemes as territorial models (in 

the sense of Brunet, 2001) produced by planners and politicians that support the 

understanding of a territory such as those resulting from the CAMLucc model 

presented here. Indeed, a simple comparison (which we will further explore in Chapter 

VI) between these territorial models  what we have called qualitative models in 

Introduction  and the CAMLucc model reveals some similarities regarding their 

elaboration principles. Let us see then how a planning team or the CAMLucc model 

would address the planning of a model of urban development for the city. Firstly, a 

planning team thinks about how policy-makers will receive the model proposal. 

Accordingly, they seek to respond to a politician’s model. Usually, policy-makers have a 

tendency to conduct and implement urban planning in line with the following 

rationale: there shall be no urban expansion unless there is a land-use and land-cover 

transition that will result in added-value for the period under analysis. Secondly, the 

planning team defines preferred locations for urban development graphically. This 

land zoning is often the result of a political will rather than a quantification-based 

process. Lastly, in dealing with how change occurs over time many planners and policy-

makers have a tendency towards linear thinking in the perception of cause and effect. 

For example, while policy-makers think that if they propose an urban area for location 

X then both urban and economic development will happen, this is only as valid as the 

degree at which the phenomena under analysis behave linearly. It turns out that self-

organizing and very dynamic evolving phenomena, including LULC change, are far from 

equilibrium conditions and as a result are represented by nonlinearities (Batty, 1995; 

Mainzer, 1997; Portugali, 2000; Bettencourt et al., 2007; Marshall, 2007; 

Muneepeerakul and Qubbaj, 2012). To sum up, the analysis and attempts to define 

complex LULC change-related phenomena made by a planning team through a rational 

planning approach (Meyerson, 1956) involve i) the logic of LULC transition and ii) 

allocation of land for residential and industrial purposes, among others, in a model for 

future development as well as the proposed CAMLucc model. The key difference 

between the two approaches lies in the fact that the majority of planners and policy-

makers responds linearly to nonlinear phenomena in their decision environment, 

unlike the CAMLucc model which proposes a way to analyse and model LULC change 
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phenomenon in a non-causal manner. We believe that the proposed approach has 

therefore strong potential in explaining and cope with the complexity of LULC change.  

The objective of this chapter is to demonstrate the use of a hybrid framework 

consisting of logistic regression, Markov chain analysis and cellular automata to model 

LULC changes and to predict their future spatial patterns in Portimão’s coastal area. 

Specifically, section V.1.2.1 describes how spatial variables were rescaled to a common 

continuous scale before being incorporated into the logistic regression model. 

Furthermore, it illustrates how regression is applied as a model for the cellular 

automata transition rules definition. Section V.1.3.2 addresses the integration of the 

logistic regression model and Markov change analysis into a cellular automata using 

Portimão’s spatial data pre-processed in Chapter III. In section V.1.4 methods for the 

evaluation of the model’s simulation results are specified.  

 

V.1   The CAMLucc model framework 

This section presents the structure of the CAMLucc model and its application to 

a real case study  the municipality of Portimão. This hybrid methodology comprises 

a step-by-step model design to i) deal with the spatial and temporal complexity of 

LULCC and ii) assess and validate each increment to the CAMLucc model. Several 

studies (Rocha, 2012; Cottineau and Chapron, 2013, among others) are built around 

this structure. Such studies search for suitable frameworks to improve the control of 

the modelling process by enlightening the objectives and the outcomes of each step of 

the model. The application of this gradual design of the CAMLucc model should assist 

the understanding of the spatial evolution patterns of Portimão’s LULCC and their 

temporalities as well as their possible replication and use in other geographic contexts 

exhibiting LULCC dynamics similar to those found in Portimão’s coastal area. Figure 49 

provides an overview of the conceptual CAMLucc modelling framework that consists of 

three core components: model calibration, simulation and validation, which we will 

further explore in the following sections. 
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Figure 49 – Conceptual CAMLucc model. 

 

V.1.1   Model specifications: scales and state variables 

The study area was represented by a typical CA form, a two-dimensional grid of 

cells, which is widely used in modelling LULC change. Among the reasons for their 

success in geographic modelling are the simplicity of their structure and the easiness in 

implementing spatial analyses operations (Matos, 2001). Furthermore, Hengl (2006) 

refers that raster models are particularly attractive due to the fact that part of their 

technical characteristics can be controlled by a single measure  the spatial scale. 

As the cellular automata behaviour is particularly dependent on the spatial 

scale, their selection should be based on the spatial variability inherent to the data, 

rather than relying on casuistic criteria (Bishop et al., 2001). Thus, according to 
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McBratney et al. (2000; 2003) and Hengl (2006), the selection of the spatial scale can 

be related to the following aspects: i) the cartographic nominal scale; ii) the size of the 

study area and the complexity of the terrain; and ii) the computer processing 

capacity45. Following the Nyquist46 frequency concept and considering that the size of 

the smallest object of a map is typically 1x1mm, McBratney et al. (2000; 2003) 

recommended three empirical rules of interest, specifically p=0.25mm, p=0.5 mm and 

p=2.5mm, consisting of the minimum up to maximum resolutions for defining the 

spatial scale (p) via the cartographic nominal scale (refer to McBratney et al., 2003, 

Table 1). This link between the cartographic nominal scale and the definition of the 

grid is illustrated in Figure 50.  

 

 

 

 

 

 

 

 

 
Figure 50 – The spatial scale of the model should be chosen according to the cartographic nominal scale 
used (adapted from McBratney et al., 2003; Rocha, 2012).  

 

Following McBratney et al. (2000; 2003) the cell size for this research was found 

by multiplying the nominal scale by each rule. As the LULC maps were produced at a 1: 

10 000 scale, the cell size of the model should then range from 2.5 to 25 m. The 
                                                           
45

 Lagacherie and McBratney (2005), following Moore's Law, showed that as the total number of pixels 
of a grid increases, the computation time increases exponentially. As Dawkins (2008: 146) stated, 
‘Moore's Law is an empirical law which states that computing power doubles every eighteen 
months’. Moore's Law for hardware remains valid for almost fifty years. 
46

 The Nyquist theorem has been considered fundamental in the field of Information Theory, especially 
in the Telecommunication and Signal Processing area. According to Nyquist theory an analogical signal 
can be recreated with the least loss of information if the sample frequency is higher or equal to two 
times its original frequency. In this sense McBratney et al. (2000; 2003) suggested that there should be 
at least 2x2 pixels to represent the smallest objects in a map. 
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CAMLucc spatial scale is 10 m that results in a total of 3,375,526 cells comprising the 

whole municipality of Portimão. Such a choice represents a trade-off between the size 

of the study area, the level of detail of LULC data and computer processing capacity. 

In this model six land-use and land-cover categories were considered to define 

the state variable of the CAMLucc model. This includes vertical urban fabric; horizontal 

urban fabric; discontinuous urban fabric; sparsely discontinuous urban fabric; other 

artificial surfaces and non-built. Their selection was based on the analysis carried out in 

Chapter IV regarding the main trends of land-use and land-cover transition in the study 

area. The proposed sub-categorization of urban land-use, which is rarely used in 

studies for both LULC change and urban growth modelling (Dadhich and Hanaoka, 

2011; Almeida et al., 2012) together with the high-resolution spatial data of the model 

should improve the geo-representation of LULC change and urban growth patterns 

(e.g. urban sprawl) as it offers highly-detailed information on urban land-uses and their 

change patterns.  

All the spatial variables described in Chapter III were processed as raster maps 

using ArcINFO 10 software also with a spatial scale of 10 m. These raster maps were 

further converted to ASCII format and then integrated into the CAMLucc model for 

modelling the LULC changes in Portimão’s coastal area as illustrated in Figure 49. 

 

V.1.2   Model calibration 

In this section a calibration process for the CAMLucc model is proposed using 

logistic regression. Before we do so, the spatial variables will be rescaled to a common 

continuous scale between 0 and 1 by means of fuzzy logic in order to i) allow their 

comparison and further combination, and ii) apply the transition rules that will relate 

them with land-use/land-cover presence in all the locations of the study area. Four 

main types of transition rules were considered in the proposed model based on the 

literature (Pijanowski et al. 2002). They included neighbourhood; site-specific 

characteristics; distance and constraints. Neighbourhood rules are a crucial principle of 

CA theory that determines that spatial interaction between one cell and its 

surrounding cells is the key determinant governing LULC change. Neighbourhood 
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configuration in the CAMLucc model will be further explored in section V.1.3.2. Site-

specific characteristic rules serve to relate the value of a location according to local 

biophysical and socio-economic characteristics with LULC change (namely locations 

with high transportation network density and locations of high-intensity transitions in 

terms of land-use). Distance rules quantify the influence of Euclidean distance 

between each location and the nearest spatial determinant. Constraint rules serve to 

represent locations where LULC change may not occur based on both policies and 

natural constraints.  

Furthermore, an exploratory data analysis will be performed using statistical 

tests to cope with two important properties of spatial variables, namely spatial 

dependence and multicollinearity, which can be main issues in regression modelling 

(Wheeler and Tiefelsdorf, 2005; Wheeler, 2007, 2009; Brunsdon et al., 2012; Rocha, 

2012). 

 

V.1.2.1   Normalizing spatial variables and generating fuzzy LULC change spatial 

determinants 

A major concern in LULC modelling is that of quantifying and establishing the 

relationship between the spatial effects of variables and the changes of a given land-

use and land-cover. In most circumstances, the evaluation of suitable areas for LULC 

change using classic crisp sets of spatial determinants, which have rigid boundaries, 

has well-known disadvantages (Burrought, 1996; Liu, 2009; Eastman, 2009). When 

both human decision-making and real change processes are modelled, uncertainty and 

fuzziness (Wu and Batty, 1996; Liu 2009; Iltanen, 2012) are fundamental characteristics 

and thus should be properly considered. In this context, fuzzy set theory is being 

progressively recognized as an effective solution for this issue and commonly used in 

LULC change and urban growth modelling (Fulong, 1996; Henriques, 2008; Rocha, 

2012; Liu, 2009). Basically, the theory of fuzzy sets, defined by Zadeh (1965), allows us 

to attribute degrees of membership to a given fuzzy set, i.e., elements without clear 

spatial limits. The fuzzy membership degree or possibility (Eastman, 2009) varies from 

0 to 1, displaying a continuous increment of non-membership to full membership 

(Zadeh, 1965; Schmucker, 1982; Eastman, 2009). Accordingly, the logic of fuzzy sets 



140 
 

⍺ =
𝑥 − 𝑝𝑜𝑖𝑛𝑡 𝑐

𝑝𝑜𝑖𝑛𝑡 𝑑 − 𝑝𝑜𝑖𝑛𝑡 𝑐
×

𝜋

2
 

𝜇 = 𝑐𝑜𝑠2 ⍺  

gives us the possibility of thinking about the degree to which a location is suitable for a 

specific LULC change rather than merely whether a location is suitable or not.  

When using fuzzy logic, the assignment of a real number in the interval 

between 0 (highly unsuitable threshold) and 1 (highly suitable threshold) to each data 

cell of a given variable can be accomplished using a membership function. There are 

four membership functions, including sigmoidal (so-called s-shaped), j-shaped, linear 

and nonstandard or user-defined membership (Eastman, 2009). A set of common 

membership functions and inflection points (Eastman, 2009), which govern their form 

as well as some variants that each membership function can take, are illustrated by 

Figure 51. Starting from the left, the first curves represent a monotonically increasing 

function, the second curves illustrate a monotonically decreasing function and the 

third and fourth curves exemplify symmetric functions.  

In this study, for each land-use category, the continuous spatial variables to be 

specified in the following sections were developed by means of both sigmoidal 

monotonically increasing and decreasing functions. The curve shape of the sigmoidal 

functions mimics the relation of spatial determinants and the physical suitability for a 

given land-use category as follows: when each threshold limit is reached the fuzzy 

value rises/decreases gradually with respect to the spatial determinant. Along the 

suitability gradient, however, the fuzzy value rises/decreases quickly (Tanser, 2002).  

Usually a sigmoidal membership function utilizes the following formula 

(Schmucker, 1982), which is based on a cosine function: 

 

 

(V.1) 

where, in a monotonically decreasing function, fuzzy suitability of variable value  is: 

 

 

(V.2) 

when  < point c, μ=1.   
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And in a monotonically increasing function, fuzzy suitability of variable value  is: 

 

 

                                                                                                 (V.3) 

when  > point b, μ=1.           

 

 

 

 

 

 

 

 

 
Figure 51 – Overview of the different membership functions for developing normalized spatial variables 
using fuzzy logic

47
 (adapted from Eastman, 2009). The control points a, b, c and d represent the inflection 

points of each curve so that (a) the membership function rises above 0, (b) the membership function 
becomes 1, (c) the membership function falls below 1, and (d) the membership function turns into 0 
again. 

 

While other membership functions can be applied, depending on the spatial variables 

taken into account (Janssen, 2010), the sigmoidal membership function has been 

preferred in several studies (Mendes, 2000; Batty, 2005; Rocha et al., 2007; Eastman, 

2009; Ourng et al., 2012) mostly due to its simplicity and superiority in fuzzifying 

                                                           
47

 See Eastman (2009) for a summary of both general principles of the fuzzy sets theory and membership 
functions. 
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variables (namely distance and density variables) for urban modelling. The settings of 

this normalization method were established through experiments and literature 

review to define how the suitability of a particular land-use category changes 

according to each spatial variable individually. 

 

Distance from coastal line rules 

A general visual analysis of the land-cover dynamics of the Algarve region 

allows us to recognise the territory that was previously forested and cultivated, which 

has been progressively occupied and urbanized in a dispersed way throughout the 

coastal area (see Chapters III and IV). According to the project ‘Murbandy: change 

Algarve’48 final outcomes, the Algarve region is today one of the Iberian areas under 

greater urbanization pressure. Analysis carried out by Lavalle et al. (2002) indicated 

that the urban land-cover of the Algarve has increased from 32.2 to 119.1 square 

kilometres between 1950 and 1990, representing an approximately 270% increase in 

terms of urban areas. In only four decades an appropriation of the coastal area took 

place with significant speed and intensity, resulting in an irreversible land-cover 

change even in areas with strong physical restrictions. Furthermore, Freire et al. (2009) 

stated that, for the period between 1986 and 2000, the urban growth near the coast 

was more evident in the Algarve than in any other region of Portugal. In order to 

evaluate this relationship between urban land-cover change and distance from coastal 

line, a two-step procedure was conducted. Firstly, with the broader purpose of 

analysing the coastal urbanization phenomenon in the Algarve region quantitatively  

the percentage of urban areas in each municipality at distances from the coastal line 

within 0.5; 1; 1.5 and 2 km were calculated (Figure 52). The urban areas layer was 

extracted from the CLC 2006, which is the most up-to-date LULC data set at both 

national and regional levels.  

                                                           
48

 This project was published in 2001 and financed by the Centre for Earth Observation from the 
European Commission. It was developed within a partnership between the National Centre for 
Geographical Information, the National Institute of Statistics and the National Laboratory for Civil 
Engineering. Available online at http://www.igeo.pt/gdr/projectos/murbandychange/, last accessed 
January 2010.   
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Figure 52 shows that near half of the urban areas in the Algarve is within a 

distance of 2 km from the coastal line, while 26% of those territories are located at a 

distance from coastal line equal or less than 1 km. In most municipalities urbanization 

occurs along the coastal area, revealing that distance from the coastal line has a great 

influence on the urbanization of all Algarve’s municipalities. Therefore, to implement 

this spatial determinant we assumed that a location that is near the coastal line is 

more likely to be converted into an urban-land category than one that is farther away. 

A sigmoidal monotonically decreasing function was thus used to fuzzify the 

distance from coastal line variable. The inflection points were assigned at 1500 and 

6000 meters as described in Figure 53 (a), which means that locations less than 1500 

meters have a fuzzy value of 1, locations between 1500 and 6000 meters have a fuzzy 

value that decreases from 1 to 0 following an s-shaped curve and those further than 

6000 meters from the coastal line were defined as highly unsuitable (fuzzy value of 0). 

Equal inflection point values were used for all simulated land-use categories. 

Figure 53 (b) shows the normalized outcome of the distance from coastal line spatial 

determinant. 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 52 – Percentage of urban areas along the Algarve’s coastal region. d LC is the distance from 
coastal line. 
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The selected threshold values used as the fuzzy inflection points were based on 

Figure 54, which represents the final results of the second step of the procedure 

applied to evaluate the relationship between urban land-cover change and distance 

from coastal line for the study area.  

 

 
 
 
 

 
Figure 53 – Fuzzy transformation of distance from coastal line variable (a) and its normalized result (b).  
  

 
Figure 54 – Percentage of urban areas as a function of the distance from the coastal line. Areas located 
within 500 meters of the coastal line consist of cliffs.  
 

Figure 54 illustrates the percentage of additional urban area (extracted from 

CLC 2006) for Portimão’s municipality at 0.5-km buffers from the coastal line. The 

values shown in Figure 54 indicate that more urban areas occurred within 1.5 km from 

the coastal line than at any other distance. Furthermore, the largest decrease of urban 

areas percentage occurred between 4500 (location of national route-124) and 6000 
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meters from the coastal line. Several experiments during the calibration process 

revealed that a threshold of 6000 meters (inflection point d) can effectively reduce 

unrealistic radio-concentric urban patterns which occurred using inflection point d 

with shorter distances. 

 

Slope rules  

For the slope variable, quantification was carried out using the criteria set in 

both the Municipal Master Plan and the urban land-use plans available for the study 

area. Here a sigmoidal monotonically decreasing function was used to normalize slope 

data as well, with inflection points at 10% and 30% as shown in Figure 55 (a). All 

locations with slopes equal or lower than 10% were defined as highly suitable for 

urban land-use change (fuzzy value of 1). This threshold is considered by experts to be 

a critical value since slopes below 10% are the most cost effective for urban 

development (Keeble, 1969; Duarte and Lamas, 80; Lobo et al., 1991). According to the 

Municipal Master Plan areas with slopes above 30% (fuzzy value of 0) are included in 

Ecological National Reserve restricted areas and consequently prohibited from urban 

development. Equal inflection point values were used for all simulated land-use 

categories. Figure 55 (b) shows the normalized outcome of the slope spatial 

determinant.  

 

 

 
 

 
Figure 55 – Graph illustrating the fuzzy transformation of slope variable (a) and its normalized result (b).   
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Transportation network density index rules  

Previous chapters (see Chapters III and IV) showed that the transportation 

network gravity factor for the study area has led new urban development to occur 

diffusely along and towards roads and railway stations. A sigmoidal monotonically 

increasing function was therefore used for fuzzifying the transportation network 

density variable in order to give more importance to being near a location with higher 

transportation network density index than farther away (Figure 56 (a) and 56 (b)). In 

this sense, the assumption here is that a location with higher transportation network 

density index represents higher levels of accessibility, proximity and critical mass, 

which together have large LULCC impacts. Equal inflection point values were used for 

all simulated land-use categories, while different thresholds were set up for each 

modelling period. The inflection points applied to fuzzifying the transportation network 

density index in each modelling period are listed in Annex 5. 

 

 

 

 

 
Figure 56 – Graph illustrating the fuzzy transformation of the transportation network density variable for 
1968 (a) and its normalized result (b).   

 

Spatial trend of change rules  

To implement this spatial determinant we assumed that a location near an area 
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function was used for fuzzifying the STC surfaces for all simulated land-use categories 

except for the non-built category. Higher-intensity areas of land-use transition were 

defined as highly suitable (fuzzy value of 1) and lower-intensity areas were defined as 

highly unsuitable (fuzzy value of 0). The parameters configured in the sigmoidal 

functions in each modelling period are listed in Annex 6. 

 

Distance from urban, agricultural and shrubland areas rules  

Among the several spatial determinants of urban LULC change, distance from 

existing urban areas has been considered a main determinant for change in urban 

land-use type (Pijanowski et al., 2002; Mertens and Silverman, 2005; Feng and Liu, 

2012; Rocha, 2012; Mohammadi et al., 2013; Kityuttachai et al., 2013) due to its 

extremely sensitivity to local interactions (Miller and Wentz, 2003). Considering the 

temporal dynamics of urban land-use change of the study area, urban change in 

Portimão is mostly related to the location of existing urban areas (see Chapter IV). The 

underlying assumption for this spatial determinant is that urban land-use categories 

benefit from their attractiveness as long as they are sufficiently close to each other. 

Additionally, the probability of changing decreases as the distance from the urban 

land-use category that is being modelled increases. The effects of this spatial 

determinant on each urban land-use category were therefore represented by a fuzzy 

sigmoidal monotonically decreasing function49. The inflection point c was assigned at 

500 meters for all simulated urban land-use categories, which means that locations 

equal or lower than 500 meters were defined as highly suitable for urban land-use 

change (fuzzy value of 1). According to experiments conducted by Aguayo et al. (2007) 

this is the immediate neighbourhood of existing urban areas that have the highest 

probability of diffusion growth. Inflection point d was defined based on the maximum 

distance of any location of urban land-use from existing urban areas throughout the 

study period (Annex 7). This selection was then adjusted to allow the consideration of 

other relevant spatial determinants influencing LULC change in these areas.  

                                                           
49

 A distance from all existing urban areas variable was created to simulate the non-built category 
specifically. 
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 Furthermore, from the temporal dynamic analysis of urban land-use change it 

was also possible to verify that i) agricultural and shrubland areas have been converted 

into both discontinuous urban fabric and sparsely discontinuous urban fabric areas to a 

greater degree and that ii) these specific urban land-uses occurred always near 

agricultural and shrubland areas during the study period. An additional variable was 

thus applied to simulate both discontinuous urban fabric and sparsely discontinuous 

urban fabric land-uses specifically. A sigmoidal monotonically decreasing function was 

used to fuzzify the distance from agricultural and shrublands areas variable. The 

inflection points were assigned at 0 and 100 meters, which means that more 

importance was given to existing agricultural and shrubland locations (fuzzy value of 

1). Locations between 0 and 100 meters have a fuzzy value that decrease from 1 to 0 

following an s-shaped curve and those farther than 100 meters from agricultural and 

shrubland areas were defined as similarly unsuitable (fuzzy value of 0). 

 

Urban planning scheme rules  

In order to represent the impact of land-use planning actions taken by local 

governance on LULCC as discussed in Chapter III, sections III.1 and III.6, a number of 

areas proposed for urban development from the urban planning schemes were 

identified. They were then introduced in the model as spatial determinants promoting 

more urban transition in specific areas planned for urban development within a given 

time period. To reclassify the aforementioned locations into an ordinal map of 

suitability for urban land-use change they were coded with different values indicating 

the suitability associated with each of the urban planning scheme types (Table 21). This 

was necessary because here the premise is that mandatory plans are edificability 

commitments and therefore more likely to promote urban change within their 

boundaries than in areas bounded by guiding plans. 

Additionally, areas proposed for urban development data were further 

disaggregated based on the guidelines of each urban planning scheme regulation (on 

the allowable land-use categories and housing type and form, such as allowable 

building height, types of residential development) in order to represent the effect of 

these planning actions on the CAMLucc simulated land-use categories according to the 
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1.0 for areas planned for urban development from

mandatory plans

0.8 for areas planned for urban development from

guiding plans

0.6 for the rest of the study area

ValuesType of data

ThematicUrban planning schemes

Spatial determinant

lifetime of the planning schemes. The assignment of each urban planning scheme type 

to the simulated land-use categories is given in Annex 8.  

 
Table 21 – Description of the values used in the reclassification of locations proposed for urban 
development based on the nature of each planning scheme. 

 

 

 

 

Constraint rules 

In addition to the aforementioned transition rules we have used some 

constraint rules in this model. The latter included both policies and natural constraints. 

According to the Municipal Master Plan, areas included in the National Ecological 

Reserve (REN) and in the National Agricultural Reserve (RAN) are valuable and 

protected areas. Nevertheless, an analysis of the process of Portimão’s LULC change 

historically allows us to verify that urban development has been occurring within these 

areas even after the approval of REN and RAN regulations for the municipality. 

Therefore ecologically and agro-forestry valuable and protected areas are considered 

as constraints limiting rather than prohibiting LULC change. These constraints were 

realized by coding the ecological and agro-forestry locations so that they have a low 

level of suitability for LULC change (all ecological and agro-forestry locations are 

assigned a 0.2 value) and those where LULC change can occur are assigned a value of 

1.  

Another policy constraint is land excluded from development defined by urban 

planning schemes over the modelling period. These constraint areas along with the 

‘water bodies’ land-use category were expressed as Boolean maps so that these 

locations were coded with 0 (locations unavailable for LULC change) and those where 

LULC change can occur were coded with 1. 
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V.1.2.2   Exploratory data analysis and variable selection 

Before estimating the final suitability maps for each land-use category 

(combination of inter-relationships between spatial determinants concomitantly 

affecting LULC change) using a Generalized Linear Model (GLM), two important 

properties which spatial data may exhibit were analysed, including multicollinearity 

and spatial dependence. From this exploratory data analysis a variable selection was 

made.  

 

Multicollinearity 

In regression modelling, the presence of multicollinearity among variables 

implying that they are correlated with each other will introduce redundancy and 

reduce model predictability (Kok and Veldkamp, 2001; Aguayo et al., 2007; Fasona et 

al., 2011; Rocha, 2012; Charlton et al., 2007), which in turn will lead to the instability of 

model coefficients making their interpretation difficult. In order to meet the 

assumption of independency among the variables of the statistical method used in this 

study two primary procedures were applied to identify multicollinearity, namely a 

correlation measure (Pearson’s r) and a variation inflation factor (VIF). These 

redundancy measures may aid in identifying which variables can be removed from the 

model without it losing explanatory power. Pearson correlation coefficients of all pairs 

of independent (explanatory) variables for each simulated land-use category and 

modelling period are presented in Annex 9. Presence of multicollinearity among 

explanatory variables was prevented by selecting a single variable from strongly 

correlated pairs, that is r > -0.85 or r < 0.85 (Berry and Felman, 1985). However, 

multicollinearity may occur even when pairwise correlations are reduced. This can 

occur when there is a linear dependence involving more than two explanatory 

variables. In this sense, the VIF for the explanatory variables was calculated as shown 

in Annex 10 to identify multicollinearity. The VIF formula indicates that the stronger 

the linear dependence involving more than two explanatory variables, the greater the 

R2
k and consequently the greater the variance of the estimated regression coefficients. 

Presence of multicollinearity among explanatory variables was further prevented by 
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excluding explanatory variables with values of VIFk ≥ 5 (Rogerson, 2001), which suggest 

severe multicollinearity effects (Annex 10). 

 

Spatial dependence 

When (non-spatial) regression methods are applied presence of spatial 

autocorrelation on explanatory variables may result in pseudoreplication (Aguayo et 

al., 2007) and lead to an unreliable model. When there is correlation between 

surrounding cells within a variable (Kok and Veldkamp, 2001) data do not meet the 

assumption of independency. Spatial regression methods notwithstanding are able to 

capture these relations of spatial dependence (Rocha, 2012) and successfully cope 

with spatial autocorrelation. Indeed, a number of studies have analysed spatial 

autocorrelation as an advantage for model urban growth and LULC change by means 

of spatial-statistical methods (Hall et al., 1995; Pontius and Schneider, 2001; Fang et 

al., 2005; Pontius and Malanson, 2005; Braimoh and Onishi, 2006; Rocha, 2012) 

primarily because most of the data used in spatial analysis, such as distance variables 

are inherently autocorrelated (Eastman, 2009). In order to verify the presence of 

spatial autocorrelation on explanatory variables, the first-lag autocorrelation of 

explanatory variables was computed via global Moran’s I spatial autocorrelation index 

throughout the modelling period as shown in Annex 11. Two neighbourhood types 

were tested to establish autocorrelation, including Rook’s case and King’s case. The 

former explores the autocorrelation of cells on the right, left, above and below each 

grid cell. The latter explores the same type of Rook’s case neighbourhood along with 

surrounding diagonal cells (Eastman, 2009). P-value assessing the statistical 

significance of Moran’s I index values and final results are presented in Annex 11 as 

well. The results listed in Annex 11 suggest that all exploratory variables are 

particularly highly autocorrelated (high values at the first-lag) in both neighbourhood 

types. The latter has however strong impact on Moran’s I index values since there are 

significant variations in the ranking of explanatory variables according to the 

neighbourhood type selected (see Annex 11). In order to establish the group of 

explanatory variables which adequately grasp the intrinsic spatial pattern of simulated 
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land-uses, preventing pseudoreplication in the proposed model, only variables greatly 

autocorrelated, i.e. I ≥ 0.9, were retained. 

 

V.1.2.3   Calibration using logistic regression 

Defining proper transition rules or the values of their parameters that 

reproduce diverse spatial determinants conducting LULC change have been identified 

widely in the literature as a critical step in CA modelling (Zeng et al., 2008; Feng and 

Liu, 2012; Wang, 2012; Al-sharif and Pradhan, 2013). Several CA models have been 

established through empirical estimation methods using statistical techniques in order 

to determine such transition rules and parameters. Logistic regression as an empirical 

estimation method is one of the preferred approaches for CA modelling mainly due to 

the transparency of the parameters and facility in the analysis of results (Landis, 1994; 

Turner et al., 1996; Wear et al., 1998; Al-sharif and Pradhan, 2013). This method is well 

suited for modelling the relationship (which follows a logistic curve) between different 

independent variables (Xs) and a dichotomous dependent variable (Y) that represents 

the presence or absence of a given land-use category. Accordingly, the understanding 

of the spatial processes conducting LULC change may be acquired from the analysis of 

the final outputs of this statistical model (Zeng et al., 2008). Furthermore, logistic 

regression tests the relationship between a set of independent variables and the 

function of probability or suitability (Eastman, 2009) of a given land-use category to 

occur empirically (Sweet and Grace-Martin, 1999). The integration of the combined 

influence of different independent variables (either categorical or continuous 

variables) on the dependent variable (binary categorical variable, e.g. 

presence/absence, 1/0) can be described by means of logistic regression as well 

(Gatrell, 2002; Mena, 2008; Huang et al., 2009; Kleinbaum and Klein, 2010) resulting in 

spatially-explicit models of probability for a single dependent variable (e.g. one logistic 

regression model for each land-use category, where a data value of 1 on the resulting 

probability or suitability map represents the presence of a given land-use category and 

0 the absence of this land-use category).  

The transition rules of the CAMLucc model were configured using a binomial 

logistic regression approach (BLR). The integration of the continuous independent 
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𝑝 𝑦𝑖𝑙 = 1 𝑥𝑗  =
𝑒𝑥𝑝 � 𝛽𝑗𝑙 𝑥𝑗𝑖

𝑘
𝑗=1  

1 + 𝑒𝑥𝑝 � 𝛽𝑗𝑙 𝑥𝑗𝑖
𝑘
𝑗=1  

 

𝑙𝑜𝑔𝑖𝑡𝑃  𝑌𝑖𝑙 = 1 𝑥𝑗  = 𝑙𝑛  
𝑝

1 − 𝑝
 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽𝑘𝑥𝑘 + ε 

variables defined in section V.1.2.1 into a single land-use suitability map per each land-

use category was specified by the following general BLR formula: 

 

   

                                                                       (V.4) 

and 

 

  

 (V.5) 

where p (yil=1|xi) is the probability of the occurrence of land-use category l at grid cell i 

(yil being 1 if grid cell i pertains to land-use category l; yil being 0 otherwise), k is the 

number of independent variables, xji is the value of grid cell i for the independent 

variable j and βjl is the estimated parameter of independent variable j for land-use 

category l. The regression parameter βjl represents the independent variable function 

(Al-sharif and Pradhan, 2013). A positive sign shows that the variable is likely to 

promote the suitability of land-use presence and a negative sign tends to constrain the 

suitability of land-use presence. The logistic transformation was performed on 

equation (V.4) through equation (V.5) where ε is the error term and β0, β1, β2, βk are the 

parameters of independent variables that were estimated by means of Maximum 

Likelihood Estimation method. A 10% sample of the data set (320,572 observations) 

was used via a stratified random sampling in order to account for spatial 

autocorrelation on error terms while it reduces processing time considerably.  

In this study logistic regression was performed to test the relationship between 

each land-use categories independently (using a raster binary map as the data values 

of dependent variables is dichotomous in nature) and the defined set of independent 

variables resulting in six spatially-explicit models of suitability of the land-use presence 

at each location. Figure 57 presents an example of such a suitability map. Annex 12 

presents the estimated regression parameters (βk) for the six land-use categories 

during each modelling period. The estimated regression parameters are used to 
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interpret the effect of individual independent variables in each land-use spatial pattern 

and will be further analysed in Chapter VI. The relative operating characteristic (ROC) 

measure that assesses the goodness of fit of logistic regression models is presented in 

Annex 12 as well. Generally, the ROC is applied to assess the performance of the 

model by comparing binary data (showing where that land-use truly occurs) over the 

entire range of estimated probabilities of land-use presence (Pontius and Schneider, 

2001; Eastman, 2009; Wang and Mountrakis, 2011). The ROC values range from 0.5 to 

1, where a value of 0.5 indicates a random fit and 1 a perfect fit. Thus, the greater the 

ROC value (above the 0.5 threshold) the better the ability of the model to properly 

specify locations (Chawla et al., 2002; Zeng et al., 2008). The validation process was 

carried out by comparing the suitability maps computed by logistic regression model 

with the real LULC maps from 1968 to 2010. The fairly high ROC values obtained 

(Annex 12) ranging between 0.771 and 0.987 suggest that the spatial pattern of the six 

land-uses categories may well be determined by the selected set of explanatory 

variables.  

Subsequently, all suitability maps were multiplied by the constraint layer 

(representing the locations where no change can occur) to produce a unique suitability 

map and then integrated into the CAMLucc model as a prediction of LULC spatial 

patterns. Such maps (so-called regression covers, Kok and Veldkamp, 2001) represent 

the probability of a single land-use category to occur in each location and were applied 

to model LULC change in the subsequent time periods.  
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Figure 57 – Example of estimated land-use suitability surfaces for the 2000-2010 modelling period. 
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𝑆𝑡+1 = 𝑃𝑖𝑗 × 𝑆𝑡  

V.1.3   Model simulation 

In this section, the procedures employed to simulate historical LULC change and 

forecast their spatial patterns in Portimão’s municipality are described. The simulating 

approach consists in two main steps: i) application of the Markov chain mathematical 

model to estimate the amount of LULC change between every LULC categories for the 

eight modelling periods and ii) application of Cellular Automata to simulate LULC 

spatial change explicitly.  

 

V.1.3.1   Temporal LULC change simulation using Markov modelling 

The Markov chain model is currently one of the most popular methods to 

simulate past LULC change and to forecast their stability quantitatively (Weng, 2002; 

Jianpiang et al., 2005; Coppedge et al., 2007; Sang et al., 2011; Dadhich and Hanaoka, 

2011) chiefly due to its inter-complementarity with both aerial photography and 

remote sensing data and GIS technology (Kamusoko et al., 2009). The basic assumption 

of this kind of stochastic models that are grounded on the notion of a Markov process 

is that the state of a cell at a given time is merely a function of its preceding state 

(Muller and Middleton, 1994). Whenever the assumption of the Markov process is 

held, the transitions between the states of cells over time may be simulated as Markov 

chains (Iacono et al., 2012). Markov chain models are prediction models that define 

the probabilistic transitions or flows in a system consisting of discrete states (Peña et 

al., 2007). The structure of Markov chains when applied to land-use modelling is 

grounded on two elements: i) a transition matrix (Pij) that defines the probability of a 

cell converting from state i to state j (in this case for each land-use category) in a 

discrete time period and ii) a vector (St) which represents the distribution of each LULC 

at time t (Pastor and Johnston, 1992). Another vector (St+1) describing LULC 

distribution for a given time period in the future can be calculated by multiplying St 

and Pij (Peña et al., 2007). Accordingly: 

 

 

(V.6) 
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The transition probability matrix (Pij) can be represented as (Hou et al., 2004): 

 

𝑃𝑖𝑗 = � 

𝑃11 𝑃12 ⋯  𝑃1𝑛

𝑃21 𝑃22 ⋯  𝑃2𝑛

     ⋯     ⋯       ⋯     ⋯   
𝑃𝑛1 𝑃𝑛2 ⋯  𝑃𝑛𝑛

  

 

(V.7) 

As the transitions among states are probabilities, implies that: 

 

0 ≤ 𝑃𝑖𝑗  < 1 𝑎𝑛𝑑 � 𝑃𝑖𝑗

𝑁

𝑗=1
= 1, (𝑖, 𝑗 = 1,2, … . , 𝑛) 

 

(V.8) 

This means that  must be a non-negative quantity, ranging from 0 to 1 and 

the row sums of  must be 1. The probabilities of transition between i and j (Pij) may 

be estimated by means of the maximum likelihood method of the form (Anderson and 

Goodman, 1957): 

𝑃�𝑖𝑗  =  𝑛𝑖𝑗 �𝑛𝑖𝑗

𝑛

𝑗=1

  

 

(V.9) 

where nij represents the number of transitions occurred from i to j.  

Rather than a simple linear projection of future LULC changes, as the Markov 

chain progresses in sufficient time frames, the probability of the Markov chain being at 

the subsequent time period in state j becomes independent of the early state of the 

chain. Thus, the transition probabilities of Markov models change over time as the 

different transitions achieve an equilibrium state (Eastman, 2009) or steady state 

distribution (Weng, 2002), which may effectively specify the trend of the LULC change 

process. 
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Another basic assumption of Markov chain models relates to stationarity or 

temporal homogeneity (JRC and ESA, 1994). As Weng (2002) already stated it is 

unlikely to presume that LULC change is stationary when LULC change itself 

reproduces the dynamics and interaction of several spatial determinants throughout 

time. Even though this assumption has frequently been relaxed in research papers in 

which it is generally assumed that the LULC change phenomenon is reasonably 

stationary in the short and medium terms (Turner, 1987; Baker, 1989; Weng, 2002). 

The importance of the stationarity assumption of Markov chain models lies in the fact 

that it will allow the prediction of LULC change for a given point in time using current 

LULC distribution and the change trend of the system (Jianpiang et al, 2005). This 

means that if one considers that the change trend from 1947 to 1958, for instance, will 

persist throughout 1968, then it is possible to predict the probability of transition of 

each LULC category in 1958 to any other category in 1968.   

In this study, it was assumed that: i) the Markov process holds LULC data, ii) 

LULC transitions are treated as a stochastic process, and iii) the set of LULC categories 

are considered chain states (Stewart, 1994; Weng, 2002; Dadhich and Hanaoka, 2011). 

The Markov chain model was then calibrated and validated by simulating transitions 

from the past to the present using the observed LULC data of Portimão. The 

significance of the calibration process was evaluating the simulation precision and then 

forecasting the quantity of LULC change for 2020 and 2025.  

The transition matrices between LULC maps in 1947-1958, 1958-1968, 1968-

1972, 1972-1987, 1987-1995 and 1995-2000 were used to backcast LULC changes 

quantitatively in 1968, 1972, 1987, 1995, 2000 and 2010, respectively. For example, 

both LULC map of 1958 and transition matrices of 1947-1958 were used to estimate 

the year 1968. This procedure of modelling future LULC changes based on preceding 

LULC state copes with the first-order Markovian dependence assumption. Since six 

LULC categories were used, there were thirty-six possible LULC transitions that were 

recorded in a thirty-six-cell transition probability matrix for every discrete time period. 

The estimated transition probability matrices are shown in Annex 13. 

 Additionally, the transition area matrices describing the quantity of LULC 

transition to each land-use category were computed. Using the earlier and later LULC 
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maps with the specified time periods between them, the Markov chain model 

estimates the amount of area that is expected to change between each LULC category 

based on the number of time periods to forecast. These transition area matrices were 

created by multiplying every column in the transition probability matrices by the 

number of cells of the equivalent LULC category in the later LULC map (Eastman, 

2009).  Annex 14 shows the estimated transition area matrices for each simulation 

period using the Markov chain model. 

Both absolute and relative errors assessing the simulation precision of the 

Markov chain model final outcomes were calculated. The formula and results are 

presented in Annex 15. The comparison between real LULC areas (from LULC maps) 

and estimated LULC areas (from Markovian transition area matrices) shows acceptable 

forecast precisions during the simulation periods. The results indicate that the forecast 

precision decays severely when long time periods are used i) between the earlier and 

later LULC maps and ii) to project LULC change forward. Both 2000 and 1972 

simulation years show higher forecast precisions with average relative errors of less 

than -13%, followed by 1968 and 1995 simulation years, with average relative errors of 

-16% and -18%, respectively. These results suggest that the Markov chain model is an 

effective estimator for short to medium term LULC change trends.  

According to the aforementioned results the LULC maps of 2000 and 2010 (the 

most recent LULC map) were used as the base year matrices to produce forecasts in 10 

and 15-year increments for the years 2020 and 2025. The results are presented in 

Annexes 13 and 14. Both 2010-2020 and 2010-2025 Markovian transition probability 

matrices suggest that LULC categories will behave as very stable categories, 

particularly the vertical urban fabric and horizontal urban fabric. These results confirm 

the powerful historical dependence on preceding land uses or land covers, which can 

be perceived by the high values of the diagonal elements of the Markovian transition 

probability matrices. As indicated by the relatively lower transition probabilities, 

discontinuous urban fabric will attract other categories, namely horizontal urban fabric 

and other artificial surfaces. Markovian transition probability matrices indicate as well 

a considerable loss of non-built areas particularly for other artificial surfaces and 

discontinuous urban fabric. This might indicate the spread trend of urban growth in 
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the outer area of the urban settlements observed within the study period. According 

to Markovian trends, there will be a continuing decline in non-built areas and an 

increase in every urban land-use categories as illustrated in Figure 58.  

 

 

 
Figure 58 – LULC trends from 1947 to 2010 and estimated LULC data for 2020 and 2025 using Markov 
modelling. 

 

Annex 16 identifies the LULC composition for 2010, 2020 and 2025 forecast 

years. Both absolute and percentage changes between 2010 and 2025 are presented 

as well. The most prominent result of the Markov chain model is the prediction of a 

very large increase in other artificial surfaces in 2025 (84.32%) mainly from non-built 

areas. This is essentially due to the Algarve International Circuit construction in 2008, 

which represented an extreme change that occurred in the ‘non-built areas’ category 

during the 2000-2010 period and was then reproduced in the 2010-2020 and 2010-

2025 transition area matrices. Such dependence on past LULC change trends, leads us 

to conclude that Markov chain can be very vulnerable when using time periods where 

there has been an extreme or unexpected change in land-use. In this specific case, the 

model is probably over-predicting the quantity of urban land-use that is expected to 
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change into other artificial surfaces in ensuing years. Indeed, this can also be perceived 

through the minus values of both absolute and relative errors computed to assess the 

simulation precision of Markov chain model results (presented in Annex 15). 

Subsequently, the aspatial Markov chain model’s final outcomes were 

integrated into the CAMLucc model that in turn simulates spatial explicitly LULC 

changes based on the Markovian transition area matrices. Even though the Markov 

chain model may estimate precise transition areas prior to the change allocation 

procedure, there is a lack of knowledge regarding spatial dependence (Mondal et al., 

2013) on the probable distribution of transition areas, which is effectively introduced 

by means of a CA model. 

 

V.1.3.2   CAMLucc – cellular automata modelling to land-use/land-cover changes 

Currently, the cellular automata-based modelling approach is among the most 

modern and applied methods employed to model the complexity inherent to LULC 

change. Its characteristically simple structure and functioning along with its natural 

ability to capture and generate the complexity of large structures through local 

interactions (Kropp, 1998; Cheng, 2003; Agostinho, 2005) are mentioned in several 

publications as the main advantages over other modelling methods (e.g. differential 

equations). A CA model is generally described as a system consisting of discrete 

entities that change over time according to their internal states, rules and several 

external inputs (Benenson and Torrens, 2004). Following Benenson and Torrens 

(2004:5) views of CA, it may be regarded as ‘a system of spatially located and 

interconnected finite automata’. An Automaton A can be formally specified through a 

finite set of states S and a set of transition rules T (Benenson and Torrens, 2004): 

 

𝐴~ 𝑆, 𝑇 ;  𝑆 =  𝑆1, 𝑆2, 𝑆3, … , 𝑆𝑁  
 

(V.10) 
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The set of transition rules governs an automaton’s subsequent state,  

according to its current state  and input  (Benenson and Torrens, 2004; Maerivoet 

and Moor, 2005): 

𝑇:  𝑆𝑡 , 𝐼𝑡 → 𝑆𝑡+1 ;   𝑆𝑡 , 𝑆𝑡+1 ∈ 𝑆   

(V.11) 

According to Benenson and Torrens (2004) a grid of automata turns into 

cellular automata when the specified set of inputs  is determined by the states of 

neighbouring cells. A cellular automata consists typically of 1 or 2 (more recently even 

3D CA) dimensional square grid, in which each cell is referred to as an individual 

automata (A) that defines its inputs based on its current state and neighbouring cell 

states (V) where the set of transition rules (T) are applied (Carvalho et al., 2006) 

(Figure 59):  

𝐴 ~  𝑆, 𝑇, 𝑉   

(V.12) 

 

Generally, the standard CA is formally expressed as (Li and Yeh, 2000): 

 

𝑆𝑡+1 = 𝑓(𝑆𝑡 , 𝑁) 
                              

(V.13) 

where represents the specified states of the CA at time t,  is the defined 

neighbourhood for all cells supplying input data for function  and  is a transition 

function which governs the transition from state t to t+1. 

A basic difference between CA models and other automata-based approaches 

(specifically multi-agent systems) is the stationarity of cell location, i.e., cells do not 

change positions in the CA lattice (Benenson and Torrens, 2004). CA models are 

however able to spread or propagate information over space through neighbourhood 

cells as presented in Figure 59. The works of Langlois (2001), Antoni (2004) and Bailly 

(1999) are noteworthy examples that such CA diffusion models are well suited for LULC 
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change simulation. They have shown that it is easier and simpler to think of local land-

use/land-cover transitions when we intend to simulate complex dynamical LULC 

change phenomena, whose evolution is governed largely by local interactions.  

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 59 – Overview of a regular 2D CA with a Von Neumann 5x5 neighbourhood configuration 
(adapted from Carvalho et al., 2006). Grey cells belong to the neighbourhood of the black cell. 

 

The CA proposed here is such a diffusion CA model. The CAMLucc model is a 

regular two-dimensional CA developed for modelling and simulating LULC change with 

fine spatial resolution, using a long LULC time series (from 1947 to 2010) and a highly 

detailed sub-categorization of urban land-use categories. Accordingly, the CAMLucc 

model was used to represent the municipality of Portimão, consisting of a grid of cells. 

Each cell in the grid can only be in one of the specified set of states, i.e., each cell can 

only be in one of the six defined LULC categories. The temporal behaviour of LULC 

change was modelled synchronously (Benenson and Torrens, 2004). This means that 

every cell in the CAMLucc model changes its state simultaneously depending on its 

own characteristics and its neighbouring cells in each discrete time period. For this 

study a cell area of 100 m2 was defined (as discussed in section V.1.1), which 

represents the smallest discernible feature that can be identified. This modelling 

framework was constructed based on two approaches: a retro-simulation method 

which intended to calibrate and validate the CAMLucc model by replicating the 

historical LULC change process of the study area and a prospective method that led to 

Transition rules

CA Lattice

Time

Cell state Neighbouring cells
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the prediction of future LULC changes for 2020 and 2025. Figure 60 illustrates both 

starting points and the different time periods used to conduct the retro-simulation and 

forecast.  

 

 

 
 
 
 
 
 

 
Figure 60 – Scheme of the CAMLucc modelling periods. Light grey rectangles represent the modelling 
periods. For example, S1 is the first modelling period which uses the year 1958 as a starting point to 
simulate LULC change for the year 1968, based on real LULC data for both the years 1947 and 1958 (R1). 

 

Years 1958, 1968, 1972, 1987, 1995 and 2000 were assigned as starting points 

to perform both calibration and validation processes, while year 2010 was used to 

forecast the LULC change for 2020 and 2025. The CAMLucc model was implemented 

using the functionalities of IDRISI Taiga software and is composed of three main 

components, as follows.  

 

Spatially explicit transition rule configuration 

The suitability maps produced by means of logistic regression presented in 

section V.1.2.3 established the probability of a single category of land-use to occur for 

each spatially explicit cell and functioned as the transition rules to execute the 

CAMLucc model simulations (the specific combination of these two models is well-

known as suitability-based CA models). A standard Von Neumann 5 x 5 neighbourhood 

configuration (as exemplified in Figure 59) was used as the CA contiguity filter. This 

operated as a spatially explicit weighting factor that weighted down the suitability of 

cells far from existing locations of the same LULC category. Consequently, spatial 

change is considerably controlled by the configuration of a neighbourhood, taking 

place preferably closer to existing similar LULC categories at each iteration (White and 
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Engelen, 1993, Eastman, 2009). According to research carried out by Mondal et al. 

(2012) the 5 x 5 contiguity filter generates spatially distributed improved outcomes 

when compared with other contiguity filters, such as 3 x 3 or 7 x 7.  

 

Aspatial LULC demand computation  

The transition area matrices of the aspatial Markov Chain model that provided 

the area change for every LULC category as described in section V.1.3.1 were used by 

the CA that iterated the allocation of LULC until the estimated quantity of change had 

been achieved. The CAMLucc model was established using different iteration numbers 

since they were governed by the number of years used for each projection. Therefore, 

to forecast LULC change in 2025 with 2010 as starting point, for example, 15 iterations 

were used.   

 

Spatially explicit LULC change allocation procedure 

After the determination of suitability maps and transition area matrices, the 

CAMLucc model simulated the LULC change in Portimão throughout the study period. 

The CAMLucc model simulated changes in every land-use category simultaneously. Its 

LULC change allocation procedure stems from the dynamic simulation of competition 

or conflicts among the six land-use categories. The allocation of the LULC change 

procedure implemented in the CAMLucc model followed the methodology developed 

by Eastman et al. (1993), which is based on a multi-objective land allocation analysis 

(MOLA). MOLA is a heuristic iterative procedure based on the weighted suitability 

maps of each LULC category and the quantity of cells that are expected to change into 

each category. The weighted suitability maps were processed through the MOLA 

algorithm as fallows. LULC change is allocated until it reaches the quantity of cells that 

are expected to change into each category and simultaneously conflicting locations, 

i.e., locations highly suitable for more than one LULC category are resolved by 

assigning a cell to a given LULC category in which its weighted suitability is highest 

(Eastman et al., 1993; Eastman, 2001; Houet and Laurence, 2006). The CA component 

emerges from such iterative process of LULC change allocation that was run for the 
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entire study area, along with the application of the CA contiguity filter in each 

iteration. The latter decreases the suitability of cells further away from existing 

locations of the same LULC category, so that each cell changes into the corresponding 

category based upon what is happening in its neighbourhood. Accordingly, LULC 

change evolves as a diffusion process in highly suitable sites closer to existing areas of 

the same category. The final outcomes of this component are raster maps showing the 

LULC spatial pattern of Portimão in each modelling period.  

 

V.1.4   Model validation  

The seven CAMLucc model’s final outcomes are statistically analysed at per-

pixel level. Model validation was implemented by comparing the CAMLucc-simulated 

LULC maps and reference LULC maps derived from the visual image interpretation. The 

historical and actual reference data are independent from the calibration/simulation 

data used. Four Kappa statistics including the traditional Kappa index of agreement, 

KIA (Cohen, 1960), the Kappa for no ability (Kno), Kappa for quantity (Kquantity) and 

Kappa for location (Klocation), were applied to validate and analyse the CAMLucc 

model’s performance. The Kno statistic (Pontius, 2000, 2002) stems from general KIA 

statistics and specifies the overall accuracy of a model by performing a pairwise 

comparison. The main advantage of Kno statistics over the KIA statistics is that the 

former effectively accounts for both quantification and location errors. In short, Kno 

statistics punishes greater errors of quantity while more accurate location 

classifications are benefited (Wang and Mountrakis, 2011). Kquantity and Klocation 

(Pontius, 2000, 2002) are special forms of the general KIA statistics as well and 

effectively discriminate accuracies in quantity and location, respectively. Klocation 

measures the location accuracy by analysing how well cells of the same category are 

located in the grid space and Kquantity measures the accuracy in terms of the quantity 

of correct cells in each category (Eastman, 2009). All four indices of agreement range 

from 0 to 1, where a value of 1 indicates a perfect agreement. Additionally, an index of 

agreement due to chance (Pontius, 2000, 2002) was computed. Such index measures 

the agreement that can be reached with no information regarding both the quantity 

and location of the categories (Pontius and Chen, 2006) and was further compared to 
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the overall accuracy of the simulated LULC maps. For further discussion on alternative 

Kappa statistics see Pontius (2000), Pontius et al., (2000), Schneider and Pontius (2001) 

Pontius (2002). 

 

This chapter demonstrates the application of the CAMLucc model, a hybrid 

framework consisting of logistic regression, Markov chain analysis and cellular 

automata to model LULC change and to predict their future spatial patterns in 

Portimão’s coastal area. The three main components of CAMLucc were presented and 

specified through Portimão spatial data pre-processed in Chapter III. Several transition 

rules reproducing the influence of spatial determinants on LULC change of Portimão 

from 1947 to 2010 were suggested. The spatial variables were rescaled to a common 

continuous scale by means of fuzzy logic and further incorporated into the CAMLucc 

model based on the logistic regression model. The evaluation of the model’s 

simulation accuracies was accomplished using both traditional KIA statistics and 

alternative Kappa statistics that can effectively cope with quantification and location 

errors. The final results of the CAMLucc model and their quantitative validation are 

presented and conducted in Chapter VI.  
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CHAPTER VI: RESULTS AND DISCUSSION  

 

Having suggested a set of relevant LULC change transition rules and applied the 

CAMLucc model to Portimão’s coastal area, results for the CAMLucc model application 

described in Chapter V are presented. This Chapter consists of two interlinked parts. In 

the first part CAMLucc results are visualized and interpreted. A brief analysis on the 

contributions of each explanatory variable to the LULC spatial pattern is provided. The 

model is then statistically validated at per-pixel level in order to assess how well 

CAMLucc simulates models of LULC change over the study period. The results of 

applying the CAMLucc to forecast LULC change in the study area from 2010 to 2020 

and 2025 are presented and discussed subsequently. The second part explores a 

comparative analysis between the results of the spatial modelling and prediction 

generated by CAMLucc, the actual LULC change of the study area and the qualitative 

territorial models (the urban planning schemes) desired for the municipality, which 

reflect the role of public and private agents’ actions and urban planning regarding 

LULC change. This analysis will focus both on the primary objectives of land-use 

planning policies and their proposed urban planning schemes for Portimão’s 

municipality. The main assertions of the thesis can be tested from the analysis 

conducted in this Chapter.  

 

VI.1   CAMLucc model results and empirical interpretation 

This section begins with a brief analysis on land-uses/land-cover and their 

spatial determinants. Section VI.1.2 presents the results of the CAMLucc model that 

was applied to mimic the actual LULC change patterns from 1947 to 2010 with a Von 

Neumann 5x5 neighbourhood configuration, a cell area of 100 m2 and a set of 

transition rules representing the influence of the transportation network gravity factor, 

topographic and distance constraints, intensity of LULC transition controls and land-

use planning policies regarding the LULC change process. Actual LULC data were used 

as reference maps to evaluate the model’s performance. Several simulations were 

carried out during the calibration process so that only the best results produced by the 
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CAMLucc model will be applied in the validation of the model. Based on the knowledge 

acquired on how the different spatial determinants have been governing LULC change 

in Portimão throughout the study period, the CAMLucc model was applied to simulate 

future LULC spatial patterns for the next fifteen years, using the same LULC categories. 

 

VI.1.1   Contribution of explanatory variables to Portimão´s LULC change 

The results of the logistic regression model suggest that the contribution of 

explanatory variables to Portimão´s LULC change has varied throughout time. Figure 61 

shows that different explanatory variables contribute differently to each LULC 

category. Explanatory variables such as distance to existing similar LULC category (X9, 

X10, X11, X12, X13), distance to all urban areas (X14), IDRV (X2) and slope (X3) were 

positively associated with the suitability of all urban land-use categories, while 

negatively associated with the suitability of non-built areas and were key spatial 

determinants with major contributions to Portimão´s LULC spatial patterns over the 

study period. The transportation network density variable (IDRV) is negatively 

correlated with the suitability of non-built areas except for the years 1968 and 2010. 

This means that for these years the results of the logistic model suggest that IDRV may 

have promoted the suitability of non-built areas. Regarding the year 1968 this could be 

explained by the fact that in the 1960s Portimão was still mainly composed of shrub 

and cultivated fields. Most of the transportation network was located near non-built 

areas leading the logistic model to assign a positive sign for the estimated parameter 

of this explanatory variable. The 2010s represent a period marked by major 

transportation network construction (A22 Algarve highway  ‘Via do lnfante’  and 

Algarve International Circuit) in non-built areas of the municipality. The results of the 

logistic model therefore suggest that the IDRV may have promoted the suitability of 

non-built areas in the year 2010 for the same aforementioned reason. On the other 

hand, explanatory variables such as spatial trend of change surfaces (X4, X5, X6, X7, X8) 

and distance to agricultural and shrubland areas (X15) show minor contributions to all 

urban land-uses. Finally, the explanatory variable distance to coastal line (X1) indicates 

a greater contribution particularly to the vertical urban fabric category and the non-

built category. Distance to coastal line is positively correlated with the suitability for 
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the vertical urban fabric category while negatively correlated with the suitability for 

the non-built category.  

 

 
Figure 61 – Contribution of explanatory variables to Portimão´s LULC change over time using logistic 
regression.  
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Figure 61 also shows that distance to coastal line, in opposition to what occurs 

with the vertical urban fabric category, tends to constrain the suitability for 

discontinuous urban fabric and sparsely discontinuous urban fabric. This result 

suggests that proximity to coastal line did not work as an attractiveness factor for the 

presence of such land-use categories.  

 

VI.1.2   CAMLucc model goodness of fit results: 1947-2010.  

The CAMLucc-simulated LULC maps for each modelling period along with the 

reference LULC maps are presented in Figures 62, 63 and 64. The simulation accuracies 

of CAMLucc model results are provided in Table 22.  

Compared to reference LULC maps, the CAMLucc model generates the basic 

LULC change spatial patterns in the study area. The results indicate that the model 

efficiently generates both significant compact LULC spatial patterns similar to those 

found in the reference maps, and several large and isolated areas of urban land-use 

categories (Figure 62 (c), (d); Figure 63 (c), (d) and Figure 64 (c), (d)). This suggests that 

the CAMLucc model that detects potential changes based on spatial determinants 

including the transportation network gravity factor, topographic and distance 

constraints, and urban planning controls is an adequate solution in terms of CA-based 

modelling, providing high reliability regarding the spatial heterogeneity represented in 

the reference LULC maps. This might be attributed to the ability of the CAMLucc model 

to detect over time non-linear and complex relationships and interactions among the 

different LULC categories.   

However we can see in the CAMLucc-simulated LULC maps some areas that are 

missed by the model. For example, in 1968 (Figure 62 (c)) the urban changes 

northwest to the core/central area of Portimão are entirely missed by the model. This 

is mainly due to the fact that the transition from water bodies to urban land-use 

categories was not allowed in the calibration process. Consequently, since such urban 

areas were previously occupied by water bodies and wetlands their LULC category was 

maintained. 
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Figure 62 – Historical reference LULC map of 1968 (a) and 1972 (b) versus the CAMLucc simulated LULC 
maps of 1968 (c) and 1972 (d). 
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Figure 63 – Historical reference LULC map of 1987 (a) and 1995 (b) versus the CAMLucc simulated LULC 
maps of 1987 (c) and 1995 (d). 
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Figure 64 – Historical reference LULC map of 2000 (a) and 2010 (b) versus the CAMLucc simulated LULC 
maps of 2000 (c) and 2010 (d). 

 

 

 



176 
 

Table 22 – CAMLucc model simulation accuracies and comparison between the actual area and 
simulated area for each category over the study period. 

Percentage of

area in each

category (%) Actual Simulated Actual Simulated Actual Simulated Actual Simulated Actual Simulated Actual Simulated

area area area area area area area area area area area area

Tuv 0.005 0.008 0.069 0.095 0.234 0.368 0.277 0.376 0.396 0.475 0.493 0.688

Tuh 0.124 0.150 0.314 0.387 0.360 0.561 0.540 0.650 0.675 0.771 0.700 0.762

Tud 0.647 0.754 0.565 0.539 0.616 0.812 1.392 1.752 1.808 2.025 2.026 2.442

Tude 0.392 0.415 0.483 0.517 0.613 0.975 0.764 0.829 0.773 0.778 0.864 1.041

OAA 1.178 1.226 1.702 1.903 2.038 3.202 3.216 3.813 4.181 4.765 5.163 6.972

Simulation Accuracies 

KIA index 0.757 0.797 0.801 0.844 0.969 0.954

Kno index 0.984 0.983 0.974 0.973 0.981 0.970

Klocation  index 0.872 0.837 0.836 0.853 0.974 0.963

Kquantity index 0.799 0.786 0.743 0.710 0.972 0.959

AgreementChance index 0.143 0.143 0.143 0.143 0.143 0.143

CAMLucc model

1968 1972 1987 1995 2000 2010

 

 

Results from the simulation accuracies also indicate that the CAMLucc model 

simulations show great consistency with the spatial patterns of the reference LULC 

maps. The results summarized in Table 22 illustrate the continuous improvement of 

the KIA index over time. As already described by Liu (2009) this is due to the 

progressive calibration process of the model throughout the study period. For the 

years 2000 and 2010 the CAMLucc model produced a KIA index of 0.97 and 0.95 and a 

Kno index of 0.98 and 0.97, respectively. Additionally, Table 22 shows that there is a 

substantial difference between KIA index and Agreement Chance index values 

suggesting strong agreement between the CAMLucc-simulated LULC maps and the 

reference LULC maps since the actual agreement is better than chance. These results 

justify the use of both the logistic regression model and Markov chains as the basis of 

the CAMLucc model that generated LULC change models with great accuracy by 

incorporating few spatial determinants that are only partly responsible for the LULC 

change in Portimão.  

The Klocation indices (Table 22) reveal that the CAMLucc model produces LULC 

maps that are in strong agreement with the reference LULC maps in terms of the grid 

cell-level location of each category. Every Klocation index value is higher than 0.80, 

which according to Landis and Koch (1977) represents a nearly perfect fit. Indeed, 

there is significant improvement in the years 2000 and 2010 with values of K location 

index of 0.97 and 0.96, respectively. Regarding the estimated quantity of change, Table 
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22 shows that Kquantity values are slightly lower than the values of the Klocation 

index, however, especially for the years 1987 and 1995 with values of 0.74 and 0.71, 

respectively. This is also revealed in the percentage of area in each category for both 

CAMLucc simulations and reference data (Table 22) showing greater dissimilarities 

between the simulated and actual areas during those years for all LULC categories. 

These results indicate that although the CAMLucc model was capable of capturing the 

basic trends in LULC dynamics in terms of quantity of LULC changes in the study period 

as can be seen in more detail in Figure 65, it has a tendency to overestimate the 

amount of area that is expected to change for every LULC category particularly for the 

years 1987 and 1995. This may be attributed to the combination of two factors. First, 

because it was for these years that most discrepant time periods between the earlier 

and later LULC maps (4 years for the year 1987 and 15 for year 1995) and the 

projection of LULC change forward (15 years for the year 1987 and 8 for the year 1987) 

were used for estimate the quantity of change by Markov chains, as already discussed 

in Chapter V, Section 1.3.1. This has direct effects on the prediction precision of 

Markov chains, which in turn is reflected in the lower quantity accuracy of the 

CAMLucc model.  

Secondly, due to the Markov chains’ strong dependence on past LULC change 

trends. For example, the quantity of change estimation for the year 1995 was based on 

the 1972-1987 transition area matrices. This was one of the most remarkable periods 

of population growth and economic activities’ expansion, mainly due to the 

independence movements in Portugal’s African colonies in 1975. The return of 

Portuguese residents in the former colonies (over half a million) resulted in a 

significant increase in population that triggered a strong urban pressure on the 

Portuguese territory. According to Moreira and Rodrigues (2004), the Portuguese 

population increased by 14% in the 1970s, particularly during the 1974-1976 period as 

a result of the decolonization process. The results of this analysis reveal that the 

CAMLucc model generates lower consistency with actual quantity variation whenever 

drastic or unexpected changes in land-use (especially in urban land-use categories) 

occur between the time periods used to estimate the quantity of LULC that is expected 

to change in the subsequent period. 
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Figure 65 – Comparison between simulated and actual areas for each LULC category over the study 
period. 

 

VI.1.3   CAMLucc model results: LULC forecasts for 2020 and 2025.  

Based on the initial LULC map of the year 2010, suitabilities calculated by the 

logistic model and the transition area matrices estimated by the Markov chain model, 

the CAMLucc model was applied to forecast medium-term LULC change in Portimão 

for the next 10 and 15 years. The LULC forecast results for the years 2020 and 2025 are 

provided in Figure 66. The projected LULC composition for the study area from 2010 to 

2020 and 2025 is listed in Table 23. Results show once more that the CAMLucc model 

generates compact LULC spatial patterns in Portimão’s municipality similar to those 

observed in the reference LULC maps. From the visual analysis of Figure 66, we can see 
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that urban growth will be dominated by a coalescence process in which near urban 

land-use categories became progressively connected (Dietzel et al., 2005; Xu et al., 

2007; Martellozzo and Clarke, 2011; Seifolddini and Mansourian, 2014). However, we 

can also clearly see the gradual increase of discontinuous urban fabric over the entire 

study area and sparsely discontinuous urban fabric along the transportation network, 

which are evidences of urban sprawl into the surrounding agricultural and shrub lands.  

 

 

 

 

 

 

Figure 66 – Projected LULC maps for the years 2020 (a) and 2025 (b). 
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LULC

category

2010 (actual) 2020 2025

TUV 0.49 0.93 1.04

TUH 0.70 0.91 0.98

TUD 2.03 3.33 3.63

TUDE 0.86 1.24 1.33

OAA 5.16 11.45 12.85

NB 90.75 82.18 80.21

Expected LULC composition (%)

occupy 82% and 80% of the total area by 2020 and 2025, respectively (Table 23). In the 

two predicted LULC maps, changes into other artificial surfaces follow both infilling and 

edge-expansion growth types and we can expect an increase in other artificial surfaces 

by approximately 11 km2 from 2010 to 2025, which will cover 12.9% of the entire study 

area.  

 

Table 23 – Projected LULC composition for the study area from 2010 to 2020 and 2025. 
 

 

 

 

 

 

 

Based on the assumption that past LULC change trends will continue into the 

future, Figure 67 displays the dominant LULC changes in 2020 and 2025. The LULC 

maps indicate that the greatest LULC changes predicted by the CAMLucc model will 

occur along the coastal area, to the west (gently sloping areas), north and northwest 

areas of the core/central area of Portimão.  

As we can gather from Tables 24 and 25, most of the predicted horizontal 

urban fabric for 2020 and 2025 is expected to be converted from discontinuous urban 

fabric and non-built areas and located in large-scale projects planned by the 

municipality such as the urban land-use plan of ‘Morgado do Reguengo’ and linearly 

along the transportation network towards the northern part of the municipality (Figure 

67). Most of the vertical urban fabric will come from other artificial surfaces and non-

built areas (Tables 24 and 25) and will be interspersed among them. The vertical urban 

fabric will increase by about 2 km2 from 2010 to 2025, which means that changes will 

occur vertically more. The discontinuous urban fabric and sparsely discontinuous 

urban fabric will be generally converted from non-built areas (Tables 24 and 25). These 

land-use categories will spread towards the northwest of the core/central area of 
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2010 TUV TUH TUD TUDE OAA NB

TUV 1.25 0.00 0.00 0.00 0.01 0.01

TUH 0.01 1.42 0.02 0.00 0.00 0.00

TUD 0.05 0.12 4.46 0.07 0.19 0.02

TUDE 0.00 0.01 0.03 1.82 0.01 0.05

OAA 0.10 0.01 0.25 0.03 14.64 0.33

NB 0.27 0.10 1.29 0.33 5.96 148.97

TOTAL 1.68 1.66 6.05 2.25 20.81 149.37

2020

Portimão and cluster in the southwest part of the municipality. Lastly, the CAMLucc 

model predicted clusters of other artificial surfaces (which will be converted mostly 

from non-built areas) in the southeast area of the municipality and some in the 

municipality-planned areas (namely, the urban land-use plan of ‘Morgado do 

Reguengo’) located in the northern part of the city.  

 

 

Figure 67 – Overview of expected changing areas from 2010 to 2020 (a) and 2025 (b). 

 

Table 24– Expected LULC transition matrix from 2010 to 2020 (unit/km
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2010 TUV TUH TUD TUDE OAA NB

TUV 1.24 0.00 0.01 0.00 0.02 0.01

TUH 0.01 1.40 0.03 0.00 0.01 0.00

TUD 0.07 0.17 4.26 0.10 0.27 0.03

TUDE 0.00 0.01 0.04 1.77 0.01 0.07

OAA 0.15 0.02 0.36 0.05 14.30 0.49

NB 0.42 0.17 1.90 0.49 8.76 145.19

TOTAL 1.90 1.77 6.60 2.42 23.36 145.78

2025

Table 25– Expected LULC transition matrix from 2010 to 2025 (unit: km
2
). 

 

 

 

 

 

 

Generally, the most dynamic areas of Portimão are found along the coastal 

area, in the west, north and northwest parts of the municipality. Transportation 

network density, slope and particularly distance to existing similar LULC categories will 

continue to be key spatial determinants with major contributions to Portimão´s LULC 

spatial patterns for the next fifteen years (Figure 61). It has been confirmed 

throughout this section that, by means of simulation, the CAMLucc model allows us to 

predict the evolution of LULC change, whose spatial patterns are similar to those found 

on reference LULC maps. Accordingly, the CAMLucc-predicted LULC maps for the years 

2020 and 2025 may be used as medium-term forecasting of LULC change trends. Their 

further analysis will enable us to acquire knowledge regarding LULC change behaviour 

as well as to identify locations where the greatest urban growth and major LULC 

changes will take place. Such analysis should be central for urban planning teams in 

order to efficiently define and conduct forthcoming land-use planning policies. 

 

VI.2   Self-organization process and top-down planning on coastal LULC change 

In this section we explore in detail the effects of land-use planning policies on 

the actual LULC change of Portimão over more than 40 years, particularly in the 1980s, 

a period when Portugal underwent major transformations under the control of the 

first Portuguese legal framework for Municipal Master Plans. Additionally, we analyse 

the disagreements (if/when they occur) between the planned LULC transformations by 

the land-use planning policies for the municipality and the actual LULC change of the 

study area. Furthermore, the expected effects of these planned transformations on 
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future LULC change, simulated by the CAMLucc model for 2020 and 2025 are explored 

as well. In order to analyse the effects of such land-use planning policies on the actual 

and future LULC change of the study area the following policy areas were considered: 

areas proposed for urban development by planning permits, urban land-use plans and 

the Municipal Master Plan, and areas excluded from development by both urban land-

use plans and the Municipal Master Plan. For this analysis, the same urban land-use 

categories considered for modelling Portimão’s LULC change with CAMLucc (Chapter 

V) were used, including vertical urban fabric, horizontal urban fabric, discontinuous 

urban fabric, sparsely discontinuous urban fabric, other artificial surfaces and no 

change areas. By using GIS to overlay the policy area maps and the LULC maps of the 

study area that only represent the areas that changed in each study period we were 

able to compute the percentage of area that changed for each LULC category i) within 

areas proposed for urban development by the different land-use planning policies 

(urban land-use plans and the Municipal Master Plan), ii) within planning permit areas, 

iii) outside urban proposed areas, and iv) within areas excluded from development (by 

urban land-use plans and the Municipal Master Plan). This procedure will allow us, on 

the one hand, to examine quantitatively the impact of land-use planning policies and 

private initiatives on LULC change, and on the other hand, to compare the effect of 

planned LULC transformations by land-use planning policies on LULC change with its 

self-organized or natural (Al-Sayed and Turner, 2012), or organic (Kostov, 1991), or 

informal (Zhang et al., 2012) evolution throughout the study period. The results of this 

procedure are presented in Figures 68 – 74 through maps that illustrate both actual 

areas that have changed during the study period versus CAMLucc simulated land-use 

changes. The policy areas for each temporal period are represented as well. Table 26 

illustrates a comparative analysis between planned and self-organized LULC change. A 

complete table with area (km2) and area percentage of actual and expected LULC 

change in policy areas and outside urban proposed areas is provided in Annex 17. This 

analysis is particularly important as it allows us to illustrate the potential of the 

CAMLucc model for LULC change simulation.  

Table 26 reveals significant details on how LULC change is affected by each type 

of land-use planning policy at different temporal periods and how past, current and 
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Period TUV TUH TUD TUDE OAA Total LULC change

1958 - 1968 Within urban land-use plans 63.3 29.0 17.2 7.2 6.7 10.5

Within planning permits 4.6 3.4 8.6 12.7 59.8 41.8

Outside urban proposed 32.2 63.2 71.4 74.7 30.8 44.6

Areas excluded from development 0.0 4.5 2.8 5.5 2.7 3.1

1968 - 1972 Within urban land-use plans 64.6 21.0 10.5 0.0 2.1 4.3

Within planning permits 0.0 0.0 30.5 35.0 8.8 18.6

Outside urban proposed 25.9 79.0 59.0 65.0 88.5 76.6

Areas excluded from development 9.5 0.0 0.0 0.0 0.6 0.5

1972 - 1987 Within urban land-use plans 66.6 23.1 7.5 3.4 20.9 16.9

Within planning permits 10.8 18.3 53.0 9.5 17.9 27.4

Outside urban proposed 9.6 50.2 33.3 84.7 52.8 48.5

Areas excluded from development 12.9 8.4 6.2 2.4 8.4 7.2

1987 - 1995 Within urban land-use plans 44.7 9.1 7.2 0.3 15.8 14.0

Within planning permits 39.5 47.4 57.1 19.9 30.2 37.6

Outside urban proposed 4.7 37.7 33.1 75.8 46.4 42.2

Areas excluded from development 11.1 5.8 2.6 4.0 7.6 6.2

1995 - 2000 Within urban land-use plans + MMP 21.4 28.0 15.6 7.7 16.2 15.9

Within planning permits 53.3 57.6 74.0 30.4 16.3 29.0

Outside urban proposed 25.3 7.8 7.2 36.1 42.8 35.2

Areas excluded from development 0.0 6.6 3.2 25.8 24.8 19.9

2000 - 2010 Within urban land-use plans + MMP 8.3 15.3 15.4 0.8 20.8 17.2

Within planning permits 75.3 49.1 54.4 70.6 54.2 56.7

Outside urban proposed 16.0 24.9 13.0 14.8 12.0 12.8

Areas excluded from development 0.5 10.7 17.3 13.8 13.0 13.3

2010 - 2020a
Within urban land-use plans + MMP 90.8 97.2 49.7 18.5 28.6 40.9

Within planning permits 3.8 1.2 5.9 1.6 7.0 5.8

Outside urban proposed 4.9 1.0 41.3 67.8 64.2 51.8

Areas excluded from development 0.5 0.5 3.2 12.2 0.2 1.3

2010 - 2025a
Within urban land-use plans + MMP 87.2 98.6 46.4 18.7 28.7 40.0

Within planning permits 3.1 0.1 4.4 1.3 5.4 4.5

Outside urban proposed 9.3 0.8 45.7 71.4 64.9 53.9

Areas excluded from development 0.5 0.5 3.4 8.6 0.9 1.7

future urban LULC change trends are in conflict with planned zoning as recommended 

or approved in the urban land-use plans and the Municipal Master Plan. From the 

analysis of Table 26, we can distinguish two macro-time periods on the study period  

from 1968 to 1982 and from 1995 to the present. In these periods important 

Portuguese planning acts and regulations were introduced and distinct urban LULC 

change trends occurred, which will be analysed further in the following sections. 

 

Table 26– Comparative analysis between planned and self-organized LULC change. 

 

 

 

 

Note: 
a
 LULC change simulated by the CAMLucc model.  
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Figure 68 – Actual land-use change (a) and CAMLucc simulated land-use change (b) between 1958 and 
1968.  
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Figure 69 – Actual land-use change (a) and CAMLucc simulated land-use change (b) between 1968 and 
1972. 
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Figure 70 – Actual land-use change (a) and CAMLucc simulated land-use change (b) between 1972 and 
1987. 
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Figure 71 – Actual land-use change (a) and CAMLucc simulated land-use change (b) between 1987 and 
1995. 
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Figure 72 – Actual land-use change (a) and CAMLucc simulated land-use change (b) between 1995 and 
2000. 
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Figure 73 – Actual land-use change (a) and CAMLucc simulated land-use change (b) between 2000 and 
2010. 
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Figure 74 – CAMLucc simulated land-use change for 2020 (a) and 2025 (b). 
 



192 
 

Spatiotemporal LULC change under the control of Guiding Plans: 1968 - 1982  

In Portugal, from the 1930s until the early 1960s, LULC change and urban 

growth processes were controlled by the top-down government system. The link 

between such top-down governance system and the LULC change process was land-

use planning, through which regulation of urban land-use based on a technical 

rationale was executed. General Urbanization Plans (Planos Gerais de Urbanização) 

and Partial Urbanization Plans (Planos Parciais de Urbanização) were introduced and 

expressed in the Portuguese urban planning law (Law 24.808/1934, of 21 December 

and Law 33.921/1944, of 5 September). Regulations on urban land-use usually had a 

lifetime of 15 to 25 years. Their main goals were the spatial reorganization of urban 

areas, the spatial distribution of both road and urban infrastructure networks, all of 

which intended to guarantee rationality in urban areas. However, a shift occurred in 

the urban growth process control in 1965. In order to cope with the high demand for 

housing in peri-urban or suburban areas, the State transferred to private initiatives the 

power to provide infrastructured plots in the urban-land market. The Private 

Urbanization Act was established by law (Law 46.673/1965, of 29 November), which 

prompted the beginning of private initiatives in the urban growth process by means of 

planning permits. Such planning permits promoted by private initiatives that operate 

at the bottom-up level are however dependent on the municipal level of government. 

This means that every type of land-use and development set out in the Private 

Urbanization Act 1965 (currently established by the legal regimen of urbanization and 

building  Law 26/2010, of 30 March) requires a planning permit from the local level 

of government.  

Under this national planning framework, several Partial Urbanization Plans and 

General Urbanization Plans (all referred to as urban land-use plans50) were elaborated 

and near three dozen planning permits approved by the municipality of Portimão. The 

early urban land-use plans desired for Portimão (namely, the urban land-use plans of 

‘Praia da Rocha 1942’, ‘Portimão 1948’, ‘Bemposta 1964’, ‘Bemparece 1967’ and 
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 We have chosen to refer to these plans as urban land-use plans since not all the plans developed 
during this period were designated as General Urbanization Plans or Partial Urbanizations Plans. 
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‘Aldeia das Sobreiras 1968’) covered approximately 311 hectares (about 2% of the 

municipality´s total land area) and aimed at developing basic infrastructure networks 

and public facilities for the main urban settlements and promoting urban expansion 

based on low-density residential development (single-family dwellings, maximum of 

two floors allowable) preferably at locations near core/central areas. From Table 26, 

we can see that for the 1958-1968 and 1968-1972 periods, there were minor changes 

into horizontal urban fabric in areas proposed for urban development by these urban 

land-use plans (see also Figures 68 (a) and 69 (a)). Of the total area of change into 

horizontal urban fabric, only 29% and 21% occurred in these areas in the 1958-1968 

and 1968-1972, respectively. Furthermore, during these periods there was barely any 

change into other artificial surfaces in these areas (6.7% in the 1958-1968 period and 

2.1% in the 1968-1972 period). On the other hand, changes into both horizontal urban 

fabric and other artificial surfaces occurred primarily outside urban proposed areas. 

Table 26 shows that 63% and 79% of changes into horizontal urban fabric occurred 

outside urban proposed areas in the 1958-1968 and 1968-1972 periods, respectively. 

Regarding changes into other artificial surfaces, 59.8% of the transitions occurred in 

areas proposed for urban development by planning permits between 1958 and 1968, 

and 88.5% were located outside urban proposed areas between 1968 and 1972.  

Therefore, it appears that these early urban land-use plans didn’t have a significant 

impact on the spatial distribution of both horizontal urban fabric and other artificial 

surfaces during this period. This can be related to the fact that at the end of the 

Portuguese dictatorship (later called New State) the urban land-use plans (General 

Urbanization Plans and Partial Urbanization Plans) were developed for urban areas 

only. At the time, there was not any urban land-use plan covering the whole territory 

of the municipality, meaning that locations outside main urban areas could only be 

developed by means of planning permits. This along with population pressure and 

tourism demand has greatly contributed to the diffused LULC change in the 

municipality based mostly on horizontal urban fabric, discontinuous urban fabric and 

sparsely discontinuous urban fabric as we can see in Figures 68 and 69. 

However, from the late 1960s onwards, the basic principles upon which urban 

land-use plans relied have changed when a greater development control started to be 
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regularly imposed at the municipal level. The urban land-use plans elaborated for the 

municipality by 1982 (namely, the urban land-use plans of ‘Portimão 1966’, ‘Portimão 

1968’, ‘Coca-Maravilhas 1973’, ‘Portimão 1977’, ‘Praia da Rocha 1978’, ‘Portimão 

1979’ and ‘Alvor 1982’) intended to voluntarily control the urban development of the 

municipality which tended to self-organization generated by its own internal dynamics 

(private and individual initiatives51). This observation can be supported by Table 26 

which shows that of the total area of LULC change, 86.4%, 95.2% and 75.9% occurred 

outside urban proposed areas and within areas proposed for urban development by 

planning permits, during the 1958-1968, 1968-1972 and 1972-1987 periods, 

respectively. This reveals that between 1968 and 1987 LULC change in the municipality 

was largely the result of local decisions performed by private agents and individuals.  

The latter urban land-use plans covered approximately 1857 hectares (about 

10% of the municipality´s total land area). Their main goal was to contain urban 

development in the different existing urban areas in a rational and coordinated 

manner avoiding unplanned urban development. Thus, the local-level of government 

intentionally promoted high-density residential development (based on both mid-rise 

and high-rise buildings) in order to stimulate the concentration of urban population, 

which in turn would lead to the release of natural and agricultural areas. Between 

1958 and 1987, changes to vertical urban fabric are mainly found in areas proposed for 

urban development by urban land-use plans (Table 26). This indicates that such guiding 

plans proved to be very effective on changes to vertical urban fabric, particularly 

between 1972 and 1987. Notwithstanding, Figures 68 - 70 reveal patterns of diffuse 

urbanization between 1958 and 1987, which were in conflict with the land-use 

transformation options prescribed by those urban land-use plans. The greater demand 

for permanent housing and commercial areas led the city to sprawl as the population 

increased. This growth pattern was further reinforced by the high demand for a second 

home (based on a condominium property type with pool and tennis court) mainly due 
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 In this study, the individual initiative refers to the private parties (families) that buy lots to build or 
commission the construction of a home in order to meet their housing needs. Moreover, it does not 
involve massive urban infrastructure development. While private agents are referred to as the urban 
developers which are interested in plots to implement urban infrastructures and build houses for a 
quick profit according to a detailed plan previously submitted to and approved by the local authority. It 
is different from the individual initiative as it is always a business initiative that involves both mass land 
and house market. 
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to the Algarve´s tourism boom triggered by the favourable economic situation in the 

European countries, thus resulting in increased accommodation capacity, the 

construction of Faro International airport (1965), and the construction of the ‘25 de 

Abril’ Bridge (1966), which connected the city of Lisbon to the municipalities on the 

south bank of the Tagus river. Indeed, Table 26 shows that changes to discontinuous 

urban fabric and sparsely discontinuous urban fabric were almost all located outside 

urban proposed areas. A careful observation of Figure 70 reveals that this urban sprawl 

pattern based on discontinuous urban fabric and sparsely discontinuous urban fabric 

was successfully represented by the CAMLucc model. Herewith, the model proves to 

be well established to simulate realistic models of LULC change. 

 

Spatiotemporal LULC change under the control of Mandatory Plans: 1995-2010 

The early 1980s were marked by important changes in the Portuguese legal 

framework for spatial planning and by the introduction of major policy initiatives 

(namely the introduction of REN and RAN, which are countrywide planning constraints 

for ecologically and agro-forestry valuable areas, respectively). The Municipal Master 

Plan was defined by law (Law 208/1982, of 26 May) and thereafter planning decisions 

became a legal responsibility of the local level of government52. Thus, the spatial 

extension of planning to the entire municipality was achieved. Nevertheless, it took 

about 13 years for Portimão´s Municipal Master Plan to come into force. This may 

suggest that there was a willingness to keep the urban development process that had 

been taking place up until then. Between 1987 and 1995, the LULC change process 

continued to be mainly governed by private initiatives (Table 26). This situation 

resulted in a shortage in the supply of urban land which in turn promoted speculative 

processes. This observation can be supported by Figure 75 which shows the 

percentage of planning permits approved, partly developed and fully developed for 

each temporal period and Figure 76 which shows the number of years required for 

planning permits to be fully developed between 1958 and 2010. We used GIS to 

                                                           
52

 Nevertheless, each proposed Municipal Master Plan needs the final approval of the Commission for 
Regional Coordination and Development (Comissão de Coordenação e Desenvolvimento Regional, 
CCDR) which is a decentralized body of the central level of government. 
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compute the percentages in order to further analyse the impact of private initiatives 

on LULC change. The aerial photos and orthorectified images of the study area were 

used as basemaps to conduct this analysis. 

 

 

Figure 75 – Percentage of planning permits approved, partly developed and fully developed in the study 
area by temporal intervals. The planning permits partly developed category applies only when 80% of 
the total area covered by the planning permit is developed.  

 

 

 

 

 

 

 

 

Figure 76 – Number of years required for planning permits to be fully developed between 1958 and 
2010.  

 

As indicated by the Figure 75, most of the planning permits in the study area 

was approved between 1972 and 1995.  Figure 75 also shows that it was during this 
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period that the greatest gap between the percentage of planning permits approved 

and the percentage of planning permits partly/fully developed occurred. In addition, 

Figure 76 indicates that approximately half of the planning permits in the study area 

took between 5 and 15 years to become fully developed. We should point out that 

13% of the planning permits took between 20 and 25 years to become fully developed. 

These findings reveal that the land-use transformation by planning permits was 

a slow process, suggesting a clear land speculation process. This land speculation 

process points towards a trend in which landowners voluntarily left their land 

uncultivated, looking for favourable urban development circumstances that were 

largely triggered by the tourism potential of the municipality. As a result, the 

increasing interstitial/remaining open areas of the main urban areas clearly acquired 

the status of ‘expectant’ land and the city grew in a diffuse manner (Figures 71 - 73). 

In order to revert such diffuse urbanization process, the primary focus of the 

Portimão´s Municipal Master Plan (introduced in 1995) was to i) promote 

consolidation and densification of existing urban areas; ii) promote urban renewal of 

both the core/central area and suburban areas; iii) create protected areas including 

RAN and REN; iv) preserve rural areas through the definition of sparsely developed 

rural zones, which would be developed into well-planned comprehensive towns for 

future growth; (v) promote tourism supply renewal through the definition of areas for 

high-quality tourism development (mostly based on medium-density development and 

5-star hotels); and vi) control future urban growth on the narrow coastal area. Under 

the Municipal Master Plan’s framework, by 2011 nine urban land-use plans (specifically 

the urban land-use plans of ‘Zona Ribeirinha 2006’, ‘Escampadinho 2007’, ‘Alto do 

Poço e Alvor 2007’, ‘Praia do Vau e Prainha 2008’, ‘Morgado do Reguengo 2008’, 

‘Barranco do Rodrigo 2008’, ‘Taipas 2009’, ‘Horta do Palácio 2011’ and ‘Quinta da Praia 

e Alvor 2011’) covering near 1222 hectares were approved. They aimed at renewing 

existing urban areas and reinforcing the tourism component of the municipality. 

However, as we can see from Table 26 and Figures 72 and 73 the actual effects of this 

rational municipal-level intervention was not as effective as intended and, on the other 

hand, triggered unexpected effects. Table 26 shows that between 1995 and 2000 

about 20% of LULC change was located within areas excluded from development and 
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for the 2000-2010 period this percentage was approximately 13%. It is clear that LULC 

change  primarily into discontinuous urban fabric, sparsely discontinuous urban 

fabric and other artificial surfaces  conflicts with the protected/restricted areas 

defined by the Municipal Master Plan. In addition, Table 26 shows that there was little 

change to vertical urban fabric in areas proposed for development by the Municipal 

Master Plan or urban land-use plans unlike what happened in the previous period 

controlled by guiding plans. The current LULC change in Portimão indicates that the 

land-use planning policies have been overcome by private incentives (between 2000 

and 2010 near 57% of total LULC change occurred within planning permit areas). 

Indeed, the results show that planning permits have had, for many years, a major role 

in Portimão’s LULC change, which was mainly governed by private agents’ dynamics. 

Furthermore, the results show that there has always been LULC change beyond 

planned urban areas. We can see that this LULC change´s dynamics is mostly based on 

horizontal urban fabric, discontinuous urban fabric and other artificial surfaces that 

seem to escape the control of mandatory plans. Such signature of self-organized LULC 

change is effectively revealed in the LULC change models based on CAMLucc 

throughout the study period as shown in Figure 73.  

 

Expected spatiotemporal LULC change under the control of Mandatory Plans: 2020 and 

2025 

According to CAMLucc model results, two processes will govern Portimão’s 

LULC change: a self-organization process and a planned LULC transformation process. 

In particular, between 2020 and 2025 we can expect changes to both vertical and 

horizontal urban fabric to be almost all located within existing planned urban areas 

(Figure 74). This indicates that the land-use planning policies will intensely impact 

future LULC change, especially towards the compact city by the densification of 

existing urban areas. On the other hand, there will be hardly any LULC change in areas 

excluded from development (1.3% and 1.7% for 2020 and 2025, respectively). This is 

mainly due to the fact that the CAMLucc focus was to let the land show its intrinsic 

urban suitability according to the several spatial determinants and constraint rules 

used. Consequently, we expect that protected/restricted areas will experience 
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minimum urban development. During the 2020-2025 period, changes to sparsely 

discontinuous urban fabric and other artificial areas will be dominant beyond urban 

planned areas (Table 26). These ‘hotspots’ of unplanned urban development predicted 

by the CAMLucc model may assist in fine-tuning spatial policies as well supporting their 

further analysis.  

 

This chapter provided the results for the CAMLucc model based on a set of transition 

rules representing the influence of the transportation network gravity factor, 

topographic and distance constraints, intensity of LULC transition controls and land-

use planning policies regarding the LULC change process. A retro-simulation method to 

calibrate and validate the CAMLucc model by replicating the historical LULC change 

process of the study area between 1968 and 2010 was used. The CAMLucc final 

outcomes were visual and statistically compared to the actual LULC maps of the study 

area. The contribution of each explanatory variable to LULC change was assessed. 

Transportation network density, slope, and particularly distance to existing similar 

LULC categories were identified as key spatial determinants with major contributions 

to Portimão´s LULC change and are expected to have a major impact on future LULC 

change in the study area. With the successful model’s calibration and validation 

process, the CAMLucc model was used to predict future LULC changes in Portimão for 

2020 and 2025. Results show that CAMLucc provided realistic prospective models of 

LULC change of a coastal area under fast tourism development for the next 15 years. 

The CAMLucc model enables the analysis of LULC change behaviour as well the 

identification of locations where the greatest urban growth and major LULC changes 

will take place. In addition, a comparative analysis between LULC change models 

generated by CAMLucc, the actual LULC change of the study area, and the public and 

private initiatives of the municipality was provided in order to evaluate the past, 

current and future effects of land-use planning policies regarding the actual and 

expected LULC change of Portimão from 1968 to 2025. The results reveal that the 

effects of land-use planning policies on LULC change were not as effective as intended. 

Most of LULC change was not dominant in urban proposed areas by the several urban 

land-use plans over the study period. Indeed, most of LULC changes during the study 
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period (especially into discontinuous urban fabric, sparsely discontinuous urban fabric 

and other artificial surfaces) occurred outside urban proposed areas in a dispersed 

manner, seeming to escape the control of mandatory plans. The CAMLucc model has 

the potential to successfully represent such uncontrolled spatial LULC change pattern. 

Herewith, the model proves to be an effective tool to support the analysis of LULC 

change process and evaluate past, current and forthcoming land-use planning policies. 
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CONCLUSION 

 

In this section, we first summarize both the main focus and the key findings of 

the thesis, and briefly discuss the strengths and any shortcomings of the methods used 

and how these shortcomings should/can be overcome. Finally, we outline some 

general conclusions to discuss the opportunities for the application of the 

methodology to support the creation of Municipal land-use plans. 

 

Main focus and key findings of the thesis  

This thesis addressed the issue of land-use and land-cover change in coastal 

areas through the application of a Cellular Automata-based model to a municipality, 

which has been undergoing rapid and strong coastal urbanization dynamics, i.e. 

Portimão, in a country that has one of the fastest developing urban coastal areas in 

Europe, i.e. Portugal. A new hybrid framework integrating GIS, fuzzy logic, logistic 

regression, Markov chain analysis and cellular automata (called CAMLucc model) was 

introduced and implemented in this thesis for the measurement, analysis, modelling 

and prediction of land-use and land-cover change at fine spatial resolution (10 m). The 

CAMLucc model in combination with physical variables and land-use planning data was 

applied to retro-simulate past land-use and land-cover change between 1947 and 2010 

and to predict their future spatial patterns from 2010 to 2020 and 2025 for the entire 

municipality considering two initial assumptions. First, that modern modelling and 

simulation methods for urban growth and land-use and land-cover change, which take 

into account their nonlinear nature in combination with GIS enable a better 

understanding of the structural trends of both urban growth and LULC change. Second, 

we believe that structural LULC change trends are not independent of public and 

private agents who assess, control and shape the territory. Therefore, the spatial 

modelling of urban growth and LULC change, as well as its simulation into the future 

may not be carried out isolated from the most significant effects of these agents, that 

is, the urban land-use plans.  
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In addition, this thesis explored a comparative analysis between the models of 

land-use and land-cover change produced by the CAMLucc model, the actual land-use 

and land-cover of the study area and the urban planning schemes desired for the 

municipality of Portimão, which reflect the role of public and private agents’ actions 

and urban planning regarding LULC change. Such comparative analysis formed the 

main focus of this thesis, which allowed testing its main assertions. To the best of our 

knowledge, this study is the first attempt to address this quantitative and spatial-

explicit confrontation practice on LULC change research (chapter I).  

This research has introduced a general methodology which involved four 

stages:  understanding the general artificial areas spread patterns at a macro-scale that 

have occurred in mainland Portugal and defining the study area (chapter II), creating 

the spatial database for the application of the CAMLucc model (chapter III), measuring 

and analysing (detecting, assessing, and monitoring) past and current LULC change 

spatial dimension and pattern in the study area (chapter IV), and modelling and 

predicting (evaluating, measuring, and interpreting) LULC change (chapters V and VI). 

Both key ideas and findings concerning each stage are summarized as follows.  

The process of land-use and land-cover change implies spatial and temporal 

dynamics over several scales, either short-term or long-term, unexpected changes or 

regular LULC transitions through some decades, specific-site transformations or of 

entire urban areas (Lyon Symposium, 2014). Chapter II has shown that it is important 

to characterize the overall LULC dynamics in order to better understand the relevant 

processes at work in the national territory. An attempt to develop a quantitative 

analysis for the spatial and temporal change of urban land-cover and urban sprawl at a 

macro-scale in the period from 1990 to 2006 was successfully carried out in Chapter II.  

This analysis of urban land-cover change and urban sprawl in mainland Portugal was 

based on urban system spatial boundaries. Portuguese urban systems were identified 

through the application of the methodology of the interaction value developed by 

Roca and Moix (2005) using the commuting matrix supplied by the 2001 Census. This 

was the first application of that methodology to the definition of the urban structure 

of Portugal in order to analyse macro-scale urban land-cover change and subsequently 

compare equivalent areas throughout the country. The results reinforced the findings 
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revealed by previous studies and applied to other geographical contexts (Roca et al., 

2009, 2011b and 2012), showing that the methodology of the interaction value, using 

functional criteria, allows for the definition of different levels of territorial 

organization: local, metropolitan or regional, revealing that interactions produced by 

daily mobility generate reliable and functionally autonomous systems, enabling us to 

identify authentic pieces of urban organization: urban systems. The findings of this 

study described in Chapter II have also resulted in some significant understanding of 

the artificial areas spread patterns that have taken place in mainland Portugal despite 

the very limited time period of the analysis (16 years). The urban system-level analysis 

allowed us to raise awareness to the highly increasing trend of artificial areas in 

metropolitan areas and the Algarve region and therefore to an initial understanding of 

the key processes involved in the Portuguese macro-scale urban land-cover change, 

which are the metropolitan polarization and the phenomenon of coastal urbanization 

of the Algarve. We were then in a position to define the case study, the coastal urban 

system of Portimão, which, as the study has shown, underwent major and rapid 

physical changes over the period under analysis. However due to operational issues 

(which are described in section II.2.2, page 66) one shortcoming of this research is the 

application of only the administrative boundaries of Portimão for testing the proposed 

CA-based modelling approach. We argue that the urban system-level analysis is more 

adequate as it allow us to associate urban land-cover change and urban sprawl with 

the influence of the existing urban systems. In fact, as attested by this study, the size 

and rhythm of urban sprawl are determined by both the functional criterion (work 

place polarization) and spatial interaction. Thus, future efforts will be focused on 

implementing the modelling approach based on the urban system spatial boundaries 

defined by the interaction value methodology.  

Developing a high-resolution CA-based model that is associated with GIS at the 

local scale in order to finely reveal the land-use and land-cover change dynamics of the 

study area was one of the core objectives of this thesis. Thus, a first challenge involved 

collecting high-resolution spatial datasets on a municipal scale and producing long-

term and fine-scale LULC maps with the aim of better capturing the past and current 

undetected emergent LULC structures (Chapter III). In this research, main data sources 
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derived from multi-resolution imagery, specifically, aerial photographs and ortho-

rectified digital aerial images. Aerial photographs still prove to be good and rich 

sources for mapping land-use and land-cover, as used for the five years 1947, 1958, 

1968, 1972 and 1987 (section III.2.1, page 80). These aerial photographs allowed us to 

produce LULC maps at the 1: 10 000 scale with a MMU of 1000 square meters. 

However, collecting and processing such long-term imagery (from 1947 to 2010) along 

with the production of eight unprecedented high-precision and high thematic detailed 

LULC maps (45 categories at the most detailed level) by means of visual interpretation 

required a substantial initial investment. On the other hand, this research has provided 

extremely rich information on the LULC structural evolution of Portimão, which may 

assist urban planners and policy-makers to perform further analysis apart from 

modelling and predicting LULC change.  While this research has provided an important 

contribution to LULC change analysis by incorporating both physical variables (LULC 

maps, distance and density variables, transportation network and slope) and detailed 

land-use planning data (section III.6, page 97) into the CAMLucc model, it did not 

integrated socio-economic variables (e.g. economic growth rate, population growth) or 

the so-called ‘fast variables’ such as climate events and economic shocks (Lambin and 

Geist, 2006). The capability to integrate data related to such extreme events, if 

available in the future, provides ground for future work in LULC change research.  

Understanding the past and current spatial dimension, pattern and location of 

LULC change is crucial for LULC change modelling as well as urban planning. In order to 

effectively monitor, analyse and quantify the rhythm, spatial dimension and pattern of 

LULC change in Portimão in a 63-year period, we have implemented a combined 

approach of GIS-based spatial analysis techniques, LULC change trajectory analysis and 

spatial pattern metrics (chapter IV). This study extended recent research reported by 

Zhou et al. (2008) and Xue et al. (2014) based on the multi-temporal profile method. 

Spatial pattern metrics analysis on classified temporal categorical trajectories has been 

introduced to interpret long-term dynamic and complex LULC conversions, now based 

on a much smaller scale view on LULC change. By taking this approach, the LULC 

change trend for each location in the study area across time was tracked and spatial 

patterns of LULC trajectories were analysed quantitatively, thus providing important 
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insights into the modelling and prediction of the dynamics of LULC change. In this 

study, five class-level spatial pattern metrics were selected and computed at 10 m 

spatial resolution in order to better understand the LULC change trajectory patterns 

related with distinct historical human and natural processes in the study area. The 

findings of the study show that, since the late 1960s, the municipality of Portimão has 

been facing massive growth in artificial surfaces near the main urban settlements and 

along the coastal area, but most importantly reveals an early and intensive urban 

sprawl over time. The visualization and analysis of LULC change trajectories show that 

the most significant change trajectories from non-built categories to artificial surface 

categories involved a decrease in the agricultural land-cover category, with increases 

in both discontinuous and continuous urban fabric categories. The interpretation of 

the spatial pattern metrics on LULC change trajectories (namely, FRAC_AM, PLADJ, and 

LPI) confirms the emergence of more complex and fragmented shaped patches when 

lands were converted from non-built categories into artificial surface categories from 

1947 to 2010. Ultimately, the results presented in this study have revealed the critical 

transitions of land-use categories occurred in Portimão over time, thus supporting the 

definition of the state variables to be incorporated into the CAMLucc model. 

Furthermore, the analysis of the spatial dynamics of LULC change in the coastal area of 

Portimão could provide adequate empirical information to support the development 

of a ‘diffusion-coalescence’ (Dietzel et al., 2005) CA model. One of the main goals of 

the development of this kind of CA model was to improve the outcomes of the LULC 

change modelling and prediction as the diffusion and infill growth of urban areas are 

probably growth patterns inducing urban LULC change of Portimão in the near future. 

There are, however, two main challenges to the combined approach presented in this 

study. First, future research needs to focus on analysing to what extent the 

quantitative and analytical results of LULC change detection are affected by the use of 

multi-temporal and multi-resolution imagery as data sources. Secondly, further 

development of a combined approach of LULC change trajectory analysis and spatial 

pattern metrics should focus on enriching this approach with other spatial pattern 

metrics that can be applied to improve our understanding regarding the 

spatiotemporal dynamics of LULC change.  
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In this research, a methodology was proposed and implement by integrating 

complex theory, modelling, prediction, multi-resolution imagery and GIS techniques to 

address past and current LULC changes and its future change trends within the 

municipality of Portimão at a fine spatial resolution. The main strength of this 

modelling approach lies on its hybrid framework  the CAMLucc model  which 

incorporates the advantages of fuzzy logic, logistic regression, Markov change analysis 

and cellular automata for LULC change modelling and prediction (Chapters V and VI). 

This hybrid framework proved its importance for the measurement, analysis, 

modelling and prediction of LULC change, even in the geographical context of a coastal 

area that has been undergoing rapid and strong coastal urbanization dynamics in the 

past decades. One of the original contributions of the modelling approach is in the 

fine-scale spatiotemporal analysis of LULC and LULC transition/change at the local 

government level, since coupling Markov chain models and regression logistic models 

to cellular automata is not entirely novel in LULC change research.  

We provided a modelling approach with a spatially explicit transition rule 

configuration, followed by a non-spatial LULC demand computation and a spatially 

explicit LULC change allocation procedure, complemented by accuracy analysis in 

different steps of the process. This research illustrates the advantages of using fuzzy 

set theory for LULC change and urban growth modelling. It has been recognized as an 

effective and flexible solution for quantifying and establishing the relationship 

between the spatial effects of variables and the changes of a given LULC and explicitly 

considers the uncertainty and fuzziness involved in the evaluation of 

suitable/unsuitable areas for LULC change. The fuzzy set theory is a realistic 

normalization approach and it proved its importance for planning and defining 

suitable/unsuitable areas for LULC change. By using a binomial logistic regression 

approach, the relationship between each land-use category and a defined set of 

independent variables has been tested and a set of transition rules created. The 

logistic regression model is particularly well suited to determining transition rules and 

parameters that can be used by conventional CA models. The application of the logistic 

regression model in the municipality of Portimão and the results of the validation 

process have proved the effectiveness of the logistic regression model in the 
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determination of transition rules for CA-based LULC change models. The logistic 

regression model was further used to explore the dominant spatial determinants 

governing LULC change in Portimão throughout the study period, which involved six 

LULC categories and a reasonable set of spatial determinants. The results indicated 

that distance to existing similar LULC category, distance to all urban areas, 

transportation network density and slope variables had a significant effect on 

Portimão´s LULC spatial patterns over the study period. The results also indicate that 

these variables, particularly distance to existing similar LULC categories, will continue 

to be key spatial determinants with major contributions to LULC change in the next 

fifteen years. The results of logistic regression modelling have demonstrated that these 

variables should be taken into account to attain higher CA modelling accuracy and 

more reliable LULC change analysis.  

Markov chains are popular methods for temporal LULC change simulation and 

did assist the analysis of the overall LULC change dimension and trends in Portimão, as 

detailed in section V.1.3.1, Chapter V. The transition matrices were valuable for 

quantifying the temporal change in each land-use category transition. However, 

forecasting precision decayed severely specifically when long time periods were used i) 

between the earlier and later LULC maps, and ii) to project LULC change forward. 

These results suggest that the Markov chain model is an effective estimator for at least 

short to medium term LULC change trends. Another limitation of this model is the 

strong dependence on past LULC change trends. This implies that Markov chains 

become quite vulnerable whenever time periods where there has been an extreme or 

unexpected change in land-use are used. However, by identifying and isolating the 

areas where extreme LULC changes have occurred and by further decomposition of 

LULC into sub-categories this problem is potentially overcome. Finally, we used a 

multi-objective land allocation (MOLA) procedure to allocate LULC change to land units 

where its suitability is highest. Even though the application of this procedure is 

considerably affected by the type and quantity of the available data, we consider the 

procedure could be practical and appropriate for LULC change allocation where cases 

of competition or conflicts occur among LULC categories.  
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The CAMLucc model has been successfully applied to modelling and predicting 

LULC change in Portimão, a coastal area that has diverse LULC spatial patterns. The 

model’s calibration and validation results indicated that the simulation accuracy of 

LULC changes is highly significant. Therefore, the advanced methods used in this hybrid 

framework proved to be complementary and perform well together. Although the 

CAMLucc model appears in this research as a simple and helpful tool to explain and 

cope with the complexity of LULC change using few spatial determinants that are only 

partly responsible for LULC change, some future developments are still required. In the 

standardisation of spatial variables and generation of fuzzy LULC change spatial 

determinants, namely the distance from coastal line, slope and transportation network 

density index, equal inflection point values were used for all simulated land-use 

categories (section V.1.2.1, chapter V). This procedure disregards the fact that 

different inflection point values may exist in reality. In a future study, unequal 

inflection point values for these spatial determinants should be explored to take into 

account this aspect. The Markov chains’ strong dependence on past LULC change 

trends and the use of discrepant time periods between the earlier and later LULC maps 

and the projection of LULC change forward, had direct effects on the prediction 

precision of Markov chains, which in turn was reflected in the lower quantity accuracy 

of the CAMLucc model, specifically for years 1987 and 1995 (section VI. 1.2, chapter 

VI). Consequently, to produce more accurate predictions of LULC change, future 

development should incorporate population changes as a complementary variable to 

assist the prediction of LULC transitions. However, the CAMLucc model seems to be 

sufficiently versatile to be replicated and used in other geographic contexts exhibiting 

LULC change dynamics similar to those found in Portimão’s coastal area. Any 

replication of the model presented in this research inevitably involves adjustments 

that rely on the specific characteristics (e.g., LULC spatial pattern, urban and 

demographic dimension) and on the legal and juridical planning framework of each 

geographic context.  

Finally, another original contribution of the proposed methodology is in the 

comparative analysis between the LULC change models generated by CAMLucc, the 

actual LULC composition of the study area and the qualitative territorial models (e.g. 
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urban planning schemes) desired and proposed for the municipality, which reflect the 

role of public and private agents’ actions and urban planning regarding LULC change 

(Introduction, page 5). This comparative analysis had the capacity to provide significant 

quantitative and spatially explicit results for evaluating in detail i) the effects of land-

use planning policies on past, current and future LULC change in Portimão, and ii) 

analysing the disagreements (when they occurred) between LULC transformations 

planned by land-use planning policies for the municipality and the actual LULC change 

that occurred in the study area (section VI.2, Chapter VI).  

The analysis of the CAMLucc model results along with the referred visual and 

quantitative comparative analysis prove the three assertions of the thesis’ main focus. 

Assertion #1 was proved because the visual and quantitative comparative analysis 

between planned and self-organized LULC change confirmed that most urban 

development was not dominant in urban areas proposed by the several urban land-use 

plans throughout the study period, seeming to escape the control of both guiding and 

mandatory plans. Indeed, such comparative analysis allowed us to observe that urban 

development in the municipality tended to self-organization generated by its own 

internal dynamics (private and individual initiatives). Furthermore, the results showed 

that there has always been LULC change beyond planned urban areas. We could see 

that this LULC change´s dynamics was mainly based on horizontal urban fabric, 

discontinuous urban fabric and other artificial surfaces. Consequently, assertion #2 

was also confirmed because such ‘signature’ of self-organized LULC change was 

effectively revealed in the LULC change models based on CAMLucc during the study 

period. Finally, assertion #3 was also confirmed because the calibration process of the 

CAMLucc model has demonstrated that it is very difficult, or even impossible, to 

simulate change in urban land-uses established in certain urban planning schemes for 

specific sites of the municipality. This is mainly due to the large amount of transition 

from non-urban land to urban land envisaged by some urban land-use plans in highly 

restricted areas, such as wetlands and agroforestry areas. As the CAMLucc focus was 

to let the land show its intrinsic urban suitability according to the several spatial 

determinants and constraint rules used, we can expect that protected/restricted areas 



210 
 

will experience minimum urban development if no information regarding such urban 

land-use plans is directly incorporated into the CA- based model.  

 

Towards the replication of the proposed methodology to measure, analyse and model 

LULC change dynamics in the framework of the formal planning process 

 

This research suggests that there are two different ways of understanding and 

interpreting the LULC structure and dynamics of a territory: the qualitative territorial 

models and the quantitative territorial models. Instead of arguing that one is more 

relevant than the other, we suggest that they are both inextricably linked to the 

success in LULC change interpretation and modelling at a fine spatial scale. Usually, 

planners and policy-makers have a tendency to conduct and implement urban 

planning towards linear thinking in the perception of cause and effect. It turns out that 

self-organizing and very dynamic evolving phenomena, including LULC change, are far 

from equilibrium conditions and as a result are represented by nonlinearities (Batty, 

1995, 2008; Mainzer, 1997; Portugali, 2000). Complexity-orientated models, such as 

the CAMLucc model, offer ways to analyse and model urban phenomena in a non-

causal manner. We stress the importance of both approaches. The comparative 

analysis between the LULC change models generated by CAMLucc, the actual LULC 

change of the study area and the municipal political decision-making presented in this 

research has demonstrated that the qualitative territorial models (which are usually 

produced by planners and politicians through a rational planning approach) were very 

effective on LULC change (specifically, on changes to vertical urban fabric) in certain 

time gaps in the study period. The results also indicate that we can expect land-use 

planning policies to have strong impact on future LULC change (specifically, on changes 

to vertical urban fabric and horizontal urban fabric), especially towards the compact 

city by the densification of existing urban areas. However, there is a self-organization 

process of LULC change in the study area that escapes the top-down planning strategy 

and it is not found in urban planning schemes. Self-organization regarding LULC change 

is effectively revealed through simulation. The case study shows this evidence. 

Combined together, qualitative territorial models (e.g. urban planning schemes) and 
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quantitative territorial models (LULC change models generated by CAMLucc) have 

proven to have a strong potential to explain and cope with the complexity of LULC 

change, providing high reliability regarding the simulated models of LULC change in a 

coastal area with rapid tourism development. 

The proposed GIS-based methodology for measuring, analysing, modelling and 

predicting LULC change is able to provide accurate quantitative descriptions and visual 

analysis of past and current LULC change spatial patterns. Furthermore, it adequately 

provides a tool for simulating the emerging LULC change patterns, which in turn is 

capable of producing more assertive information to design specific land-use planning 

policies, such as the Municipal land use plans (Planos municipais de ordenamento do 

território). To be effective, a plan should be, on the one hand, guided by a strict 

analysis of the structure and dynamics of a territory that it seeks to control. On the 

other hand, it should be capable of predicting, with a certain degree of reliability, the 

probable results of the desired planning strategy. On the two steps of the urban 

planning process, namely the diagnosis and the prognosis, the rigorous analytical and 

predictive CA-based models have already proven to be crucial. Even so, in what 

regards the regular practice of the urban planning process, particularly at the 

municipal level, the Portuguese Public Administration has never implemented a 

quantitative territorial model, which is more rigid from the point of view of the rules 

construction. We argue that the integration of simulation models into Plan design is 

highly recommended. The goal is not to turn the Plan into a quantitative model of 

land-use change, but confronting the current LULC composition of a territory, with the 

diverse planning strategies proposed by technicians and politicians and simulations of 

LULC change independent of such strategies (Figure 77). 

If accepted in the Portuguese legal and juridical framework that the 

methodological approach herein presented is important in the context of designing 

Municipal land-use plans, there are a number of technological and informational 

opportunities for its implementation. Currently, there is a good level of GIS application 

among Portuguese urban planning services to support land management. Most local 

planning teams are well equipped and manage spatial databases (with good quality 

levels) with GIS tools (Santos et al., 2011). Furthermore, accurate multi-resolution 
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imagery is now becoming widely acquired and maintained by regional and local public 

services (Batista e Silva et al., 2012a).  

 

 

 

 

Figure 77 –Illustration of tree maps of the study area showing the actual LULC composition on the left, 
the proposed qualitative territorial models in the middle and a predictive model of LULC change on the 
right. In the regular practice of the land-use planning process, both actual LULC composition of a 
territory and proposed land-use planning strategies along with simulations models of LULC change 
should be confronted.  

 

Therefore, the use of the proposed methodology to support the design, 

evaluation and monitoring of Municipal land-use plans over time is well justified and 

we are confident that it has great potential for the formal design of the Municipal 

Master Plans (this urban planning tool specifically given its strong territorial impact) so 

that their purposes are met effectively. When integrating the proposed methodology 

and Municipal Master Plans, the planning teams can organize their spatial information 

(e.g., LULC datasets) according to common harmonization criteria in order to promote 

compatibility and comparability of historical LULC datasets through time and space. 

This will enable basing urban planning on long-time LULC series to implement 

adequate methods for the quantification and interpretation of the spatial pattern of 

urban growth and LULC change, but most significantly to simulate with a remarkable 

level of reality the future dynamics of urban growth and LULC change patterns. 

Furthermore, the CAMLucc model has revealed i) past, current and future urban LULC 
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change trends which are in conflict with planned zoning, ii) ‘hotspots’ of unplanned 

urban development, and iii) locations where the greatest urban growth and major 

LULC changes will take place, contributing to fine-tune the Municipal Master Plan as 

well to support its further analysis.  

In this sense, we stress the importance and the need for reviewing the 

elements that accompany the formalization of Official Municipal Master Plans. 

Considering the results of this research, as well as the Legal Framework of the 

Instruments for Territorial Management (Regime Jurídico dos Instrumentos de Gestão 

Territorial - RJIGT) (Law 380/99, of 22 September, paragraph 2 of article 86) and the 

Ministerial Order 137/2005, of 2 February (article 1, point b), determine that the 

Official Plan is accompanied by a ‘current situation’ map (which represents the current 

LULC composition at the time the Plan is produced) similarly it make sense that the 

Official Plan be also accompanied by simulation maps of future LULC change. 

We expect the measurement, analysis and modelling of LULC change 

quantitatively and visually, as shown in the research herein presented, can add great 

value to urban planners and decision makers, for the future planning of modern 

Portuguese municipalities. We also believe that this methodology has a great potential 

to assist the formal design of the Municipal Master Plans.  
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ANNEXES 

ANNEX 1 - Summary of the main topological relationships imposed to the 

LULC datasets features (retrieved from ArcINFO Help 10 article 

Geodatabase topology rules and topology error fixes). 

 

 

Line topology rule Description  

No overlapping lines This rule was used to 

guarantee that line 

segments were not 

duplicated. 

 

No pseudo nodes 

 

This rule was used to ensure 

that lines do not connect to 

themselves.  

No dangles 

 

This rule was used when 

lines should connect to 

other lines.  

All lines are single part 

 

This rule was used to create 

single-part line features 

from a multipart line feature 

that was in error. 

 

Polygon topology rule Description  

No gaps in polygons This rule was used to ensure 

that the municipality area 

was completely covered.  

No overlapping polygons This rule was applied to 

guarantee that an area could 

not belong to two or more 

polygons. 
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ANNEX 2 – Summary of the quality indexes and the coefficient of 

agreement used in the error matrix and their computations (Paine and 

Kiser, 2012). 

 

Classification accuracy assessment Computation

Overall accuracy Sum of the points of the diagonal of the matrix divided by the total number of all points.

Producer´s accuracy Proportion of individual diagonal cell points to the column sum of each category.

User's accuracy Proportion of the individual diagonal cell points to the row sum of each category.

Omission error Proportion of the total of the off-diagonal column cells to the column sum of each category.

Comission error Proportion of the total of the off-diagonal row cells to the row sum of each category.

K hat Statistic developed from KAPPA analysis as a coefficient of agreement between reference data

and the interpretation data in which the chance agreement was removed (Paine and Kiser, 2012).

The Khat statistic computation closely followed Bishop, Fienber and Holland (1975)

 and Cohen (1960):

where 
r  is the number of categories in the error matrix;

x ii is the number of points in row i  and column i ;

x i+  is the total number of points in row i

x +1  is the total number of points in column i

N  is the total number of sample points included in the error matrix.

𝐾ℎ𝑎𝑡 =
� 𝑥𝑖𝑖 −  � (𝑥𝑖+ × 𝑥+1)𝑟

𝑖=1
𝑟
𝑖=1

𝑁2 − � (𝑥𝑖+ × 𝑥+1)𝑟
𝑖=1
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ANNEX 3 – Error matrix and derived thematic accuracy indexes for the LULC 2010. 
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Vertical urban fabric 98 2 100 98 2.0 Overall 
Horizontal urban fabric 100 100 100 0.0 accuracy (%): 96.9

Car Parks 99 1 100 99 1.0 Kappa (%): 96.8

Discontinuous Urban fabric 2 98 100 98 2.0

Sparsely discontinuos urban fabric 100 100 100 0.0

Industry 93 5 2 100 93 7.0

Commerce 5 87 8 100 87 13.0

Agricultural facilities 100 100 100 0.0

Public and private facilities 98 2 100 98 2.0

Power supply 100 100 100 0.0

Water supply 100 100 100 0.0

Sewage and water disposal 99 1 100 99 1.0

Road 100 100 100 0.0

Railway 100 100 100 0.0

Port terminal 100 100 100 0.0

Yachting marina 100 100 100 0.0

LULC 2010 Aerodrome 100 100 100 0.0

Landfill 100 100 100 0.0

Scrap 16 84 100 84 16.0

Construction sites 8 92 100 92 8.0

Abandoned areas 100 100 100 0.0

Parks, gardens 100 100 100 0.0

Cemeteries 100 100 100 0.0

Golf courses 100 100 100 0.0

Other sport facilities 100 100 100 0.0

Camping 100 100 100 0.0

Other leisure facilities 31 69 100 69 31.0

Cultural facilities, historical sites 1 99 100 99 1.0

 Agricultural areas 1 97 1 1 100 97 3.0

Forest 91 3 6 100 91 9.0

Natural grasslands 100 100 100 0.0

Shrubs 100 100 100 0.0

Open forests, cuts and new plantations 100 100 100 0.0

Beaches, dunes, sands 100 100 100 0.0

Bare rocks 2 98 100 98 2.0

Sparsely vegetated areas 3 6 1 4 3 81 2 100 81 19.0

Burnt areas 1 99 100 99 1.0
Wetlands 100 100 100 0.0

TOTAL 98 102 102 111 100 109 87 100 103 100 100 99 100 100 102 100 100 100 84 108 134 100 100 100 104 100 69 99 100 91 100 105 106 105 98 82 99 103 3800

Producer´s accuracy (%) 100 98 97 88.3 100 85.3 100 100 95 100 100 100 100 100 98 100 100 100 100 85.2 74.6 100 100 100 96 100 100 100 97 100 100 95 94 95 100 99 100 97

Omission error (%) 0.0 2.0 2.9 11.7 0.0 14.7 0.0 0.0 4.9 0.0 0.0 0.0 0.0 0.0 2.0 0.0 0.0 0.0 0.0 14.8 25.4 0.0 0.0 0.0 3.8 0.0 0.0 0.0 3.0 0.0 0.0 4.8 5.7 4.8 0.0 1.2 0.0 2.9  
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ANNEX 4 – LULC areas (ha) and percentage of LULC areas in the study area over the 1947-2010 period. 

Area (ha) % Area (ha) % Area (ha) % Area (ha) % Area (ha) % Area (ha) % Area (ha) % Area (ha) %

Artificial surfaces Continuous vertical urban fabric 0.51 0.00 0.93 0.01 12.42 0.07 22.56 0.12 50.41 0.28 72.60 0.40 90.14 0.50 127.89 0.70

Continuous horizontal urban fabric 17.91 0.10 22.66 0.12 57.05 0.31 65.52 0.36 97.89 0.54 121.99 0.67 126.40 0.69 144.69 0.79

Car parks 0.00 0.00 0.88 0.00 1.51 0.01 3.94 0.02 6.81 0.04 11.80 0.06 19.10 0.10 31.25 0.17

Discontinuous urban fabric 94.98 0.52 117.22 0.64 102.57 0.56 111.90 0.61 252.67 1.39 327.62 1.80 367.68 2.02 489.63 2.69

Sparse discontinuous urban fabric 66.80 0.37 71.37 0.39 87.94 0.48 111.66 0.61 138.84 0.76 140.37 0.77 157.03 0.86 191.04 1.05

Industry 10.94 0.06 9.28 0.05 11.23 0.06 16.82 0.09 35.67 0.20 56.21 0.31 59.50 0.33 72.76 0.40

Commerce 0.00 0.00 0.11 0.00 0.82 0.00 0.82 0.00 2.85 0.02 7.64 0.04 10.69 0.06 40.70 0.22

Agricultural facilities 2.99 0.02 2.99 0.02 2.99 0.02 2.97 0.02 5.98 0.03 6.91 0.04 8.96 0.05 10.52 0.06

Public and private facilities 0.60 0.00 1.45 0.01 6.40 0.04 6.92 0.04 19.64 0.11 38.38 0.21 51.70 0.28 210.52 1.16

Power supply - non-renewable energy 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 5.09 0.03

Water supply 0.00 0.00 0.00 0.00 0.00 0.00 1.30 0.01 2.87 0.02 3.79 0.02 3.76 0.02 4.79 0.03

Sewage and waste disposal 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 26.62 0.15 28.30 0.16 31.34 0.17 31.34 0.17

Road network and associated land 173.20 0.95 180.12 0.99 203.81 1.12 216.91 1.19 293.34 1.61 334.13 1.84 357.05 1.96 473.88 2.60

Rail network and associated land 8.23 0.05 8.23 0.05 8.32 0.05 8.48 0.05 8.48 0.05 8.47 0.05 8.47 0.05 8.46 0.05

Port terminal 0.00 0.00 1.35 0.01 1.24 0.01 1.24 0.01 1.24 0.01 7.68 0.04 7.98 0.04 7.98 0.04

Shipyards and docks 2.33 0.01 2.40 0.01 2.40 0.01 1.49 0.01 1.53 0.01 1.82 0.01 16.75 0.09 15.65 0.09

Aerodrome 0.00 0.00 0.00 0.00 0.00 0.00 14.41 0.08 14.74 0.08 14.74 0.08 14.74 0.08 14.74 0.08

Landfill 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 24.08 0.13 30.62 0.17

Scrap 0.00 0.00 0.68 0.00 0.68 0.00 0.40 0.00 1.28 0.01 5.79 0.03 3.19 0.02 1.68 0.01

Construction sites 0.00 0.00 0.00 0.00 3.99 0.02 3.72 0.02 30.25 0.17 34.73 0.19 89.92 0.49 207.07 1.14

Abandoned areas 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.68 0.00 7.16 0.04 7.16 0.04 6.36 0.03

Parks, gardens 1.51 0.01 2.03 0.01 6.56 0.04 11.60 0.06 20.95 0.12 34.66 0.19 39.99 0.22 58.35 0.32

Cemeteries 2.12 0.01 2.10 0.01 2.10 0.01 2.10 0.01 3.27 0.02 3.27 0.02 3.27 0.02 3.27 0.02

Golf courses 0.00 0.00 0.00 0.00 47.59 0.26 65.05 0.36 79.69 0.44 116.91 0.64 142.81 0.78 250.85 1.38

Other sport facilities 0.00 0.00 0.00 0.00 3.69 0.02 5.35 0.03 10.87 0.06 17.65 0.10 17.07 0.09 20.26 0.11

Camping 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 6.56 0.04 7.54 0.04 7.54 0.04 7.54 0.04

Other leisure facilities 0.00 0.00 0.00 0.00 2.26 0.01 4.03 0.02 5.73 0.03 6.89 0.04 7.45 0.04 17.75 0.10

Cultural facilities, historical sites 2.45 0.01 2.46 0.01 3.83 0.02 3.96 0.02 6.13 0.03 6.27 0.03 6.97 0.04 7.33 0.04

Total 384.00 2.11 426.00 2.34 569.00 3.13 683.00 3.75 1,125.00 6.18 1,423.00 7.82 1,680.00 9.23 2,492.00 13.69

Agricultural areas Agricultural areas 9,256.53 50.84 8,667.73 47.61 8,571.23 47.08 8,431.42 46.31 7,391.28 40.60 6,688.95 36.74 6,267.54 34.42 5,766.69 31.67

Forest and Forest 945.47 5.19 922.84 5.07 1,141.97 6.27 1,345.89 7.39 1,660.09 9.12 2,322.52 12.76 2,658.13 14.60 2,843.54 15.62

semi-natural areas Natural grasslands 52.46 0.29 66.68 0.37 71.12 0.39 73.80 0.41 73.84 0.41 80.01 0.44 119.95 0.66 110.85 0.61

Shrubs 6,180.24 33.94 6,719.26 36.91 6,603.53 36.27 6,352.09 34.89 6,597.21 36.23 6,275.21 34.47 5,973.24 32.81 5,763.18 31.65

Open forests, cuts and new plantations 47.92 0.26 85.93 0.47 136.43 0.75 201.89 1.11 152.98 0.84 193.40 1.06 318.50 1.75 49.83 0.27

Beaches, dunes and sands 173.08 0.95 123.48 0.68 110.43 0.61 103.29 0.57 104.09 0.57 92.58 0.51 84.55 0.46 83.55 0.46

Bare rocks 33.70 0.19 16.48 0.09 17.21 0.09 18.38 0.10 20.26 0.11 22.89 0.13 20.14 0.11 22.96 0.13

Sparsely vegetated areas 1.54 0.01 5.93 0.03 14.90 0.08 22.79 0.13 91.24 0.50 62.61 0.34 85.54 0.47 45.65 0.25

Burnt areas 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.54 0.01 38.89 0.21 0.00 0.00 1.12 0.01

Total 7434.00 40.84 7940.00 43.62 8095.00 44.47 8118.00 44.59 8701.00 47.79 9088.00 49.92 9260.00 50.87 8905.00 48.92

Wetlands Wetlands 562.84 3.09 572.74 3.15 427.71 2.35 425.86 2.34 386.52 2.12 390.54 2.15 403.23 2.21 441.01 2.42

Water bodies Water bodies 568.47 3.12 599.49 3.29 542.86 2.98 548.25 3.01 602.75 3.31 615.89 3.38 595.23 3.27 585.87 3.22

1972 1987 1995 2000 2010
Level I categories  Level V categories

1947 1958 1968
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a b

1958 0.93 8

1968 0.8 9.5

Transportation 1972 0.8 9.8

newtork density Sigmoidal 1987 0.8 11.3

1995 0.93 13

2000 0.8 13.5

2010 0.1 13.5

Spatial determinant Fuzzy function Year
Inflection points

ANNEX 5 – Specification membership values for transportation network 

density index.  
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ANNEX 6 – Specification membership values for STC surface variable.  

 

a b

1958 TUVa 0.0000 0.0001

TUHb 0.0000 0.0006

TUD
c

0.0000 0.0033

TUDEd 0.0000 0.0009

OAA
e

0.0000 0.0018

1968 TUV 0.0000 0.0021

TUH 0.0000 0.0040

TUD 0.0000 0.0023

TUDE 0.0000 0.0014

OAA 0.0000 0.0090

1972 TUV 0.0000 0.0021

TUH 0.0000 0.0009

TUD 0.0000 0.0022

TUDE 0.0000 0.0013

OAA 0.0000 0.0040

STC 1987 TUV 0.0000 0.0041

surfaces Sigmoidal TUH 0.0000 0.0034

TUD 0.0000 0.0130

TUDE 0.0000 0.0025

OAA 0.0000 0.0230

1995 TUV 0.0000 0.0040

TUH 0.0000 0.0029

TUD 0.0000 0.0100

TUDE 0.0000 0.0013

OAA 0.0000 0.0250

2000 TUV 0.0000 0.0030

TUH 0.0000 0.0008

TUD 0.0000 0.0060

TUDE 0.0000 0.0012

OAA 0.0000 0.0180

2010 TUV 0.0000 0.0700

TUH 0.0000 0.0030

TUD 0.0000 0.0170

TUDE 0.0000 0.0040

OAA 0.0000 0.0456

Spatial determinant Fuzzy function Year
Inflection points

Category

 

Notes: 
a
 Vertical urban fabric; 

b 
horizontal urban fabric; c 

discontinuous urban fabric; 
d 

sparsely 
discontinuous urban fabric and 

e 
other artificial surfaces. 

 



255 

 

c d

1958 TUV 500 8000

TUH 500 6000

TUD 500 2000

TUDE 500 2000

OAA 500 1800

AUAa 500 1800

1968 TUV 500 9000

TUH 500 8000

TUD 500 4000

TUDE 500 3000

OAA 500 2000

AUA 500 3000

1972 TUV 500 9000

TUH 500 6000

TUD 500 3000

TUDE 500 2000

OAA 500 2000

AUA 500 1500

Distance from 1987 TUV 500 9000

existing land-use Sigmoidal TUH 500 6000

categories TUD 500 4000

TUDE 500 3000

OAA 500 2500

AUA 500 1500

1995 TUV 500 8000

TUH 500 8000

TUD 500 7105

TUDE 500 4029

OAA 500 3000

AUA 500 3000

2000 TUV 500 8000

TUH 500 8000

TUD 500 7000

TUDE 500 4020

OAA 500 2000

AUA 500 1000

2010 TUV 500 8500

TUH 500 7400

TUD 500 4600

TUDE 500 1800

OAA 500 1500

AUA 500 1500

Spatial determinant Fuzzy function Year Category
Inflection points

ANNEX 7 – Specification membership values for distance from existing 

land-use category variable.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: a Distance from all existing urban areas. 
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TUV TUH TUD TUDE OAA NBa

1958 - 1968 Guiding plans:

Urban plans *

Mandatory plans:

Planning permits * *

Urban plans

1968 - 1972 Guiding plans:

Urban plans

Mandatory plans:

Planning permits

Urban plans

1972 - 1987 Guiding plans:

Urban plans * * * *

Mandatory plans:

Planning permits * * *

Urban plans

1987 - 1995 Guiding plans:

Urban plans * * * *

Mandatory plans:

Planning permits * * *

Urban plans

1995 - 2000 Mandatory plans:

Planning permits * * * *

Urban plans

Master Plan * * * *

2000 - 2010 Mandatory plans:

Planning permits * * * *

Urban plans

Master Plan * * * *

2010 - 2020/25 Mandatory plans:

Planning permits * * * *

Urban plans

Master Plan * * * *

Modelling period
Category

Spatial determinant

ANNEX 8 – Assignment of each urban planning scheme type for land-

uses categories used in the CAMLucc model.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: 
a
 Non-built category. 
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ANNEX 9 – Pearson correlation coefficients of independent variables for 

each modelling period.  

 

TUV CORR Matrix Dist_CL Dist_ existing_TUV IDRV Slope STC_TUV 

Dist_CL 1.000 0.696 0.480 0.346 0.772

Dist_ existing_TUV 0.696 1.000 0.504 0.328 0.938

IDRV 0.480 0.504 1.000 0.332 0.487

Slope 0.346 0.328 0.332 1.000 0.300

STC_TUV 0.772 0.938 0.487 0.300 1.000

TUH CORR Matrix Dist_CL Dist_ existing_TUH IDRV Slope STC_TUH 

Dist_CL 1.000 0.664 0.567 0.474 0.779

Dist_ existing_TUH 0.664 1.000 0.714 0.727 0.824

IDRV 0.567 0.714 1.000 0.591 0.664

Slope 0.474 0.727 0.591 1.000 0.556

STC_TUH 0.779 0.824 0.664 0.556 1.000

TUD CORR Matrix Dist_CL Dist_ existing_TUD IDRV Slope STC_TUD Dist_AS 

Dist_CL 1.000 0.526 0.567 0.474 0.768 0.286

Dist_ existing_TUD 0.526 1.000 0.689 0.729 0.705 0.666

IDRV 0.567 0.689 1.000 0.591 0.690 0.590

Slope 0.474 0.729 0.591 1.000 0.640 0.694

STC_TUD 0.768 0.705 0.690 0.640 1.000 0.543

Dist_AS 0.286 0.666 0.590 0.694 0.543 1.000

TUDE CORR Matrix Dist_CL Dist_ existing_TUDE IDRV Slope STC_TUDE Dist_AS 

Dist_CL 1.000 0.404 0.567 0.474 0.626 0.286

Dist_ existing_TUDE 0.404 1.000 0.623 0.768 0.623 0.670

IDRV 0.567 0.623 1.000 0.591 0.692 0.590

Slope 0.474 0.768 0.591 1.000 0.739 0.694

STC_TUDE 0.626 0.623 0.692 0.739 1.000 0.682

Dist_AS 0.286 0.670 0.590 0.694 0.682 1.000

OAA CORR Matrix Dist_CL Dist_ existing_OAA IDRV Slope STC_OAA

Dist_CL 1.000 0.420 0.567 0.474 0.802

Dist_ existing_OAA 0.420 1.000 0.672 0.672 0.611

IDRV 0.567 0.672 1.000 0.591 0.719

Slope 0.474 0.672 0.591 1.000 0.657

STC_OAA 0.802 0.611 0.719 0.657 1.000

NB CORR Matrix Dist_CL Dist_ existing_AUA IDRV Slope 

Dist_CL 1.000 0.413 0.567 0.474

Dist_ existing_AUA 0.413 1.000 0.661 0.768

IDRV 0.567 0.661 1.000 0.591

Slope 0.474 0.768 0.591 1.000

Land-use category
Modelling period

1958 - 1968

 

(Continued) 

Note: Bold type specifies pairs of explanatory variables outside the Berry and Felman limits r > -0.85 or r 

< 0.85, meaning that for these pairs only one variable will be selected for regression modelling.  
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Annex 9. (Continued).  

TUV CORR Matrix Dist_CL Dist_ existing_TUV IDRV Slope STC_TUV 

Dist_CL 1.000 0.788 0.616 0.474 0.781

Dist_ existing_TUV 0.788 1.000 0.688 0.654 0.857

IDRV 0.616 0.688 1.000 0.590 0.645

Slope 0.474 0.654 0.590 1.000 0.507

STC_TUV 0.781 0.857 0.645 0.507 1.000

TUH CORR Matrix Dist_CL Dist_ existing_TUH IDRV Slope STC_TUH 

Dist_CL 1.000 0.548 0.616 0.474 0.751

Dist_ existing_TUH 0.548 1.000 0.706 0.835 0.741

IDRV 0.616 0.706 1.000 0.590 0.695

Slope 0.474 0.835 0.590 1.000 0.639

STC_TUH 0.751 0.741 0.695 0.639 1.000

TUD CORR Matrix Dist_CL Dist_ existing_TUD IDRV Slope STC_TUD Dist_AS 

Dist_CL 1.000 0.451 0.616 0.474 0.644 0.236

Dist_ existing_TUD 0.451 1.000 0.630 0.451 0.736 0.844

IDRV 0.616 0.630 1.000 0.616 0.684 0.526

Slope 0.474 0.451 0.616 1.000 0.696 0.718

STC_TUD 0.644 0.736 0.684 0.696 1.000 0.522

Dist_AS 0.236 0.844 0.526 0.718 0.522 1.000

TUDE CORR Matrix Dist_CL Dist_ existing_TUDE IDRV Slope STC_TUDE Dist_AS 

Dist_CL 1.000 0.382 0.616 0.474 0.622 0.236

Dist_ existing_TUDE 0.382 1.000 0.571 0.785 0.730 0.888

IDRV 0.616 0.571 1.000 0.590 0.736 0.526

Slope 0.474 0.785 0.590 1.000 0.772 0.718

STC_TUDE 0.622 0.730 0.736 0.772 1.000 0.644

Dist_AS 0.236 0.888 0.526 0.718 0.644 1.000

OAA CORR Matrix Dist_CL Dist_ existing_OAA IDRV Slope STC_OAA

Dist_CL 1.000 0.396 0.616 0.474 0.626

Dist_ existing_OAA 0.396 1.000 0.591 0.782 0.644

IDRV 0.616 0.591 1.000 0.590 0.678

Slope 0.474 0.782 0.590 1.000 0.702

STC_OAA 0.626 0.644 0.678 0.702 1.000

NB CORR Matrix Dist_CL Dist_ existing_AUA IDRV Slope 

Dist_CL 1.000 0.370 0.616 0.474

Dist_ existing_AUA 0.370 1.000 0.549 0.789

IDRV 0.616 0.549 1.000 0.590

Slope 0.474 0.789 0.590 1.000

Land-use category
Modelling period

1968 - 1972

 

(Continued) 
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Annex 9. (Continued).  

TUV CORR Matrix Dist_CL Dist_ existing_TUV IDRV Slope STC_TUV 

Dist_CL 1.000 0.761 0.560 0.345 0.765

Dist_ existing_TUV 0.761 1.000 0.571 0.420 0.779

IDRV 0.560 0.571 1.000 0.351 0.561

Slope 0.345 0.420 0.351 1.000 0.307

STC_TUV 0.765 0.779 0.561 0.307 1.000

TUH CORR Matrix Dist_CL Dist_ existing_TUH IDRV Slope STC_TUH 

Dist_CL 1.000 0.569 0.560 0.345 0.643

Dist_ existing_TUH 0.569 1.000 0.653 0.513 0.663

IDRV 0.560 0.653 1.000 0.351 0.537

Slope 0.345 0.513 0.351 1.000 0.416

STC_TUH 0.643 0.663 0.537 0.416 1.000

TUD CORR Matrix Dist_CL Dist_ existing_TUD IDRV Slope STC_TUD Dist_AS 

Dist_CL 1.000 0.397 0.560 0.345 0.600 -0.176

Dist_ existing_TUD 0.397 1.000 0.507 0.392 0.657 0.094

IDRV 0.560 0.507 1.000 0.351 0.539 0.144

Slope 0.345 0.392 0.351 1.000 0.434 0.044

STC_TUD 0.600 0.657 0.539 0.434 1.000 -0.062

Dist_AS -0.176 0.094 0.144 0.044 0.372 1.000

TUDE CORR Matrix Dist_CL Dist_ existing_TUDE IDRV Slope STC_TUDE Dist_AS 

Dist_CL 1.000 0.188 0.560 0.345 0.188 -0.176

Dist_ existing_TUDE 0.188 1.000 0.368 0.147 0.438 0.149

IDRV 0.560 0.368 1.000 0.351 0.341 0.144

Slope 0.345 0.147 0.351 1.000 0.251 0.044

STC_TUDE 0.188 0.438 0.341 0.251 1.000 0.212

Dist_AS -0.176 0.149 0.144 0.044 0.212 1.000

OAA CORR Matrix Dist_CL Dist_ existing_OAA IDRV Slope STC_OAA

Dist_CL 1.000 0.205 0.560 0.345 0.491

Dist_ existing_OAA 0.205 1.000 0.361 0.183 0.375

IDRV 0.560 0.361 1.000 0.351 0.517

Slope 0.345 0.183 0.351 1.000 0.457

STC_OAA 0.491 0.375 0.517 0.457 1.000

NB CORR Matrix Dist_CL Dist_ existing_AUA IDRV Slope 

Dist_CL 1.000 0.184 0.560 0.345

Dist_ existing_AUA 0.184 1.000 0.344 0.156

IDRV 0.560 0.344 1.000 0.351

Slope 0.345 0.156 0.351 1.000

Land-use category
Modelling period

1972 - 1987

 

(Continued) 
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Annex 9. (Continued).  

TUV CORR Matrix Dist_CL Dist_ existing_TUV IDRV Slope STC_TUV 

Dist_CL 1.000 0.619 0.641 0.474 0.753

Dist_ existing_TUV 0.619 1.000 0.705 0.741 0.801

IDRV 0.641 0.705 1.000 0.599 0.727

Slope 0.474 0.741 0.599 1.000 0.567

STC_TUV 0.753 0.801 0.727 0.567 1.000

TUH CORR Matrix Dist_CL Dist_ existing_TUH IDRV Slope STC_TUH 

Dist_CL 1.000 0.577 0.641 0.474 0.677

Dist_ existing_TUH 0.577 1.000 0.743 0.795 0.852

IDRV 0.641 0.743 1.000 0.599 0.707

Slope 0.474 0.795 0.599 1.000 0.679

STC_TUH 0.677 0.852 0.707 0.679 1.000

TUD CORR Matrix Dist_CL Dist_ existing_TUD IDRV Slope STC_TUD Dist_AS 

Dist_CL 1.000 0.485 0.641 0.474 0.611 0.217

Dist_ existing_TUD 0.485 1.000 0.672 0.806 0.860 0.750

IDRV 0.641 0.672 1.000 0.599 0.709 0.502

Slope 0.474 0.806 0.599 1.000 0.724 0.710

STC_TUD 0.611 0.860 0.709 0.724 1.000 0.574

Dist_AS 0.217 0.750 0.502 0.710 0.574 1.000

TUDE CORR Matrix Dist_CL Dist_ existing_TUDE IDRV Slope STC_TUDE Dist_AS 

Dist_CL 1.000 0.366 0.641 0.474 0.439 0.217

Dist_ existing_TUDE 0.366 1.000 0.562 0.780 0.919 0.855

IDRV 0.641 0.562 1.000 0.599 0.644 0.502

Slope 0.474 0.780 0.599 1.000 0.780 0.502

STC_TUDE 0.439 0.919 0.644 0.780 1.000 0.824

Dist_AS 0.217 0.855 0.502 0.502 0.824 1.000

OAA CORR Matrix Dist_CL Dist_ existing_OAA IDRV Slope STC_OAA

Dist_CL 1.000 0.380 0.641 0.474 0.697

Dist_ existing_OAA 0.380 1.000 0.570 0.788 0.604

IDRV 0.641 0.570 1.000 0.599 0.715

Slope 0.474 0.788 0.599 1.000 0.669

STC_OAA 0.697 0.604 0.715 0.669 1.000

NB CORR Matrix Dist_CL Dist_ existing_AUA IDRV Slope 

Dist_CL 1.000 0.384 0.641 0.474

Dist_ existing_AUA 0.384 1.000 0.584 0.770

IDRV 0.641 0.584 1.000 0.599

Slope 0.474 0.770 0.599 1.000

Land-use category
Modelling period

1987 - 1995
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Annex 9. (Continued).  

TUV CORR Matrix Dist_CL Dist_ existing_TUV IDRV Slope STC_TUV 

Dist_CL 1.000 0.596 0.613 0.346 0.792

Dist_ existing_TUV 0.596 1.000 0.569 0.426 0.726

IDRV 0.613 0.569 1.000 0.358 0.722

Slope 0.346 0.426 0.358 1.000 0.358

STC_TUV 0.792 0.726 0.722 0.358 1.000

TUH CORR Matrix Dist_CL Dist_ existing_TUH IDRV Slope STC_TUH 

Dist_CL 1.000 0.419 0.613 0.346 0.620

Dist_ existing_TUH 0.419 1.000 0.508 0.391 0.598

IDRV 0.613 0.508 1.000 0.358 0.590

Slope 0.346 0.391 0.358 1.000 0.396

STC_TUH 0.620 0.598 0.590 0.396 1.000

TUD CORR Matrix Dist_CL Dist_ existing_TUD IDRV Slope STC_TUD Dist_AS 

Dist_CL 1.000 0.303 0.613 0.346 0.650 -0.152

Dist_ existing_TUD 0.303 1.000 0.387 0.425 0.573 0.239

IDRV 0.613 0.387 1.000 0.358 0.633 0.113

Slope 0.346 0.425 0.358 1.000 0.465 0.120

STC_TUD 0.650 0.573 0.633 0.465 1.000 0.036

Dist_AS -0.152 0.239 0.113 0.120 0.036 1.000

TUDE CORR Matrix Dist_CL Dist_ existing_TUDE IDRV Slope STC_TUDE Dist_AS 

Dist_CL 1.000 0.111 0.613 0.346 0.540 -0.152

Dist_ existing_TUDE 0.111 1.000 0.613 0.071 0.331 -0.152

IDRV 0.613 0.613 1.000 0.358 0.580 0.113

Slope 0.346 0.071 0.358 1.000 0.477 0.120

STC_TUDE 0.540 0.331 0.580 0.477 1.000 0.193

Dist_AS -0.152 -0.152 0.113 0.120 0.193 1.000

OAA CORR Matrix Dist_CL Dist_ existing_OAA IDRV Slope STC_OAA

Dist_CL 1.000 0.181 0.613 0.346 0.739

Dist_ existing_OAA 0.181 1.000 0.258 0.149 0.259

IDRV 0.613 0.258 1.000 0.358 0.678

Slope 0.346 0.149 0.358 1.000 0.437

STC_OAA 0.739 0.259 0.678 0.437 1.000

NB CORR Matrix Dist_CL Dist_ existing_AUA IDRV Slope 

Dist_CL 1.000 0.147 0.613 0.346

Dist_ existing_AUA 0.147 1.000 0.209 0.105

IDRV 0.613 0.209 1.000 0.358

Slope 0.346 0.105 0.358 1.000

Land-use category
Modelling period

1995 - 2000
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Annex 9. (Continued).  

TUV CORR Matrix Dist_CL Dist_ existing_TUV IDRV Slope STC_TUV 

Dist_CL 1.000 0.594 0.650 0.345 0.817

Dist_ existing_TUV 0.594 1.000 0.582 0.426 0.742

IDRV 0.650 0.582 1.000 0.360 0.755

Slope 0.345 0.426 0.360 1.000 0.373

STC_TUV 0.817 0.742 0.755 0.373 1.000

TUH CORR Matrix Dist_CL Dist_ existing_TUH IDRV Slope STC_TUH 

Dist_CL 1.000 0.418 0.650 0.345 0.735

Dist_ existing_TUH 0.418 1.000 0.508 0.390 0.615

IDRV 0.650 0.508 1.000 0.360 0.681

Slope 0.345 0.390 0.360 1.000 0.459

STC_TUH 0.735 0.615 0.681 0.459 1.000

TUD CORR Matrix Dist_CL Dist_ existing_TUD IDRV Slope STC_TUD Dist_AS 

Dist_CL 1.000 0.303 0.650 0.345 0.697 -0.145

Dist_ existing_TUD 0.303 1.000 0.391 0.426 0.537 0.158

IDRV 0.650 0.391 1.000 0.360 0.663 0.111

Slope 0.345 0.426 0.360 1.000 0.459 0.115

STC_TUD 0.697 0.537 0.663 0.459 1.000 0.003

Dist_AS -0.145 0.158 0.111 0.115 0.003 1.000

TUDE CORR Matrix Dist_CL Dist_ existing_TUDE IDRV Slope STC_TUDE Dist_AS 

Dist_CL 1.000 0.110 0.650 0.345 0.535 -0.145

Dist_ existing_TUDE 0.110 1.000 0.215 0.070 0.248 0.118

IDRV 0.650 0.215 1.000 0.360 0.593 0.111

Slope 0.345 0.070 0.360 1.000 0.477 0.115

STC_TUDE 0.535 0.248 0.593 0.477 1.000 0.098

Dist_AS -0.145 0.118 0.111 0.115 0.098 1.000

OAA CORR Matrix Dist_CL Dist_ existing_OAA IDRV Slope STC_OAA

Dist_CL 1.000 0.201 0.650 0.345 0.481

Dist_ existing_OAA 0.201 1.000 0.290 0.201 0.242

IDRV 0.650 0.290 1.000 0.360 0.517

Slope 0.345 0.201 0.360 1.000 0.343

STC_OAA 0.481 0.242 0.517 0.343 1.000

NB CORR Matrix Dist_CL Dist_ existing_AUA IDRV Slope 

Dist_CL 1.000 0.215 0.650 0.345

Dist_ existing_AUA 0.215 1.000 0.321 0.206

IDRV 0.650 0.321 1.000 0.360

Slope 0.345 0.206 0.360 1.000

Land-use category
Modelling period

2000 - 2010
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Annex 9. (Continued).  

TUV CORR Matrix Dist_CL Dist_ existing_TUV IDRV Slope STC_TUV 

Dist_CL 1.000 0.616 0.625 0.345 0.757

Dist_ existing_TUV 0.616 1.000 0.583 0.444 0.794

IDRV 0.625 0.583 1.000 0.372 0.734

Slope 0.345 0.444 0.372 1.000 0.372

STC_TUV 0.757 0.794 0.734 0.372 1.000

TUH CORR Matrix Dist_CL Dist_ existing_TUH IDRV Slope STC_TUH 

Dist_CL 1.000 0.433 0.625 0.345 0.802

Dist_ existing_TUH 0.433 1.000 0.488 0.397 0.618

IDRV 0.625 0.488 1.000 0.372 0.718

Slope 0.345 0.397 0.372 1.000 0.454

STC_TUH 0.802 0.618 0.718 0.454 1.000

TUD CORR Matrix Dist_CL Dist_ existing_TUD IDRV Slope STC_TUD Dist_AS 

Dist_CL 1.000 0.364 0.625 0.345 0.665 -0.152

Dist_ existing_TUD 0.364 1.000 0.506 0.436 0.660 0.120

IDRV 0.625 0.506 1.000 0.372 0.659 0.047

Slope 0.345 0.436 0.372 1.000 0.472 0.079

STC_TUD 0.665 0.660 0.659 0.472 1.000 0.037

Dist_AS -0.152 0.120 0.047 0.079 0.037 1.000

TUDE CORR Matrix Dist_CL Dist_ existing_TUDE IDRV Slope STC_TUDE Dist_AS 

Dist_CL 1.000 0.112 0.625 0.345 0.628 -0.152

Dist_ existing_TUDE 0.112 1.000 0.276 0.077 0.283 0.216

IDRV 0.625 0.276 1.000 0.372 0.647 0.047

Slope 0.345 0.077 0.372 1.000 0.494 0.079

STC_TUDE 0.628 0.283 0.647 0.494 1.000 1.000

Dist_AS -0.152 0.216 0.047 0.079 0.144 0.144

OAA CORR Matrix Dist_CL Dist_ existing_OAA IDRV Slope STC_OAA

Dist_CL 1.000 0.188 0.625 0.345 -0.300

Dist_ existing_OAA 0.188 1.000 0.367 0.257 0.289

IDRV 0.625 0.367 1.000 0.372 -0.097

Slope 0.345 0.257 0.372 1.000 0.041

STC_OAA -0.300 0.289 -0.097 0.041 1.000

NB CORR Matrix Dist_CL Dist_ existing_AUA IDRV Slope 

Dist_CL 1.000 0.155 0.625 0.345

Dist_ existing_AUA 0.155 1.000 0.306 0.188

IDRV 0.625 0.306 1.000 0.372

Slope 0.345 0.188 0.372 1.000

Land-use category

2010 - 2020/25

Modelling period
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ANNEX 10 – The VIF of the explanatory variables of simulated land-use categories for each modelling period.  

The VIF factor for the kth explanatory variables can be calculated with the following formula: 

 𝑉𝐼𝐹𝑘 =
1

1 − 𝑅𝑘
2 

 
Where R

2
k is the coefficient of determination for the regression of kth on the other explanatory variables. 

Spatial determinant

R 2 VIF R 2 VIF R 2 VIF R 2 VIF R 2 VIF R 2 VIF R 2 VIF

TUV Dist_CL 0.64306 2.80159 0.67063 3.03609 0.66685 3.00169 0.58635 2.41750 0.63387 2.73129 0.67285 3.05672 0.58522 2.41092

Dist_ existing_TUV 0.52696 2.11399 0.82649 5.76346 0.70846 3.43005 0.76744 4.30000 0.56025 2.27402 0.57959 2.37863 0.65738 2.91865

IDRV 0.31562 1.46118 0.53483 2.14973 0.39351 1.64882 0.60323 2.52033 0.53897 2.16908 0.58404 2.40409 0.56839 2.31692

Slope 0.17260 1.20861 0.48664 1.94794 0.20006 1.25009 0.57036 2.32755 0.20751 1.26184 0.20504 1.25792 0.22796 1.29527

STC_TUV 0.91618 11.92976 0.77172 4.38062 0.70759 3.41982 0.76688 4.28960 0.77160 4.37828 0.81258 5.33561 0.78123 4.57093

TUH Dist_CL 0.61208 2.57782 0.58643 2.41794 0.49033 1.96205 0.51917 2.07975 0.48352 1.93618 0.58825 2.42863 0.65107 2.86591

Dist_ existing_TUH 0.79614 4.90540 0.79263 4.82225 0.60992 2.56358 0.83315 4.48898 0.41434 1.70747 0.41424 1.70720 0.41555 1.71102

IDRV 0.54494 2.19749 0.58556 2.41292 0.48670 1.94818 0.62053 2.63523 0.47970 1.92196 0.53808 2.16489 0.58559 2.41306

Slope 0.54833 2.21399 0.69778 3.30879 0.27407 1.37754 0.63240 2.72035 0.21196 1.26897 0.23155 1.30133 0.23309 1.30394

STC_TUH 0.78192 4.58556 0.72766 3.67192 0.54967 2.22060 0.77723 5.99326 0.54992 2.22185 0.69383 3.26616 0.79499 4.87772

TUD Dist_CL 0.62998 2.70258 0.52187 2.09148 0.48809 1.95347 0.52147 2.08972 0.53869 2.16773 0.58979 2.43778 0.54012 2.17446

Dist_ existing_TUD 0.67956 3.12068 0.84918 3.37278 0.48378 1.93716 0.85341 2.82165 0.40384 1.67739 0.35506 1.55053 0.48152 1.92872

IDRV 0.58779 2.42596 0.57604 2.35874 0.46840 1.88111 0.60460 2.52910 0.50390 2.01574 0.55531 2.24875 0.56779 2.31368

Slope 0.63229 2.71953 0.69542 3.28323 0.22764 1.29473 0.69684 3.29853 0.26713 1.36449 0.26815 1.36639 0.25998 1.35132

STC_TUD 0.74849 3.97600 0.70351 6.63060 0.59169 2.44913 0.80035 5.00879 0.63009 2.70339 0.64978 2.85533 0.69403 3.26825

Dist_AS 0.59315 2.45792 0.76461 4.24818 0.13305 1.15347 0.64833 2.84354 0.15567 1.18437 0.12286 1.14006 0.09031 1.09927

TUDE Dist_CL 0.49151 1.96659 0.51631 2.06742 0.40614 1.68390 0.48721 1.95010 0.50703 2.02851 0.51389 2.05714 0.51904 2.07916

Dist_ existing_TUDE 0.65178 2.87173 0.84606 4.12478 0.24825 1.33022 0.87719 2.14246 0.13170 1.15167 0.08348 1.09108 0.13360 1.15419

IDRV 0.57649 2.36121 0.60056 2.50349 0.44714 1.80879 0.58299 2.39802 0.48300 1.93422 0.53422 2.14695 0.56501 2.29889

Slope 0.70270 3.36357 0.70666 3.40905 0.17616 1.21383 0.69909 3.32322 0.25231 1.33746 0.25261 1.33799 0.25570 1.34354

STC_TUDE 0.72602 3.64987 0.75756 6.49595 0.26505 1.36064 0.88639 8.80189 0.52844 2.12063 0.47490 1.90439 0.62325 2.65431

Dist_AS 0.62113 2.63946 0.81283 5.34274 0.14933 1.17555 0.76716 4.29487 0.15797 1.18761 0.12082 1.13742 0.14699 1.17232

OAA Dist_CL 0.65296 2.88150 0.46930 1.88431 0.37950 1.61160 0.53997 2.17379 0.57071 2.32941 0.45878 1.84769 0.46816 1.88026

Dist_ existing_OAA 0.62722 2.68252 0.64846 2.84464 0.00967 1.00976 0.64584 2.82358 0.08241 1.08981 0.04081 1.04255 0.23039 1.29936

IDRV 0.60351 2.52215 0.56286 2.28762 0.42736 1.74630 0.58854 2.43035 0.50001 2.00004 0.49937 1.99750 0.46271 1.86117

Slope 0.60610 2.53872 0.68175 3.14220 0.23535 1.30778 0.68347 3.15922 0.19912 1.24863 0.18916 1.23330 0.19888 1.24825

STC_OAA 0.78509 4.65305 0.64841 2.84423 0.42442 1.73739 0.68068 3.13163 0.65215 2.87478 0.33965 1.51435 0.22013 1.28226

NB Dist_CL 0.35582 1.55237 0.40414 1.67824 0.33885 1.51252 0.42956 1.75304 0.39488 1.65256 0.43620 1.77368 0.40059 1.66830

Dist_ existing_AUA 0.65888 2.93149 0.63650 2.75105 0.12025 1.13668 0.62098 2.63836 0.04520 1.04734 0.11245 1.12670 0.08651 1.09471

IDRV 0.54316 2.18895 0.51331 2.05471 0.39446 1.65141 0.55535 2.24894 0.41287 1.70321 0.47063 1.88904 0.45257 1.82670

Slope 0.62127 2.64042 0.66993 3.02964 0.15701 1.18625 0.63889 2.76920 0.15435 1.18252 0.15980 1.19019 0.18172 1.22207

Land-use category

Modelling periods

1958 - 1968 1968 - 1972 1972 -1987 1987 - 1995 1995 - 2000 2000 - 2010 2010 - 2020/25

 

Note: Bold type specifies explanatory variables outside the Rogerson limit FIVk ≤ 5.  
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ANNEX 11 – Spatial correlation on explanatory variables for each modelling period.  

Moran’s I was calculated with the following formula: 

𝐼 =
𝑁

� 𝑖 � 𝑗 𝑤𝒊𝒋
 
� 𝑖 � 𝑗 𝑤𝑖𝑗   𝑋𝑖 − 𝑋  (𝑋𝑗 − 𝑋 )

� 𝑖 𝑋𝑖 − 𝑋  2
 

 

Where n is the number of pixels indexed by i and j, X is a given explanatory variable;  is the mean of X and Wij are spatial weights: 1 for Rook’s case and 0.70711 for King’s 

case.  

Rook's Case King's Case Rook's Case King's Case Rook's Case King's Case Rook's Case King's Case Rook's Case King's Case Rook's Case King's Case Rook's Case King's Case

Dist_CL ** 0.9966 {9} 1.0086 {7} 0.9966 {10} 1.0086 {6} 0.9966 {11} 1.0086 {9} 0.9966 {9} 1.0086 {5} 0.9966 {9} 1.0086 {12} 0.9966 {10} 1.0086 {9} 0.9966 {10} 1.0086 {10}

IDRV ** 0.9970 {8} 1.0242 {4} 1.0313 {3} 0.9760 {13} 0.9987 {10} 1.0291 {4} 0.9795 {13} 0.9476 {14} 1.0000 {5} 1.0306 {7} 0.9994 {7} 1.0294 {7} 1.0031 {5} 1.0259 {5}

Slope ** 0.9186 {15} 0.9517 {15} 0.9186 {15} 0.9518 {15} 0.9186 {15} 0.9519 {15} 0.9186 {15} 0.9520 {12} 0.9186 {14} 0.9521 {15} 0.9186 {15} 0.9522 {14} 0.9186 {15} 0.9523 {14}

STC_TUV ** 1.0001 {3} 1.0264 {3} 0.9688 {13} 0.9700 {14} 1.0012 {8} 1.0286 {5} 0.9663 {14} 0.9483 {13} 1.0032 {4} 1.0341 {6} 0.9987 {8} 1.0249 {8} 1.0049 {4} 1.0280 {4}

STC_TUH ** 0.9691 {13} 0.9677 {11} 1.0354 {2} 0.9850 {10} 0.9958 {12} 1.0600 {1} 1.0209 {3} 0.9811 {10} 0.9945 {10} 1.0472 {1} 1.0060 {6}  1.0305 {5} 0.9967 {11} 1.0283 {3}

STC_TUD ** 0.9980 {6} 0.9943 {10} 1.0063 {8} 0.9947 {8} 0.9996 {9} 1.0211 {7} 1.0225 {2} 1.0409 {3} 1.0181 {1} 1.0392 {4} 0.9946 {11} 1.0304 {6} 1.0082 {3} 1.0153 {9}

STC_TUDE ** 0.9981 {5} 0.9958 {9} 1.0423 {1} 1.0762 {1} 1.0571 {1} 0.9566 {14} 1.0189 {4} 1.0323 {4} 0.9973 {8} 1.0191 {9} 1.0170 {2} 1.0815 {1} 1.0007 {7} 1.0206 {7}

STC_OAA ** 0.9943 {10} 1.0239 {5} 1.0121 {7} 1.0180 {5} 1.0502 {2} 1.0536 {2} 0.9854 {11} 0.9418 {15} 0.9902 {12} 1.0090 {11} 1.0108 {5} 1.0398 {3} 0.9949 {12} 1.0182 {8}

Dist_ existing_TUV **  0.9605 {14} 0.9568 {14} 1.0305 {4} 0.9766 {12} 1.0036 {6} 1.0270 {6} 0.9976 {7} 1.0829 {2} 1.0127 {2} 1.0468 {2}  1.0148 {3} 1.0496 {2} 0.9968 {9} 0.9883 {13}

Dist_ existing_TUH ** 0.9977 {7} 1.0016 {8} 0.9792 {14} 1.0008 {7} 0.9787 {14} 1.0433 {3} 0.9964 {10} 0.9793 {11} 1.0105 {3} 1.0367 {5} 1.0116 {4} 1.0383 {4} 1.0002 {8} 1.0080 {11}

Dist_ existing_TUD ** 0.9871 {11}  0.9676 {12} 1.0198 {5} 1.0325 {4} 1.0349 {5} 1.0200 {8} 0.9838 {12} 0.9869 {8} 0.9989 {7} 1.0157 {10} 0.9980 {9} 0.9844 {12} 1.0445 {1} 1.0979 {1}

Dist_ existing_TUDE ** 0.9994 {4} 1.0213 {6} 0.9983 {9} 0.9908 {9} 1.0025 {7} 0.9593 {13} 0.9988 {5} 0.9917 {6} 0.9624 {13} 0.9989 {13} 0.9625 {13} 0.9874 {10} 1.0013 {6} 1.0213 {6}

Dist_existing_OAA ** 0.9763 {12} 1.0827  {1} 0.9964 {11} 0.9819 {11} 1.0399 {3} 0.9812 {10} 0.9980 {6} 0.9898 {7} 0.9464 {14} 0.9752 {14} 0.9440 {14} 0.9512 {15}  0.9417 {14} 0.9469 {15}

Dist_AUA ** 1.0210 {1} 1.0505 {2} 1.0150 {6} 1.0554 {3} 1.0357 {4} 0.9805 {11} 0.9966 {8} 0.9847 {9} 0.9920 {11} 1.0190 {8} 1.0506 {1} 0.9829 {13} 0.9841 {13} 1.0001 {13}

Dist_AS ** 1.0038 {2} 0.9567 {13} 0.9798 {12} 1.0564 {2} 0.9931 {13} 0.9654 {12} 1.0414 {1} 1.0833 {1} 0.9990 {6} 1.0460 {3} 0.9638 {12} 0.9850 {11} 1.0146 {2} 1.0648 {2}

Spatial determinants
Modelling periods

1958 - 1968 1968 - 1972 1972 -1987 1987 - 1995 1995 - 2000 2000 - 2010 2010 - 2020/25

 

Note: ** Significant (p-value <0.001). Null hypothesis is I = 0, significance level = 0.05. The rank of each explanatory variable is presented in curly brackets.  
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ANNEX 12 – Results of logistic regression for the six land-use categories 

in each modelling period. 

 

Land-use

category 1958 - 1968 1968 - 1972 1972 - 1987 1987 - 1995 1995 - 2000 2000 - 2010 2010 - 2020/25 Average ROC

TUV Intercept (β0) -10.307 -82.500 -87.690 -25.489 -11.953 23.999 33.074

Dist_CL (x1) 0.924 2.917 2.277 2.39 1.892 2.355 0.875

IDRV (x2) 2.140 0.254 0.421 0.349 2.714 0.139 0.6790

Slope (x3) 2.944 0.402 1.326 0.229 0.690 0.46 1.700

STC_TUV (x4) - - - - - - 8.585

STC_TUH (x5) - - - - - - -

STC_TUD (x6) - - - - - - -

STC_TUDE (x7) - - - - - - -

STC_OAA (x8) - - - - - - -

Dist_ existing_TUV (x9) 2.589 80.683 85.102 15.523 10.530 21.449 39.757

Dist_ existing_TUH (x10) - - - - - - -

Dist_ existing_TUD (x11) - - - - - - -

Dist_ existing_TUDE (x12) - - - - - - -

Dist_existing_OAA (x13) - - - - - - -

Dist_AUA (x14) - - - - - - -

Dist_AS (x15) - - - - - - -

ROC 0.932 0.741 0.971 0.965 0.978 0.965 0.968 0.931

TUH Intercept (β0) -13.614 -71.744 -58.571 -17.110 -52.910 12.345 18.848

Dist_CL (x1) 0.675 2.167 0.922 0.378 0.111 0.286 0.072

IDRV (x2) 5.110 0.226 2.843 2.415 2.142 0.102 2.012

Slope (x3) 11.288 0.958 1.133 1.092 1.133 1.091 0.797

STC_TUV (x4) - - - - - - -

STC_TUH (x5) - - - - - 0.950 -

STC_TUD (x6) - - - - - - -

STC_TUDE (x7) - - - - - - -

STC_OAA (x8) - - - - - - -

Dist_ existing_TUV (x9) - - - - - - -

Dist_ existing_TUH (x10) 19.614 71.135 38.808 11.587 51.912 14.710 19.054

Dist_ existing_TUD (x11) - - - - - - -

Dist_ existing_TUDE (x12) - - - - - - -

Dist_existing_OAA (x13) - - - - - - -

Dist_AUA (x14) - - - - - - -

Dist_AS (x15) - - - - - - -

ROC 0.943 0.976 0.965 0.920 0.964 0.935 0.931 0.948

TUD Intercept (β0) -8.185 -33.047 -41.211 -50.126 -47.569 11.937 60.117

Dist_CL (x1) 0.49 0.261 0.029 -0.132 -0.254 -0.201 -0.632

IDRV (x2) 1.288 0.977 1.096 0.52 0.490 0.023 0.914

Slope (x3) 1.621 1.032 0.574 1.060 0.469 1.146 0.664

STC_TUV (x4) - - - - - - -

STC_TUH (x5) - - - - - - -

STC_TUD (x6) - - - - 0.580 - 0.553

STC_TUDE (x7) - - - - - - -

STC_OAA (x8) - - - - - - -

Dist_ existing_TUV (x9) - - - - - - -

Dist_ existing_TUH (x10) - - - - - - -

Dist_ existing_TUD (x11) 1.775 30.472 37.421 41.076 51.569 11.244 68.441

Dist_ existing_TUDE (x12) - - - - - - -

Dist_existing_OAA (x13) - - - - - - -

Dist_AUA (x14) - - - - - -

Dist_AS (x15) 0.048 - - - 0.886 0.984 1.369

ROC 0.881 0.934 0.874 0.856 0.921 - 0.871 0.890

Variables
Modelling periods

 

(Continued) 

Note: ‘ – ‘ indicates that variable was not selected.    
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Annex 12. (Continued). 

Land-use

category 1958 - 1968 1968 - 1972 1972 - 1987 1987 - 1995 1995 - 2000 2000 - 2010 2010 - 2020/25 Average ROC

TUDE Intercept (β0) -48.300 -59.234 -10.511 -51.093 -41.332 39.497 15.155

Dist_CL (x1) 0.089 0.052 -0.521 -0.463 -0.504 -0.426 -0.175

IDRV (x2) 0.421 0.329 0.522 0.914 0.572 0.049 0.716

Slope (x3) 0.670 0.915 1.218 0.814 0.919 0.937 0.833

STC_TUV (x4) - - - - - - -

STC_TUH (x5) - - - - - - -

STC_TUD (x6) - - - - - - -

STC_TUDE (x7) - - - - - 0.033

STC_OAA (x8) - - - - - - -

Dist_ existing_TUV (x9) - - - - - - -

Dist_ existing_TUH (x10) - - - - - - -

Dist_ existing_TUD (x11) - - - - - - -

Dist_ existing_TUDE (x12) 48.382 58.766 15.115 50.809 40.133 49.467 18.544

Dist_existing_OAA (x13) - - - - - - -

Dist_AUA (x14) - - - - - - -

Dist_AS (x15) 0.302 - 1.056 - - - 0.137

ROC 0.883 0.876 0.792 0.772 0.876 0.876 0.880 0.851

OAA Intercept (β0) -24.048 -31.116 -8.598 -13.163 -63.402 -46.871 -12.338

Dist_CL (x1) 0.745 0.337 0.240 0.752 1.013 0.859 0.193

IDRV (x2) 1.511 2.766 3.163 2.315 1.923 0.119 1.793

Slope (x3) 0.932 1.115 1.010 1.248 0.897 0.956 0.966

STC_TUV (x4) - - - - - - -

STC_TUH (x5) - - - - - - -

STC_TUD (x6) - - - - - - -

STC_TUDE (x7) - - - - - - -

STC_OAA (x8) - - - - - - 0.140

Dist_ existing_TUV (x9) - - - - - - -

Dist_ existing_TUH (x10) - - - - - - -

Dist_ existing_TUD (x11) - - - - - - -

Dist_ existing_TUDE (x12) - - - - - - -

Dist_existing_OAA (x13) 20.862 29.849 5.870 7.310 60.155 37.224 8.282

Dist_AUA (x14) - - - - - - -

Dist_AS (x15) - - - - - - -

ROC 0.896 0.917 0.842 0.840 0.922 0.914 0.771 0.872

NB Intercept (β0) 49.654 -3.956 16.662 15.806 -3.725 5.826 10.121

Dist_CL (x1) -3.009 -2.429 -0.555 -0.738 -1.720 -1.955 -0.374

IDRV (x2) 4.268 -4.459 -2.551 -2.334 -3.519 0.001 -2.495

Slope (x3) -5.531 -3.502 -1.078 -1.309 -1.770 -1.324 -1.085

STC_TUV (x4) - - - - - - -

STC_TUH (x5) - - - - - - -

STC_TUD (x6) - - - - - - -

STC_TUDE (x7) - - - - - - -

STC_OAA (x8) - - - - - - -

Dist_ existing_TUV (x9) - - - - - - -

Dist_ existing_TUH (x10) - - - - - - -

Dist_ existing_TUD (x11) - - - - - - -

Dist_ existing_TUDE (x12) - - - - - - -

Dist_existing_OAA (x13) - - - - - - -

Dist_AUA (x14) -52.325 -8.224 -11.158 -10.669 -7.136 -1.890 -6.177

Dist_AS (x15) - - - - - - -

ROC 0.987 0.981 0.807 0.823 0.970 0.979 0.812 0.908

Variables
Modelling periods
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ANNEX 13 – Transition probability matrices using the Markov chain 

model for the eight simulation periods (units/%). 

 

Simulation

period

1958 - 1968 TUV TUH TUD TUDE OAA NB Row Sum

TUV 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000 1.0000

TUH 0.0000 0.9934 0.0056 0.0000 0.0010 0.0000 1.0000

TUD 0.0039 0.0192 0.9291 0.0149 0.0168 0.0161 1.0000

TUDE 0.0000 0.0074 0.0978 0.8851 0.0050 0.0047 1.0000

OAA 0.0000 0.0033 0.0150 0.0023 0.9680 0.0114 1.0000

NB 0.0000 0.0001 0.0010 0.0006 0.0007 0.9976 1.0000

1968 - 1972 TUV TUH TUD TUDE OAA NB Row Sum

TUV 0.9956 0.0000 0.0000 0.0000 0.0044 0.0000 1.0000

TUH 0.0100 0.9831 0.0000 0.0000 0.0069 0.0000 1.0000

TUD 0.0257 0.1334 0.8075 0.0049 0.0189 0.0096 1.0000

TUDE 0.0053 0.0053 0.0174 0.9705 0.0015 0.0000 1.0000

OAA 0.0001 0.0000 0.0008 0.0003 0.9840 0.0148 1.0000

NB 0.0001 0.0000 0.0008 0.0005 0.0022 0.9964 1.0000

1972 - 1987 TUV TUH TUD TUDE OAA NB Row Sum

TUV 0.9675 0.0000 0.0001 0.0001 0.0195 0.0128 1.0000

TUH 0.0309 0.9241 0.0001 0.0001 0.0333 0.0115 1.0000

TUD 0.2025 0.1946 0.4845 0.0141 0.0536 0.0507 1.0000

TUDE 0.0371 0.0235 0.1951 0.6126 0.0896 0.0421 1.0000

OAA 0.0023 0.0037 0.0072 0.0062 0.8449 0.1357 1.0000

NB 0.0009 0.0009 0.0039 0.0060 0.0143 0.9740 1.0000

1987 - 1995 TUV TUH TUD TUDE OAA NB Row Sum

TUV 0.9872 0.0000 0.0111 0.0000 0.0017 0.0000 1.0000

TUH 0.0076 0.9811 0.0027 0.0000 0.0033 0.0053 1.0000

TUD 0.0357 0.0337 0.8807 0.0009 0.0203 0.0287 1.0000

TUDE 0.0025 0.0079 0.0947 0.8709 0.0035 0.0205 1.0000

OAA 0.0009 0.0008 0.0051 0.0005 0.9659 0.0268 1.0000

NB 0.0005 0.0007 0.0046 0.0017 0.0072 0.9853 1.0000

Transition probability matrix

 

(Continued) 
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Annex 13. (Continued). 

Simulation

period

1995 - 2000 TUV TUH TUD TUDE OAA NB Row Sum

TUV 0.9811 0.0082 0.0029 0.0000 0.0072 0.0006 1.0000

TUH 0.0051 0.9930 0.0000 0.0000 0.0017 0.0002 1.0000

TUD 0.0102 0.0385 0.9179 0.0006 0.0150 0.0178 1.0000

TUDE 0.0000 0.0087 0.0328 0.9282 0.0066 0.0237 1.0000

OAA 0.0040 0.0012 0.0081 0.0017 0.9601 0.0249 1.0000

NB 0.0005 0.0002 0.0033 0.0006 0.0078 0.9876 1.0000

2000 - 2010 TUV TUH TUD TUDE OAA NB Row Sum

TUV 0.9526 0.0189 0.0001 0.0000 0.0197 0.0087 1.0000

TUH 0.0000 0.9685 0.0001 0.0000 0.0302 0.0012 1.0000

TUD 0.0394 0.0162 0.9077 0.0020 0.0180 0.0167 1.0000

TUDE 0.0001 0.0000 0.0075 0.9850 0.0044 0.0030 1.0000

OAA 0.0027 0.0008 0.0145 0.0001 0.9224 0.0595 1.0000

NB 0.0014 0.0004 0.0057 0.0020 0.0236 0.9669 1.0000

2010 - 2020 TUV TUH TUD TUDE OAA NB Row Sum

TUV 0.9842 0.0000 0.0029 0.0000 0.0080 0.0049 1.0000

TUH 0.0038 0.9784 0.0140 0.0009 0.0027 0.0002 1.0000

TUD 0.0101 0.0241 0.9103 0.0136 0.0380 0.0039 1.0000

TUDE 0.0000 0.0043 0.0157 0.9513 0.0039 0.0248 1.0000

OAA 0.0068 0.0006 0.0161 0.0023 0.9527 0.0215 1.0000

NB 0.0017 0.0007 0.0082 0.0021 0.0380 0.9493 1.0000

2010 - 2025 TUV TUH TUD TUDE OAA NB Row Sum

TUV 0.9765 0.0000 0.0043 0.0000 0.0119 0.0073 1.0000

TUH 0.0057 0.9679 0.0204 0.0013 0.0044 0.0003 1.0000

TUD 0.0150 0.0353 0.8687 0.0198 0.0552 0.0060 1.0000

TUDE 0.0001 0.0064 0.0228 0.9279 0.0063 0.0365 1.0000

OAA 0.0101 0.0011 0.0235 0.0034 0.9303 0.0316 1.0000

NB 0.0027 0.0011 0.0121 0.0031 0.0558 0.9252 1.0000

Transition probability matrix
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ANNEX 14 – Transition area matrices using the Markov chain model for 

the eight simulation periods (units/km2). 

 

Simulation

period

1958 - 1968 TUV TUH TUD TUDE OAA NB

TUV 0.0091 0.0000 0.0000 0.0000 0.0000 0.0000

TUH 0.0000 0.2242 0.0013 0.0000 0.0002 0.0000

TUD 0.0046 0.0225 1.0932 0.0175 0.0198 0.0190

TUDE 0.0000 0.0053 0.0698 0.6316 0.0036 0.0034

OAA 0.0000 0.0071 0.0322 0.0050 2.0739 0.0242

NB 0.0001 0.0135 0.1740 0.0998 0.1321 177.1437

1968 - 1972 TUV TUH TUD TUDE OAA NB

TUV 0.1246 0.0000 0.0000 0.0000 0.0006 0.0000

TUH 0.0057 0.5612 0.0000 0.0000 0.0039 0.0000

TUD 0.0264 0.1371 0.8295 0.0050 0.0195 0.0099

TUDE 0.0047 0.0046 0.0153 0.8525 0.0013 0.0000

OAA 0.0002 0.0000 0.0023 0.0010 3.0444 0.0460

NB 0.0105 0.0000 0.1322 0.0818 0.3907 175.5196

0.0138

1972 - 1987 TUV TUH TUD TUDE OAA NB

TUV 0.2185 0.0000 0.0000 0.0000 0.0044 0.0029

TUH 0.0203 0.6064 0.0001 0.0001 0.0218 0.0075

TUD 0.2270 0.2181 0.5431 0.0158 0.0600 0.0569

TUDE 0.0414 0.0263 0.2179 0.6840 0.1000 0.0470

OAA 0.0086 0.0135 0.0268 0.0231 3.1338 0.5030

NB 0.1532 0.1565 0.6888 1.0503 2.5020 170.4514

1987 - 1995 TUV TUH TUD TUDE OAA NB

TUV 0.4963 0.0000 0.0056 0.0000 0.0009 0.0000

TUH 0.0075 0.9633 0.0027 0.0000 0.0032 0.0052

TUD 0.0904 0.0852 2.2298 0.0023 0.0514 0.0727

TUDE 0.0035 0.0110 0.1314 1.2092 0.0049 0.0284

OAA 0.0052 0.0045 0.0300 0.0028 5.6487 0.1570

NB 0.0804 0.1183 0.7853 0.2930 1.2249 168.0753

Transition area matrix

 

(Continued) 
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Annex 14. (Continued). 

Simulation

period

1995 - 2000 TUV TUH TUD TUDE OAA NB

TUV 0.7060 0.0059 0.0021 0.0000 0.0052 0.0004

TUH 0.0062 1.2180 0.0000 0.0000 0.0021 0.0002

TUD 0.0335 0.1265 3.0162 0.0020 0.0493 0.0584

TUDE 0.0000 0.0122 0.0461 1.3035 0.0093 0.0334

OAA 0.0307 0.0090 0.0613 0.0133 7.2965 0.1893

NB 0.0867 0.0299 0.5572 0.0961 1.3013 165.5230

2000 - 2010 TUV TUH TUD TUDE OAA NB

TUV 0.8529 0.0170 0.0001 0.0000 0.0177 0.0078

TUH 0.0000 1.2321 0.0002 0.0000 0.0385 0.0014

TUD 0.1451 0.0598 3.3422 0.0072 0.0661 0.0617

TUDE 0.0001 0.0001 0.0118 1.5470 0.0069 0.0048

OAA 0.0251 0.0072 0.1364 0.0009 8.6562 0.5584

NB 0.2275 0.0697 0.9476 0.3376 3.8875 159.4898

2010 - 2020 TUV TUH TUD TUDE OAA NB

TUV 1.2544 0.0000 0.0037 0.0000 0.0102 0.0062

TUH 0.0055 1.4190 0.0203 0.0013 0.0041 0.0002

TUD 0.0498 0.1184 4.4640 0.0669 0.1861 0.0189

TUDE 0.0000 0.0082 0.0299 1.8181 0.0075 0.0475

OAA 0.1038 0.0095 0.2479 0.0347 14.6424 0.3306

NB 0.2690 0.1049 1.2860 0.3276 5.9632 148.9701

2010 - 2025 TUV TUH TUD TUDE OAA NB

TUV 1.2445 0.0000 0.0055 0.0000 0.0152 0.0093

TUH 0.0083 1.4037 0.0297 0.0020 0.0064 0.0004

TUD 0.0734 0.1731 4.2600 0.0973 0.2709 0.0294

TUDE 0.0002 0.0123 0.0437 1.7734 0.0121 0.0696

OAA 0.1545 0.0162 0.3613 0.0523 14.2995 0.4853

NB 0.4161 0.1675 1.9010 0.4906 8.7551 145.1906

Transition area matrix

 



272 

 

ANNEX 15 – Simulation precision of LULC categories. 

The absolute and relative errors were calculated with the following expressions (Jianpiang et al., 2005):  

∆𝑁 = 𝑁 − 𝑁′  
 

and 

 
𝜀 =

𝑁 − 𝑁′

𝑁
× 100% 

 

Where ΔN represents the absolute error, ε the relative error, N is the real area of LULC categories and N’ the estimated LULC areas.  

Simulation Base year Year increments Average
year matrix projected foward relative error (%)

Absolute error/km2 -0.0047 -0.0469 -0.1939 -0.0403 -0.0872 0.3723

1968 1947  - 1958 (11) 10

Relative error (%) -51.6484 -20.7798 -16.4797 -5.6474 -4.0702 0.2097 -16

Absolute error/km2 -0.0469 -0.1321 0.048 -0.0618 -0.3664 0.5593

1972 1958 - 1968 (10) 4

Relative error (%) -37.4601 -23.1430 4.6724 -7.0347 -11.8423 0.3175 -12

Absolute error/km2 -0.2432 -0.3646 -0.3558 -0.6567 -2.1131 3.9335

1987 1968 - 1972 (4) 15

Relative error (%) -57.1160 -55.5623 -31.7423 -58.8125 -56.9738 2.2477 -43

Absolute error/km2 -0.1805 -0.2004 -0.6529 -0.1188 -1.0858 2.2387

1995 1972 - 1987 (15) 8

Relative error (%) -35.8990 -20.4094 -25.7870 -8.5560 -18.5664 1.3124 -18

Absolute error/km
2

-0.1435 -0.175 -0.397 -0.0105 -1.0647 1.7241

2000 1987 - 1995 (8) 5

Relative error (%) -19.9416 -14.2682 -12.0819 -0.7477 -14.0111 1.0291 -10

Absolute error/km2 -0.3553 -0.1137 -0.7562 -0.3221 -3.2887 4.8358

2010 1995 - 2000 (5) 10

Relative error (%) -39.6806 -8.9373 -20.5372 -20.5081 -35.0451 2.9315 -20

NBTUV TUH TUD TUDE OAA

 
                                               Note: Numbers in brackets represent the number of time periods between the earlier and the later LULC maps. 
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ANNEX 16 –Markovian predictions of LULC composition from 2010 to 

2025. 

 

LULC LULC Change LULC change

category (2010 - 2025) (%)

2010 2020 2025

TUV 1.25 1.68 1.90 0.65 51.68

TUH 1.39 1.66 1.77 0.39 27.92

TUD 4.44 6.05 6.60 2.16 48.73

TUDE 1.89 2.25 2.42 0.52 27.63

OAA 12.67 20.81 23.36 10.69 84.32

NB 160.12 149.37 145.78 -14.34 -8.96

Markov prediction (km2)
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Total Total

Area (Km2) Percentage (%) Area (Km2) Percentage (%) Area (Km2) Percentage (%) Area (Km2) Percentage (%) Area (Km2) Percentage (%) LULC change (Km2) LULC change (%)

1958 - 1968 Within urban land-use plans 0.023 63.3 0.012 29.0 0.046 17.2 0.015 7.2 0.066 6.7 0.162 10.5

Within planning permits 0.002 4.6 0.001 3.4 0.023 8.6 0.026 12.7 0.590 59.8 0.642 41.8

Outside urban proposed 0.012 32.2 0.026 63.2 0.191 71.4 0.153 74.7 0.304 30.8 0.685 44.6

Areas excluded from development 0.000 0.0 0.002 4.5 0.008 2.8 0.011 5.5 0.027 2.7 0.047 3.1

Total 0.036 100.0 0.041 100.0 0.267 100.0 0.204 100.0 0.986 100.0 1.535 100.0

1968 - 1972 Within urban land-use plans 0.015 64.6 0.005 21.0 0.021 10.5 0.000 0.0 0.015 2.1 0.056 4.3

Within planning permits 0.000 0.0 0.000 0.0 0.060 30.5 0.116 35.0 0.062 8.8 0.238 18.6

Outside urban proposed 0.006 25.9 0.019 79.0 0.116 59.0 0.216 65.0 0.627 88.5 0.984 76.6

Areas excluded from development 0.002 9.5 0.000 0.0 0.000 0.0 0.000 0.0 0.004 0.6 0.007 0.5

Total 0.023 100.0 0.024 100.0 0.196 100.0 0.332 100.0 0.709 100.0 1.285 100.0

1972 - 1987 Within urban land-use plans 0.125 66.6 0.059 23.1 0.108 7.5 0.018 3.4 0.484 20.9 0.794 16.9

Within planning permits 0.020 10.8 0.047 18.3 0.760 53.0 0.049 9.5 0.414 17.9 1.290 27.4

Outside urban proposed 0.018 9.6 0.129 50.2 0.477 33.3 0.438 84.7 1.221 52.8 2.282 48.5

Areas excluded from development 0.024 12.9 0.022 8.4 0.088 6.2 0.012 2.4 0.194 8.4 0.341 7.2

Total 0.188 100.0 0.257 100.0 1.432 100.0 0.517 100.0 2.313 100.0 4.707 100.0

1987 - 1995 Within urban land-use plans 0.065 44.7 0.006 9.1 0.063 7.2 0.001 0.3 0.331 15.8 0.467 14.0

Within planning permits 0.058 39.5 0.030 47.4 0.505 57.1 0.031 19.9 0.632 30.2 1.255 37.6

Outside urban proposed 0.007 4.7 0.024 37.7 0.293 33.1 0.116 75.8 0.970 46.4 1.410 42.2

Areas excluded from development 0.016 11.1 0.004 5.8 0.023 2.6 0.006 4.0 0.158 7.6 0.207 6.2

Total 0.146 100.0 0.063 100.0 0.884 100.0 0.154 100.0 2.092 100.0 3.339 100.0

1995 - 2000 Within urban land-use plans + MMP 0.024 21.4 0.009 28.0 0.076 15.6 0.013 7.7 0.328 16.2 0.451 15.9

Within planning permits 0.059 53.3 0.019 57.6 0.361 74.0 0.053 30.4 0.330 16.3 0.823 29.0

Outside urban proposed 0.028 25.3 0.003 7.8 0.035 7.2 0.063 36.1 0.870 42.8 0.999 35.2

Areas excluded from development 0.000 0.0 0.002 6.6 0.016 3.2 0.045 25.8 0.503 24.8 0.566 19.9

Total 0.111 100.0 0.033 100.0 0.488 100.0 0.174 100.0 2.032 100.0 2.838 100.0

2000 - 2010 Within urban land-use plans + MMP 0.024 8.3 0.017 15.3 0.208 15.4 0.009 0.8 1.307 20.8 1.564 17.2

Within planning permits 0.215 75.3 0.053 49.1 0.736 54.4 0.736 70.6 3.401 54.2 5.142 56.7

Outside urban proposed 0.046 16.0 0.027 24.9 0.176 13.0 0.154 14.8 0.757 12.0 1.160 12.8

Areas excluded from development 0.001 0.5 0.012 10.7 0.234 17.3 0.144 13.8 0.815 13.0 1.206 13.3

Total 0.286 100.0 0.109 100.0 1.354 100.0 1.043 100.0 6.280 100.0 9.071 100.0

2010 - 2020a
Within urban land-use plans + MMP 0.292 90.8 0.711 97.2 0.688 49.7 0.075 18.5 1.390 28.6 3.156 40.9

Within planning permits 0.012 3.8 0.009 1.2 0.082 5.9 0.006 1.6 0.342 7.0 0.451 5.8

Outside urban proposed 0.016 4.9 0.008 1.0 0.572 41.3 0.275 67.8 3.127 64.2 3.997 51.8

Areas excluded from development 0.002 0.5 0.004 0.5 0.044 3.2 0.049 12.2 0.008 0.2 0.098 1.3

Total 0.322 100.0 0.731 100.0 1.386 100.0 0.405 100.0 4.867 100.0 7.711 100.0

2010 - 2025a
Within urban land-use plans + MMP 0.429 87.2 0.954 98.6 0.938 46.4 0.108 18.7 2.075 28.7 4.504 40.0

Within planning permits 0.015 3.1 0.000 0.1 0.088 4.4 0.007 1.3 0.392 5.4 0.111 1.0

Outside urban proposed 0.046 9.3 0.008 0.8 0.924 45.7 0.410 71.4 4.683 64.9 6.072 53.9

Areas excluded from development 0.002 0.5 0.005 0.5 0.070 3.4 0.049 8.6 0.068 0.9 0.126 1.1

Total 0.492 100.0 0.968 100.0 2.020 100.0 0.575 100.0 7.218 100.0 11.273 100.0

Period
TUV TUH TUD TUDE OAA

ANNEX 17 – Comparative analysis between planned and self-organized LULC change. 

 

         

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: 
a
 LULC change simulated by the CAMLucc model. 

 


